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Abstract—In modern manufacturing systems, dual-resource
scheduling has emerged as a critical challenge, where each
operation must be simultaneously assigned to both an eligible
machine and a qualified worker. This joint allocation require-
ment introduces tight resource coupling, which significantly
expands the combinatorial search space while severely con-
straining the feasible solution region and resulting in complex
multi-dimensional trade-offs between completion time and op-
erational costs. This paper investigates a Dual-Resource Con-
strained Flexible Job Shop Scheduling Problem (DRC-FJSP) that
minimizes the makespan and a comprehensive production cost
integrating raw-material holding, work-in-process holding, direct
processing costs, and earliness/tardiness penalties. To effectively
approximate Pareto-optimal solutions, we propose EM-MFF-
MOPSO, a discrete multi-objective framework. The algorithm
features an entropy-guided mechanism for stage-based parameter
adaptation, a Maximin Fitness Function (MFF) strategy for
leader selection, and a Simulated Annealing (SA) local search
to refine solutions. Experiments on reproducible benchmark in-
stances of increasing scales demonstrate that EM-MFF-MOPSO
consistently produces more competitive and better-distributed
Pareto fronts than representative baselines.

Index Terms—Multi-objective Optimization, Particle Swarm
Optimization, Dual-Resource Constraints, Flexible Job Shop
Scheduling, Entropy Mechanism

I. INTRODUCTION

The Flexible Job Shop Scheduling Problem (FJSP) repre-
sents a fundamental challenge in production planning, gen-
eralizing the classical job shop problem by allowing each
operation to be processed on any machine from a quali-
fied set. Constructing a feasible schedule thus necessitates
solving the coupled sub-problems of operation sequencing
and machine assignment, resulting in an NP-hard combina-
torial search space that defies traditional exact optimization
methods [1]. With the growing emphasis on sustainability
and cost-aware production, FJSP research has also moved
beyond single makespan minimization toward multi-objective
formulations, such as energy-efficient scheduling [2], [3], low-
carbon scheduling with human-related factors [4], and cost-
aware settings under time-varying energy prices [5]. Mean-
while, the evolutionary computation community continues to

propose new hybrid paradigms for FJSP, including restart-
enhanced genetic algorithms [6] and learning-assisted evolu-
tionary scheduling strategies [7].

However, many real manufacturing systems are not con-
strained by machines alone. In machining, assembly, and
inspection-intensive workshops, each operation often requires
the simultaneous allocation of a machine and a qualified
worker (operator), forming a machine–worker pair that exe-
cutes the task. This dual-resource coupling leads to the Dual-
Resource Constrained Flexible Job Shop Scheduling Problem
(DRC-FJSP), where feasibility depends not only on machine
capacities but also on worker availability and qualification
constraints. Compared with classic FJSP, DRC-FJSP yields
a substantially tighter feasible region and stronger resource
interactions, because a local change in either the machine as-
signment or the worker assignment may trigger cascading con-
flicts in the schedule. Moreover, when the production environ-
ment requires both time efficiency and economic performance,
it becomes necessary to model multi-dimensional trade-offs
between completion time and costs (e.g., inventory/holding,
processing expenses, and due-date related penalties).

Existing DRC-FJSP studies have demonstrated the necessity
of jointly optimizing operation sequencing and machine–
worker allocation. Zheng and Wang proposed a knowledge-
guided fruit fly optimization algorithm with a dedicated encod-
ing to simultaneously handle job sequence, machine assign-
ment, and worker assignment under a makespan objective [8].
Andrade-Pineda et al. formulated a dual-resource flexible job
shop model where worker expertise affects eligibility, and
optimized makespan together with due-date-related perfor-
mance measures [9]. Fan and Wang incorporated prepara-
tion times and worker proficiency into a genetic-algorithm-
based DRC-FJSP framework [10]. Nevertheless, compared
with the extensive literature on multi-objective FJSP, the
multi-objective DRC-FJSP remains relatively under-explored,
especially when the cost objective integrates multiple practical
components (e.g., inventory holding, direct processing costs,
and earliness/tardiness penalties). On the algorithmic side,
Particle Swarm Optimization (PSO) [11] is attractive due to



