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ABSTRACT

This study introduces an innovative framework for order allocation and scheduling in the
textile industry, addressing the complex challenges of multi-objective production planning
across diverse processes, multiple outsourcing entities, and mterconnected production de-
partments. The proposed approach uses advanced genetic algorithms to deliver efficient and
sustainable scheduling solutions, integrating a state-of-the-art production process simulator.
A core innovation of this research 1s a novel chromosome representation, complemented
by refined genetic operators and a heuristic pruning and selection mechanism. Green sup-
plier criteria are integrated through a lexicographic scoring mechanism that governs alloca-
tion tie-breaking, ensuring that sustainability preferences are structurally embedded in the
decision process without displacing primary economic objectives. The production process
simulator is designed to replicate real-world industrial dynamics, significantly boosting the
model’s accuracy and practical applicability. The study pioneers advanced methodologies,
including a gendered genetic algorithm and a hybrid genetic algorithm, specifically devel-
oped to optimize scheduling in multi-supply chain and open shop environments. These tech-
niques improve computational efficiency and promote sustainable practices by optimizing
resources, reducing waste and minimizing production costs. Validation using real industrial
data underscores the model’s capability to outperform conventional practices, demonstrating
higher performance relative to the company's prior manual scheduling practice, mostly in
terms of operational efficiency, cost-effectiveness and sustainability. The framework offers
substantial potential for practical implementation, providing robust tools to enhance market
competitiveness and support greener and resilient production strategies within the textile
industry and beyond.
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1. Introduction cluding concurrent processes and/or subcontracting.
One of the most impacting aspects on a Supply Chain
(SO) pertains to supplier selection and order alloca-
Supply chamns are complex, integrated and syn-  tion since it involves a wide range of variables with
chronised processes that address the acquisiion,  a multitude of combinations that must be optimized
transformation and distribution of materials, often in-  to attain competitive advantages over competitors [1].
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Further, increased access to global markets widens
the choice of suppliers and drives constantly chang-
ing costs that impact on a company’s performance.
In a more recent global trend [2] Supply Chain Man-
agement (SCM) has matured from an operational
and economic perspective alone to integrate broader
environmental and social issues, both known green
SCM [3]. Hiring subcontractors is nowadays a com-
mon practice in the global market to take advantage
of specialized firms, lower labour costs and mnova-
tive services, being increasingly important to dynami-
cally select suppliers and order allocation scheduling
[4], [5].

Implementing customized and optimized logis-
tics has become the modus operandi of companies
to overcome global competitiveness and achieve an
effective means to enhance performance. Textile -
dustries in particular are nowadays operating mostly
through subcontracting since most brands do not
even possess their own manufacturing facilities [6].
The textile SCM i1s currently long and complex de-
pending heavily on subcontracting that often ranges
from local to global specialized manufacturing com-
panies [7].

Choosing the right service that enhances perfor-
mance, or competitiveness is a difficult and increas-
mgly more complex task, thus requiring flexible and
dynamic approaches to handle specificity pertaining
to ever more mass customization production.

This paper presents a framework for SCM optimi-
zation applied to a textile large industry manufacturer
under a significant number of constramts mncluding
green supplier selection and order allocation, per-
forming dynamic adaptive multi-objective optimiza-
tion. The paper is organized in the following way: first,
order allocation and supplier selection are addressed
setting the background on global operating dynamics
and trends; a short review 1s then given on the differ-
ent approaches and considerations pertaining to the
optimization of SCMs; the second part of this paper
sets the scenario of a SCM concerning a large textile
company, presents a framework for the operation and
optimization of the SC and results of the implemen-
tation. The paper ends with a conclusion on the use
of such framework as well as some general guidelines
towards the application of the framework.

2. Literature Review

Today’s competitive environment has led indus-
try to diversify their sources of material and services
while pursuing low cost, high quality, flexibility and

specialized manufacturers i a global and increas-
ingly competitive market [8]. Outsourcing has be-
come the modus operandi for many manufacturing
companies, from textile to automotive industry, since
it provides flexibility, improved overheads, cost re-
duction and access to highly specialized services and
technologies.

2.1 Supplier Selection and Order Allocation

The selection of suppliers 1s a complex decision-
making process that involves qualitative and quanti-
tative criteria in a broad multi-criteria scenario [9].
Traditionally supplier selection evolved from tradi-
tional criteria e.g., cost, quality, lead time, response
rate, to cumulative green criteria e.g., eco transporta-
tion, packing, management, environment and social
mmpact [10], [11]. Among all criteria cost, quality and
delivery time are the most prevalent [5], [11], [12]
and there 1s registered patterns pertaining to the in-
creased use of multi-criteria approaches [13]-[16]. All
these criteria are often underpinned as being the most
important factors but there are other aspects that may
mterfere and sometimes condition the overall choice
of suppliers, such as supplier availability or response
capacity. The latest aspects may interfere in schedul-
ing, handling or inventory costs, leading to changes
i suppliers’ selection to comply with delivery times.

Supplier selection 1s considered a crucial factor
in purchasing or subcontracting of services since it
might contribute to the reduction in operational costs
and mmprove thus total SC performance [11], [17].
An acceptable cost or quality are no longer enough
to determine appropriate suppliers [11], other fac-
tors such as lead time, responsiveness, warranties, ca-
pacity, among others, have to be taken mto account
[18]. Further, diversification as well as specialization
of suppliers demands that an increased number of
small batches have to be allocated to difterent sup-
pliers, hence increasing the complexity of the SC
[19]. Since outsourcing has become widely adopted,
governance mechanisms must be improved as well
as the selection of suppliers and the prioritization in
allocations, hence requiring improved frameworks to
support such intertwined and time-consuming job.
Some research from the literature, shows different
frameworks integrating supplier choices and order-
g decisions under uncertainty. The study in [20]
provide a broad review of order allocation models
and solutions to improve SC processes. Models were
systematically classified by decision criteria (e.g. cost,
quality), supplier characteristics and SC structure,
highlighting the gaps and research opportunities.

