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The smart factory sector has been a frontrunner in adopting machine learning (ML) technologies to enhance
production systems and enable real-time decision-making. However, challenges remain in translating raw sensor
data into actionable scheduling strategies for fully autonomous operations. To address this issue, this research
proposes a novel hybrid framework, the production-based Elephant Swarm Water Search-Driven Light Gradient
Boosting Machine (PESWS-LGBM), which integrates metaheuristic optimization with predictive modeling for
real-time production scheduling. The model not only identifies key process parameters (e.g., vibration, power
usage, cycle time) but also dynamically generates optimized scheduling decisions, including task sequencing,
job-to-machine assignments, and time allocations. These decisions are guided by a dual-stage process in which
the LGBM component predicts scheduling performance, and the PESWS component refines scheduling
configurations to minimize makespan, reduce job tardiness, and maximize machine utilization. The dataset based
on real-time industrial sensor data was preprocessed using noise filtering, missing value imputation, and feature
scaling. Experimental results show that PESWS-LGBM significantly improves scheduling outcomes, lowering
downtime and material loss while increasing Overall Equipment Effectiveness (OEE). The proposed model
achieved strong performance metrics, including accuracy (0.96), Precision (0.91), recall (0.98), and F1-score
(0.94). These findings validate the effectiveness of hybrid intelligent systems in enabling adaptive scheduling and
improving operational efficiency in smart manufacturing environments.

Povzetek: Za prilagodljivo razporejanje v pametnih tovarnah je predlagan hibrid PESWS-LGBM, kjer LGBM
napoveduje ucinkovitost urnikov, PESWS pa optimizira zaporedje opravil, dodelitve strojev in casovne okvire.

Introduction

labor utilization, material flow, and unforeseen disruptions

The rapid evolution of Industry 4.0 has transformed the
manufacturing landscape by emphasizing smart factories
with interconnected systems, real-time data collection, and
advanced automation. In such an environment, production
scheduling has become a crucial enabling function for
utilizing resources, maintaining continuous operations, and
ensuring timely deliveries. Traditional scheduling methods
typically rooted in static heuristics or a rigid optimization
framework struggle to keep pace with the more volatile and
complex contemporary industrial operational conditions [1].
Smart factories utilize a network of embedded sensors, 10T
devices, and Cyber-Physical Systems (CPS) that capture
endless amounts of process-level data. This data provides a
real-time snapshot of machine availability, energy usage,

like machine failures or supply chain delays. Consequently,
scheduling is no longer a one-time act but is a continuous act
that requires dynamic and adaptive responses to an ever-
evolving production landscape [2]. The Machine Learning
(ML) revolution provides a solution to the complexities of
scheduling. ML can detect patterns, learn from the past, and
predict future goals to make intelligent systems that can
adjust schedules in real time, autonomously. Unlike standard
optimization methods, ML-driven scheduling systems can
accommodate high-dimensional data and non-linear
dependencies to be flexible and robust when problems arise
[3]. Artificial intelligence (Al) enhances smart manufacturing
by enabling predictive maintenance and automated quality
control. These advancements reduce downtime and improve
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efficiency, supporting real-time production scheduling. Al-
driven strategies like deep reinforcement learning boost
scheduling flexibility and adaptability [4]. These systems
leverage the predictive capabilities of machine learning and
the search capabilities of metaheuristics to generate
executable, high-quality schedules. Specifically, these
models provide a way to optimize the sequencing of tasks,
job-to-machine assignments, and timeslot assignments, while
also taking feedback from the shop floor to continuously
assess and refine schedules [5]. Intelligent mechanical
manufacturing supports rapid market response through Al-
driven fault prediction and anomaly detection. These
technologies enhance scheduling accuracy and adaptability in
smart factory environments [6]. Real-time scheduling plays a
crucial role in environments where delayed task execution
leads to inefficiencies or obsolescence. This highlights the
need for adaptive scheduling mechanisms that respond
promptly to dynamic operational conditions in smart factories
[7]. As DTs are not bound to a prescribed plan as ERP
systems do, they provide higher velocity definitions and
execution accuracy of scheduling under uncertainty [8].
Ultimately, the combination of intelligent models, real-time
sensor data, and digital twin platforms has transformed
planning and scheduling in production, moving from reactive
scheduling to actively optimizing or adapting. Increasing
complexity in manufacturing paired with ML, metaheuristics,
and virtual modeling provides a compelling route to self-
organizing factories and resilient operations [9].

Research questions

RQ1: Can the proposed PESWS-LGBM hybrid framework
effectively improve production scheduling accuracy and
overall equipment effectiveness (OEE) in smart factory
environments using real-time industrial data?

RQ2: How does the PESWS-LGBM model compare to
existing optimization methods (e.g., DT-DQL, MM-PSO,
RL) in terms of computational efficiency, adaptability, and
performance metrics such as accuracy, precision, recall, and
F1-score?

The contribution of the study is as follows,

. A novel hybrid framework is created to improve the
efficiency of the production scheduling system. The study
presents the Production-based Elephant Swarm Water Search
Driven Light Gradient Boosting Machine (PESWS-LGBM)
to identify the key process factors, which open the door to
adaptive scheduling and workflow modifications.

. This proposed methodology enhances production
efficiency by processing data in real-time and making
appropriate decisions.
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. Pre-processing steps such as noise filtering, missing
value imputation, and feature scaling were used to clean and
standardise the dataset, which was derived from real-time
industrial data.

