
IJECBE (2026), 4, 1, 50–68
Received (4 March 2026) / Revised (31 May 2026)

Accepted (3 June 2026) / Published (30 April 2026)
https://doi.org/10.62146/ijecbe.v4i1.227

https://ijecbe.ui.ac.id
ISSN 3026-5258

International Journal of Electrical, Computer and Biomedical Engineering

RESEARCH ARTICLE

Energy Consumption Optimization for Flexible
Job-Shop Scheduling in Manufacturing
Industry Using Multi-Agent Reinforcement
Learning
Satwika Bintang Bahana and Naufan Raharya*

Department of Electrical Engineering, Faculty of Engineering, Universitas Indonesia, Depok, Indonesia
*Corresponding author. Email: naufanraharya@ui.ac.id

Abstract
Modern manufacturing industries are increasingly demanding production systems that
are both flexible and efficient in handling dynamic operational conditions. Traditional
scheduling approaches, such as the job-shop scheduling Problem (JSSP), are limited
by the constraint that each operation must be executed on a predefined machine. To
address this limitation, the flexible job-shop scheduling Problem (FJSSP) was introduced,
allowing alternative machine options for each operation and thereby enhancing system
flexibility. This study proposes a scheduling optimization approach based on Multi-Agent
Reinforcement Learning (MARL), to support decision-making in complex production
environments. Experimental results demonstrate that the proposed method reduces
energy consumption by up to 40.62% compared to the heuristic method. Moreover, the
model shows superior performance in controlling the worst-case makespan and achieves
significantly higher success rates in satisfying various production constraints compared to
all tested heuristic and metaheuristic methods.

Keywords: flexible job-shop scheduling problem (FJSSP), energy optimization, Multi-Agent Reinforce-
ment Learning (MARL)

1. Introduction
Scheduling in a manufacturing industry is the process of allocating and sequencing
production operations to limited resources in order to improve operational efficiency
and maximize system performance [1, 2, 3]. It can be widely classified into two
categories, which are flow shop and job shop. In the flow-shop scheduling problem,
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every job follows an identical processing route through all machines arranged in series,
where each stage corresponds to a specific machine and all jobs must be processed
in the same order [4]. Despite its relevance, flow-shop scheduling lacks flexibility
because it assumes that all jobs share the same machine sequence, limiting its capacity
in heterogeneous production settings. Here, the heterogeneous production setting
means that there are various operation types and machine capabilities. In contrast, the
job-shop scheduling problem (JSSP) allows each job to be defined as a sequence of
operations that must be processed on specific machines in a fixed order [5]. We can
generalize the JSSP into a flexible job shop scheduling problem (FJSSP) by allowing
each operation to be processed on alternative machines, which introduces additional
complexity by requiring simultaneous routing (machine selection) and sequencing
(operation order decisions) [1]. As the number of jobs, operations, and machines
increases, the computational complexity grows rapidly, making large-scale instances
extremely challenging to solve optimally. Robust scheduling is therefore essential to
maintain efficient and adaptive production in dynamic environments.

The FJSSP is NP-hard, and as the problem size increases it becomes unrealistic to
obtain an optimal schedule for every instance within a reasonable time [5, 6, 7, 8, 9].
Exact approaches, including mathematical programming and constraint programming,
can return optimal solutions when sufficient computation time is available; otherwise,
the resulting best-effort solutions exhibit optimality gaps that typically widen as
the instance scale grows [10, 11, 12, 13]. Heuristic methods, in particular priority
dispatching rules, are popular because they are simple to implement, require little
computation, and are often used to quickly build initial schedules [14]. However,
such rules provide no optimality guarantees, and their schedules can be far from the
optimum [12, 8, 9, 10]. Metaheuristics are commonly adopted to obtain near-optimal
solutions within limited time; nevertheless, they do not guarantee global optimality
and may require long computation times under certain conditions [8, 10, 14].