International Journal of Industrial Engineering and Management



Silva et al.

The study discloses key msights about the need
to align allocation criteria with item/product charac-
teristics, and to integrate emerging SC trends (e.g.
Industry 4.0 technologies) into ordering decisions.
It clarifies how different modelling approaches and
solution methods have been applied to order alloca-
tion. Authors i [21] report an approach for order
allocation in the manufacturing context, where cross-
supplier order and logistics scheduling (ICSOLS) are
addressed. The study concerns a non-deterministic
polynomial-time problem (NP-hard) to model the
assignment of orders across multiple suppliers and
to schedule third-party logistics. With the model ap-
plication, it was possible to verify the efficiency of the
approach, since it reduces the production and trans-
port costs while satisfying all orders. Thus, the study
illustrates an optimization-based integration of order-
g and logistical scheduling focused on real manu-
facturing demand, highlighting how algorithmic mod-
els can allocate orders across suppliers to optimize
overall SC performance.

2.2 Scheduling and Optimization Approaches

SC optimization can be categorized according to
nine main categories: SC network, facility location,
supply planning, production planning, distribution
planning, inventory planning, capacity planning, lot
sizing and supplier selection [3]. Some of these topics
are studied on an i1solated way like: capacity planning
[22], SC network [23], [24], and the facility location
[25]. However, the trend and the majority of the stud-
1es are focused on integrated approaches such as: the
mtegration of production, distribution and mventory
planning [26], the mtegration of lot sizing and suppli-
er selection and the integration of supply and distri-
bution planning [27]. Almost every decision made in
SCM s affected by supplier evaluation and selection
[28]-[30]. Besides the supplier selection, the lot sizing
problem [31], which deals with sourcing decisions, 1s
also among the most important challenges that orga-
nizations are facing, and actually, some researchers
tried to combine the supplier selection and order al-
location problems to align and analyse the available
strategies [32]-[35].

A common optimization problem is finding the
optimal selling price and lot-size of multiple prod-
ucts in multiple periods while selecting the best
suppliers. This problem faces several constraints,
namely, the budget limitation, storage and supplier
capacity [36], [37].

The problem with scheduling, rescheduling and
supplier selection 1s thus a multi-objective problem

that should be handled in a dynamic way, considering
that the realistic SCs are not immune to disruption.
There are few combined research addressing simul-
taneously outsourcing and disruption and indeed this
1s quite common in industrial operations where a
large number of suppliers are mvolved giving place
to long and complex SCs [38]-[40]. Most studies ad-
dress machine rescheduling or otherwise outsourcing
selection ignoring most often that these two problems
gain complexity when dealt in conjunction [38]. Re-
cent work has further reinforced this challenge: inte-
grated formulations combining sustainable supplier
selection, order allocation, and production schedul-
g under supply disruption have been shown to sig-
nificantly outperform isolated approaches [41], while
rescheduling frameworks capable of accommodating
new order arrvals i real time - whether through
bounded-disruption algorithms [42] or digital twin-
enhanced Genetic Algorithms (GA) [43] - represent
the current frontier of dynamic scheduling research.
Further, green supplier selections add a significant
number of constraints that dynamically affect SCs
and thus limit the use of traditional optimization ap-
proaches.

Optimization techniques have been used to op-
erate SC processes effectively handling complexity
while integrating procurement, production, distribu-
tion and demand planning [3]. There are many op-
timization techniques used i SC processes such as
Linear Programming [24], [44]-[46], Multi-Objective
Programming [23], [47], Stochastic Programming
[48] and Heurnistics [25]-[27], [49]. Each category has
techniques associated with it, and some of the most
common [18], [19] are: the Analytic Hierarchy Pro-
cess [11], [50]-[52], Technique for Order Preference
by Similarity to Ideal Solution [11], [15], [53]-[55],
Decision-Making Trial and Evaluation Laboratory
[16], [18], [27].

Further, new research reinforces the use of search
techniques, such as the use of quantum annealing,
for larger problems compared to classical meta-
heuristics, since parameter selection complexities
urge further exploration [56], [57]. These approach-
es have proved useful in a wide variety of problems,
although their applicability 1s often hindered by the
non-deterministic nature. The majority of the deci-
sions in SCM belong to the class of non-deterministic
problems [58], and thus heuristic methods have been
applied to improve decisions. These methods define
a completely new approach on optimization and are
characterized by their search algorithm for poten-
tial solutions while searching for the overall optimal
one, testing and evaluating solutions along the way,
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further supporting the appropriateness of simulation-
coupled metaheuristics when exact optimization be-
comes Intractable and decisions must be updated
online [59].

In dynamic market conditions and manufactur-
Ing contexts, customer requirements, operational
resources, and supply channels are prone to swift
alterations, thereby requiring the implementation of
agile and adaptive methodologies. Proficient SCM
serves a crucial function in mitigating these variances,
empowering organizations to react expeditiously to
changing consumer preferences and market dynam-
ics [60]-[62].

A realistic SCM is normally a multi-objective prob-
lem and as such, it points to a Pareto optimal solution
set being hardly attainable the entire Pareto set ex-
cept for the simplest cases. The use of GA 1s in these
cases extremely uselul since 1t can be easily adapted
to find optimum multi-objective solutions [63], [64]
and, thus produce multiple Pareto optimum solu-
tions. GA can simultaneously search solutions in dif-
ferent parts of the solution space and hence handle
different objectives in a single run and explore the
Pareto frontiers without requiring limiting or scaling
objectives. GA have been used in a multitude of opti-
mization problems [65]-[68] and results demonstrate
their ability and flexibility in handling complex prob-
lems without the numerous limitations of traditional
techniques [69].

Authors in [70] propose an optimization model
that considers supplier selection, inventory decisions
and mbound logistics under stochastic demand. GA
are used to select suppliers, whereas, analytic formu-
las are described for base-stock mventory levels, with
discrete-event simulation updating lead times under
supply disruption. The case-based simulations have
shown that selection criteria weights should depend
on item characteristics and that mitigation strategies’
effectiveness varies with disruption patterns.