. By lowering downtime, allowing proactive
modifications, increasing overall equipment effectiveness
(OEE), and minimising material loss.

2 Related work

According to the theoretical point of view, scheduling is best
understood as a problem-solving exercise in which the
production planner dealing with improbability, bottlenecks,
and vibrant events. This optimisation problem is hard and
separates it from the area of manufacturing planning and
control systems [10]. The optimisation community agrees
that precise production scheduling is a notoriously difficult
problem, with the majority of cases being deemed NP-hard.
Not to add that it differs significantly from the typical
planning challenges [11]. Scheduling uses accurate data from
the shop floor to create schedules in contrast to production
planning, this uses aggregate data and presents plans on
extended or temporary time range [12]. Scheduling
computational methods, in contrast to planning optimisation
techniques, aims to minimise time-based performance
metrics which are susceptible to numerous distribution
boundaries rather than the total cost. Optimal approaches
become intractable when the degree of uncertainty rises with
decreasing time horizons. Theoretical scheduling problems
have prompted the proposal of several estimates and
optimisation methods [13]. The reduced processing costs of
estimation methods make them more suitable for application
on actual manufacturing floors. In the last 20 years, a new
trend has developed: using DSSs for full-scale production
planning. Software for enterprise resource planning (ERP) or
material requirements planning (MRP) can benefit from these
solutions as supplemental tools [14]. By integrating state-of-
the-art operational research methods, they hope to create
distribution networks or shop floor roadmaps. Although these
methods are sometimes seen as practical implementations of
operational research theories supported by IT and can be
useful tools for shop floor control, they are rarely effective
when used in practice. To counteract ERP systems' flaws, a
lot of scientific effort has gone into developing individualised
decision support systems (DSSs) for planning. Table 1
represents related works.
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Table 1: List of related studies
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] ) R ) . . and control systems can be
[23] scheduling issues are optimizing | swarm data, machine | simulated 4-machine | by ~15%, ST
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3 Materials and methods

Each record corresponds to a snapshot of machine activity,
characterized by various sensor readings and performance
indicators. These raw features were subsequently transformed

into scheduling-relevant

instances using preprocessing

techniques. Table 2 below summarizes the key features
present in the dataset, along with their descriptions and

relevance to production scheduling. These features were later
aggregated into synthetic job instances based on time-
window segmentation, enabling the simulation of job-shop
scheduling problems.
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Table 2: Dataset features

Feature Name | Description

timestamp Real-time data capture in minute-level
intervals

Machine id Unique identifier for each machine

Machine type Type of production equipment

temperature Machine temperature (°C)

Vibration level

Vibration intensity reflects wear or
misalignment

Power Energy usage in kilowatts (kW)

consumption

pressure System pressure in pascals (Pa)

Material ~ flow | Speed of material movement through

rate the system

Cycle time Duration of one production cycle
(seconds)

Error rate Proportion of defective products in the
cycle

downtime Machine inactivity time (minutes)

Maintenance Indicates if maintenance is required (0

flag =No, 1 =Yes)

Efficiency score

Overall production efficiency (0 to

100)
Binary indicator of efficiency (0 =
Inefficient, 1 = Efficient)

Production
status

3.2 Preprocessing

Preprocessing is the process of cleaning and standardizing
raw data for analysis. Techniques like noise filtering, missing
value imputation, and feature scaling enhance data quality,
ensuring accuracy and consistency in ML models. The raw
sensor data were segmented into fixed time windows to form
individual job instances, each associated with a specific
machine and operational snhapshot. Statistical aggregation
techniques (e.g., mean, max) were applied to features such as
temperature, vibration, and cycle time. These processed job
records were then labeled based on production status and used
to simulate scheduling tasks for model training.

I.  Noise filtering

This noise filtering is applied to the input dataset to enhance
accuracy in production system optimization. A Gaussian
filter is utilized to reduce sensor noise, mitigating disruptions
in data readings. By adjusting standard deviation and mean
values, the method minimizes distortions, ensuring reliable
data for real-time decision-making and workflow
adjustments. These are represented in equations (1) and (2).

Gri : ’ , . ’ 1 (_iz_jz)
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In these particular situations, the I(i,j) represents the
filtered sensor data after the application of the Gaussian noise
filtering method. Then o2 represents noisy sensor data
variance. The parameters iandj are the displacements from
the origin in the x andy directions, respectively. E (X?2)is the
value of the sensor data measured at a point. The filtering
method used by the model facilitates data enhancement,
which leads to superior accuracy when making real-time
decisions and adapting workflow systems.

ii.  Feature scaling
Industrial sensor data varies in units and magnitudes,
requiring feature scaling for balanced ML contributions.
Common techniques include normalization (Min-Max
Scaling) and standardization (Z-score Scaling), to standardize
data ranges and distributions effectively.
Min-Max Scaling normalization adjusts data to a fixed range
[0,1] using equation (3). This ensures uniform feature
contribution.

’ Q—=CQmin
Q - Qmax—Qmin

®)

Z-score Standardization (Scaling) — Converts data into a
normalized distribution with an average of 0 and distribution
range of 1, as shown in equation (4).