its simple structure and fast convergence, and it has been ex-
tended to handle Pareto dominance in multi-objective settings
(MOPSO) [12]. For discrete FJSP variants, researchers have
proposed various adaptation strategies to handle combinatorial
constraints, such as discrete PSO combined with simulated
annealing (SA) [13], two-level PSO separating machine map-
ping and sequencing [14], and improved PSO with novel en-
coding/decoding and communication mechanisms [15]. These
advances motivate investigating a discrete multi-objective PSO
framework tailored to the dual-resource coupling in DRC-
FJSP.

Despite the above progress, solving a dual-resource con-
strained multi-objective FJSP at realistic scales remains dif-
ficult. First, each operation involves coupled discrete deci-
sions—its position in the global operation sequence, the se-
lected machine, and the selected worker—so the search space
grows multiplicatively, while feasibility becomes fragile due to
the simultaneous non-overlap requirements on both machines
and workers. Second, when objectives go beyond makespan
and include time-dependent cost terms (e.g., holding costs
and earliness/tardiness penalties), solution evaluation requires
accurate decoding from a discrete representation into a full
schedule timeline, which increases the computational burden
and makes the optimization landscape more rugged. Third,
multi-objective optimization demands not only convergence
toward the Pareto front but also a well-distributed approxi-
mation set; this is particularly challenging in DRC settings
where feasible solutions can be sparse and clustered. Finally,
algorithmic robustness across different instance scales calls for
adaptive balance between exploration and exploitation—static
parameters may perform well on one scale but cause premature
convergence or diversity collapse on another.

To address these challenges, this paper makes the following
contributions:

• Problem and benchmarks: We formulate a multi-
objective DRC-FJSP and provide a three-scale repro-
ducible benchmark protocol.

• EM module: An entropy-guided multi-stage mechanism
adaptively tunes (wt, c

t
1, c

t
2) and local-search intensity.

• MFF module: A maximin fitness function assisted leader
sampling strategy strengthens convergence pressure to-
ward the Pareto front while maintaining archive diversity.

• SA module: A simulated annealing local search refines
discrete schedules to strengthen exploitation.

The remainder of this paper is organized as follows.
Section II formulates multi-objective DRC-FJSP. Section III
presents EM-MFF-MOPSO. Section IV reports experimental
results. Section V concludes the paper.

II. PROBLEM FORMULATION

We consider a production system with N jobs, M machines,
and G workers. Let J = {1, . . . , N}, M = {1, . . . ,M}, and
G = {1, . . . , G} denote the corresponding index sets. Each
job i ∈ J consists of ni ordered operations {Oi1, . . . , Oini}
subject to strict precedence constraints.

TABLE I
NOTATION FOR THE MULTI-OBJECTIVE DRC-FJSP

Symbol Description
J ,M,G Sets of jobs, machines, and workers
N,M,G Numbers of jobs, machines, and workers
ni Number of operations of job i
Oik k-th operation of job i
Mik Eligible machine set for Oik

Gm Eligible worker set for machine m
mik, gik Selected machine and worker for Oik

pikm Processing time of Oik on machine m
di Due date of job i
ϵi Integer due-date slack (randomly sampled) in benchmark

generation
αi Raw-material value coefficient of job i
βm, γg Unit cost coefficients of machine m and worker g
η Inventory holding cost rate per unit time
ϕi, ψi Unit penalty costs for earliness and tardiness of job i
Sik, Cik Start and completion times of Oik

Ci Completion time of job i (Ci = Cini )
cik Direct processing cost of Oik under (mik, gik)

For each operation Oik, an eligible machine set Mik ⊆
M is given. For each machine m ∈ M, an eligible worker
set Gm ⊆ G is given. Processing Oik requires selecting one
machine mik ∈ Mik and one compatible worker gik ∈ Gmik

simultaneously. The processing time depends on the machine
choice, while the worker affects feasibility and labor cost.