Further, dynamic scheduling 1s fundamental since
1t can manage uncertainties by making real-time deci-
sions, adapting to variable conditions, enhancing the
ability to both optimize economic and environmental
outcomes, while contributing to a more sustaiable
environment [71]-[73]. [74] presented a two-stage
Distributionally Robust Optimization (DRO) model
for supplier selection and order allocation under dis-
ruption risks. The model includes both mean and
Conditional Value-at-Risk (CVaR) in the objective
(@ Mean-CVaR approach) to reflect a risk-averse
decision-maker. Therefore, this robust-optimization
framework allows for ambiguous probability distribu-
tions of supplier disruptions, linking supplier selec-

tion with order quantities, giving managers a way to
deal with supply disruptions.

Authors in [75] develop a robust SC design mixed
mteger linear programming (MILP) model that in-
troduce new mtegrator “risk measures” and apply ro-
bust optimization to account for uncertainty. Tested
on randomly generated data and a real Furopean
acrospace case, the model helps quantify the trade-
off between integrator benefits and their potential
failure costs.

This study’s key methodological contribution 1s
embedding integrators as decision variables in sup-
plier selection, with a robust formulation to guide
original equipment manufacturers’ tier decisions un-
der uncertainty.

In a different scientific approach, authors in [76]
apply graph neural networks (GNN) to recommend
alternative suppliers in large SCs. A GNN of a major
automotive supply network and train was defined to
capture relationships (buyer-supplier links, disrup-
tions, and other variables). The model suggests sub-
stituting suppliers when disruptions occur. This study
contributes to a data-driven, Al-based framework for
dynamic supplier selection under disruption, dem-
onstrating the value of machine learning in SC deci-
slon support.

In [77], authors take a game-theoretic approach to
sourcing decisions under risk. In their research, the
model was applied considering two competing com-
panies, choosing between a risky (cheaper) and a re-
sponsible (costlier) supplier, under different consum-
er segments and product-line strategies. Results have
shown that factors like cost differences, product-line
expansion and dual-sourcing options affect whether
companies source from the “responsible” supplier.
The model highlights how demand segmentation
(e.g. green consumers) can induce sustainable sup-
plier choices. Yet, the methodological contribution is
analytical, 1.e., a strategic framework linking product
design and sourcing diversification to supplier selec-
tion in competitive markets.

A fuzzy multiple criteria  decision making
(MCDM) framework for circular economy-oriented
supplier selection demonstrated how it can quantify
“circularity” i supplier management. This work con-
tributes to a novel set of circularity metrics and an
advanced fuzzy decision process, emphasizing envi-
ronmental and resource reuse criteria in supplier se-
lection [78]. Sustainable supplier selection to multi-ti-
er supply chains through an hybrid model combining
fuzzy sets, stepwise weight assessment ratio analysis
(SWARA) and Bayesian networks also being studied
[79]. The study highlights how sustainable SC strat-
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egies should be adapted to different networks, pro-
viding a multi-method decision method, able to both
capture subjective weights and probabilistic relation-
ships among criteria.

Different methods have been employed to im-
prove and optimize supplier selection and order al-
location - optimization algorithms, metaheuristics,
fuzzy-logic, game theory, and Al - addressing uncer-
tainty, sustainability and technological complexity, as
summarized by Table 1.

In summary, to address the complexity involved
i the optimization of large SCs, to enable dynamic
scheduling and rescheduling, and further, to address
multi-objective complex decision support systems, it
1s presented a framework based on natural selection
that incorporates heuristic methods that deal with
tangible and mtangible aspects pertaining to supplier
selection. This framework was built to support opera-
tions at a large textile organization that has both local
production as well as subcontracted services.

3. Materials and Methods

A description of the problem to be handled 1s
described in this section in detail to set the scenario
for the development of the optimization framework.
The problem concerns the outsourcing of jobs to a
multitude of small companies that must be managed

by a manufacturer and hence fulfil its needs while
optimizing costs and delivery time subject to several
constraints, e.g. outsourcing capacity, production ca-
pacity, supplier selection criteria, piecewise cost, qual-
ity, to name a few. The main manufacturer is a big
corporation that outsources frequently some of the
orders they get both to suppress shortage in available
resources and when specialized jobs are required.
The main manufacturer must handle several hundred
orders per month and hence 1s urged to provide an
optimum response since disruption or badly planned
outsourcing may threaten the company’s sustainability
and thus leverage its competitive advantage.

3.1 Problem and Optimization Model

In today’s competitive and quality-driven textile
manufacturing environment, companies increasingly
rely on hybrid production models where mternal
capabilities are supplemented through outsourcing.
This strategy 1s driven by economic efficiency, respon-
siveness, and product diversity. However, outsourc-
g mtroduces complexities in supplier selection,
capacity management, quality assurance, and sched-
uling under uncertainty. The problem addressed in
this work revolves around the allocation and schedul-
ing of manufacturing orders, each composed of mul-
tiple items, to a portfolio of third-party suppliers. The
key operational challenge lies in selecting feasible,

Table 1. Different methods applied to improve and optimize supplier selection and order management

Authors  Methodology Context Key Contributions
[20] Systematic literature review General supply chains Comprehensive classification of order allocation
y PPy models/criteria; research gaps identified
. . R . Hybrid model for joint supplier selection and
[70] Simulation-optimisation (GA + sim) Global SC (case) inventory under stochastic demanddisruptions
1] Mixed-integer model + heuristic Cloud manufacturing Formulated cross-supplier order allocation with

platform
[78] Fuzzy MCDM (BWM, regret, DHFS)
[74] Two-stage DRO (Mean-CVaR)

[79] Fuzzy SWARA and Bayesian network
[75] MILP with robust optimization focus)

[77] Game-theoretic modelling

[76] Graph Neural Network (GNN)

General (sustainable
supply chains)

Electronics

Multi-tier supply chains

Aerospace (integrator

Consumer products

Automotive SC

3PL scheduling; heuristic solution

Defined circularity metrics and introduced a new
fuzzy MCDM model for supplier selection

DRO model incorporating disruption risk with
Mean-CVaR; validated on Huawei case

Multi-tier sustainable supplier model using fuzzy
logic and Bayesian networks

MILP model for choosing integrators versus part
suppliers under uncertainty

Strategic sourcing model with consumer-driven
preference for responsible suppliers

GNN-based dynamic supplier recommendation
using knowledge graph
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cost-eftfective, and timely outsourcing options while
considering varying supplier capabilities, processing
times, prices, and performance metrics.