Recent studies have shown that reinforcement learning (RL) offers significant
potential for solving the flexible job-shop scheduling problem (FJSSP) and its variants,
particularly in dynamic and uncertain manufacturing environments. In this context,
recent approaches have leveraged graph-based representations combined with deep
reinforcement learning (DRL) to effectively capture job–machine relations and mini-
mize makespan [7, 15]. Nevertheless, single-agent DRL frameworks tend to centralize
decision-making and face rapidly expanding action spaces when jointly sequencing
operations and assigning machines, which limits scalability on large or highly dynamic
shop floors. To improve scalability, a hierarchical RL framework was proposed that
splits large-scale FJSSP into a higher-level rescheduling agent and two lower-level
agents for operation sequencing and machine assignment, while the higher-level con-
trol remains centralized [8]. However, these studies primarily focus on minimizing
time-related objectives, such as makespan or tardiness, without considering energy
consumption. Incorporating energy consumption into job-shop scheduling is essential,
as manufacturing enterprises face growing economic and environmental pressures
from high energy usage [16], and rising electricity prices combined with sustainability
demands make energy costs a critical factor in production planning [17]. Recent
studies on energy-aware FJSSP has used metaheuristic [16], exact approaches with
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heuristic [17], and metaheuristic to minimize energy cost with makespan [18], while
learning-based hybrids combine neural networks for energy estimation with genetic
algorithms (GA) for scheduling [19]. However, these centralized and computationally
intensive methods remain limited in scalability and adaptability.

To resolve the computational intensive in the centralized method, a decentralized
Multi-Agent reinforcement learning (MARL) framework in [20, 21, 22]. Here,
decentralized MARL does provide scalability and robustness, as the system is not
dependent on a single controller and can continue operating if an individual agent
fails. However, the policy learned by the current decentralized MARL struggles
to satisfy strict global action constraints. With only local information, agents in a
fully decentralized system can find it intractable to satisfy these constraints through
self-decision alone, and this can also help generalization of the learned policies. While
priority dispatching rules cannot provide an optimal policy on their own, they can be
effectively integrated into a decentralized MARL framework to allow agents to learn
more precise policies during the early stages of training. This integration avoids the
lengthy and computationally expensive exploration process often required to navigate
massive decision spaces. Specifically, by incorporating these rules into the action
decoding or filtering logic, the system prevents agents from attempting actions that
would violate the physical or logical constraints of the workshop as shown in [20, 22].
This mechanism ensures that the learning process remains focused on feasible and
high quality scheduling schemes.

This study introduces a MARL framework for scheduling in a manufacturing
Industry. While the foundational manufacturing environment is inspired by the
research of Johnson et al. [20], which focuses primarily on minimization of makespan,
the main objective of this paper is minimization of total energy consumption in units. In
this framework, makespan is treated as a restrictive performance constraint rather than
a primary optimization goal for the completion of dynamically arriving heterogeneous
assembly jobs. To address these objectives, we implement a Multi-Agent Shared Deep
Q-Network architecture. The contributions of this work, achieved through the
development and evaluation of this Multi-Agent system, are as follows:

1. We formulate the problem with an objective that prioritizes minimization of
energy consumption joint with makespan as a performance requirement, ensuring
that the system optimizes energy efficiency without sacrificing timely completion
of assembly tasks.

2. We propose a decentralized MARL framework that incorporates priority dis-
patching rules, enabling efficient, real-time, and scalable coordination of robots
under partial observability, thereby overcoming the limitations of centralized
approaches.

3. We evaluate and compare the proposed MARL framework against traditional
heuristic and metaheuristic methods, demonstrating its superior adaptability and
energy efficiency in dynamic manufacturing scenarios involving heterogeneous
jobs and strict constraints.

The rest of this paper is organised as follows. Section 2 presents the poblem
formulation, including the physical description of the manufacturing system, the
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mathematical optimization model for energy consumption, and the definition of
the Markov Decision Process (MDP) components. Section 3 details the proposed
methodology, focusing on, and the action masking mechanism used for coordination.
Section 4 discusses the experimental setup, provides a comparative analysis of different
reinforcement learning architectures, and evaluates the performance of the proposed
model against heuristic and metaheuristic benchmarks under various operational
constraints. Section 5 concludes the paper by summarizing the key findings and the
implications of the MARL framework for manufacturing.

2. Problem Formulation

This section establishes the formal framework for the FJSSP. We provide a detailed
description of the conveyor-based manufacturing environment and formulate a math-
ematical optimization model focused on energy minimization. Subsequently, the
scheduling task is mapped into a Markov Decision Process (MDP) to define the state,
action, and reward structures for the robotic agents.