4)
Where, normalized data point is represented as (Q"), original

value of the variable as (Q), mean of the dataset as (u), and
standard deviation of the dataset as (o).

iii.  Missing value imputation

The system is required to manage incomplete industrial real-
time Al-driven production scheduling system sensor data
caused by transmission errors or sensor errors. Missing data
can affect ML model accuracy and decision-making.
Techniques like mean/median imputation replace missing
values with dataset averages, interpolation estimates values
based on trends, and regression imputation predicts missing
values using statistical models, ensuring reliable and
consistent data analysis. These preprocessing steps improve
data quality, reduce errors, and ensure that the ML model
receives clean, structured, and reliable input for accurate
predictions and decision-making.
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3.3 Hybrid model - Production Based Elephant
Swarm Water Search (PESWS)- Light Gradient

Boosting Machine (LGBM)

The PESWS-LGBM model integrates ML and metaheuristic
optimization for Al-driven production optimization. This
model predicts critical process parameters and fine-tunes
workflow  using  adaptive  exploration-exploitation
mechanisms, ensuring real-time scheduling adjustments,
resource efficiency, and improved OEE in smart factories.
The PESWS-LGBM model incorporates predictive learning
and metaheuristic-based optimization into the scheduling
module of the real-time production planning and scheduling
framework. In this model, the PESWS algorithm designs
comprehensive schedules by solving three main aspects of
scheduling: (1) sequence of tasks is the order in which jobs
are executed, (2) assignment to machines, and (3) timing of
work start and finish for each task. The model optimizes
scheduling outputs to achieve low makespan, low tardiness of
jobs, and high machine usability, thereby improving Overall
Equipment Effectiveness (OEE).

The PESWS-LGBM model is designed to generate full
production schedules by integrating predictive learning with
metaheuristic optimization. Specifically, it maps real-time
input features such as temperature, vibration, cycle time, and
energy usage to key scheduling outputs, including Task
sequencing (the execution order of jobs), Job-to-machine
assignments, Time window allocations (start and end times),
and resource availability constraints. This mapping enables
the system to optimize scheduling objectives such as
minimizing makespan, reducing job tardiness, lowering
downtime, and maximizing machine utilization. The
framework works in a dual-stage fashion: LGBM first
predicts performance outcomes based on input
configurations, and PESWS then iteratively searches the
solution space for optimal schedule configurations guided by
those predictions.

The LGBM portion of the PESWS-LGBM model is treated
as a multi-class classifier, where the target labels are some
categories of scheduling outcome. Labeling comes from the
performance class of the scheduling configuration. Class 0
shown in (2.1) represents Low efficiency (high makespan,
high downtime); Class 1 represents Moderate efficiency;
Class 2 represents High efficiency (low makespan, low
tardiness, high OEE). For each candidate schedule produced
by PESWS, LGBM evaluates the candidate scheduling
configuration and classifies it as one of the potential
performance classes (0, 1, or 2). This classification is
leveraged as a multi-class fitness score for the optimization.
Through iterations, PESWS will evolve candidate schedules
into the "high-efficiency" class (class 2). Dataset had many
loT-driven attributes. LGBM used specified importance
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ranking where it was able to select important feature
attributes such as vibration level, cycle time, power
consumption, and downtime. These features deliver PESWS
optimizers parameters which will directly govern job
sequencing, machine assignment, tracking priority. Further,
this integration confirms that we are using scheduling modes
that take into account data derived operational attributes.

Light Gradient Boosting Machine (LGBM)
LGBM is an enhanced-performance, gradient-boosting
framework based on ML. It is designed to improve efficiency
and scalability compared to traditional boosting algorithms
like XGBoost. LGBM enhances training speed by using
histogram-based algorithms, reducing memory consumption,
and employing a leaf-wise growth strategy with depth
constraints to prevent overfitting.
LGBM optimizes decision tree learning with four key
techniques. ML converts continuous features into discrete
bins, reducing memory usage and speeding up computations.
Gradient-Based One-Side Sampling (GOSS) retains steep-
gradient instances while randomly sampling minimal-
gradient ones, improving efficiency without significant
accuracy loss. Exclusive Feature Bundling (EFB) groups
mutually exclusive features, reducing dimensionality and
memory consumption. The leaf-wise growth strategy selects
the leaf with the highest information gain for expansion,
improving model accuracy, though a depth constraint is
needed to prevent overfitting. These optimizations make
LGBM highly efficient for large datasets.
Training dataset is given by,W = {(W}, z;)}},. The goal is
to find an approximate function é(w)that closely estimates
e”*(w)to minimize expected values of specific loss operations
(z,e(w)), The  objective  function  mathematical
representation is shown in equation (5).
P (W)arg mianMe,K (z,e(w))

(®)
This function minimizes the expected loss operation to
optimize predictions. Equation (6) represents the additive
learning formula.
es(W) = Xi_1 es(W)

(6)
LGBM builds a model as a sum of regression trees. Leaf
weight optimization is represented in equation (7).
W = — el

' Zjes; 9j+A
(@)

Here, hjand g;are the primary and secondary gradients of the
loss operation, optimizing the tree's leaf nodes. Tree structure
optimization (Extreme Values of IY) is denoted by equation

