Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Mathematical Optimization of Batch Size and
Changeover Scheduling for Manufacturing
Productivity Enhancement in Multi-Product
Production Systems

Saad Mirza

sdmirza//@gmail . com

Texas Tech University https://orcid.org/0009-0001-6634-3992

Research Article

Keywords: Mixed-integer linear programming (MILP), Production scheduling optimization, Batch size
mathematical modeling, Changeover reduction analytics, Overall Equipment Effectiveness (OEE)
modeling, Lean manufacturing systems, Queueing theory in production operations, Multi-product
manufacturing optimization, Discrete manufacturing analytics, Industrial engineering productivity
modeling.

Posted Date: June 5th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-9926476/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: The authors declare no competing interests.


https://doi.org/10.21203/rs.3.rs-9926476/v1
https://doi.org/10.21203/rs.3.rs-9926476/v1
https://orcid.org/0009-0001-6634-3992
https://doi.org/10.21203/rs.3.rs-9926476/v1
https://creativecommons.org/licenses/by/4.0/

Mathematical Optimization of Batch Size and Changeover
Scheduling for Manufacturing Productivity Enhancement

in Multi-Product Production Systems

Author:
Saad Mirza

Email: sdmirza77@gmail.com

Master of Science in Industrial & Manufacturing Engineering
Texas Tech University

ORCiD: https://orcid.org/0009-0001-6634-3992

Abstract

Frequent machine changeovers and inefficient batch sizing significantly reduce operational
efficiency in multi-product manufacturing systems. This research introduces an integrated
mathematical optimization framework for minimizing setup losses, improving machine
utilization, and increasing production throughput through optimized batch scheduling and
changeover sequencing. The proposed methodology combines mixed-integer linear
programming (MILP), queueing analysis, and Overall Equipment Effectiveness (OEE)
modeling to determine optimal production batch sizes and machine scheduling configurations.
The framework incorporates demand variability, processing time distributions, setup
dependencies, inventory constraints, and production sequencing rules to generate optimal
operational schedules for high-mix manufacturing environments. Simulation-based validation
will be performed using real manufacturing operational datasets to compare optimized
scheduling policies against conventional fixed-batch production systems. Key performance
metrics will include machine idle time, production yield, setup frequency, throughput rate,
cycle time, and manufacturing cost efficiency. The study aims to provide a data-oriented
manufacturing optimization strategy applicable to automotive, medical device, and industrial
equipment manufacturing operations where production flexibility and operational efficiency

are critical.
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I. Introduction

Manufacturing systems are increasingly characterized by high product variety, demand
volatility, and the need for improved efficiency with operational flexibility. In multi-product
environments, production scheduling and batch sizing significantly influence setup time,
machine utilization, inventory levels, and overall performance. Poor coordination among these
decisions leads to excessive changeovers, higher idle time, increased work-in-process (WIP),

and reduced Overall Equipment Effectiveness (OEE).

A. Background and Motivation

Multi-product manufacturing systems involve shared-resource constraints where sequence-
dependent setups and demand uncertainty create complex scheduling challenges. Batch sizing
represents a trade-off between setup frequency and inventory cost, affecting responsiveness
and efficiency. Recent advances in MILP, queueing theory, and Industry 4.0 data enable more

integrated and data-driven optimization approaches.

B. Problem Statement

Existing studies often treat batch sizing, scheduling, and changeover optimization as separate
problems, limiting their ability to capture real system interdependencies. Many models focus
only on makespan or setup reduction, while ignoring key performance metrics such as
throughput, cycle time, WIP, and OEE. In addition, deterministic assumptions reduce

applicability in stochastic high-mix manufacturing environments.

C. Proposed Solution

To address these limitations, this study develops an integrated optimization framework that

jointly optimizes batch sizing, machine assignment, production sequencing, and changeover



scheduling using a Mixed-Integer Linear Programming (MILP) model. The proposed
framework is further enhanced through queueing theory for capturing production congestion
and flow dynamics, OEE modeling for comprehensive productivity evaluation, and discrete-
event simulation for performance validation under stochastic demand conditions. This hybrid
modeling approach enables both optimal decision-making and realistic system-level

performance assessment in complex manufacturing environments.