2.1 Model System Description

As shown in Figure 1, the manufacturing environment features a set of robots that
process a dynamic stream of arriving jobs within a conveyor production system. Each
job is drawn from the product set Y = {Y1,Y2, . . . ,Yny}, representing distinct product
types with prescribed operation sequences. When the conveyor reaches its capacity
limit, newly arriving jobs are temporarily stored in a buffer and released according to
a first-in–first-out (FIFO) rule as soon as the first conveyor segment (C1) becomes
available. Jobs enter the system at C1 and circulate following the conveyor’s rotation.
Robot Mr is fixed adjacent to a particular conveyor segment Cyr , from which it may
pick a job, move it to the workbench for processing, and afterwards either return
it to the conveyor if further operations remain or dispatch it to the completion area
once all operations are finished. The highlighted window size w specifies how many
adjacent segments a robot can observe locally. In this study, we set the observation
range to w = 2, allowing robot Mm can observe its two nearest segments.

2.2 Optimization mathematical model

The primary objective of this study is to minimize the total energy consumption of all
machines involved in the production process within the FJSSP system. The objective
function is formulated in Equation (1) as follows:

min
pmt ,qmt

Etotal =
∑
m∈M

T∑
t=0

(
ηp pmt + ηq qmt

)
(1)
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Table 1. Notation Summary

Variable Description

Constraint and Objective Variables

pmt 1 if machine m is idle at time t
qmt 1 if machine m is working at time t
δj,t 1 if job j is on the conveyor at time t
Sj,k Start time of processing sequence k for job j

τm
j,o Actual duration of operation o for job j by machine m

Tmakespan Total production duration (makespan)
Etotal Total energy consumption over the time horizon
ηp Energy consumption when machine is idle
ηq Energy consumption when machine is working
P Power consumption unit per time
Cj 1 if job j is completed, 0 otherwise
Nj Total target number of jobs to be completed

Indices

m Index of machine
t index of discrete time
j index of job
o index of operation type

Constants

nm Number of machines in the sytems
ny Number of product variants.
no Number of unique operation types.
nc Number of conveyor segments.
ncap Maximum conveyor capacity (percentage).
nj Number of jobs

Tmax Maximum production time limit
Emax Maximum energy consumption limit
τj,o Base processing time of an operation in job j
vm represents the processing speed of machine m
ω window size

Sets

M Set of all machines in the system, M = {M1,M2, . . . ,Mnm }

J Set of all jobs,J = {J1,J2, . . . ,Jnj }

O Set of operation types,O = {O1,O2, . . . ,Ono }

Y Set of products,Y = {Y1,Y2, . . . ,Yny }.

C Set of conveyor segments, C = {C1, C2, . . . , Cnc }.
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Figure 1. Manufacturing Illustration

∑
j∈J

δj,t ≤
⌊
ncap nc

⌋
, ∀ t = 0, . . . ,T (2)

Sj,k ≥ Sj,k−1 + τmj,k, ∀j ∈ J , k = 2, . . . , nj (3)

Tmakespan ≤ Tmax (4)

Etotal
Tmakespan

≤ P (5)

pmt + qmt = 1, ∀m ∈ M, t = 0, . . . ,T (6)∑
j∈J

Cj = NJ (7)

The constraints (2) to (7) of the proposed model are described as follows:

1. Conveyor Capacity Constraint (2): This constraint ensures that the number of
jobs present on the conveyor at any time t does not exceed the maximum allowable
limit. The purpose of this constraint is to prevent job congestion which could
obstruct the production flow.

2. Operation Sequence and Processing Time Constraint (3): This constraint
guarantees that the kth operation of job j can only begin after the completion of
its preceding operation. The processing duration is computed based on Equation
(8).

3. Production Makespan Constraint (4): This constraint limits the overall pro-
duction duration such that it does not exceed the predefined maximum makespan
Tmax.
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4. Energy Consumption per Time Interval Constraint (5): This constraint regu-
lates the estimated energy consumption across all machines at each time interval
during the production time. The average consumption must remain below the
specified threshold P .

5. Single Machine Status per Time Constraint (6): This constraint ensures that
at any given time t machine m can only be in one status: either idle (pmt = 1) or
working (qmt = 1). A machine cannot simultaneously exist in both states or remain
undefined.

6. Job Completion Constraint (7): This constraint guarantees that the total number
of completed jobs equals the planned target number of jobs ensuring that no job
is left unfinished.