A. Notation

Let O = {(i, k) | i ∈ J , k = 1, . . . , ni} be the set of all
operations. Main symbols are summarized in Table I.

B. Objectives

We consider a multi-objective minimization problem of
minimizing (F1(X), F2(X)). The two objectives are defined
as follows:

F1 = Cmax = max
i∈J

Ci, (1)

F2 = F21 + F22 + F23, (2)
cik = (βmik

+ γgik) pikmik
, (3)

F21 =
∑
i∈J

η αi Si1, (4)

F22 =
∑

(i,k)∈O

η (Ci − Sik) cik, (5)

F23 =
∑

(i,k)∈O

cik +
∑
i∈J

(
ϕiEi + ψiTi

)
, (6)

Ei = max(0, di − Ci), Ti = max(0, Ci − di). (7)

Equation (1) defines the makespan, where Ci is the com-
pletion time of the last operation of job i. The production-
cost objective in Eqs. (2)–(6) consists of three interpretable
components: (i) raw-material holding cost (Eq. (4)), which
charges the inventory tied up from time 0 until the first start
time Si1; (ii) WIP holding cost (Eq. (5)), which charges the
time span from an operation start Sik to the job completion
Ci weighted by the operation cost proxy cik in Eq. (3); (iii)



direct processing cost plus due-date penalties (Eq. (6)), where
earliness/tardiness are defined in Eq. (7).

C. Constraints and Feasibility

The coupled assignment must satisfy:

mik ∈Mik, gik ∈ Gmik
, ∀(i, k) ∈ O. (8)

Job precedence constraints require:

Sik ≥ Ci,k−1, ∀i ∈ J , k = 2, . . . , ni, (9)
Cik = Sik + pikmik

, ∀(i, k) ∈ O. (10)

Machines and workers are unary, non-preemptive resources:
operations assigned to the same machine or the same worker
cannot overlap in time. Instead of introducing disjunctive
binary variables, we enforce unary feasibility through a serial
schedule generation scheme (SSGS) decoder (Algorithm 2),
which schedules each operation at its earliest feasible start time
considering precedence and current machine/worker availabil-
ity.

III. PROPOSED EM-MFF-MOPSO
A. Algorithm Overview

Since DRC-FJSP is a combinatorial optimization problem
with discrete decision variables, the traditional PSO velocity-
position update paradigm relying on vector addition in con-
tinuous space is inapplicable. To address this, EM-MFF-
MOPSO reformulates the fundamental PSO behaviors into a
probabilistic discrete operation framework.

Let a particle Xi be represented by the triple
(OSi,MAi,WAi). The evolution of Xi is governed
by three probabilistic components that mimic the mechanics
of standard PSO:

1) Inertial Component (w): In continuous PSO, iner-
tia maintains the particle’s previous trajectory. In our
discrete framework, this is modeled as a perturbation
probability. With probability wt, the particle executes
a mutation operator (e.g., swap mutation) to maintain
exploration momentum and prevent stagnation.

2) Cognitive Component (c1): This represents learning
from the particle’s own history. With probability ct1,
the particle undergoes crossover with its personal best
solution (pBesti), pulling the trajectory toward known
successful regions.

3) Social Component (c2): This represents learning from
the swarm. With probability ct2, the particle undergoes
crossover with a global leader (G) selected from the
external archive A, guiding the search toward the Pareto
front.

Consequently, the velocity update equation is replaced by a
cascade of stochastic operators. Furthermore, to overcome the
limitations of static parameters in varying search landscapes,
we introduce an entropy-guided stage adaptation mechanism
that dynamically adjusts the probabilities (wt, c

t
1, c

t
2).

