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Abstract 

Facility Layout Planning (FLP) remains a complex task for manufacturers seeking to 
improve productivity, reduce daily operating costs, and stay competitive in fast-changing 
markets. Traditional methods such as Systematic Layout Planning (SLP) offer useful 
guidelines for designing department layouts but still rely heavily on judgment and 
experience. At the same time, modern optimization and simulation techniques provide 
valuable quantitative insights. These techniques are often used separately rather than as 
part of an integrated process. In this work, a hybrid layout-planning approach that 
combines these techniques is developed and validated through an industrial case study, 
providing a practical decision-support process for facility layout planning. The process 
starts with SLP, which develops an initial layout using activity relationship charts, 
material-flow analysis, and handling-cost estimates. A simulation model then evaluates 
throughput, machine utilization, and work-in-progress, providing early indications of the 
layout’s real-world performance. A Genetic Algorithm (GA) is used to find improved 
configurations that reduce distances and costs. The optimized layouts are further tested 
through simulation. To demonstrate practical use, the framework was applied at a 
transformer manufacturing plant. It resulted in an approximately 35% reduction in 
material-handling costs. The results show that the optimized layout reduced material-
handling costs from 7062.5 to approximately 4560 L.E. per transformer while increasing 
monthly throughput by 2.46% (approximately 11 transformers per month). Additionally, 
a what-if analysis was performed to identify opportunities for improvement, such as 
increasing production by using an automatic laser-cutting machine. The findings support 
data-driven decisions in facility layout design and long-term operational planning. 

Keywords: discrete event simulation; facility planning; genetic algorithm; optimization; 
SLP 
 

1. Introduction 
Facility layout design is one of the most critical decisions in any manufacturing 

system. It affects how machines and departments are positioned and shapes the behavior 
of the entire production system. The flow of materials, queue lengths, day-to-day 
operating costs, and even customer responsiveness are all related to the physical layout 
[1]. 
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Poorly designed layouts often cause excessive material handling, bottlenecks, and 
underutilized resources. By contrast, well-optimized layouts can significantly improve 
efficiency, reduce costs, and increase flexibility [2]. This point is even more important in 
industries that handle heavy or expensive products. In such settings, even a modest 
reduction in travel or handling effort can translate into considerable savings over time [3]. 

Among the various approaches to layout planning, SLP remains one of the most 
widely used methods. Introduced by Richard Muther in the mid-20th century [4], SLP 
provides a structured framework for analyzing activity relationships, space requirements, 
and adjacency needs. SLP enables practitioners to develop feasible layouts that reflect 
material and non-material flow considerations. This is carried out through relationship 
charts, activity closeness ratings, and block diagrams. 

However, SLP is logical; it is also qualitative and heuristic, relying heavily on expert 
judgment and the subjective weighting of relationships [5]. This subjectivity often 
prevents it from guaranteeing globally optimal solutions, especially in large-scale, high-
complexity manufacturing environments. 

To overcome these limitations, researchers and practitioners have increasingly 
turned to computational optimization methods, with GA among the most widely applied 
[6]. GA belongs to the class of evolutionary algorithms inspired by natural selection. It is 
particularly well-suited to solving combinatorial optimization problems such as facility 
layout, where the search space is vast and non-linear [7]. Facility arrangements are 
encoded as chromosomes and evolve through crossover, mutation, and selection. GA can 
minimize material-handling costs and generate layouts that outperform those from 
traditional SLP. 

A different issue arises when these optimized layouts are evaluated under real 
operating conditions. Most optimization techniques, including GA, assume stable and 
deterministic workflows. These assumptions are rarely valid in practice. Breakdowns, 
fluctuating demand, unbalanced workstations, and variability in processing times all 
affect actual performance but are difficult to incorporate into a purely mathematical model 
[8]. This is where Discrete-Event Simulation (DES) becomes particularly valuable. 