Moreover, orders arrive dynamically and must be
evaluated within tight lead times. The manufacturer
has on average, a 4-day decision window to assess
new order profitability and feasibility. In the inter-
est of reproducibility, and due to the industrial part-
ner's confidentiality constraints, the key distributional
characteristics of the dataset are as follows: orders
follow an approximately uniform distribution across
item types, with quantities ranging from 10 to 109
units per item; supplier processing times per item
vary by a factor of up to 3x across the supplier pool;
and monthly capacity limits range from approximate-
ly 200 to 800 time units per supplier. Researchers
wishing to replicate experiments at comparable scale
may use these distributions to generate synthetic in-
stances. A formal anonymized instance generator 1s
identified as a future dissemination objective.

Once commissioned, suppliers must initiate pro-
duction within one week, reflecting contractual ob-
ligations. These temporal constraints, coupled with
operational volatility, necessitate dynamic resched-
uling capabilities and robust optimization methods
that can quickly adapt to changes. We formalize the
outsourcing problem using a multi-objective mixed-
imteger model, incorporating both economic and
scheduling objectives. Indices and Parameters:

e §: Set of available suppliers, indexed by s

e (O: Set of production orders, indexed by o

e ]: Set of items 1n order o, indexed by i € 1,

e (C;; Unit cost of outsourcing item / to supplier s

* 0., Quantity of item / in order o

e P, Unit processing time of item / by supplier s

e T,: Monthly processing capacity (in time units)

of supplier s
e LED,: Latest execution date (deadline) for or-
der o

* R;: Required capabilities for item i

eV Capabilities offered by supplier s

* qa,€[1,5]: supplier performance index

Decision variables:
e 00,8 € {0,1}: Binary decision variable indicat-
ing whether order o 1s assigned to supplier s

Objective functions:

e Cost mmimization - Minimize total outsourcing
cost across all assigned orders (equation (1)):

Z 8o, Z CisQio 1)

0€e0seS iel,

min Cost =

*  Makespan Minimization - Minimize the maxi-
mum workload assigned to any supplier, de-
fined as the time horizon (equation (2)):

min Makespan = max Z Oos Z PisQio | (2
S€E

0€e0 iel,

Constraints

* Order exclusivity: )} . ¢6,,=1,Voe O

e Supplier capability: R; € V,Viel, such that
5 =1

* Supplier capacity: Xoeo00sZic1, PisQio < Ts
VseS

¢ Deadline constraint: PED, = LED,, Yo € O

e Supplier ranking (optional ticbreaker):
Max Y, eoLses 80,5as

The primary goal of the company 1s to optimize
outsourcing decisions by minimizing overall costs
and reducing the makespan or time horizon required
to complete all orders, while ensuring that deliveries
are made within their respective deadlines and that
each order 1s allocated to a supplier with the nec-
essary capabilities. However, the complexity of the
problem extends well beyond these core objectives.
Disruptions, changing supplier availability, and the
arrival of new orders occur unpredictably, requiring
continuous monitoring and dynamic rescheduling.

Order commissioning must typically be executed
with a one-week lead time, as stipulated in supplier
agreements to allow for production preparation.
Moreover, upon receiving an order request, the
manufacturer has on average a four-day window to
assess 1ts feasibility and profitability before accep-
tance, though this may vary by contract. In certain
mstances, orders are declined either due to mnsuffi-
cient production capacity or the anticipation of more
advantageous future opportunities, particularly when
current suppliers are near capacity.

A centralized database underpins the decision-
making process by maintaining up-to-date information
on each supplier’s capabilities, monthly production
availability, and their historical performance. It also
tracks the production status of all orders, mcluding
commissioning dates, itemized job details, estimated
processing times, [orecasted execution dates, and cur-
rent status (e.g., commissioned, in production, com-
pleted). Supplier selection, conducted at the point of
commissioning, incorporates both economic and risk-
based considerations such as price, quality consisten-
cy, and on-time delivery performance. In practice, the
composite score as 1s computed periodically by the
purchasing department based on verifiable records:
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economic criteria are assessed through mvoice and
delivery history, social criteria through occupational
health compliance reports and audit records, and
environmental criteria through suppliers declared en-
vironmental management practices and, where avail-
able, certified standards (e.g., ISO 14001). While the
current implementation uses an unweighted ordinal
index - reflecting the pragmatic data constraints of the
mdustrial partner - the scoring model 1s designed to
be extensible to weighted or certified criteria as data
availability improves. To support this, suppliers are
evaluated and ranked on a normalized scale from 1 to
5, based on cumulative conformity to a set of econom-
ic (e.g., cost efficiency or lead time adherence), social
(e.g., occupational health and safety standards), and
environmental (e.g., sustaiability practices) criteria.
This ranking is not weighted but serves as a tiebreaker
when multiple allocation solutions are feasible, effec-
tively embedding green supplier preference as a con-
straint-satisfying selection layer. While the primary
objectives remain cost and makespan miimization -
reflecting contractual and operational priorities - the
environmental and social scoring ensures that, among
equally feasible allocations, greener suppliers are sys-
tematically preferred. This constitutes a lexicographic
approach to multi-objective optimization: economic
objectives are optimized first, and sustainability cri-
teria govern tie-breaking. Further developments may
elevate this component to a full third objective within
a Pareto framework, particularly as richer ESG audit
data become available.