The overall procedure is outlined in Algorithm 1. The
framework iterates through four key phases: (1) State Assess-
ment, where the population distribution entropy is calculated;

Algorithm 1 EM-MFF-MOPSO Framework
Require: Max generations Tmax, Population size Npop,

Archive size NA, Grid B, Entropy thresholds θ1, θ2
Ensure: External Archive A

1: Initialization: Generate initial population P using mixed
heuristics (e.g., MNOR, LNOR)

2: Evaluate objectives for all Xi ∈ P using SSGS;
3: Initialize pBesti ← Xi and Archive A via non-dominated

sorting;
4: for t = 1 to Tmax do
5: // Phase 1: Entropy-based State Assessment
6: Normalize objectives in A; Calculate normalized en-

tropy Ht
norm using B ×B grid;

7: Determine search stage st ∈ {1, 2, 3} based on thresh-
olds θ1, θ2;

8: // Phase 2: Parameter Adaptation
9: Update parameters (wt, c

t
1, c

t
2, p

t
LS) according to stage

st;
10: // Phase 3: Discrete Evolutionary Search
11: for i = 1 to Npop do
12: Select global leader G from A using MFF strategy;
13: Xi ← APPLYINERTIA(Xi, wt); // Mutation
14: // Crossover with pBesti
15: Xi ← APPLYCOGNITION(Xi, pBesti, c

t
1);

16: // Crossover with leader G
17: Xi ← APPLYSOCIAL(Xi,G, c

t
2);

18: Xi ← REPAIR(Xi); // Ensure feasibility
19: Evaluate Xi; Update pBesti and A;
20: end for
21: // Phase 4: Local Refinement
22: Sample NLS = ⌈ptLS ·Npop⌉ particles;
23: Apply SA-based Local Search to sampled particles;
24: Update A with refined solutions;
25: end for
26: return A

(2) Adaptive Parameter Setting, where search preferences
are tuned based on the entropy stage; (3) Discrete Evolu-
tionary Search, where particles evolve via the probabilistic
operators; and (4) Local Refinement, where a Simulated
Annealing (SA) based local search is applied to a subset of
particles to enhance exploitation. A visual workflow of these
interactions is presented in Fig. 1.

B. Solution Encoding and SSGS Decoding

To handle the dual-resource constraints, each particle rep-
resents a candidate schedule through a triple-vector encoding
scheme. A particle Xi at iteration t consists of three position-
wise aligned vectors:

Xt
i =

(
OSt

i, MAt
i, WAt

i

)
, i = 1, . . . , Npop, (11)

where the common length is Nop =
∑

i∈J ni.
Operation sequence (OS). The vector OS is a job-based

sequence with repetitions. A gene OS[j] = i indicates that
the next unscheduled operation of job i is dispatched at
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Fig. 1. Workflow of EM-MFF-MOPSO

position j. The corresponding operation index is obtained by
an occurrence counter: k ← cnt[i] + 1 and cnt[i]← k, hence
the k-th occurrence of job i corresponds to operation Oik.

Assignments (MA/WA). MA[j] and WA[j] specify the
selected machine m and worker g for the operation represented
at position j. Thus, each position j uniquely determines a
concrete tuple (i, k,m, g).

SSGS decoding. As shown in Algorithm 2, decoding scans
OS from left to right and schedules each derived operation
Oik at the earliest feasible start time:

Sik = max
(
Tjob[i], Tmach[m], Twork[g]

)
, (12)

followed by Cik = Sik + pikm and availability updates for
job i, machine m, and worker g. This construction guarantees
feasibility of precedence and dual-resource non-overlap, and
yields the schedule used to compute (F1, F2).

C. Population Initialization

To improve early-stage coverage, we adopt a mixed initial-
ization strategy. For OS, four rules are mixed: random gen-
eration, maximum number of remaining operations (MNOR),
least number of remaining operations (LNOR), and a random-
priority rule. For MA/WA, we alternate among (i) random
assignment, (ii) shortest/longest processing time selection to
diversify assignments, and (iii) round-robin selection over
eligible machines; the worker is then sampled from the eligible
set of the chosen machine.