The actual processing time of an operation sequence in a job is determined by the
base processing time and the processing speed of the assigned machine as formulated
in Equation (8):

τmj,o =
⌈
τj,o
vmo

⌉
(8)

where:

• τj,o denotes the base processing time of the o-th operation of job j,
• vm represents the processing speed of machine m for the given operation,

2.3 MDP Formulation
The Markov Decision Process (MDP) is the fundamental framework through which
an agent learns from its interactions with the environment. Based on the current state,
the agent selects an action with the objective of maximizing the long-term cumulative
reward. The MDP components adopted in this study are inspired by Johnson et al.
[20]. These components are defined as follows:

1. State (S): The observable state for each agent is represented as:

smt =
[
ℓm, Om, Om

t , Gt, λℓm,t, λℓm−1,t, . . . ,

λℓm−ω+1,t
]
.

(9)

where the observation consists of the stationary position of machine ℓm, the set
of operation types executable by the machine Om, the current operation type
being executed Om

t (with Om
t = 0 if machine doesn’t do any operation), the status

vector of all machines Gt, and the sequence of job operations observable within
the conveyor window section of size ω, denoted by λℓm−ω+1,t.
The machine status vector Gt represents the operational condition of each machine
at time t, obtained through inter-machine communication. The classification of
agent statuses is presented in Table 2.
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Table 2. Agent Status Classification

Status Description

0 Agent is in an idle state (not assigned to any operation)
1 Agent has accepted an operation from a job
2 Agent is currently executing the assigned operation
3 Agent has completed the assigned operation

2. Action (A): The action space for each robot agent is defined as a discrete set:

A = [A0,A1, . . . ,Aw−1,Ad ,Ac], (10)

where each action corresponds to a specific decision available to the agent within
the scheduling process. The action space consists of several discrete types of
decisions:

• A0: Accept. The agent accepts and begins processing a job located at position
yr on the conveyor or at the workbench. If the job is on the conveyor, it is
picked up and moved to the workbench; otherwise, if the job is already at the
workbench, the next processing step is immediately executed.
• A1 to Aw−1: Wait. The agent decides to wait for jobs arriving in sections
yr − 1 through yr − w + 1. This action allows the agent to potentially gain a
higher reward if waiting is more beneficial than processing the current job.
• Ad : Decline. The agent rejects the job located directly in front of it and does

not wait for any incoming jobs within its observation window.
• Ac: Continue. The agent proceeds without interruption when no job is

available in its window section or when it is currently processing a job.

3. Reward (R): Based on the optimization mathematical model presented in subsec-
tion 2.2, the reward function for agent m at time t is formulated as:

Rm
t = wa Rdone(t) + wb R

m
process(t) + wc Rm

wait(t), (11)

where the main objective is to minimize energy consumption, and wa,wb,wc
are positive scaling constants. It is recommended to configure these constants to
satisfy the condition wa > wb > wc. We asssign wa = 5.0, wb = 2.0, and wc = 0.5
for training the MARL algorithm. The components of the reward function are
defined as follows:

• Rdone(t) is the shared reward assigned to all agents based on the number of
operations completed at time t:

Rdone(t) = Ôdone,t, (12)

where Ôdone,t denotes the number of completed operations at timestep t.
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• Rm
process(t) is the individual reward given if agent m is processing a job. This

component directly implements the objective function Equation (1) as a cost:

Rm
process(t) =


vmo

|Mo |∑
i=1

vio

− ηq, if Gm
t = 2

−ηp, otherwise,

(13)

At every timestep, the agent receives a negative reward (penalty) of ηq if it is
working (Gm

t = 2) or ηp if Gm
t ̸= 2. Additionally, the processing speed ratio

of agent m (vmo ) relative to the total processing speed of all agents Mo capable
of performing operation type o. This formula encourages agents to work
efficiently and pick their tasks wisely. It gives a higher reward to faster agents,
but the penalties for both working and staying idle force the agents to decide
if a specific task is actually worth the effort in the long run.
• Rm

wait(t) is the reward given when agent m selects the Wait action:

Rm
wait(t) =


vm,o

x
|Mo |∑
i=1

vi,o

, if action Wait is chosen

0, otherwise,

(14)

where x indicates the number of conveyor segments between the agent’s posi-
tion and the target job. This formulation accounts travel time and encourages
workers to wait for closer jobs that are better for them in the long run.