D. Contributions

The main contributions of this study include the development of a unified MILP-based
framework that integrates batch sizing and production scheduling within a single optimization
structure. The study further incorporates queueing theory to model system congestion, waiting
behavior, and production flow dynamics, enabling a more realistic representation of
manufacturing performance. In addition, Overall Equipment Effectiveness (OEE) is integrated
to provide a holistic measure of productivity by capturing availability, performance, and quality
simultaneously. Finally, the proposed framework is validated through discrete-event
simulation under stochastic demand scenarios to ensure robustness and practical applicability.
Collectively, these contributions establish a scalable and data-driven decision-support system

for improving operational efficiency in high-mix, multi-product manufacturing environments.

II. Literature Review

Manufacturing productivity optimization has increasingly relied on mathematical
programming and data-driven decision models, particularly in multi-product environments
where scheduling complexity, sequence-dependent setups, and demand uncertainty
significantly impact system performance. Recent research indicates that integrating MILP,
metaheuristics, and analytics-based approaches can significantly improve throughput, resource

utilization, and operational efficiency while reducing non-value-added activities.

A. Production Scheduling Optimization

Production scheduling is a combinatorial decision problem influenced by capacity constraints,
demand variability, and sequence-dependent setup times. Traditional rule-based approaches
are often insufficient to handle such complexity effectively. In contrast, MILP and

metaheuristic-based optimization methods have demonstrated superior performance in



minimizing makespan and improving resource utilization in complex manufacturing systems

[11, 2], 3], [4].

B. Batch Size and Lot-Sizing Optimization

Batch sizing plays a critical role in balancing setup costs, inventory holding costs, and system
responsiveness. Prior studies show that integrated lot-sizing and scheduling models outperform
decoupled approaches, particularly under demand uncertainty. Additionally, dynamic batch
sizing strategies improve flexibility and responsiveness in high-mix manufacturing

environments [5], [6].

C. Changeover Scheduling and Sequence Optimization

Sequence-dependent setup times are a major source of inefficiency in multi-product
manufacturing systems. Research demonstrates that MILP-based sequencing models can
significantly reduce changeover time and improve production continuity. Effective setup-

aware scheduling is therefore essential for minimizing idle time and improving flow efficiency

in production systems [7], [8], [9], [10], [11].

D. Lean Manufacturing and Productivity Metrics

Lean manufacturing and Quick Response Manufacturing (QRM) emphasize waste reduction
and continuous improvement in operational efficiency. A consistent finding in the literature is
that reducing setup time has a direct and significant impact on overall productivity. In this
context, Overall Equipment Effectiveness (OEE) is widely adopted as a composite
performance metric integrating availability, performance, and quality dimensions into a single

indicator [12], [13], [14].

E. Industry 4.0 and Data-Driven Optimization

Industry 4.0 technologies have transformed manufacturing systems through real-time
monitoring, predictive analytics, and intelligent decision-making capabilities. Data-driven
scheduling models enhance adaptability and decision accuracy in dynamic environments, while
Al and IloT technologies improve bottleneck detection, operational transparency, and adaptive

control mechanisms [15], [16], [17], [18], [19].

F. Research Gaps and Future Directions



Despite extensive advancements, most existing studies continue to treat batch sizing,
scheduling, and changeover optimization as isolated problems, limiting their ability to capture
system-level interactions in manufacturing environments. Furthermore, many models focus
narrowly on makespan or setup reduction, while overlooking broader performance measures
such as throughput, cycle time, WIP, and OEE. Another key limitation is the widespread use
of deterministic assumptions, which reduces model applicability in real-world stochastic
manufacturing systems. Additionally, there remains a lack of integrated frameworks combining
MILP, queueing theory, and simulation-based validation, which is essential for capturing
realistic production dynamics. Future research should therefore focus on unified stochastic
optimization frameworks that integrate batch sizing, sequencing, and changeover decisions.
The combination of MILP with simulation, Al-driven forecasting, digital twins, and Industry
4.0 technologies such as IloT will significantly enhance system adaptability, robustness, and
real-time decision-making capability. Incorporating sustainability and energy-aware metrics

will further increase industrial and academic relevance.