D. Entropy-Guided Stage Adaptation

1) Objective normalization and entropy: At each iteration,
archive objectives are min–max normalized to [0, 1]2:

F̃k(X) =
Fk(X)− Fmin

k

Fmax
k − Fmin

k

, k = 1, 2, (13)



Algorithm 2 SSGS Decoder for Dual-Resource Feasibility
Require: Sequence OS, Assignments MA,WA
Ensure: Schedule S, Objectives F1, F2

1: Initialize available times: Tmach[m] ← 0, Twork[g] ← 0,
Tjob[i]← 0

2: Initialize operation counter: cnt[i]← 0, ∀i ∈ J
3: for j = 1 to length(OS) do
4: Get job index: i← OS[j]
5: Update operation index: k ← cnt[i] + 1; cnt[i]← k
6: Get resources: m←MA[j], g ←WA[j]
7: pikm ← ProcessTime(i, k,m)
8: Determine Start Time:
9: Sik ← max

(
Tjob[i], Tmach[m], Twork[g]

)
10: Cik ← Sik + pikm
11: Update Availability:
12: Tjob[i]← Cik

13: Tmach[m]← Cik

14: Twork[g]← Cik

15: Record Sik, Cik to Schedule S
16: end for
17: Calculate F1, F2 using Eqs. (1)–(6)
18: return S, F1, F2

where Fmin
k = minX∈A Fk(X) and Fmax

k =
maxX∈A Fk(X). We partition [0, 1]2 into B × B grids
and compute Shannon entropy over the archive distribution.
Let nb be the number of archive solutions in cell b, A = |A|,
and pb = nb/A. Then

Ht = −
∑

b:pb>0

pb ln pb, Ht
norm =

Ht

ln(B2)
. (14)

2) Stage identification:

st =


1, Ht

norm ≤ θ1,
2, θ1 < Ht

norm < θ2,

3, Ht
norm ≥ θ2,

(15)

where θ1 < θ2. Low entropy indicates a clustered archive
(diversity risk), while high entropy indicates a well-spread
archive.

3) Adaptive parameter control: We adapt operator-
triggering probabilities (wt, c

t
1, c

t
2) and SA local-search prob-

ability ptLS:

wt =


wmax, st = 1,

wmin + (wmax − wmin)(1−Ht
norm), st = 2,

wmin, st = 3,

(16)

ct1 =


c1,min, st = 1,

c1,min + (c1,max − c1,min)H
t
norm, st = 2,

c1,max, st = 3,

ct2 =


c2,max, st = 1,

c2,max − (c2,max − c2,min)H
t
norm, st = 2,

c2,min, st = 3.

(17)

ptLS =


pLS,max, st = 1,

pLS,min + (pLS,max − pLS,min)(1−Ht
norm), st = 2,

pLS,min, st = 3.
(18)

E. Discrete Particle Update via Multi-Operator Fusion

Given particle Xt
i, personal best pBesti, and a leader

G sampled from the archive, we generate an offspring by
sequentially applying three operator categories, where each
operator is activated with its associated probability, followed
by feasibility repair on assignment genes:

• Inertia-like mutation (probability wt): swap two po-
sitions in OS and swap the aligned genes in MA and
WA; then reassign one machine gene within the eligible
set and sample a compatible worker for it.

• Cognitive-like recombination (probability ct1): recom-
bine with pBesti using the precedence-preserving order
crossover (POX) for OS and the rand-point preservation
crossover (RPX) for MA and WA, where RPX preserves
a randomly selected set of assignment positions from one
parent and fills the remaining positions from the other
parent.

• Social-like recombination (probability ct2): recombine
with leader G using the same operators (POX for OS
and RPX for MA/WA).

Subsequently, a repair mechanism ensures feasibility by
replacing any invalid machine or worker assignment with a
valid candidate sampled from the corresponding eligible set.