3. Method
This section describes the proposed Multi-Agent Shared DQN framework designed
for energy-efficient scheduling. We detail the implementation of the CTDE paradigm
and the integration of action masking to ensure agents adhere to physical and logical
workshop constraints. This architecture aims to enhance scalability and coordination
while mitigating the challenges of partial observability.

3.1 Multi-Agent DQN for FJSSP
One of the DRL algorithms is the Deep Q Network (DQN), which is designed to

estimate Q values for various states and actions. In a standard DQN architecture [23,
24], the input layer receives a state representing the current environmental condition,
while hidden layers perform nonlinear transformations using weights and activation
functions to maintain the network parameters. The output layer then calculates the
estimated Q values for every possible action available within a specific state. As detailed
in Algorithm (1), this research applies a Multi-Agent model based on the DQN
framework that utilizes a single main network and a single target network shared
among all agents to optimize scheduling performance. All experiences from each agent
are collected into a single replay buffer to update the network parameters, while action
selection is performed independently by each agent. During the training process,
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Algorithm 1 Multi-Agent Shared Q-Network

INITIALIZE: replay buffer D; main network Q with parameters θ; target network Q− with parameters
θ− ← θ.

for each episode = 1 to E do
Reset the environment.
while not done do
for each agent m do

Observe smt and masking Fm
t from Algorithm (2)

Select action amt :

amt ←
{

random action, with probability ϵ
π∗(s, a), with probability (1− ϵ).

Observe smt+1, Fm
t+1, and reward Rm

t .
end for
Compute average reward: Rt ← 1

M
∑M

m=1 Rm
t .

Store (smt ,Fm
t , amt ,Rt , smt+1,Fm

t+1) into D for each agent m.

TRAINING ALL AGENTS SIMULTANEOUSLY:
for each agent m do

Sample N transitions (smd ,Fm
d , amd ,Rd , smd+1,Fm

d+1) from D.
Compute target:

ymd ←
{
Rd , if smd+1 is terminal
Qtarget , otherwise

end for
Compute loss:

L(θ)← 1
M

∑M
m=1

(
LM (θ)

)
Update θ by gradient descent on L(θ).
Update target network: θ− ← τθ + (1− τ)θ−.

end while
end for

each agent observes the environment, selects actions using an ϵ-greedy strategy, and
receives rewards that are subsequently averaged. The transitions obtained are stored
in the replay buffer and used to calculate targets based on the Bellman equation. The
loss function is calculated as the average mean squared error of all agents, and network
parameters are updated via the gradient descent algorithm, followed by a soft update
on the target network. This model is designed to accelerate computation time by
using only one main network, one target network, and one shared replay buffer.
Nevertheless, each agent can still access status information from other agents available
within each state.

π∗(s, a) = arg max
am

Qm(smt ,Fm
t , am; θm), (15)

Qtarget = Rd + γmax
am

Q−(smd+1,Fm
d+1, am; θ−) (16)

LM (θ) =
1
N

N∑
d=1

(
ymd −Q(smd ,Fm

d , amd ; θ)
)2 (17)
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Equation (15) represents the decentralized execution policy π∗(s, a), where each
agent m independently selects an action am by maximizing its local action-value
function Qm given its state smt and masking vector Fm

t . Equation (16)computes the
temporal difference target Qtarget using a target network Q− with parameters θ−
to enhance training stability, following the standard Bellman optimality equation.
Equation (17) defines the centralized loss function LM (θ) as the mean squared error
(MSE) between the target values ymd and the predicted Q-values across a mini-batch
of N transitions, facilitating simultaneous parameter updates for all agents via gradient
descent.

3.2 Action Masking
In the Algorithm (2), an action masking mechanism is implemented to prevent agents
from selecting unsuitable actions based on their local status and individual capabilities.
Masking functions by filtering out non-executable actions, such as accepting a job
with an operation type that does not match the agent’s capabilities or when no jobs
are available in the agent’s observation. This filtering process is conducted by setting
the Q-value for invalid actions to −∞, ensuring that these actions are not selected
during the arg max process. Consequently, only strictly valid actions are considered
during both the exploitation and exploration phases.