Software such as FlexSim, Arena, and AnyLogic can model the stochastic variability 
inherent in manufacturing operations. Simulation enables practitioners to evaluate 
candidate layouts under fluctuating demand, machine breakdowns, queuing effects, and 
processing-time variability [9]. It provides a more realistic assessment of system 
performance across multiple performance indicators, including throughput, cycle time, 
Work-in-Progress (WIP), and resource utilization. 

Although each method—SLP, GA, and DES—has significant strengths, most studies 
have used them either independently or in partial combinations. Some pair SLP with GA 
to improve optimization [10,11], or GA with simulation for validation [12]. Studies that 
systematically integrate all three, SLP for structured qualitative design, GA for 
optimization, and simulation for dynamic validation, remain limited. 

This gap is particularly relevant as manufacturing systems increasingly adopt data-
driven decision-support tools. Integrating layout planning, optimization, and simulation 
gives engineers a systematic approach to evaluating alternative production layouts before 
implementation. 

This study addresses the above gap by proposing and applying an integrated 
framework that combines SLP, GA, and DES to optimize production layouts in a complex 
manufacturing system. The approach begins with SLP to establish an initial feasible 
design. GA is then used to refine this layout by minimizing material-handling costs while 
accounting for realistic constraints. Finally, the optimized layouts are validated using 
DES. Specifically, the objectives of this research are: 
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• To develop and implement an integrated SLP–GA–DES workflow for facility layout 
planning. 

• To evaluate the effectiveness of this framework through application in an industrial 
case study. 

• To derive managerial insights on how integrated data-driven layout planning can 
improve operational efficiency and support layout planning decisions. 

The contributions of this research are both methodological and practical. 
Methodologically, the study demonstrates an integrated workflow that combines SLP, 
optimization, and simulation within a unified decision-support process. In practice, the study 
validates the workflow’s applicability through a real-world industrial case, providing 
manufacturing managers with a practical decision-support approach to improve facility 
layout. 

The paper is organized as follows: Section 2 reviews the literature; Section 3 presents the 
mathematical model for the problem; Section 4 provides a numerical example with a detailed 
case analysis; Section 5 presents the case analysis in detail; and finally, Section 6 concludes the 
paper. 

2. Literature Review 
The literature review is organized into five subsections that trace the evolution of facility 

layout methodologies and explain the rationale for the proposed integrated framework. The 
first subsection discusses SLP, highlighting its value as a structured qualitative approach and 
its limitations in optimization. The second subsection examines computational optimization 
methods, with particular attention to GA as a metaheuristic well suited to complex layout 
problems. 

The third subsection focuses on simulation, highlighting how DES captures the dynamic 
and stochastic behavior of manufacturing systems. The fourth subsection reviews prior 
attempts to integrate SLP, optimization, and simulation, summarizing their contributions and 
limitations. Finally, the fifth subsection identifies the research gap that motivates this study, 
emphasizing the need for a comprehensive framework that integrates SLP, GA, and 
simulation while accounting for practical constraints, including aisle design. 

2.1. SLP in Facility Layout Design 

SLP remains one of the most widely used methodologies for facility layout design. It uses 
activity-relationship charts, space-requirement analysis, and block diagrams to generate 
feasible layouts. Its strength lies in its simplicity and its ability to integrate both material flow 
and qualitative factors, such as safety, communication, and supervision [5]. 

However, SLP is heuristic in nature and relies heavily on subjective judgment, which 
often prevents it from achieving globally optimal results. Several studies highlight this 
limitation, showing that while SLP provides a solid foundation, it frequently requires 
computational methods to refine the results [11,13]. 

2.2. Optimization Approaches in Facility Layout Design 

To address SLP’s limitations, researchers have increasingly adopted metaheuristic 
optimization techniques [14]. Among these, GAs have been widely used for their ability to 
handle large-scale combinatorial optimization problems. GA represents layout alternatives as 
chromosomes and evolves them through crossover, mutation, and selection to minimize 
objectives such as material-handling costs. 