3.2 Scheduling Strategy and Search
Algorithm

Due to the real-time and high-dimensional nature
of the problem (with multiple items per job, variable
lead times, and heterogencous suppliers), traditional
exact methods are computationally infeasible. There-
fore, we implement a GA tailored to the structural
characteristics of the problem. Fach chromosome
encodes a complete allocation of orders to suppliers
(equation (3)):

X = {(0,9)1855 = 1} ®

The proposed representation 1s designed to ac-
commodate the complexity and variability of real-
world manufacturing scheduling. It supports: (1) vari-
able numbers of items per order; (i) heterogeneous
suppliers with distinct capabilities and processing
times; and (i) context-specific constraints such as
feasibility based on supplier capabilities Vs, delivery

deadlines, and available capacity. To address these
challenges, the GA integrates domain-specific op-
erators that closely mimic real-world rescheduling
actions. The crossover operator swaps supplier allo-
cations for subsets of orders between two parent solu-
tions, but only when such swaps respect all feasibility
conditions, ncluding supplier capability, available
time, and deadlines.

The mutation operator reassigns an individual or-
der from one supplier to another, selected at random,
and similarly only applies the change if all constraints
are satisfied. These operators differ from generic en-
codings by being semantically meaningful, enabling
more realistic and interpretable evolutionary steps
such as job reallocation or re-commissioning due to
disruptions.

Fitness evaluation relies on a weighted aggrega-
tion multi-objective function that combines total out-
sourcing cost, makespan, and — optionally — the sup-
plier ranking index into a scalar fitness value. This
approach was chosen for its computational simplicity
and suitability for real-time rescheduling environ-
ments, where a single ranked solution set must be
produced rapidly. Formally, the fitness of mdividual
Xis defined as:

F(X) = wy.Costygrm(X) +
+ wy. Makespan,, grm (X) — Ws. Xporm (X)

(4)

where w,,w,,w,€[0,1] are user-defined weights
with w,+w,+w,=1, and each term is the min-max
normalized counterpart of the objectives defined
i equations (1) and (2), and of the supplier rank-
mg index ¢, defined mn Section 3.1, respectively, all
normalized to [0,1] across the current population.
Minimizing F(X) thus simultaneously drives solu-
tions toward lower outsourcing cost, shorter makes-
pan, and higher ranked (greener) suppliers. Selection
pressure 1is applied through tournament selection, a
standard selection mechanism i GA implementa-
tions that balances exploration and exploitation with-
out requiring explicit fitness scaling. While this does
not yield a full Pareto front, it produces a ranked
pool of near-optimal solutions that decision-makers
can navigate. Future extensions may incorporate
nondominated sorting (e.g., NSGA-II) to expose the
full cost-makespan trade-off surface. This ranking in-
corporates economic, social, and environmental cri-
teria and guides selection toward both cost-efficiency
and supplier reliability.

Crucially, the algorithm is designed for dynamic
environments. It supports real-time rescheduling
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and 1s re-executed upon the arrival of new orders.
Fach time a job is commissioned, the correspond-
g supplier's available monthly capacity 1s updated.
This continuous adaptation ensures robustness by
maintaining a pool of near-optimal solutions. These
alternatives can be rapidly deployed if the preferred
schedule becomes nfeasible due to unexpected dis-
ruptions or evolving supplier conditions. Comple-
menting the problem formulation and supplier moni-
toring framework outlined previously, this scheduling
strategy leverages the flexibility and efficiency of a
GA tailored for dynamic order allocation. The goal
1s twofold: to minimize outsourcing costs and shorten
the production makespan. Given the inherent vari-
ability and interdependence of scheduling variables,
even small deviations in delivery times can cause cas-
cading failures and financial penalties. As such, the
proposed approach emphasizes responsive, adaptive
decision-making capable of continually integrating
new information as operational conditions evolve.

The proposed GA follows the fundamental prin-
ciples of natural selection, beginning with the genera-
tion of an mitial population and iteratively evolving
this population through selection, crossover, and mu-
tation operations. The evolutionary process converg-
es toward a near-optimal solution by favouring the
survival and reproduction of fitter individuals. Unlike
conventional encodings, typically fixed sequences of
tuples that define operations, machines, jobs, or cells
[80], often nflexible and poorly suited to real-world
scenarios involving variable substructures, the model
presented here adopts a context-sensitive and struc-
turally mutable representation. Specifically, each
chromosome is a variable-length nested structure: at
the top level, genes correspond to suppliers; within
each supplier gene, a variable-length list of assigned
orders 1s maintained; and within each order, the item
set and quantities are carried as metadata. This three-
level hierarchy - supplier, order, item - is structur-
ally distinct from flat assignment vectors (e.g., a fixed
array where position i encodes the supplier for job
i), because 1t naturally accommodates variable num-
bers of orders per supplier and variable numbers of
items per order without requiring padding or length
normalization. As a direct consequence, crossover
and mutation operate at the semantically meaning-
ful supplier-assignment level rather than at arbitrary
positional offsets, substantially reducing the rate of
mfeasible offspring compared to generic encodings
applied to equivalent problem mstances.

Individuals are structured according to supplier-
job allocations, where each supplier may be assigned
a variable number of jobs, and each job may contain

a different number of items, reflecting realistic indus-
trial settings. This flexible design enables meaningful
mmplementation of crossover and mutation opera-
tions that directly mirror physical scheduling actions.
Crossover nvolves the exchange of supplier-job al-
locations between compatible individuals, while mu-
tation consists of relocating a job from one supplier
to another within the same individual, provided the
recipient supplier has the required capabilities. This
approach not only increases the feasibility of gener-
ated mdividuals but also avoids the limitations associ-
ated with traditional crossover operators, which often
produce a high proportion of unfit solutions when
applied to complex representations [81]. The entire
scheduling framework 1s mmplemented in Julia, a
high-performance programming language developed
at MI'T, specifically chosen for its numerical efficien-
cy and flexibility [82]. This implementation avoids
the limitations imposed by commercial simulation
platforms, which often rely on rigid, predefined
structures that restrict problem-specific adaptations.
Notably, some prior works claim to mtroduce novel
GA-based approaches, but they depend heavily on
generic solvers like LINGO [83], which are inade-
quate for modelling the kind of dynamic, constraint-
mtensive environment addressed here.