III. METHODOLOGY

The proposed study develops a unified MILP-based optimization framework for joint batch
sizing and sequence-dependent changeover scheduling in multi-product manufacturing
systems. The framework integrates Mixed-Integer Linear Programming, queueing analysis,
Overall Equipment Effectiveness (OEE) evaluation, and discrete-event simulation to minimize
non-value-added time, reduce idle losses, and improve throughput under stochastic demand
and sequence-dependent setup conditions. The methodology follows an end-to-end decision-

support pipeline from data acquisition to validation.

A. Integrated Manufacturing Optimization Framework and Dataset

Description

The proposed framework integrates production planning, optimization, performance
evaluation, and simulation validation into a unified decision-support system. The workflow
begins with data acquisition from ERP, MES, machine logs, inventory systems, production
planning databases, and quality records. After preprocessing, a sequence-dependent setup
matrix is generated and incorporated into the MILP-based scheduling and batch optimization

model. The optimized schedules are subsequently evaluated using queueing theory and OEE



analysis to assess system utilization, congestion, and productivity performance. Finally,

discrete-event simulation and statistical analysis are employed to validate model robustness.
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Fig. 1 Overall Research Framework of the Proposed Manufacturing Optimization System

The framework illustrates a sequential methodology that begins with manufacturing data
acquisition and preprocessing, followed by MILP-based batch sizing and scheduling
optimization, queueing analysis, and OEE evaluation. The optimized results are validated
through simulation and benchmarking, supporting decision-making through an integrated
decision-support system.

The dataset represents a high-mix manufacturing environment spanning 12 months and
includes 20-50 products, 5-15 machines, and weekly scheduling cycles. Key variables include
demand, processing time, setup time, machine capacity, inventory levels, yield rates, and

downtime.

B. Data Management and Preprocessing



The data management and preprocessing stage transforms raw manufacturing data into a
structured and optimization-compatible format. This stage ensures data consistency, improves
model reliability, and enables accurate downstream optimization and performance evaluation.
Raw data obtained from ERP, MES, machine logs, inventory systems, and production
databases are systematically processed to ensure completeness and consistency. Missing values
are treated using mean or median imputation depending on the statistical distribution of each
variable. Duplicate records are removed to eliminate redundancy and improve dataset integrity.

Outlier detection is performed using the Z-score method:

where x represents the observed value, u denotes the mean, and o is the standard deviation.

Observations are classified as outliers when:
| Z |> 3

Values exceeding this threshold are considered statistically anomalous and are either removed

or adjusted depending on data reliability.
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Fig. 2 Data Cleaning Workflow

After preprocessing, products are encoded using unique identifiers along with machine
assignments, product family classifications, and setup categories. A sequence-dependent setup
matrix S;; is constructed to capture transition times between product pairs, forming the basis
for changeover optimization. Demand normalization is applied to improve numerical stability

and ensure comparability across products:



P X — Xmin

X max ~ X min
This transformation scales demand values between 0 and 1, improving convergence behavior
in the optimization model.

Table. I Product Coding and Setup Matrix Structure

Product Product Machine Setup Demand Setup Time
ID Family Assignment Category (Normalized) (S_ij)
P1 F1 M1 A 0.65 S12
P2 F1 M2 A 0.72 S21
P3 F2 M1 B 0.40 S13
P4 F3 M3 C 0.85 S24
P5 F2 M2 B 0.55 S32

The overall data pipeline follows a sequential architecture ensuring smooth integration between

data acquisition, optimization modeling, and performance evaluation stages.
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Fig. 3 Data Flow Architecture
C. Mixed-Integer Linear Programming (MILP) Optimization Model
The core of the proposed framework is formulated as a Mixed-Integer Linear Programming
(MILP) model that simultaneously optimizes batch sizing, machine assignment, production
sequencing, and changeover scheduling in a multi-product manufacturing environment.
The decision variables are defined as:

° Bp
® Xpm: - assignment of product to machine

: batch size of product p



e Vi :sequence-dependent setup decision

The objective function minimizes total non-value-added operational cost while maximizing

production efficiency:

minZ = Z STi;jYije + wy Z ldley,: +ws Z InventoryCost, — wy Z Throughput,
where wy, w,, w, are weighting coefficients representing the relative importance of each
component.
The optimization model is subject to the following operational constraints:

1) Demand Satisfaction Constraint

z met = Dp

Ensures that production meets or exceeds demand for each product over the planning horizon.

2) Machine Capacity Constraint

z PTy Xt + ZSTU Vije < MCp,

Guarantees that total processing and setup times do not exceed available machine capacity.

3) Inventory Balance Constraint
INV, =INV,_,+ Production; — Demand;

This constraint maintains inventory continuity by accounting for inventory carried over from
the previous period, newly produced units, and customer demand.

4) Batch Size Constraint

This constraint restricts batch sizes within predefined operational limits to avoid excessively
small or excessively large production lots.

5) Binary Assignment Constraint

This binary constraint determines whether a setup transition between product 7 and product j

occurs. A value of 1 indicates that the transition takes place, while 0 indicates otherwise.
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The model integrates demand, capacity, processing time, setup dependencies, and inventory

dynamics to generate an optimal production schedule minimizing non-value-added activities.

D. Performance Evaluation, Validation, and Sensitivity Analysis Framework
To evaluate optimization effectiveness, queueing theory, Overall Equipment Effectiveness
(OEE) analysis, discrete-event simulation, and statistical validation are integrated into a unified
performance assessment framework. The production system is modeled as an M/M/c queue,
where ¢ represents the number of parallel machines in the system. This formulation is more
appropriate for multi-machine, high-mix manufacturing environments. The utilization factor is

defined as:

where A represents the average arrival rate and p denotes the average service rate. The
utilization factor indicates the proportion of system capacity being used and serves as a key
measure of operational efficiency. The expected number of jobs waiting in the queue is

determined by:

_ /we.p
T ¢l (1—p)2

Where, L, represents the average queue length and P is the probability that no jobs are in the

40

system. This metric quantifies congestion within the production system and reflects work-in-
process accumulation under multi-server conditions. The average waiting time in the queue is

expressed as:



_q
Wo =7

Where, W, denotes the expected waiting time in the queue. Lower values indicate smoother

production flow and reduced delays. while the total time in the system is:

1
W=W,+ -
U

Lower values of these measures indicate smoother production flow, reduced congestion, and

improved system responsiveness.
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Fig. 5 Queueing System Model

To evaluate manufacturing productivity, Overall Equipment Effectiveness (OEE) is employed

as a comprehensive performance indicator combining availability, performance, and quality.

Availability is calculated as:

Operating Time

Availability =
varaouity Planned Production Time

Where, Operating Time represents actual productive machine time and Planned Production
Time denotes the scheduled operating period. This measure reflects the impact of breakdowns,

setups, and downtime on production availability. Performance efficiency is computed as:

Ideal Cycle Time X Total Output
Operating Time

Performance =

This metric evaluates how closely actual production speed approaches the ideal manufacturing

rate. Quality performance is determined using:



Good Units
Total Units

Where, Good Units represent defect-free products and 7otal Units denote total production

Quality =

output. This measure captures the effect of quality losses on manufacturing effectiveness. The

overall OEE value is then calculated as:

OEE = Availability X Performance X Quality

This composite indicator provides a holistic assessment of equipment productivity by
simultaneously considering downtime losses, speed losses, and quality losses.
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Fig. 6 OEE Evaluation Framework
Fig.6 presents the hierarchical structure of OEE and the interaction among availability,
performance, and quality components.
For validation, a discrete-event simulation is conducted to compare a baseline fixed-batch
production system with the proposed MILP-optimized system. The simulation spans 12 months
with 30 independent replications. Demand uncertainty is modeled at +10%, £20%, and +30%,
while the manufacturing system includes 20—50 products processed on 5—15 machines.