(8).
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Equation (9) determines the best feature split during tree
growth.
b= L G | Ceghd® | Sehp?
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(9) Where, final
model afterS boosting iterations is eg(W), es (W) is the weak
learner at iteration (s), optimal leaf weight is (w}),
regularization parameter (controls complexity) is (1),
optimized tree structure value is (I), set of samples in the
parent node is (J ), set of samples in the right child node is
(J), and gain function, measures the quality of a split (H).
LGBM's efficient structure enables fast training and accurate
predictions, making it ideal for large-scale ML tasks. The
hybrid algorithm for production scheduling system
optimization improves training speed, reducing memory
consumption, by utilizing a leaf-wise growth strategy. It
efficiently predicts critical process parameters, enabling real-
time adaptive scheduling, workflow adjustments, and
enhanced overall production effectiveness. In the context of
scheduling, LGBM is not merely a predictor of feature
importance. Rather, it evaluates the predicted performance of
candidate scheduling configurations. These predictions serve
as fitness scores that guide the PESWS optimizer in refining
the schedule. Each sample in the training set represents a
synthesized job-machine-time instance, constructed from the
preprocessed sensor data. Thus, LGBM functions as a
surrogate performance evaluator that estimates the expected
quality of scheduling decisions proposed by PESWS.

Production Based Elephant Swarm Water Search

(PESWS)

The PESWS algorithm is employed as a metaheuristic
optimization approach to fine-tune process parameters within
the Al-enabled production system. The algorithm mimics the
collective intelligence and social behavior of elephant
swarms, optimizing the system by minimizing downtime,
material waste, and inefficiencies. The PESWS algorithm is
an innovative version that was inspired by the herd behavior
of elephants and their water-searching behavior. Compared to
traditional swarm optimizers, PESWS weighs exploration
and exploitation differently, with inertia weight adjustment
and movement that is context aware, exploiting both local and
global optimal values. It is helpful to visualize “production
units” as elephant herds. Each group of elephants is allowed
to iteratively update scheduling parameters based on
performance feedback. This structure enhances convergence
speed and robustness to local optima while allowing better
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processing of high-dimensional scheduling variables. Keep in
mind that PESWS is not simply a tuning optimization, but
rather a structurally distinct metaheuristic for adaptive real-
time production scheduling.
Elephant Groups as Process Solutions
In the optimization framework, each elephant group
represents a potential solution for process optimization,
adapting production parameters dynamically to enhance
efficiency and minimize resource consumption. Each
elephant group represents a potential configuration of
production parameters, such as scheduling, resource
allocation, and workflow adjustments.
The position of an elephant group in the search space is
defined by equation (10).
Ui = Ui Uj, e von oo Ujc

(10)
Where, U7, represents the d-dimensional position of the jth
elephant group at iteration s.
Each elephant group encodes a candidate scheduling solution,
where position vectors represent a complete job-machine-
time mapping. The algorithm evaluates each group based on
key scheduling KPIs such as makespan, average tardiness,
and idle time. The best-performing configurations are
selected and evolved across iterations.
Velocity Update Based on Best Found Solutions
The velocity of each elephant group is adjusted using local
and global best solutions, ensuring adaptive learning that
refines production strategies for optimal scheduling and
reduced operational inefficiencies. The velocity of each
elephant group is updated to optimize decision-making based
on local and global search strategies represented in equation
(12).

Ujs,;H = Ujs,c *w'+ e O (ngst,c - VV]sc)

(11)
U]'S.;H = Ujs.c *w'+e© (Hlfesti,c - VV]SC)

12)

Where the global best solution (optimal production setting) is
(Hpest,c), the local best solution (best found by a specific
elephant group) is (Hy,s,; c), the inertia weight for balancing
exploration and exploitation is (w®), if rand < o [ for global
search], the random factor affecting movement direction is

(e) .
Objective Function
The objective of the PESWS optimization process is to

generate a schedule that minimizes overall makespan,
reduces machine idle time, and satisfies job precedence and
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resource constraints. To achieve this, we define a multi-
objective loss function using Equation (13):

L = a.Makespan + f.Totalrgrginess +
A.Constraint_Violation_Penalty

(13)
Where:

e Makespan is the total completion time of
all jobs,

e Total Tardiness is the cumulative delay
beyond job due times.

e Constraint Violation Penalty accounts for
overlap, sequence violation, or machine
overloading.

e a,f,and A are tunable weights that balance
these objectives.

Tie PESWS to Scheduling Elements

In the context of production scheduling, each elephant group's
position vector Uj,cU_{j,c}Uj,c represents a complete
scheduling configuration, which includes Job sequencing,
Job-to-machine assignments, and Start and end times for each
task.

The velocity update equations guide how the current schedule
(position) is modified in the search space. For example, a
position shift may correspond to reordering jobs, reallocating
a task to a different machine, or adjusting its time slot. The
global and local best solutions are determined based on the
fitness value calculated from the scheduling objective
function {L}. This ensures that updates are directed toward
more efficient and constraint-satisfying schedules.

Penalty Formulation

Constraint violations such as two jobs overlapping on the
same machine or violating precedence rules are penalized
using Equation (14):
PenaltyOverlap = Zj,i 6ji .D

(14)

Where §;; if Job j and Job i overlap on the same machine, and
D is a fixed penalty constant. These penalty terms are

Informatica 49 (2025) 277-290 283

included in the total loss function to guide the optimization
toward feasible schedules.

Updating Production Parameters

The algorithm continuously updates critical production
parameters based on optimized solutions, enabling real-time
workflow adjustments in environments to minimize
downtime, improve efficiency, and enhance overall process
performance. The new production system configuration is
updated and is denoted by equation (15).