Applications include factory layouts [15], make-to-order industries [10], and specialized 
domains such as ship cabins [16]. Hybrid approaches have also emerged, such as combining 
GA with Ant Colony Optimization [13], or integrating GA with decision-support methods like 
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the Analytic Hierarchy Process (AHP) [16]. While these approaches yield improved results, 
most still overlook practical constraints such as aisle allocation, which is critical in real-world 
manufacturing [17]. 

2.3. Simulation in Facility Layout Design 

While optimization methods provide reliable solutions, they often fail to capture the 
dynamic and stochastic nature of manufacturing systems [8]. Simulation enables detailed 
modeling of variability in process times, machine reliability, breakdowns, and operator 
availability [9]. It also provides insight into system performance, including throughput, cycle-
time distribution, WIP accumulation, and machine utilization. 

This has motivated the use of DES tools to evaluate layout performance under realistic 
operating conditions. FlexSim, in particular, has gained popularity for its object-oriented 
modeling environment and its ability to integrate material-handling equipment, operator 
logic, and spatial constraints directly into the simulation [18]. 

Recent studies highlight that simulation is beneficial for validating optimized layouts 
and revealing bottlenecks that purely mathematical models may overlook [19]. Another study 
investigated whether layout optimization should precede simulation or whether simulation 
should guide layout optimization [20]. However, our study employs simulation in an 
integrated and iterative manner to effectively enhance system performance. 

2.4. Integration of SLP, Optimization, and Simulation 

Several studies have explored hybrid approaches to facility layout planning that combine 
qualitative design methods, optimization algorithms, and simulation. Early research 
integrated SLP with GA, using SLP to generate an initial layout and GA to refine it. This 
combination has been widely applied in manufacturing facilities, warehouses, and the 
shipbuilding industry [11,15]. 

Other studies have coupled GA with DES to evaluate candidate layouts generated by the 
optimization algorithm under dynamic operating conditions [12]. SLP has also been 
integrated with simulation for multi-floor facility layouts [21]. 

At the same time, more recent studies have investigated simulation-based optimization 
frameworks considering practical factors such as AGV routing and material transportation 
[22]. Digital twin-based approaches have also emerged to support layout evaluation and 
operational planning [23]. These studies demonstrate the benefits of integrating optimization 
with simulation to improve facility layout decisions. 

Despite these advances, several practical challenges remain insufficiently addressed. 
Many existing studies focus primarily on minimizing material-handling costs while 
overlooking important industrial constraints such as aisle design, equipment accessibility, and 
layout feasibility [10,16]. The study by [17], which explicitly incorporated aisle placement into 
a GA model for an automobile body shop, is among the few efforts to consider these practical 
requirements. In addition, simulation is commonly used only as a post-evaluation tool, rather 
than to assess system performance both before and after layout optimization. 

As summarized in Table 1, most studies combine SLP with GA or GA with simulation. 
Despite these contributions, practical considerations such as aisles are rarely modeled, with 
[17] as a notable exception. 

Moreover, simulation is often used solely for post-evaluation, rather than as an iterative 
tool to assess system performance both before and after optimization. These limitations 
highlight opportunities for further research on integrated SLP–GA–DES workflows that 
explicitly incorporate aisle design, industrial feasibility constraints, and comprehensive 
simulation-based validation. 
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Table 1. Review of Facility Layout Studies and the approaches used. 

Ref. Hybrid Method Main Constraints Objective Type 
Performance 

Measures Validation 

[24] QFD + FMEA + AHP + 
DEA + Simulation 

Area, budget, ergonomics Multi-objective 
DEA efficiency, 
AHP score, MH 
cost 

Industrial case + 
simulation 

[21] SLP + DES Multi-floor layout, zoning Single 

Total Material 
Handling Cost 
(TMHC), space 
utilization 

Industrial case + DES 

[10] GA 
Workshop area, production 
flow Single 

MH distance, 
convergence 

Computational 
experiments 

[12] 
Simulation + 
Metaheuristic 

Dynamic demand, 
relocation Multi-objective 

Total cost, Pareto 
front 

Statistical simulation + 
case study 

[17] SLP + Improved GA 
(Pareto-based) 