Table. Il Simulation Configuration

Parameter Description Value
Planning Horizon Simulation duration 12 Months
Replications Number of runs 30
Demand Variability Uncertainty levels +10%, £20%, £30%
Product Range Number of products 20-50
Machine Range Number of machines 5-15
System Type Manufacturing environment | Multi-product, high-mix
Scheduling Policy Baseline vs Optimized Fixed batch vs MILP




The performance improvements generated by the optimization model are quantified through

statistical analysis. Percentage improvement over the baseline system is calculated as:

X 100

Optimized—Baseline

Improvement (%) = Y~

This metric measures the relative gain achieved by the optimized production strategy compared
with conventional scheduling practices. To evaluate statistical significance, a paired t-test is

performed using:

. d
Sd\/ﬁ

Where, d is the mean difference between paired observations, s4is the standard deviation of

t

the differences, and nnn is the number of paired samples. Model validation further includes
feasibility checking, solver convergence analysis, and sensitivity testing under different

demand scenarios.

1. INPUT & SCENARIOS 2. SIMULATION EXPERIMENT 3. PERFORMANCE EVALUATION 4, STATISTICAL ANALYSIS
Demand Uncertainty Discrete-Event Simulation tmprovement Calculation
| .
hi i d - Baseline
ol £10%, £20%, £30% Baseline System Optimized System ® SASHiSS SN O Improvement (%) x10
(Fixed Batch) (MILP)
ﬁ ma«rn Range a - ! G Average Waiting Time Significance Testing (Paired t-test)
| ¥ ot y [E] ~-gy GE-un-gy ; ,
=2 -
| 0 Machine Range FacdBuch  Quewesd MLPbased  Queves & “ s/vn
Aver:
5 - 15 machines Production Warting. Machines Scheduling Waiting Machines OOgs Snversiony Livel where,
| d = mean difference
|
iy Planning Hori 54 = standard deviation
i e Total Operational Cost of diferences
nths
Simulation Configuration R = nunar of paired samples
7% Replications v -
I A Product Range: 20 - 50 S Trrousheut (Units/Month) 5. MODEL VALIDATION
Machine Range: § - 15 @ Foasiilty Checking
System Type o
Muki-product, ©) Demand Virabity: +10% 420% $30% @) Scheduling Polcy: Fised Batch Overall Equipment
plehivbcaniiooment v MILP Y] Effectiveness (OEE)
6. SENSITIVITY ANALYSIS OUTPUT
[ esswmvmvanssourer LecenD
Impact on Total Cost Impact on Average Waiting Time Impact on Inventory Level Impact on OEE Impact on Throughput S
100 3
8 oS i —s . i __e— Simuiation / Expariment
= ——e i % I
s ~ ]‘ [ — o ¥ | e Configuration / Input
1 — ] g
. 1 } Evaluation Metrics
0% 20m 10" 0% 10 # " Won Analysis / Calculation
emand Uncertainty (%) Demand Uncertainty (%) Demand Uncertainty (%) Demand Uncertainty (6) Vel
(;)- Insight: Evaluate how demand uncertainty affects system performance and quantify the benefit of MILP-optimized scheduling
v

compared to fixed-batch conventional scheduling.

Fig. 7 Sensitivity Analysis Framework

Fig.7 illustrates the sensitivity analysis process used to evaluate model performance under
different demand uncertainty scenarios.

System performance is evaluated using throughput rate, machine utilization, setup frequency,
idle time, cycle time, inventory cost, production yield, and OEE.