(15)
This process iteratively refines ML models to predict optimal
production workflow. PESWS updates it dynamically using
equations (16) and (17).

s+1 _ jyys+1 N
W},c _Uj,c +Uj.c

(16)
Omax~%min
0(s) = Opax — (W) xS
(17)
Where, 0pmax =1, Opmin =0, SpaxlS IS the maximum
iteration count.
This approach ensures a stronger global search initially and a
more refined local search as iterations progress.
Velocity and Position Updates in PESWS
Velocity and position update in PESWS remains the same;
manage search adaptability andnew production system,
which is stated by following equations (18) and (19).
VV]',SC+1 = Ujfc *w' + € O (ngst,c - l/l/j:gc)
(18)
Wj,sc+1 = Ujf: T+ Ue

(19)
Where, (I/I/jfg“1 ) - Updated position at time (s + 1), Current
position at time - (s), Inertia weight controlling exploration-
exploitation balance - (w®), Updated velocity used for
position update - (Ujﬁjl), Current velocity at time - (s).
Figure 2 compares velocity and position updates in (a)
PSO(Particle Swarm Optimization) and (b) PESWS. In
PSO, particle movement is influenced by current velocity,
particle memory (Hyes; ), and swarm memory (Hyeg o),
ensuring global and local search. In PESWS, an adaptive
mechanism adjusts movement based on a probability
factor(rand), and enhances the exploration-exploitation
balance, preventing premature convergence. It improves
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production efficiency by fine-tuning workflow parameters
more effectively than static PESWS.
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Figure 2: Visualization of velocity and position updates in
(a) PSO (b) PESWS approach.

The PESWS-LGBM framework optimizes complete
production schedules by predicting and refining job start
times, task sequences, and machine assignments. LGBM
estimates scheduling KPIs such as expected downtime,
machine load, and makespan based on real-time input data,
and PESWS adjusts scheduling configurations to minimize
delays and maximize efficiency. The LGBM is the automated
performance assessor. For each schedule produced with
PESWS, the LGBM model predicts important scheduling
KPIs. These predictions are taken as the fitness function
within the PESWS optimization loop, meaning that the
PESWS logic does not suffer the costs of simulated
evaluations and hence can more quickly converge on an
optimal schedule. Thus, PESWS generates and decides
scheduling decisions, and LGBM will provide data-driven
performance feedback on those scheduling decisions.
Adaptive scheduling is the aspect of the model that allows for
updates to the schedule results based on current impact
features from the production context. The input features can
be real-time sensor inputs such as vibration, temperature, and
cycle time. The PESWS-LGBM framework continually
assesses the performance of the schedule it produced using
the predicted KPIs and dynamically re-optimizes the ordering
of tasks, job-to-machine assignments, and time buckets. The
nature of the re-optimization loop allows for real-time
adjustment to schedules at the occurrence of disturbances,
such as machine failure and load imbalance. Algorithm 1
shows the steps involved in production by integrating
PESWS-based parameter tuning with LGBM, enhancing
predictive accuracy and adaptive scheduling for efficiency.
This approach ensures that the PESWS-LGBM model outputs
executable production schedules, not alone priority scores or
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predictions. These schedules are structured in a job—
machine—time matrix format and are validated in a digital
twin environment to ensure feasibility and responsiveness.
The framework dynamically adapts to changing input
features, allowing real-time rescheduling and proactive
adjustment of job flows.

Algorithm 1: PESWS-LGBM for Production Scheduling
Optimization

Input:
- Dataset D (production data with scheduling targets)
- Population Size = 30
- Max Iterations = 100
- w_max = 0.9 (initial inertia weight)
- s_max = 0.5 (maximum step size)
- B = 0.4 (influence of water source)
- Number of Clans = 3
Output:
- Optimized LGBM model with best parameters
- Improved production scheduling outcome
Step 1: Initialize Population
For each elephant i in population (i = 1 to 30):
- Randomly initialize position Xi = [x1, x2, x3, x4] €
[0.1]
- Set velocity Vi=0
- Evaluate fitness Fi = objective(Xi)
- Store global best position X_best with minimum Fi
- Set water_density = 0.7
Step 2: Optimization Loop (Repeat for 100 iterations)
For iteration t = 1 to 100:
For each elephant i:
- Update velocity:
Vi=w *Vi+f *rand(0,1) * (X _best - Xi)
- Update position:
Xi = Xi + Vi
- Apply bounds: Xi €[0,1]
- Evaluate new fitness Fi
- Update X_best if Fi improves
- Divide elephants into 3 clans (10 elephants each)
For each clan:
- Identify clan leader (best Fi in clan)
- For each non-leader elephant:
- Move toward leader:
Xi = Xi + rand(0,1) * (leader - Xi)
- Replace worst member with random solution
- Optionally update w:
o = w_max * (I -t/ max_iterations)
Step 3: Extract Best Hyperparameters
From X_best = [x1, x2, X3, x4]:
- num_leaves =20 + int(x] * 100)
to 120

—e.g., 20
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- learning_rate =0.01+x2 *0.19 —eg, 0.0]
t00.2

- max_depth =3 +int(x3 *10) —eg,3to
13

- min_data_in_leaf'= 10 + int(x4 * 90) —eg, 10

to 100
Step 4: Train LGBM Model

- Train LightGBM using optimized hyperparameters on
dataset D

- Evaluate performance (e.g., accuracy, OEE, runtime,
etc.)
Return:

- Best LGBM model

- Best production scheduling metrics
End

3.4 Digital twin construction

A virtual replica of the physical production environment was
created using the real-time dataset that contains sensor-
derived parameters such as temperature, vibration, cycle
time, error rate, and machines' operational states. The data are
constantly synchronized between the physical system and the
virtual model. The DT models machine behaviors and
production line states under different scheduling strategies. It
is effectively a sandbox environment for the PESWS
optimizer to explore many scheduling options prior to real-
world execution. To assess the adaptiveness and performance
of the PESWS-LGBM model, it is compared against static
scheduling methods using First-Come-First-Serve (FCFS),
with a definition of fixed job priorities. The comparison is
different from the benchmark because the PESWS-LGBM
model dynamically adapts schedules during the simulation
runs, similar to how sensor feedback changes.