Unfixed main aisle, entrance 
& exit positions 

Multi-objective MH cost, degree of 
activity relation 

Case study 

[25] SLP + GA Cabin layout, zoning, safety Single Flow distance, 
space utilization Case study + simulation 

[16] SLP + GA 
Geometric constraints, 
passages Single 

Flow distance, 
compactness Case study 

[26] SLP + Simulation Aisles, process sequence Single Logistics intensity, 
congestion 

Simulation comparison 

[13] SLP + GA–ACO Storage capacity, picking 
paths 

Single Picking distance, 
storage utilization 

Simulation + 
warehouse case 

[27] 
AHP + DEA + 
Simulation Cost, ergonomics, safety Multi-objective 

DEA efficiency, 
AHP score Simulation + case study 

[11] SLP + GA 
Area, equipment, material 
flow Single 

Logistics cost, MH 
distance 

Industrial 
implementation 

[15] SLP + GA Regional layout, machine 
allocation 

Single MH distance, 
runtime 

Numerical & case 
studies 

[22] 
SBO + AGV Path 
Planning AGV routing, congestion Multi-objective 

Travel distance, 
makespan, delay Simulation scenarios 

[28] SLP + AHP + NLP Area, budget, adjacency Multi-objective 
Logistics cost, AHP 
score 

Optimization + case 
study 

Prese
nt 
study 

SLP + GA + DES 

Non-overlap, aisle 
restrictions, factory 
boundaries, production 
sequence 

Single objective 
+ Simulation-
based 
evaluation 

TMHC, 
throughput, 
machine 
utilization, GA 
robustness (20 
runs) 

Industrial case, DES 
verification and 
validation. 

2.5. AI-Assisted Decision Support for Manufacturing Systems 

Recent advances in AI have expanded the use of computational decision-support 
techniques across manufacturing systems. AI has been integrated into computer-aided 
engineering to support analysis, prediction, optimization, and design [29]. AI-assisted 
methods have been successfully applied to process monitoring, quality prediction, predictive 
maintenance, production performance forecasting, and FLP [30]. These methods enable more 
informed and timely operational decisions. 

Although the present study does not employ machine-learning techniques, the proposed 
integration of SLP, GA, and DES follows the same principle of computational decision support 
by enabling systematic evaluation of alternative facility layouts before physical 
implementation. Future research could further enhance the proposed workflow by integrating 
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AI-driven prediction methods, particularly when limited historical production data constrain 
simulation calibration or scenario generation. In such cases, virtual sample generation and 
simulation-based synthetic manufacturing data have demonstrated considerable potential 
[31,32]. 

2.6. Identified Research Gap 

The literature identifies three key limitations. First, although SLP provides a structured 
approach to generating facility layout alternatives, it offers limited quantitative support and 
cannot systematically identify cost-effective layouts. Second, while GA and other methods 
effectively minimize material-handling costs, they often simplify or overlook practical 
industrial constraints, such as aisle design, factory boundaries, equipment accessibility, and 
spatial feasibility. Third, DES is frequently used only after optimization to validate the final 
layout, rather than being integrated throughout the decision-support process to support both 
layout evaluation and scenario analysis. 

To address these limitations, this study develops and applies an integrated SLP–GA–DES 
decision-support workflow and demonstrates its use in an industrial transformer 
manufacturing case study. The workflow integrates SLP, GA with explicit feasibility checks, 
simulation-based evaluation of the baseline and optimized layouts, and scenario-based what-
if analysis within a unified decision-support process. 

Practical implementation constraints, including non-overlapping departments, factory 
boundaries, and aisle restrictions, are explicitly incorporated during the optimization stage to 
ensure that the resulting layouts are industrially feasible. The workflow therefore combines 
the qualitative strengths of SLP with the optimization capability of GA and the performance 
evaluation capability of DES, providing a structured decision-support process for industrial 
facility layout planning. 

The proposed workflow is illustrated in Figure 1. It begins with SLP, which uses process 
flowcharts, relationship charts, and space diagrams to generate an initial feasible layout. This 
baseline layout is then evaluated with DES to assess its operational performance. The layout 
is subsequently optimized with GA to minimize TMHC while satisfying practical industrial 
constraints. 