After decoding and evaluation, pBesti is updated by Pareto
dominance; if the current solution and pBesti are mutually
non-dominated, pBesti is replaced with probability 0.5 to
maintain search mobility.

F. Archive Maintenance and MFF-Based Leader Sampling

1) Archive maintenance: The archive A stores non-
dominated solutions. Let NA denote the archive capacity
and A = |A| the current archive size. After merging new
candidates, dominated and duplicate solutions are removed. If
|A| > NA, truncation based on crowding distance is applied.

2) Crowding distance: Crowding distance is computed
on normalized objectives. Boundary solutions receive large
distance. For an interior solution Xi (after sorting by each
objective),

Ddis(Xi) =

2∑
k=1

∣∣∣F̃k(Xi+1)− F̃k(Xi−1)
∣∣∣ . (19)

3) Maximin fitness function (MFF): Following [16], the
MFF score is

Fmf(Xi) = max
j ̸=i

(
min

k∈{1,2}

[
F̃k(Xi)− F̃k(Xj)

])
. (20)

For minimization problems, Fmf is typically non-positive
within a non-dominated archive. We use −Fmf as a sampling
score so that higher values correspond to stronger competi-
tiveness.



4) Leader sampling: Let D̃dis(·) and S̃(·) =
norm(−Fmf(·)) be linearly normalized to [0, 1] within
the archive. The leader sampling probability is

P (ℓ) ∝ λ D̃dis(Xℓ) + (1− λ) S̃(Xℓ), Xℓ ∈ A, (21)

and a leader is drawn by roulette-wheel sampling.

G. SA-Enhanced Local Search

We apply simulated annealing (SA) [17] to a subset of
particles per generation. Since SA requires a scalar acceptance
criterion, we adopt an additive energy consistent with the
implementation:

E(X) = F̃1(X) + F̃2(X). (22)

Given a neighbor X′, SA accepts it with probability

Pacc =

{
1, ∆E < 0,

exp(−∆E/T ), ∆E ≥ 0,
∆E = E(X′)−E(X).

(23)
Neighborhoods. We use three neighborhoods: (i) machine

reassignment with consistent worker reassignment, (ii) worker
reassignment under a fixed machine, and (iii) operation-
sequence swap with aligned MA/WA swap. Each move is
followed by feasibility repair.

Batch application. Each generation, we sample

NLS = max
(
1, round

(
ptLS ·Npop

))
(24)

particles and apply SA to each. The returned solution re-
places the current particle if it dominates it; if mutually non-
dominated, it is accepted with a small probability (0.3 in our
implementation). If the new solution dominates the current
one, pBest is updated accordingly; otherwise pBest is kept
unchanged.

H. Computational Complexity

Recall that Nop =
∑

i∈J ni denotes the total number of
operations and A = |A| denotes the archive size. SSGS decod-
ing for one particle costs O(Nop); thus objective evaluation
is O(NpopNop) per iteration. Entropy computation is O(A)
for fixed grids. Computing MFF is O(A2), and crowding
distance computation is O(A logA). The SA module adds
O(NLSLSANop) per iteration, where LSA is the SA inner-
iteration budget. Overall time complexity is:

O
(
Tmax ·

(
NpopNop+(A2+A logA)+NLSLSANop

))
. (25)

IV. EXPERIMENTAL STUDY

A. Benchmark Instances

We evaluate three instance scales (small, medium,
large). In our implementation, the sizes are:

• small: N = 3, M = 3, G = 2, with (ni)
3
i=1 = (3, 2, 3);

• medium: N = 6, M = 6, G = 4, with (ni)
6
i=1 =

(3, 4, 3, 4, 3, 4);
• large: N = 10, M = 10, G = 6, where each ni is

independently sampled from {3, 4, 5, 6}.