Twin Pairing: The virtual twin communicates with the
physical system through data feedback loops. The changes in
the physical sensors are reflected in the twin, and the
optimized schedules determined by the PESWS-LGBM
model in the twin are pushed back to the physical system for
execution in real-time.

The final output of the PESWS-LGBM model is a fully
structured production schedule represented in matrix form. In
this matrix, each row corresponds to a job or task, while each
column represents a specific machine. The individual cells
within the matrix contain detailed scheduling information,
including the assigned machine, start time, and end time for
each job. This structured format facilitates the execution of
scheduling decisions in real manufacturing environments. To
better interpret and validate these outputs, the matrix was
visualized as a Gantt chart or job-shop timeline within the
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digital twin simulation. These visual representations enabled
the evaluation of the model’s feasibility, responsiveness, and
performance in terms of resource utilization, task sequencing,
and adherence to time constraints. As shown in Table 3, the
PESWS algorithm dynamically tunes the hyperparameters of
the LightGBM model.

Table 3: LightGBM Hyperparameters Tuned by PESWS

Mapping
Hyperparamete Searc L from
r Symbol | h Description X_best
Range (xi € [0,
i)
Controls
complexity of | Num
Number of | num 20 - | individual leaves =
Leaves leaves 120 trees. Higher | int(20 + xi
values allow | x 100)
more splits.
Shrink's
contribution Learning
Learning Rate Learnin | 0.01 — | of each tree; | rate =
g rate 0.2 lower values | 0.01 + xi
need more | x 0.19
trees.
Limits the
. maximum Max
Maximum Tree | Max depth =
3-13 | depth of trees | . .
Depth depth int(3 + xi
to control x 10)
overfitting.
Minimum .
. number of Mm datf
Min Datain Leaf | Minda@ | 10 = @0 points per n leaf =
in leaf 100 int(10 + xi
leaf. Controls x 90)
tree growth.
Fraction  of
Feature
features used L
. Feature | 0.6 — | per tree | fraction =
Feature Fraction . 0.6 + xi x
fraction 1.0 (random 04
subset for each e
tree) (optional)
Fraction  of Bagging
data used for S
. . Bagging | 0.5 - | each boosting fractlon_ -
Bagging Fraction p 0.5 + xi x
fraction | 1.0 round 05
(subsampling) (optional)
L2
Lambda regularization | lambda_l|
Lambda L2 12 0-10 term to avoid | 2=xix10
overfitting.
4 Results and discussion
This section describes the experimental design and

performance evaluation of the PESWS-LGBM approach. It
details the performance measures, and comparison analysis,
identifying the model's effectiveness in optimizing hybrid
model-driven factory structures.
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4.1 Experimental setup

The research was conducted on a Windows 10 laptop
equipped with an Intel i5 processor and 16 GB of RAM. All
experiments were implemented in Python 3.12.1, using well-
established libraries for machine learning and optimization.
To ensure reproducibility and fairness, each model was
executed over 10 independent runs, and a fixed random seed
was applied to control for variability across experiments.
Performance metrics (accuracy, precision, recall, F1-score,
makespan, tardiness, flow time, and machine utilization)
were reported as mean values, and statistical significance
tests were applied to verify that the improvements of the
PESWS-LGBM model over baseline methods were not due
to random variation.

The ROC-AUC curve (Figure 3) demonstrates the strong
classification performance of the PESWS-LGBM model,
achieving an AUC of 0.97. This high value indicates excellent
discrimination  between scheduled and unscheduled
production events. The curve’s robustness further confirms
the model's reliability, even under class imbalance, by
effectively balancing true positive and false positive rates
across thresholds.
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Figure 3: ROC-AUC Curve

Figure 4 illustrates the comparative performance of the
PESWS and PESWS-LGBM (proposed) models across three
scheduling difficulty levels Low, Medium, and Moderate
using four key metrics: makespan (Figure 4 (a)), tardiness
(Figure 4 (b)), flow time (Figure 4 (c)), and machine
utilization (Figure 4 (d)). Across all difficulty levels, the
PESWS-LGBM model consistently outperforms the baseline
PESWS model. It achieves lower makespan and average
tardiness, indicating more efficient job sequencing and
reduced delay. Similarly, flow time per job is shorter under
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PESWS-LGBM, demonstrating improved throughput.
Notably, machine utilization is also higher for the proposed
model, reflecting better resource allocation and reduced idle
time. This overall improvement confirms the efficacy of the
hybrid PESWS-LGBM approach in dynamic production
scheduling scenarios.