 



Appl. Syst. Innov. 2026, 9, 156 7 of 37 
 

https://doi.org/10.3390/asi9070156 

Figure 1. Conceptual framework for facility layout design. 

Finally, the optimized layout is re-evaluated through simulation using key performance 
indicators such as throughput, WIP, cycle time, and machine utilization. The workflow is 
further extended with scenario-based what-if analyses to explore potential process 
improvements and support managerial decision-making. By integrating qualitative layout 
planning, optimization, and simulation-based performance evaluation into a unified decision-
support workflow, the proposed methodology supports the development and assessment of 
industrially feasible facility layouts under realistic manufacturing conditions. 

3. Methodology 
This section presents the methodology. It is divided into two subsections: the 

mathematical model and the solution approach for optimizing the facility layout. The first 
subsection presents the proposed model and defines the layout constraints and objectives. 
The second subsection discusses the application of GA as an optimization tool to find an 
optimal departmental arrangement that satisfies the defined spatial and aisle constraints. 

3.1. Mathematical Model 

The facility layout optimization problem involves determining the optimal 
arrangement of departments on a manufacturing floor to minimize material-handling 
costs. It accounts for interdependencies such as material flows between departments, 
adjacency requirements, and space utilization constraints. The goal is to create a layout 
that reduces material movement, balances workloads, and minimizes idle time. A 
mathematical model is provided below to minimize TMHC. 

Figure 2 shows the schematic layout used to formulate the model. The factory floor 
is represented as a rectangle of width W and height H. Each department 𝑖  and 𝑗  is 
represented by a rectangular block, characterized by its width ሺ𝑤௜ ,𝑤௝ሻ, height ሺℎ௜ ,ℎ௝ሻ, and 
centroid coordinates ሺ𝑥௜ ,𝑦௜ሻ and ሺ𝑥௝ ,𝑦௝ሻ. Two restricted zones are shown to indicate the 
aisles required for material movement and operator access. The vertical aisle is defined by 
its position and dimensions ሺ𝑋௏,𝑌௏ሻ, ሺ𝑊௏ ,𝐻௏ሻ , while the horizontal aisle is defined by ሺ𝑋்,𝑌 ሻ, ሺ𝑊் ,𝐻்ሻ, respectively. 

 

Figure 2. Schematic representation of the facility layout parameters and variables. 

3.1.1. Assumptions 

To simplify the layout optimization problem, the following assumptions are made: 
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• Material flow between departments is uniform and deterministic. 
• The factory operates on a single floor with fixed total area dimensions (W × H). 
• No operational interruptions or rework are considered. 
• Material handling cost per unit distance is constant. 
• Environmental factors (temperature, lighting, etc.) are not included. 
• All departments have fixed rectangular shapes with known dimensions. 
• Aisles are modeled as restricted areas where no department can overlap. 

The above assumptions apply only to the mathematical optimization model used by 
the GA. They simplify the layout optimization problem by considering deterministic 
material flows and nominal operating conditions. After obtaining the optimized layout, 
the proposed design is evaluated using DES to assess its operational performance under 
realistic production conditions, including resource utilization, WIP, throughput, and 
process bottlenecks. Consequently, the optimization and simulation models serve 
complementary purposes rather than representing identical system assumptions. 

3.1.2. Decision Variables 𝑥௜, 𝑦௜: the coordinates of the center of department 𝑖. 𝑥௝, 𝑦௝: the coordinates of the center of department 𝑗. 
3.1.3. Parameters, Sets, and Indices 𝑖, 𝑗 ∈  𝐼: set of departments. 𝑤௜: width of department 𝑖. ℎ௜: height of department 𝑖. 𝐷௜௝: rectilinear (Manhattan) distance between department centers 𝑖 and 𝑗. 𝐹௜௝: material flow between departments 𝑖 and 𝑗. 𝐶௜௝: cost per unit distance for transportation between departments 𝑖 and 𝑗. 𝑋்,𝑌 : coordinates of the horizontal restricted area (aisle). 𝑊்,𝐻்: dimensions of the horizontal restricted area (aisle). 𝑋௏ ,𝑌௏: coordinates of the vertical restricted area (aisle). 𝑊௏ ,𝐻௏: dimensions of the vertical restricted area (aisle). 𝑊: width of the factory floor. 𝐻: height of the factory floor. 