The heuristic pruning mechanism operates as
a feasibility filter applied after crossover and muta-
tion. Specifically, any offspring individual 1s evaluat-
ed against three hard constraints before entering the
population: (i) each order must be assigned to exactly
one supplier possessing the required capabilities (Ri
C Vs); () the total assigned processing time must
not exceed the supplier's monthly capacity T's; and
(1) the projected execution date must not exceed the
order deadline LEDo. Individuals violating any of
these conditions are discarded rather than penalized,
ensuring the population remains entirely feasible
throughout evolution. This pruning incurs O(]O|+|1])
per individual per generation, which 1s negligible rela-
tive to fitness evaluation. Importantly, pruning does
not systematically disadvantage greener suppliers: in-
feasibility 1s determined solely by capability, capacity,
and deadline constraints, which are independent of
the as score.

To ensure responsiveness, the algorithm reruns
the scheduling procedure whenever a new order 1is
received, adjusting supplier availability in real-time.
Job commissioning - currently performed manually
- 1s already embedded into the workflow and can be
automated in future versions. Each commissioning
event updates the monthly availability of the selected
supplier by deducting the duration required for the
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assigned job. Furthermore, the GA does not yield
a single deterministic solution but a ranked set of
near-optimal candidates, allowing decision-makers to
choose alternatives if disruptions affect the preferred
schedule. By closely aligning the representation and
evolutionary operations with real industrial process-
es, the proposed framework ensures adaptability, ro-
bustness, and relevance, making it suitable for highly
variable manufacturing environments where schedul-
g precision and flexibility are critical. Figure 1 pro-
vides a representation of orders/jobs disposition per
mdividual and GA operators.

Opverall, the proposed framework offers a prac-
tical and scalable solution to the complex and dy-
namic challenge of order allocation and scheduling
in distributed manufacturing environments. By re-
running the scheduling algorithm upon the arrival of
new orders, 1t ensures timely job commissioning and
real-time updates to supplier availability. Although
currently managed manually, job commissioning 1s
seamlessly integrated into the algorithmic workflow
and 1s designed for future automation. Fach com-
missioned job dynamically reduces the supplier's
available capacity, ensuring accurate planning across
monthly production windows. Importantly, the use
of GA yields not just a single solution but a diverse
set of ranked near-optimal alternatives. This enables
decision-makers to pivot effectively when facing dis-
ruptions, supplier overloads, or last-minute changes,
thereby enhancing the system's resilience and opera-
tional flexibility. The ability to adapt continuously,
combined with the tailored encoding and evolution-
ary logic, makes this framework a robust foundation
for intelligent, cost-efficient, and sustainable produc-
tion scheduling.

4, Results

The following test results were obtained with the
iformation contained in three main tables within
an SQL database: “Orders”, “Suppliers” and “Sup-
plier Capacity”. The table “Orders” contains all the
mformation pertaining to each order to be sched-
uled, including items and requested number, order
status and due date. Table “Suppliers” contains the
mformation pertaining to each of the available sup-
pliers, including monthly production time availability
and scoring indexes related to economic, social and
environmental criteria. In table “Supplier Capacity”
1s registered the capacity of suppliers to manufacture
certain items and their corresponding practiced pric-
es and required manufacturing time. All information
1s maintained and updated regularly by the purchas-
g department upon the completion of each job. At
the time of this simulation there were 21 suppliers in
the database and 119 jobs/orders to be scheduled.
Each job contained an average of 4 items with vary-
mg number of ordered items, ranging from 10 to
109. There were 20 different registered items in the
supplier, and, on average, each supplier was able to
manufacture 6 of these items, mainly household, e.g.,
bedding, tablecloths and towels.

Figure 2 and Figure 3 show the evolution of the
heuristic search from a randomly created population
trough 1500 iterations optimization. There are three
idicators on performance shown that represent
overall efficiency, e.g. combined efficiencies, as well
as optimized measured cost and optimized execution
time (makespan) pertaining to all jobs ready to be dis-
patched. Efficiency measures are all normalized to
provide comparable results.
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Figure 1. Visualization of Orders/Jobs disposition per individual and GA operators (Mutation).
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‘While i Figure 2 it 1s shown the evolution of the
population with a 109% mutation probability, in Fig-
ure 3, with the same population size, it can be seen
evolution with a mutation probability of 30%. It can
be clearly seen that with a higher mutation probabil-
ity convergence takes place faster and thus with a mu-
tation probability of 30% population stabilizes after
1000 iterations, while with 109% mutation probability
the population is still evolving with 1500 iterations. A
turther increase i the mutation probability does not
produce better results. As expected, efficiency associ-
ated to overall cost for the optimum schedule does

not change much since practiced prices among sup-
pliers do not change considerably.

Figure 4 plots population evolution for different
mutation probabilities. With lower mutation prob-
abilities the population tends to evolve slowly and fail
to attain an optimum scheduling option.

Figure 5 depicts the evolution of a smaller popu-
lation, when compared to the one in Figure 2, and
clearly shows slower conversion rates.

Figure 6 and Figure 7 show the effect of popula-
tion size on convergence rates for two mutation prob-
abilities. Once again higher population sizes tend to
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Figure 2. Efficiency indicators versus training cycles for a population of 190 individuals and mutation probability of 10%.
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Figure 3. Efficiency indicators versus training cycles for a population of 190 individuals and mutation probability of 30%.
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converge faster and hence produce an optimized so-
lution in fewer iterations. Lower mutation probabili-
ties also produce slower convergence.

Figure 8 show the overall influence of mutation
probability and population size on overall efficiency.
Both parameters have an influence on convergency
rates, but mutation probability shows a higher 1im-
pact, and below a mutation probability of 109% con-
verge may even not take place.

It 1s noted that the comparisons presented n this
work are against the company's prior manual schedul-
Ing practice, which serves as the operational baseline.