W PESWS W PESWS-LGBM [Proposed]
Model Performance Across Scheduling Difficulty Levels
(a) (b)

Makespan Tardiness

o
Secande/job
~
o

Low Medium Moderate Low Medium Moderate
Scheduling Difficulty Levels Scheduling Difficulty Levels

Flow Time Machine Utilization

Seconds/job
&

g
Utilization (%)

8

w Medium
Scheduling Difficulty Levels
(e)

Moderate

Medium
Scheduling Difficulty Levels
(d)

Moderate

Figure 4: Scheduling Difficulty Levels across Metrics: (a)
makespan, (b) tardiness, (c) flow time, and (d) machine
utilization.

Certain performance metrics are analyzed that include
accuracy, recall, precision, and F1-score to evaluate the
PESWS-LGBM model. Accuracy evaluates the proportion of
correct predictions, reflecting overall model effectiveness.
Precision assesses the ratio of True Positives (T,) to all
predicted positives, minimizing False Positives(F,). Recall
evaluates the model’s ability to identify critical process
parameters. The F1-score, a harmonic mean of precision and
recall, ensures balanced performance, particularly for
imbalanced manufacturing datasets. These metrics are crucial
for wvalidating the efficiency of the PESWS-LGBM
optimization framework, with their equations (18 to 21)
detailed in the following sections.

_ Tp+TN
Accuracy = Tp+TN+Fp+Fp
(18)
Precision = —2
Tp+Fp
(19)
Tp
Recall =
Tp+Fp
(20)
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PrecisionxRecall
Flscore = 2 X —————
Precision+Recall

(21)
Where, Ty - True Negatives,Fy — False Negatives.

The proposed method PESWS-LGBM is compared with the
existing methods Digital Twin- Deep Q learning (DT-DQL)
[20], Multi-objective Memetic—Particle Swarm Optimization
(MM-PSO) [21], and Reinforcement Learning (RL) [22].
Table 4 and Figure 5 show the comparison results based on
accuracy and precision.

Table 4: Comparison results based on accuracy and
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process adjustments. Table 5 and Figure 6 demonstrate the
comparison results of recall and F1 score.

Table 5: Comparison Results based on Recall and F1-Score

Methods Recall F1-Score
DT-DQL [20] 0.88 0.87
MM-PSO [21] 0.96 0.90
RL [22] 0.97 0.92
PESWS-LGBM [Proposed] 0.98 0.94

precision
Methods Accuracy | Precision
DT-DQL [20] 0.92 0.85
MM-PSO [21] 0.93 0.87
RL [22] 0.95 0.89
PESWS-LGBM 0.96 0.91
[Proposed]
10+
104 |
084
18+ |
>
- § o
3 g
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Figure 5: Visual Representations of (a) Accuracy and (b)
Precision

Table 4and Figure 5 compares the performance of DT-DQL,
MM-PSO, RL, and the proposed ESWS-LGBM based on
accuracy and precision. DT-DQL achieves 0.92 accuracy and
0.85 precision, while MM-PSO improves to 0.93 accuracy
and 0.87 precision. RL further enhances accuracy to 0.95 and
precision to 0.89. The proposed PESWS-LGBM outperforms
all, achieving 0.96 accuracy and 0.91 precision,
demonstrating  superior  predictive  performance for
optimizing smart factories through DT-driven real-time
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Figure 6: Visual Representation of (a) Recall and (b) F1-
score

Table 6and Figure 6 present a comparison of recall and F1-
score across DT-DQL, MM-PSO, RL, and the proposed
PESWS-LGBM. DT-DQL achieves 0.88 recall and 0.87 F1-
score, while MM-PSO improves to 0.96 recall and 0.90 F1-
score. RL further enhances recall to 0.97 and F1-score to 0.92.
The proposed ESWS-LGBM method outperforms other
methods, achieving 0.98 recall and 0.94 F1-score, proving
superior performance in accurately detecting critical process
parameters and ensuring optimized smart factories. This
research emphasizes the role of hybrid technology in driving
productivity and efficiency, reinforcing its widespread
adoption in the manufacturing sector.

Table 6 presents a sample schedule generated by the PESWS-
LGBM model, illustrating how it optimizes job allocation
across machines while minimizing delays. The table
demonstrates improved timing (e.g., reduced initial delays)
and production outcomes (e.g., early or on-time completion).
This instance-level output bridges the gap between the
proposed methodology and its practical impact in real-world
scheduling.

F1-Score
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Table 6: Example schedule generated by PESWS-LGBM

Jo | Assign | Sta | End | Initi | Optimiz | Status
b |ed rt Tim | al ed
ID | Machi | Tim | e Dela | Delay
ne e y
J1 | M2 09:0 | 09:4 |8 2 min Comple
0 0 min ted
Early
J2 | M1 09:1 094 |5 1 min On-
0 5 min Time
J3 | M3 09:4 | 10:3 | 12 3 min Comple
5 0 min ted Late
J4 | M1 10:0 | 10:3 | 6 2 min On-
0 0 min Time
J5 | M2 10:1 | 105 | 7 2 min Comple
5 0 min ted
Early

Table 7 presents the ablation study conducted to analyze the
individual and combined contributions of different
components in the proposed PESWS-LGBM pipeline. The
baseline LGBM-only configuration (without PESWS or any
preprocessing) achieves an accuracy of 0.90, indicating the
strong standalone predictive capability of the LGBM model.
However, when PESWS is integrated without proper data
preprocessing, accuracy slightly drops (0.87-0.88), likely due
to unmitigated noise and missing data.