3.1.4. Mathematical Model Formulation 

𝑀𝑖𝑛.𝑇𝑀𝐻𝐶 =  ෍෍𝐹௜௝ .𝐷௜௝ .𝐶௜௝௡
௝ୀଵ

௡
௜ୀଵ  (1)

𝑥௜ + ௪೔ଶ ≤ 𝑥௝ − ௪ೕଶ  ꓯ𝑖, 𝑗ϵ 𝐼, 𝑖 ≠ 𝑗  (2)

𝑥௝ + ௪ೕଶ ≤ 𝑥௜ − ௪೔ଶ   ꓯ𝑖, 𝑗ϵ 𝐼, 𝑖 ≠ 𝑗  (3)

𝑦௜ + ௛೔ଶ  ≤ 𝑦௝ − ௛ೕଶ  ꓯ𝑖, 𝑗𝜖 𝐼, 𝑖 ≠ 𝑗   (4)

𝑦௝ + ௛ೕଶ  ≤  𝑦௜ − ௛೔ଶ  ꓯ𝑖, 𝑗ϵ 𝐼, 𝑖 ≠ 𝑗    (5)

௪೔ଶ ≤ 𝑥௜ ≤ 𝑊 − ௪೔ଶ    ꓯ𝑖ϵ 𝐼  (6)

௛೔ଶ ≤ 𝑦௜ ≤ 𝐻 −  ௛೔ଶ    ꓯ𝑖ϵ 𝐼  (7)
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𝑥௜ + ௪೔ଶ ≤ 𝑋்   ꓯ𝑖ϵ 𝐼  (8)𝑥௜ ≥ 𝑋் + 𝑊்   ꓯ𝑖ϵ 𝐼  (9)𝑦௜ + ௛೔ଶ  ≤ 𝑌    ꓯ𝑖ϵ 𝐼  (10)

𝑦௜ ≥ 𝑌 + 𝐻்  ꓯ𝑖ϵ 𝐼  (11)𝑥௜ + ௪೔ଶ ≤ 𝑋௏  ꓯ𝑖ϵ 𝐼  (12)𝑥௜ ≥ 𝑋௏ + 𝑊௏ ꓯ𝑖ϵ 𝐼  (13)𝑦௜ + ௛೔ଶ ≤ 𝑌௏  ꓯ𝑖ϵ 𝐼  (14)

𝑦௜ ≥ 𝑌௏ + 𝐻௏ ꓯ𝑖ϵ 𝐼  (15)𝑥௜ ,𝑦௜ ≥ 0 ꓯ𝑖ϵ 𝐼 (16)

It should be noted that Constraints (2)–(15) define the feasibility conditions of the 
layout rather than a mixed-integer mathematical programming formulation. During 
optimization, these conditions are enforced procedurally through a feasibility-checking 
routine embedded within the GA. 

The objective is to minimize TMHC across all departments, as indicated in Constraint 
(1). Where 𝐷௜௝ =∣ 𝑥௜ − 𝑥௝ ∣ +∣ 𝑦௜ − 𝑦௝ ∣  represents the Manhattan distance between the 
centers of the departments 𝑖  and 𝑗 . Constraints (2)–(5) define the possible spatial 
relationships required to prevent overlap between departments. During optimization, 
these conditions are evaluated by the feasibility-checking routine embedded in the GA, 
which requires only one valid spatial relationship (i.e., left, right, above, or below) for each 
pair of departments. Constraints (6) and (7) define the factory boundary limits, ensuring 
that every department lies entirely within the feasible layout area. Constraints (8)–(15) 
The inequalities guarantee that no two departments occupy the same space by ensuring 
sufficient separation in both the x- and y-directions. Finally, Constraint (16) imposes non-
negativity on the decision variables. 