Algorithm 2 Dispatching Rules for Action Masking
for each agent m do
INITIALIZE: accept ← 0,wait ← 0, decline← 0, continue← 0;
Get states of all agents;
if there is a job in the agent’s observation window and job operation type matches agent capabilities
then

decline← 1;
wait ← 1;
if job is on the conveyor next to the agent then

accept ← 1;
end if

else
continue← 1;

end if
Fm
t ← [accept,wait, decline, continue];

end for
return Fm

t for each agent;

4. Experiments and Discussion
This section evaluates the performance and robustness of the MARL model through
simulated production scenarios. We conduct a comparative reward analysis of various
DQN architectures and assess the proposed model’s efficiency in terms of energy
consumption and makespan. Furthermore, the reliability of the system is measured by
calculating success rates under stringent operational and energy-efficiency constraints.
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Table 3. Environment Setup and Training Parameter

Parameter Description

nm 3
ω 2
nc 12
NJ 21

Set of capable machines for operation type o M1
o = 1, 2;

M2
o = 2, 3;

M3
o = 1, 3

speed of machines (vm) v1 = 1;

v2 = 2;

v3 = 3

Neuron hidden layer 256× 128

Activation function hidden layer Relu
Activation function output layer linear
Batch size 128
Epsilon initial (ϵ) 1
Epsilon decay 0.992
Buffer size 1× 105

4.1 Evaluation Indicators and Initial Initialization
This subsection discusses the indicators used to evaluate the performance of the test
algorithms, the initialization of parameters within the experimental environment, and
the specific algorithms applied in the analysis. The metrics utilized to evaluate the
performance of the flexible job shop system are as follows:

1. Energy Consumption in units: Energy consumption refers to the total energy
utilized by each robot during the scheduling process, which includes conditions
where the robot is active but idle as well as when it is actively performing tasks.
Energy values are calculated cumulatively at each time step and expressed in
units. This metric is the primary objective function defined in Equation 1 which
evaluates system operational efficiency through the minimization of total energy
consumption.

2. Makespan in steps: Makespan is defined as the total duration required to complete
all jobs from the initial start until the final completion of the scheduling process.
This metric is measured in time steps which represent discrete time units within
the simulation environment. Although the primary objective of this study is the
minimization of energy, makespan functions as a vital performance indicator to
observe the time efficiency achieved while prioritizing energy conservation.

To evaluate the performance of the MARL algorithm, this research excludes com-
parisons with alternative frameworks based on reinforcement learning. Instead, the
proposed system is compared solely against heuristic and metaheuristic methodologies
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to determine job acceptance and processing decisions. The selected benchmarks in-
clude First Come First Processed (FCFS) and Fastest Available Agent (FAA) as heuristic
methods, alongside the Genetic Algorithm (GA) as a metaheuristic method. For the
GA configuration, the population size is set to 30 and the number of generations is 50.
The training parameters and environment configurations for this study are detailed in
Table 3.

4.2 Comparative Reward Analysis of Multi-Agent Shared and Independent DQN
This subsection aims to conduct a comparative analysis of the learning performance
of three Multi-Agent Deep Q-Network (DQN) architectures: Independent DQN,
Shared DQN without shared status, and Shared DQN with shared status. In the Shared
DQN with shared status model, agents not only share the Q-network parameters
but also exchange status information, thereby facilitating enhanced coordination in
decision-making. Conversely, in the Shared DQN without shared status model, agents
share network parameters without any exchange of status information. Finally, in the
Independent DQN model, each agent maintains a distinct Q-network and operates
without any information exchange with other agents. The focus of this analysis is
to evaluate the effectiveness of each model in maximizing cumulative reward during
the training phase. Furthermore, this analysis examines performance stability and the
impact of the shared status mechanism on inter-agent coordination. Through these
experiments, the study aims to identify the optimal Multi-Agent model for a FJSSP.

Figure 2. Reward Training

Figure 2 illustrates the training performance comparison across all Multi-Agent
Deep Q-Network variants. The Shared DQN with shared status demonstrates superior
performance, characterized by the most rapid and stable reward convergence. By
sharing both Q-network parameters and inter-agent status information, this method
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facilitates enhanced coordination. This is evidenced by a significant reward increase
starting at episode 200, converging between 80 and 90 from episode 300 onwards. In
contrast, the Shared DQN without shared status exhibits the poorest performance,
maintaining low reward values with no significant improvement throughout the 600
training episodes. Meanwhile, the Independent DQN, where agents operate without
information sharing, attains relatively high rewards after episode 300. However, it
is less efficient than the status sharing model regarding computational overhead and
memory usage. Specifically, Independent DQN necessitates separate gradient descent
updates for each agent’s distinct Q-network. Furthermore, it lacks memory efficiency
as each agent requires an individual replay buffer to store interaction experiences.