For small, all processing times, eligible machine sets,
eligible worker sets, cost coefficients, and due dates are
explicitly specified (a deterministic instance). For medium
and large, instance data are generated as follows.

For each operation, the eligible machine set size is uni-
formly sampled as 2–4 (medium) or 2–5 (large) without
replacement. Processing times on eligible machines are sam-
pled as integers in [2, 10] (medium) or [3, 15] (large).

For each machine m, the eligible worker set size is uni-
formly sampled from {2, . . . , G} and workers are selected
uniformly without replacement.

For medium, αi ∼ U(5, 15), βm ∼ U(3, 8), and γg ∼
U(5, 13). For large, αi ∼ U(5, 20), βm ∼ U(3, 11), and
γg ∼ U(5, 17). In both cases, η = 0.01 and (ϕi, ψi) = (2, 5)
are fixed for all jobs.

Due dates are estimated from a lower bound of total
processing time:

di = 1.5

ni∑
k=1

min
m∈Mik

pikm + ϵi, (26)

where ϵi is an integer slack sampled in [5, 15] for medium
and [10, 30] for large.

B. Compared Algorithms

We compare EM-MFF-MOPSO with representative base-
lines, including canonical MOPSO [12], NSGA-II [18], and
MOEA/D [19], all configured with standard settings com-
monly used in the literature.

To ensure a strictly fair comparison, all algorithms share
the same discrete solution representation, SSGS decoder, and
objective evaluation functions. Furthermore, they are executed
with the same population size, ensuring an equivalent number
of objective evaluations across all comparisons.

C. Parameter Settings

All algorithms use Npop = 200, Tmax = 300, and
archive size NA = 50. EM-MFF-MOPSO uses B = 5,
(θ1, θ2) = (0.25, 0.75), and λ = 0.6. SA uses (T0, Tend, ρ) =
(5, 0.01, 0.85) and a fixed inner-iteration budget. Each algo-
rithm is executed for 10 independent runs; we report mean ±
standard deviation.

D. Performance Metrics

Let P be the obtained non-dominated set and P⋆ a ref-
erence Pareto set. Both objectives are minimized. We re-
port: (i) MID, computed as the mean Euclidean distance of
points in P to the origin in the objective space, MID =
1

|P|
∑

x∈P ∥(F1(x), F2(x))∥2; (ii) MS (Maximum Spread),
MS =

√
(maxF1 −minF1)2 + (maxF2 −minF2)2; and

standard multi-objective metrics IGD [20] and HV [21]. For
HV, objectives are first normalized to [0, 1] using the ideal and
nadir values estimated from P⋆, and the reference point is set
to r = (1, 1) in the normalized objective space.

Since the true Pareto front is unknown, we construct P⋆ by
aggregating all non-dominated solutions across all algorithms
and runs, then removing dominated points and duplicates.



TABLE II
PERFORMANCE COMPARISON ON THREE INSTANCE SCALES (MEAN ± STD OVER 10 RUNS).

Scale Algorithm MID↓ MS↑ IGD↓ HV↑

small

EM-MFF-MOPSO 268.56±5.99 103.85±22.67 6.1110±1.8846 0.1186±0.0087
MOPSO 291.18±3.24 44.70±6.72 26.7641±2.7019 0.0862±0.0039
NSGA-II 287.39±3.28 49.54±7.41 24.1664±0.9559 0.0907±0.0020
MOEA/D 287.80±4.40 56.68±13.62 24.6971±1.0391 0.0851±0.0034

medium

EM-MFF-MOPSO 1170.08±53.28 237.33±169.73 54.7092±26.4239 0.0667±0.0212
MOPSO 1373.61±57.69 58.94±59.23 287.1007±58.8053 0.0008±0.0025
NSGA-II 1152.32±53.71 82.91±60.04 71.2818±20.5130 0.0565±0.0126
MOEA/D 1133.90±27.11 111.11±79.91 75.7301±17.8714 0.0352±0.0109

large

EM-MFF-MOPSO 5949.88±199.76 449.14±539.80 299.6522±72.9364 0.0678±0.0089
MOPSO 8122.67±466.93 1454.80±943.55 1481.1534±311.2263 0.0011±0.0030
NSGA-II 6455.57±319.69 542.83±292.73 369.3368±118.6797 0.0552±0.0123
MOEA/D 7215.18±324.16 1957.32±1229.12 680.7578±139.9099 0.0000±0.0000
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Fig. 2. Pareto front comparisons on three instance scales.