The optimization model considers TMHC as a single objective because material 
movement is a major operational cost in the transformer manufacturing facility 
investigated and is directly influenced by department locations. Other performance 
indicators, including throughput, WIP, cycle time, and machine utilization, are primarily 
affected by production resources, processing times, and operational policies. Therefore, 
these indicators were evaluated separately using DES after layout optimization rather 
than being incorporated directly into the optimization objective. This sequential 
optimization–evaluation strategy enables the layout to be optimized for material flow 
while assessing its broader operational impact under realistic manufacturing conditions. 

3.2. Solution Approach 

Given its combinatorial nature, the facility layout problem is well known to be NP-
complete [33], which makes exact optimization methods impractical for larger or more 
realistic layouts. For this reason, a metaheuristic approach is typically adopted to obtain 
good-quality solutions within a reasonable time. Among the available techniques, GA has 
consistently been found to be one of the most effective tools for layout optimization [2]. 

GA, a population-based search approach inspired by natural selection, can explore 
an ample solution space while avoiding premature convergence, making it ideal for 
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complex layout problems. In this study, GA is employed to optimize the department 
design while meeting spatial and aisle constraints. Figure 3 presents the pseudocode for 
the developed GA, outlining the main steps of initialization, fitness evaluation, selection, 
crossover, mutation, and convergence. 

 

Input: 
    Departments i ∈ I, department dimensions, factory dimensions (W, H) 
    Material flow matrix 𝐹௜௝ 
    Aisle constraints: (𝑋், 𝑌 , 𝑊், 𝐻்), (𝑋௏, 𝑌௏, 𝑊௏, 𝐻௏) 
    GA parameters: population size P, mutation rate μ, max generations G 
Output: 
    Best feasible layout L_best and its cost C_best 
Begin 
    1. Initialize Population: 
        Generate P feasible layouts satisfying: 
            - No overlap between departments 
            - No overlap with restricted aisles 
            - Within factory boundaries 
    2. Evaluate Fitness: 
        For each layout L in the population: 
            Compute TMHC: 
                C(L) = ∑ ∑ 𝐹௜௝ .𝐷௜௝ .𝐶௜௝  ௡௝ୀଵ        (1)௡௜ୀଵ  
        Identify L_best with the minimum cost 
    3. While (generation < G) and (no convergence) 
        a. Selection: 
            Retain the top 50% layouts with the lowest C(L) 
        b. Crossover: 
            Combine pairs of parent layouts to produce new offspring 
        c. Mutation: 
            Swap the coordinates of two departments with probability μ 
        d. Feasibility Check: 
            If overlap or constraint violation occurs, regenerate the layout 
        e. Evaluate Fitness: 
            Recompute C(L) for all layouts 
        f. Update L_best and C_best 
    4. Termination: 
        If convergence or max generations reached: 
            Return L_best and C_best 
End 

Figure 3. Pseudocode of the GA for Facility Layout Optimization. 

3.2.1. Chromosome Structure 

Each chromosome represents a feasible facility layout configuration. A chromosome 
is encoded as a list of tuples (𝑥௜ ,𝑦௜) (where the tuple is an ordered pair storing the x- and 
y-coordinates of the department’s centroid) corresponding to the coordinates of each 
department 𝑖. The geometric dimensions (𝑤௜ ,ℎ௜) are predefined for each department and 
fixed during optimization. The initial population is created from two sources: layouts 
produced during the SLP stage, which serve as structured, realistic starting points, and 
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additional layouts generated randomly to satisfy all geometric and aisle constraints, 
ensuring diversity in the search space. 

3.2.2. Fitness Evaluation 

The fitness function measures the TMHC for each candidate layout using Equation 
(1). Where 𝐹௜௝  is the material flow between departments 𝑖  and 𝑗 , 𝐷௜௝  is the rectilinear 
distance between their centroids, and 𝐶௜௝ is the cost per unit distance. The GA aims to 
minimize this cost. Layouts that violate constraints are penalized by assigning a high 
artificial cost, thereby guiding the population toward feasible solutions. 