These training results demonstrate that explicit collaboration, facilitated by sharing
Q network parameters and interagent status information, not only enhances compu-
tational efficiency but also yields more stable and reliable policies within Multi-Agent
systems. Consequently, the Shared DQN with shared status architecture is selected as
the primary model for the subsequent Multi-Agent Reinforcement Learning (MARL)
experiments detailed in the following subsection.

4.3 Algorithm Performance Analysis Based onMakespan and Energy Consumption
This subsection aims to evaluate the performance of the MARL algorithm regarding
makespan and energy consumption. Within the flexible job shop system, the makespan
denotes the total time in steps required to complete all tasks from start to finish within
a single production cycle. The total evaluation involves testing across 1000 samples.

Table 4. Energy Consumption in units and Percentage of Energy Efficiency Improvement against Heuristic
and metaheuristic Methods

Method Outlier (%) Min Max Average Against FCFS Against FAA

MARL 3.3% 244 266 250± 3 40.62% 35.23%
FCFS 0.2% 351 522 421± 26 – –
FAA 2.1% 327 464 386± 23 – –
GA 0.3% 335 493 400± 24 4.75% -3.78%

Table 5. Makespan in steps and Percentage of Time Efficiency Improvement against against Heuristic and
metaheuristic Methods

Method Outlier (%) Min Max Average Against FCFS Against FAA

MARL 1.0% 213 274 237± 11 1.66% -0.42%
FCFS 0.4% 197 295 241± 16 – –
FAA 1.3% 191 302 236± 17 – –
GA 0.6% 197 295 241± 16 -0.08% -2.20%

According to Table 4, the Multi-Agent Shared DQN method is significantly
more efficient in energy consumption compared to the heuristic approaches (FCFS
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and FAA) and the metaheuristic GA. The average energy consumption for MARL is
250±3 units, which is substantially lower than the values for FCFS at 421±26, FAA at
386± 23, and GA 400± 24 units respectively. While GA shows a slight improvement
of 4.75% over FCFS, it consumes more energy than FAA by 3.78%. Consequently,
GA energy-optimization results appear very similar to those of heuristic methods.
MARL remains the superior choice for energy efficiency, achieving improvements of
40.62% relative to FCFS and 35.23% relative to FAA. Furthermore, the extremely
narrow range between the minimum and maximum energy values for MARL signifies
high operational reliability compared to the much wider standard deviations observed
in GA and the heuristic methods.

According to Table 5, the MARL method demonstrates competitive makespan
performance against all benchmarks. MARL achieves an average improvement of
1.66% over FCFS and GA, both of which share an identical average makespan of
241 ± 16 steps. Although FAA achieves the lowest average makespan at 236 steps, it
exhibits higher variability as evidenced by a broader range of values and the highest
standard deviation of ±17. In contrast, GA performs similarly to FCFS and fails to
outperform MARL or FAA in this specific environment. MARL maintains greater
stability than both the metaheuristic and heuristic approaches, with a maximum
makespan of only 274 steps.

Overall, MARL offers a superior balanced solution between task completion du-
ration and energy efficiency. While FAA might achieve a faster completion time in
specific instances and GA provides a slight energy advantage over FCFS, MARL pro-
vides a much more predictable and energy-efficient schedule. This consistency across
multiple metrics establishes the superiority of the MARL approach over traditional
heuristic and metaheuristic methods in a flexible job shop environment.

4.4 Algorithm Performance Analysis Based on Success Rates Under Stringent Con-
straints
This subsection evaluates the reliability of the MARL algorithm by measuring success
rates under increasingly stringent operational constraints. The specific constraints are
defined as follows:

1. The maximum conveyor capacity (ncap) in Eq.(2) is set to 60% or 80%.
2. The maximum production time limit (Tmax) in Eq.(4) is set to 250 step.
3. The power consumption (P) in Eq.(5) is set to 1.2 unit/step.
4. The total target number of jobs to be completed (NJ ) in Eq.(7) is set to 21 products.

For constraint in Eq. (3) and Eq. (6) represent hard constraints that are consis-
tently satisfied during every production cycle. Within this framework, a successful
production cycle is defined as the completion of all 21 products in less than 250 steps.
The analysis investigates the capability of the proposed model to maintain high perfor-
mance while adhering to conveyor capacity limits and energy consumption thresholds
across 1000 randomized test samples. By comparing these outcomes against heuristic
and metaheuristic methods, this section demonstrates the robustness of the MARL
approach in complex manufacturing environments.