E. Comparative Results and Discussion

Table II summarizes the quantitative results, and Fig. 2
visualizes the obtained Pareto fronts.

Small scale. EM-MFF-MOPSO achieves the best overall
performance on small, simultaneously improving conver-
gence (lower MID and IGD) and diversity (higher MS and
HV). The Pareto front in Fig. 2 is also more uniformly
distributed with a clearer trade-off coverage.

Medium scale. On medium, EM-MFF-MOPSO attains the
best diversity-related metrics (MS and HV) and the best IGD,
while MOEA/D yields a slightly smaller MID. This indicates
that EM-MFF-MOPSO provides a better approximation set to
the reference front with improved coverage, whereas a single
scalar indicator (MID) may not fully reflect set quality in
rugged feasible landscapes.

Large scale. On large, EM-MFF-MOPSO obtains the
best MID, IGD, and HV. Although MOEA/D reports the
largest MS, its HV remains very small, suggesting that the
large spread is caused by a few extreme points rather than a
well-covered front. Canonical MOPSO exhibits near-zero HV
on medium and large, implying a severe diversity collapse,
which is consistent with the leader-guided swarm dynamics
being prone to clustering under strong dual-resource coupling.

Overall, these results demonstrate that the proposed frame-
work effectively overcomes the scalability challenges inherent
in DRC-FJSP. By dynamically adapting search behaviors and
enforcing diversity pressure, EM-MFF-MOPSO successfully
avoids the local optima and diversity collapse that handicap

traditional algorithms in highly constrained dual-resource en-
vironments.

F. Ablation Study

To isolate the contribution of each proposed component, we
evaluate three variants: (i) noEM, which disables the entropy-
guided stage identification and keeps operator probabilities
fixed; (ii) noMFF, which removes the MFF term in leader
sampling and relies on a standard density-based leader selec-
tion; and (iii) noSA, which disables the SA-based local search
module. All variants keep the same encoding/decoder, archive
size, and evaluation budget as the full method.

Fig. 3 shows that removing any component degrades the
final Pareto front, and the degradation becomes more pro-
nounced as the instance scale increases. In particular, noEM
relies on static parameters and thus lacks cross-scale adaptabil-
ity: settings that work well on one scale may cause premature
convergence or diversity collapse on another. noMFF exhibits
insufficient convergence pressure toward the Pareto front, as
the leader selection becomes less competitive without the
maximin-based guidance. noSA results in consistently poorer
convergence, indicating that local refinement is critical for
improving solution quality in the rugged feasible landscape
induced by dual-resource coupling.

V. CONCLUSION AND FUTURE WORK

In this study, we addressed the multi-objective DRC-FJSP
by integrating a comprehensive production cost model that
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Fig. 3. Pareto front comparisons on three variants.

accounts for inventory holding, processing expenses, and
delivery penalties. To navigate the tightly coupled resource
constraints, we proposed EM-MFF-MOPSO. The results sug-
gest that entropy-guided stage control effectively mitigates
archive concentration, while the MFF-assisted leader sam-
pling improves guidance robustness; the SA refinement further
strengthens exploitation on rugged feasible basins, leading to
better IGD/HV performance.

Future work may incorporate richer shop-floor constraints
(e.g., sequence-dependent setups, transportation times, ma-
chine breakdowns, and worker shift calendars), additional
objectives (e.g., energy and emissions), scalable parallel im-
plementations, and preference-based decision support for se-
lecting final schedules.
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