Table. III KPI Definitions and Mathematical Formulas

KPI Definition Mathematical Expression
Throughput O t per unit time Total Output
ughpu utput per u Throughput = —p
Time
Machine Machine usage efficiency e Busy Time
Utilization = I Available Ti
Utilization Total Available Time




Setup Frequency | Number of changeovers Count of Y, transitions
Idle Time Non-productive machine Idle Time = Available Tim — Operating Time
time
Cycle Time Time per unit production Cycle Time = Total Proce'ssing Time
Units
Inventory Cost Holding cost of stock IC=nh Z INV,
t
Production Yield | Quality efficiency Yield = Good Units
"~ Total Units
OEE Overall equipment OEE = Availability X Performance
effectiveness X Quality

This table provides formal definitions and mathematical expressions for all performance
indicators used in the evaluation framework. Unlike traditional decoupled approaches, this
model jointly optimizes batch sizing, sequencing, and machine allocation within a single MILP

formulation.

IV. Results and Discussion
The proposed MILP-based optimization framework was evaluated using a 12-month
simulation dataset and compared against a fixed-batch baseline system. Results demonstrate

significant improvements across all key performance indicators.

A. Results

The MILP-based optimization model successfully generated feasible and high-quality
production schedules by jointly optimizing batch sizes, machine assignments, and sequence-
dependent changeover decisions while satisfying all demand and capacity constraints.
Compared with the baseline scheduling strategy, the proposed framework achieved notable
improvements across all evaluated performance metrics.

Table. IV Baseline vs Optimized Manufacturing Performance Comparison

Metric Baseline | Optimized | Improvement (%)
Throughput (Units/Day) 1,120 1,342 19.8
Machine Utilization (%) 71.4 86.7 21.4
Setup Frequency (per Week) 42 28 -333
Idle Time (Hours/Week) 31.8 18.5 -41.8
Cycle Time (Hours) 8.7 6.5 -25.3
Yield (%) 93.2 96.4 3.4
Inventory Cost ($/Month) 24,500 19,300 -21.2
OEE (%) 67.8 82.1 21.1




The optimized system increased throughput from 1,120 to 1,342 units per day, representing a
19.8% improvement. Machine utilization improved from 71.4% to 86.7%, indicating more
effective resource utilization and reduced idle capacity. A significant reduction was observed
in setup frequency, which decreased from 42 to 28 per week (33.3%). This reduction directly
contributed to lower downtime and improved production continuity. Consequently, idle time
decreased by 41.8%, while cycle time reduced by 25.3%, reflecting smoother and more
efficient production flow. Inventory holding cost also declined by 21.2%, driven by improved

batch sizing decisions and better alignment between production and demand.

50

~~33.3% Reduction

Number of Weekly Changeovers

Baseline Optimized
Fig. 8 Changeover Frequency Comparison (Baseline vs Optimized)
The reduction in setup frequency highlights the effectiveness of sequence-dependent
optimization in minimizing non-value-added activities, which is particularly critical in high-
mix manufacturing environments. Queueing-theoretic analysis was further used to evaluate
system-level flow behavior and congestion.

Table .V Queueing Performance Indicators

Metric Baseline | Optimized
Utilization Factor (p) 0.88 0.79
Average Queue Length | 7.9 4.6
Waiting Time (Hours) 34 1.9
Work-in-Process (Units) | 214 152

The utilization factor decreased from 0.88 to 0.79, indicating a more balanced and stable system
with reduced congestion. Average queue length decreased by approximately 41.8%, while
average waiting time reduced from 3.4 to 1.9 hours. Work-in-process inventory also dropped
from 214 to 152 units, reflecting improved flow synchronization and reduced bottleneck

formation. OEE analysis was conducted to evaluate overall equipment performance.



Table. VI OEE Component Breakdown

Component | Baseline (%) | Optimized (%)
Availability | 78.5 89.4
Performance | 85.1 91.7
Quality 93.2 96.4
Overall OEE | 67.8 82.1

Overall OEE increased from 67.8% to 82.1%, representing a 21.1% improvement in equipment
effectiveness. The most significant gain was observed in availability, primarily due to reduced
setup time and improved scheduling efficiency. Performance and quality also improved,
reflecting more stable production conditions and reduced operational variability.
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Fig. 9 Sensitivity Analysis Under Demand Variability
Sensitivity analysis under £10%, £20%, and +30% demand uncertainty confirmed that the

optimized policy consistently outperformed the baseline. Even under high uncertainty (£30%),
throughput improvements remained above 15%, demonstrating the robustness of the proposed

model in dynamic production environments.