IJECBE 65

Figure 3. Percentage Success Rate with a Makespan below 250 Steps and 60 Percent Maximum Conveyor
Capacity

Figure 4. Percentage Success Rate with a Makespan below 250 Steps, 60 Percent Maximum Conveyor
Capacity, and a Maximum Power Consumption of 1.2 Units per Step

Figure 5. Percentage Success Rate with a Makespan below 250 Steps and 80 Percent Maximum Conveyor
Capacity

Figure 3 illustrates the success rate comparison for ncap = 60 percent. MARL
demonstrates superior performance with a success rate of 89.7 percent, surpassing
the 82.4 percent achieved by FAA and the 70.7 percent recorded by both FCFS
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Figure 6. Percentage Success Rate with a Makespan below 250 Steps, 80 Percent Maximum Conveyor
Capacity, and a Maximum Power Consumption of 1.2 Units per Step

and GA. These results confirm that MARL effectively manages dynamic job shop
scheduling by meeting production targets while maintaining high efficiency. Notably,
the metaheuristic GA does not show any performance advantage over the simpler
FCFS heuristic in this specific scenario.

Figure 4 presents the success rate with an added constraint P = 1.2 units per step.
This threshold evaluates the operational energy efficiency of the system in completing
tasks punctually. Under these stricter constraints, MARL maintains a high success rate
of 88.6 percent. Heuristic and metaheuristic methods fail entirely to satisfy these joint
constraints, yielding a success rate of 0.0 percent. This outcome indicates that these
approaches lack the flexibility to optimize time and energy simultaneously. Without
an adaptive learning mechanism, these methods produce energy intensive scheduling
patterns that cannot adhere to strict efficiency requirements.

Figure 5 and Figure 6 show a similar trend with ncap = 80 percent. This higher
threshold creates a higher density manufacturing environment where the conveyor
accommodates a greater volume of concurrent tasks. As illustrated in Figure 5, MARL
achieves a success rate of 91.0 percent at this higher capacity level. This represents
a slight improvement over the 60 percent capacity scenario, suggesting the MARL
agent effectively utilizes the additional conveyor space to enhance scheduling. While
FCFS, FAA, and GA show marginal improvements to 72.5 percent, 83.7 percent, and
72.6 percent respectively, they remain unable to match the optimization capabilities
of MARL approach. The robustness of the MARL model is further evidenced in
Figure 6 with the power consumption constraint. MARL maintains a success rate of
90.3 percent, while all other benchmark methods, including the GA metaheuristic, fail
completely with a success rate of 0.0 percent. The performance of the GA metaheuristic
is very similar to FCFS across all scenarios, indicating that metaheuristic optimization
is not suitable for the FJSSP within this specific scenario.

Overall, these results confirm that the MARL model successfully optimizes produc-
tion time while minimizing energy consumption per unit of time. This adaptability
establishes MARL as a superior and more reliable approach for modern manufacturing
systems compared to heuristic and metaheuristic scheduling methodologies.
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5. Conclusion
This study demonstrates that the MARL framework utilizing a Shared DQN effectively
addresses the complexities of the flexible job shop scheduling problem by optimizing
the trade off between production time and energy consumption. Experimental results
indicate that the proposed architecture achieves significant energy efficiency improve-
ments of 40.62 percent and 35.23 percent compared to FCFS and FAA respectively.
The MARL approach also demonstrates superior efficiency over the metaheuristic,
which exhibits energy consumption patterns similar to the heuristic methods. Further-
more, the model maintains exceptional operational stability with a standard deviation
that is significantly lower than heuristic and metaheuristic methods across 1000 sam-
ples. Regarding time efficiency, MARL achieves a competitive makespan that is similar
to the results produced by rule based approaches while ensuring greater predictability
in completion times. The model also exhibits remarkable robustness under stringent
constraints, whereas heuristic and metaheuristic methods yield zero percent success.
These improvements are attributed to explicit coordination through shared network
parameters and agent status information which facilitate more informed decision
making in high density manufacturing environments. Consequently, the MARL
approach establishes itself as a highly adaptive and sustainable solution for modern
industrial scheduling.
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