Formal benchmarking against algorithmic compara-
tors such as MILP, NSGA-II, or priority-rule heuris-
tics (e.g., earliest due date) was not conducted 1n this
study and represents a clear avenue for future work.
Nevertheless, the magnitude of improvement over
operational practice, particularly the 459 makespan
reduction, demonstrates the framework's value i an
idustrial deployment context. Optimum scheduling
solutions are obtained for a population with 180 indi-
viduals or more with a mutation probability of about
30%. The normalized efficiency aids on understand-
g the extent of gained performance individually or
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Figure 4. Best scheduling option upon training for different mutation probabilities with a population of 200 individuals.
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combined. Figure 3 presents the best set of results
for a population size of 190 individuals and a muta-
tion probability of 30%. The overall efficiency gain
evolves from a value of 0.46 to a value of 0.10, a total
gain of 0.36 - this combined indicator integrates both
cost and makespan normalized efficiency.

To get a grasp on the real impact of the results
both indicators must be analysed separately, hence,
the cost efficiency has a gain of 0.04, from 0.78 to
0.74, which represents a reduction in costs by 4%.
The makespan efficiency has a gain of 0.45, from
0.59 to 0.14, which represents a reduction in makes-
pan by 45%.

To contextualize these results in managerial
terms: the 49 cost reduction, while modest 1n rela-
tive terms, corresponds to meaningful absolute sav-
mgs given the volume of orders processed monthly
by the manufacturer. More significantly, the 45% re-
duction in makespan translates directly into earlier
order completion, reduced exposure to contractual
late-delivery penalties, and improved capacity to ac-
cept new orders within the same planning window,
directly impacting service level and revenue potential.
The marginal cost improvement is consistent with the
mdustrial context, where supplier prices are subject
to negotiated contracts with lmited short-term vari-
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Figure 8. Performance versus mutation probability and population size.

ability; the principal lever for competitive advantage
1s therefore scheduling efficiency rather than price
arbitrage. The small reduction in costs comes has no
surprise since the variability in prices among suppli-
ers 1s small. Major gains are attained by the reduction
i the makespan as one would expect since jobs are
mitially allocated randomly to suppliers within each
mdividual. Each of the scenarios had an execution
time below 10 seconds, a time perfectly sound for
making technical decisions in practice.

5. Discussion

5.1 Framework contributions to SC
optimization

The experimentation's results offer valuable -
sights into the efficiency and effectiveness of the pro-
posed approach to order allocation and scheduling
within the textile industry. Drawing upon data from
three primary tables within an SQL. database - “Or-
ders”, “Suppliers” and “Supplier Capacity” - the
study conducts comprehensive analyses, providing
a robust foundation for its findings. By tracking the
evolution of the heuristic search through 1500 itera-
tions of optimization, utilizing a population-based ap-
proach with varying mutation probabilities, the study
llustrates the impact of mutation probability on con-
vergence rates. Figures 2 and 3 showcase this evolu-
tion, highlighting that higher mutation probabilities
lead to faster convergence, as evidenced by Figure 3's
progression compared to Figure 2.

Similarly, Figure 4 underscores how lower muta-
tion probabilities result in slower convergence rates.
Moreover, the investigation delves into the effect of

population size on convergence rates, as depicted
i Figures 5, 6, and 7. Here, larger population sizes
demonstrate faster convergence, yielding optimized
solutions in fewer iterations. However, lower muta-
tion probabilities contribute to slower convergence,
as evidenced 1n Figure 7. Figure 8 offers an overview
of the overall influence of mutation probability and
population size on efficiency. Notably, both param-
eters significantly impact convergence rates, with mu-
tation probability exhibiting a higher impact.
Optimal scheduling solutions are attained with a
population size of 180 individuals or more and a mu-
tation probability of approximately 309%. Normalized
efficiency metrics further enhance the understanding
of the performance gains achieved through optimiza-
tion. For example, Figure 3 showcases a substantial
improvement in overall efficiency, with a total gain of
0.36 m the combined indicator integrating both cost
and makespan efficiency. The reduction in makes-
pan efliciency by 45% indicates a significant enhance-
ment in scheduling effectiveness, while the marginal
reduction in costs reflects the minimal variability in
prices among suppliers. Importantly, all scenarios
exhibit execution times below 10 seconds, indicating
the practical viability of the proposed approach for
making technical decisions in real-world settings.
The alignment between the experimentation's
findings and the broader trends and challenges out-
lined 1n the review of SCM dynamics 1s striking. The
review underscores the increasing complexity of sup-
ply chains driven by globalization, outsourcing prac-
tices, and the emergence of Green Supply Chain
Management (GSCM). This complexity underscores
the need for dynamic and flexible approaches to sup-
plier selection and order allocation, precisely what the
proposed optimization framework aims to achieve.
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The study's exploration of heuristic search al-
gorithms and their application to SCM optimiza-
tion resonates with the review's discussion on the
mtegration of advanced optimization techniques m
SCM processes. By leveraging a population-based
approach with varying mutation probabilities, the
study sheds light on the impact of these parameters
on convergence rates and overall efficiency, aligning
with the review's emphasis on dynamic decision-
making m SCM. Furthermore, the study's findings
regarding the influence of population size and muta-
tion probability on convergence rates reinforce the
review's discussion on the challenges posed by out-
sourcing practices and the need for efficient decision
schemes.

The emphasis on larger population sizes and
higher mutation probabilities for faster convergence
echoes the review's msights into achieving optimal
solutions i complex SCM environments. Also, the
discussion on normalized efficiency metrics in the
study's findings resonates with the review's explora-
tion of performance evaluation criteria in SCM,
particularly in the context of GSCM. The significant
mmprovements in scheduling effectiveness, coupled
with marginal reductions in costs, reflect the broader
trend towards prioritizing sustainability and efficiency
m SCM operations, as discussed in the review.