The entire proposed configuration with noise filtering, feature
scaling, missing values imputation, and PESWS-LGBM
achieved the greatest accuracy of 0.96 with a notable
improvement. This suggests that PESWS improves LGBM's
alignment with scheduling when preprocessing is adequately
handled. It is evident that preprocessing is a critical enabling
function in unleashing the power of PESWS and, together,
the combination of PESWS and LGBM provides better
outcomes than either separately. This study shows that the
best performance was not only from using LGBM, but from
the integrated pathways of all components of the pipeline,
particularly PESWS and data preprocessing.

Table 7: Ablation study comparing the effect of individual
and combined components

Configu | Nois | Feat | Missin | PES | LG | Accu
ration e ure |g WS | BM | racy
Filte | Scal | Value
ring | ing Imput
ation
Noise i X X i 7 0.87
Filtering
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+
PESWS-
LGBM
Noise 7 Y% X % 7
Filtering
+
Feature
Scaling
+
PESWS-
LGBM

LGBM- | X X | X X |V
only

Noise 7 v | v |
Filtering
+
Feature
Scaling
+
Missing
Value
Imputati
on +
PESWS-
LGBM
(Propose
d)

0.88

0.90

0.96

To assure reproducibility, performed 5-fold stratified cross-
validation (Table 8), to achieve a balanced class distribution
within each fold. The metrics reported (accuracy, precision,
recall, F1-score) are averaged across five independent folds,
with a fixed random seed to maintain the same level of
variability across studies.

Table 8: 5-Fold Cross-Validation Results (LightGBM)

Fold Accuracy | Precision | Recall | F1 Score
Fold 1 0.9150 0.9020 0.9293 | 0.9154
Fold 2 0.9050 0.9082 0.8990 | 0.9036
Fold 3 0.9150 0.8879 0.9500 | 0.9179
Fold 4 0.9450 0.9406 0.9500 | 0.9453
Fold 5 0.9250 0.9048 0.9500 | 0.9268
Average | 0.9210 0.9087 0.9357 | 0.9218

4.2 Discussion

The literature has recently researched various optimization
strategies within smart manufacturing. Author of [18]
demonstrated the feasibility of controlling smart factories
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through a cloud-based 10T framework, which facilitated data
acquisition in real-time but did not include a scheduling
optimization or adaptive learning component. According to
the research [21], a hybrid PSO and Q-learning method for
energy-efficient flow-shop scheduling showed significant
improvements in energy savings and makespan reduction but
had high computational complexity with larger problems. In
[23], the authors proposed a dynamic scheduling model
driven by the health of machines that relied on real-time
sensors utilized predictive maintenance to assign jobs,
although this study focused on small shop floor interventions.
Compared to these approaches, the proposed PESWS-LGBM
framework achieves higher performance across multiple
metrics while also reducing downtime and enhancing Overall
Equipment Effectiveness (OEE). Its integration of LightGBM
for critical feature prediction and PESWS for adaptive
optimization offers greater scalability, faster training, and
better generalizability. Unlike prior models, it enables real-
time, noise-resilient, and flexible scheduling, validating its
effectiveness for dynamic smart factory environments.

4.3 Challenges and implications of research
Integrating the PESWS-LGBM maodel into a practical smart
factory scenario brings forth numerous ethical and practical
implications. In human-in-the-loop situations, maintaining
operator trust in an Al-informed scheduling system will be
essential. Operator rejection or misinterpretation of
recommendations may occur if operators lose confidence due
to over-reliance on full automation without any process
transparency. Ensuring explainability and letting human
operators take over when appropriate could minimize this
risk.

Sensor reliability is also a significant issue. When sensors
have faults or drift, incorrect data inputs lead to poor model
performance and reduced data quality through time. Careful
calibration of the sensors and fault detections of sensor
performance are required. The dynamic nature of the
industrial environment means that the model will precipitate
new conditions that occur with changing production
performance and equipment behavior. Data privacy and
system security are also concerns when deploying systems of
this type. Although this solution enables adaptive scheduling
to benefit productivity and efficiency, this framework needs
to consider automation using and relying on new forms of
autonomy, human oversight, system durability, and
longevity.

5 Conclusion

The effectiveness of a hybrid algorithm for optimizing
production scheduling systems was analyzed. Real-time data
was collected from industrial sensors, capturing essential
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production metrics such as temperature, vibration, power
consumption, and material flow rate. Preprocessing
techniques, including noise filtering, missing value
imputation, and feature scaling, ensure data quality and
standardization. By leveraging the ESWS-LGBM method to
predict critical process parameters, adaptive scheduling and
workflow adjustments were enabled. Results demonstrated
that the proposed model outperformed existing methods,
achieving 0.96 accuracy, 0.91 precision, 0.98 recall, and an
Fl-score of 0.94, demonstrating superior predictive
capabilities. The integration of artificial intelligence
technology enables real-time simulations, further improving
operational efficiency. These results confirm that PESWS-
LGBM significantly enhances OEE, reinforcing its potential
for widespread adoption in smart factories to drive
productivity, cost efficiency, and intelligent automation.
Despite its effectiveness, the proposed model faces
challenges such as high computational requirements,
dependency on high-quality sensor data, and integration
complexities in diverse industrial settings. Future research
can explore lightweight models, hybrid optimization
techniques, and enhanced digital twin and machine learning
integration for improved scalability, real-time adaptability,
and broader industrial applications.
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