B. Discussion

The results demonstrate that integrating batch sizing and changeover scheduling within a
unified MILP framework significantly improves manufacturing performance. By
simultaneously considering setup times, machine capacities, inventory constraints, and
sequencing decisions, the model provides a more realistic and system-wide representation of
production planning compared to conventional fixed-batch approaches. A key improvement
arises from the substantial reduction in setup frequency, which directly reduces non-value-
added time in high-mix manufacturing systems. This leads to higher throughput and improved

machine utilization, as confirmed by gains of 19.8% and 21.4%, respectively. In addition,



reductions in idle time and cycle time indicate smoother production flow and improved
operational stability. Queueing analysis further validates these improvements by showing
reduced congestion, lower waiting times, and decreased work-in-process levels. The reduction
in utilization factor from 0.88 to 0.79 reflects improved load balancing and reduced system
pressure, contributing to more stable system behavior. Similarly, OEE results indicate balanced
improvements across availability, performance, and quality dimensions. The increase in OEE
from 67.8% to 82.1% highlights that performance gains are not isolated but system-wide, with
availability contributing most due to reduced setup-related downtime. Overall, the findings
confirm that manufacturing productivity should be treated as an integrated optimization
problem rather than independent decision modules. The proposed framework demonstrates
strong applicability for high-mix industries such as automotive, electronics, and medical device

manufacturing.

C. Limitations and Future Work

Despite strong performance improvements, several limitations should be acknowledged.

First, the study is based on simulation-based validation rather than real industrial
implementation. While simulation provides controlled evaluation, real manufacturing
environments may include additional uncertainties such as machine breakdowns, labor
variability, material shortages, and supply chain disruptions. Second, the model assumes
relatively stable estimates of demand, processing time, and setup parameters. In practice,
forecasting errors and dynamic disturbances may reduce solution accuracy. Future work should
therefore consider stochastic and robust optimization approaches. Third, environmental and
sustainability factors such as energy consumption and carbon emissions are not explicitly
included in the objective function. Incorporating these aspects would improve alignment with
green manufacturing objectives. Fourth, the queueing model is simplified and may not fully
capture complex production systems with parallel machines, buffers, and re-entrant flows.
Future research should extend this using queueing networks, digital twin models, or high-
fidelity discrete-event simulation. Finally, integration with Industry 4.0 technologies such as
IIoT, digital twins, machine learning, and reinforcement learning should be explored to enable
real-time adaptive scheduling and autonomous decision-making.

V. Conclusion

This study developed an integrated optimization framework for improving productivity in

multi-product manufacturing systems through joint batch sizing and changeover scheduling.



The primary objective was to reduce setup losses, minimize idle time, and enhance overall
system efficiency using a combined MILP, queueing theory, and OEE-based approach. The
results demonstrate that the proposed framework significantly outperforms conventional fixed-
batch policies. Improvements were observed in throughput, machine utilization, and OEE,
along with substantial reductions in setup frequency, cycle time, waiting time, and inventory
cost. Queueing analysis confirmed reduced congestion and improved system stability, while
OEE results indicated balanced improvements across availability, performance, and quality.
From an application perspective, the model provides a scalable decision-support tool for high-
mix manufacturing environments such as automotive, electronics, and medical device
industries. It enables coordinated decision-making across batch sizing, sequencing, and
resource allocation, leading to more efficient production systems. Future research should
extend the framework to stochastic and robust optimization models to better handle uncertainty.
Integration with Industry 4.0 technologies such as loT-enabled monitoring, digital twins, and
reinforcement learning will further enhance real-time adaptability. Additionally, incorporating
sustainability metrics such as energy and emissions will improve industrial relevance. Overall,
the study contributes a comprehensive and high-impact optimization framework that bridges
mathematical modeling and real-world manufacturing decision-making, with strong potential

for both academic and industrial applications.
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