Regarding the contribution of the research from a
methodological point-of-view. the algorithm was de-
signed for real-time optimization. Whenever a new
order arrives, the GA 1s iteratively to update the sup-
plier’s remaining capacity. Instead of a single solu-
tion, the GA produces a ranked set of near-optimal
schedules, allowing the decision makers to switch
between supply alternatives in case of disruptions,
greatly enhancing the adaptability of the proposed
method when compared to one-step SC scheduling
approaches. It should be acknowledged that the pre-
sented experimental results reflect a static scenario of
119 orders and 21 suppliers, as available at the time
of evaluation. Disruption scenarios - such as supplier
capacity loss or late delivery cascades - are supported
by the algorithmic design (re-triggering the GA upon
any state change) but were not formally simulated in
the current experiments due to the industrial part-
ner's data constraints. This represents a limitation
of the present validation, and structured disruption
simulation 1s identified as a priority for future work,
including controlled capacity-reduction and delivery-
delay injection experiments.

Another important aspect of the presented study
1s the fact that the framework was fully implemented
m Julia, allowing to integrate a detailed production-

process simulator that replicates real industrial dy-
namics. Thus, since it 1s not a commercial tool, the
code can handle the dynamic constraints of the tex-
tile case with flexibility within reduced computational
time.

Overall, unlike MILP-based models from litera-
ture, this approach continuously adapts to new data
and mformation, allowing to Integrate green sup-
plier selection with optimization scheduling, whereas
many other studies treat these aspects separately [20],
[75]. The use of multi-objective GA with rich prob-
lem encoding represents a clear advance in computa-
tional realism and flexibility compared to traditional
supply-chain optimization models.

5.2 Framework contributions for decision
makers in industry

The model was tailored to a real textile manu-
facturer, considering multiple production capaci-
ties, several suppliers handling small-batch orders
and close-fitting delivery deadlines. By modelling
constraints like supplier availability, the framework
allows to coordinate several concurrent outsourcing
relationships. This delivers more flexibility to sched-
uling than conventional methods [68], [84]. The
case study explicitly applies to green supplier selec-
tion and provides a structured basis for modelling
mstitutional policy levers - such as green procure-
ment thresholds and non-compliance penalties - as
parameters that shift stable allocation patterns under
disruption [85]. This 1s a pathway consistent with re-
cent work demonstrating how behavioural heteroge-
neity, audit probabilities, and incentive-compatible
contracts can be mcorporated into adaptive supplier
selection models [86]. Each supplier is scored, and
the GA can prioritize greener options. By optimiz-
ing resource use (shortening makespan and reducing
delays), the framework promotes waste reduction
and more sustainable operations. This aligns with in-
dustry trends toward greener, circular supply chains
and provides a practical tool for implementing such
policies [78].

From a wider perspective, the framework proved
capable of handling dynamic order inflows and multi-
objective decisions within low run-times. Its built-in
order-update nature suggest that the framework
could be integrated into different production plan-
ning systems, offering a scalable solution that makes
SC scheduling more efficient and competitive while
supporting greener production strategies.
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6. Conclusions

In conclusion, this research paper introduces a
framework model tailored for green supplier selec-
tion and order allocation within the dynamic textile
market. The framework adeptly incorporates various
constraints related to supplier selection, emphasizing
sustainability criteria. By leveraging the flexibility and
performance advantages of GA, the approach offers
diverse action scenarios to optimize scheduling for
order allocation and supplier selection while adher-
g to contractor deadlines. The multi-objective na-
ture of the framework allows for the fine-tuning of
parametric settings to prioritize either higher rev-
enues or shorter makespan.

Testing the framework with real data from a
prominent textile company validates its efficiency
and capability to manage continuous order updates
and rescheduling tasks, generating various optimi-
zation scenarios based on multi-objective settings.
Notably, time emerges as the variable with the most
significant impact on optimization, likely influenced
by contractor availability, while cost variations among
contractors remain minimal. The key factors contrib-
uting to enhanced performance of the genetic algo-
rithm are population size and mutation probability,
with a mutation probability exceeding 25% yielding
superior results. Moreover, increasing the population
size from 60-80 individuals enhances performance,
with mutation probability exerting a more substantial
mfluence.

However, the study acknowledges several limita-
tions stemming from the use of real data, necessitat-
mg further research endeavours. Additionally, the
recommended GA parameters - mutation probabil-
ity of approximately 30% and population size of 180
or more - were 1dentified through sensitivity analysis
on the same industrial dataset used for evaluation.
This introduces a risk of instance-specific overfit-
ting, and cross-instance or out-of-sample validation
on synthetic instances of comparable scale 1s recom-
mended to confirm the generalizability of these pa-
rameter recommendations. The constrained number
of orders, suppliers, and selection criteria within the
existing dataset may not fully challenge the robust-
ness of the framework under more demanding cir-
cumstances. Additionally, conducting sensitivity anal-
yses of the multi-objective optimization function in
an automated environment, employing weighted cri-
teria, can elucidate the impact of competing interests.
Furthermore, exploring different dimensions or gene
stacks within the framework across various industry

sectors can provide insights into their suitability, per-
formance, and the benefits they introduce. Further-
more, the sensitivity analysis focused on algorithmic
parameters (mutation probability and population
size) without exploring the space of objective weights
w; and w, governing the cost-makespan trade-off.
Systematic weight-space exploration - for instance,
through a grid search over the simplex w1 + w2 =1
—would enable decision-makers to explicitly navigate
the efficiency frontier and understand the conditions
under which cost minimization should be prioritized
over makespan reduction, or vice versa. This 1s iden-
tified as a near-term extension of the present work.

In summary, while this study demonstrates prom-
1sing results and insights into green supplier selection
and order allocation in the textile industry, further
research 1s warranted to address the 1dentified hmita-
tions and expand the applicability and robustness of
the framework across diverse operational contexts.
In conclusion, the study's results provide practical
msights that complement the theoretical discussions
presented n the review. By addressing key challeng-
es and leveraging advanced optimization techniques,
the proposed approach offers a promising solution
to enhance order allocation and scheduling elficien-
cy within the textile industry, aligning with broader
trends and challenges in SCM.
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