3.2.3. Selection Operator 

In each generation, layouts are evaluated based on their fitness scores, and the top 
half of the population is selected for reproduction. A truncation selection strategy was 
employed, in which the best-performing 50% of the population were selected for 
reproduction. This approach favors higher-quality solutions while maintaining diversity 
through crossover and mutation operators. 

3.2.4. Crossover Operator (Uniform Crossover) 

The crossover operator combines the spatial attributes of two parent layouts to 
produce offspring. For each department 𝑖, the offspring inherits the position (𝑥௜ ,𝑦௜) from 
either parent 1 or parent 2 with equal probability. If the generated child violates feasibility 
constraints, the feasibility-checking procedure regenerates the layout randomly until it is 
valid. 

3.2.5. Mutation Operator (Swap Mutation) 

Mutation enhances population diversity by introducing small random changes to the 
layout. In this study, two departments are randomly selected, and their positions are 
swapped. Mutation occurs with a predefined probability (Pm = 0.05) and is subsequently 
followed by the feasibility-checking procedure, which rejects infeasible layouts and 
regenerates feasible ones before fitness evaluation. If the mutated layout results in 
overlaps or boundary violations, it is regenerated to restore validity. 

3.2.6. Feasibility Checking Procedure 

During population initialization, crossover, and mutation, every candidate layout is 
examined using the feasibility-checking procedure. The procedure verifies that: 

• departments do not overlap, 
• departments remain within the factory boundaries, 
• departments do not intersect the horizontal or vertical aisles. 

Candidate layouts violating any of these conditions are rejected and regenerated 
until all spatial constraints are satisfied before fitness evaluation. Figure 4 illustrates an 
example of the feasibility-checking procedure. Candidate layouts violating the spatial 
constraints are rejected and regenerated before fitness evaluation, ensuring that only 
feasible layouts participate in the optimization process. 
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Figure 4. Example of the feasibility-check procedure (D represents the department, and the red 
zone represents the aisle). 

3.2.7. Termination Condition 

The GA terminates when either the maximum of 1000 generations is reached or the 
algorithm converges. The best-performing chromosome at termination represents the 
near-optimal facility layout. 

3.2.8. GA Parameter Settings 

Table 2 shows the main algorithmic parameters and operators used in this study. The 
final settings were selected based on preliminary sensitivity testing and the computational 
requirements of the case-study layout problem. All computational experiments were 
performed on a laptop equipped with a 12th Gen Intel® Core™ i5-1235U processor (1.30 
GHz) and 8 GB RAM. The GA was implemented in Python 3.x using NumPy, Matplotlib, 
and Python’s built-in random module. No commercial optimization software or 
specialized optimization solvers were employed. The average computational time was 
approximately 15 s per independent run. 

Table 2. GA parameter and operators. 

Parameter Value/Strategy 
Population size 50 individuals 

Chromosome representation encoded as a list of tuples (𝑥௜ ,𝑦௜) 
Initialization Random feasible placement 

Fitness function Minimize TMHC 
Selection strategy Truncation selection 

Elitism Implicit elitism 
Crossover operator Uniform crossover 

Crossover probability CR = 0.80 
Mutation operator Swap mutation 

Mutation rate MR = 0.05 
Constraint handling Feasibility checking and regeneration 
Stopping criterion 50 generations without improvement 

Maximum generations 1000 
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Independent runs 20 runs 
Random seed Seeds 0–19 

Computational time 15 s/run on average 

4. Numerical Example 
A case study was analyzed in a transformer manufacturing facility. Two parallel 

production streams are required for manufacturing oil transformers. These two streams 
converge at the final assembly: the active-part stream and the tank-manufacturing stream. 
The active part stream includes processes such as core cutting, winding, active part 
assembly, electrical connections, and drying. The tank stream includes fin folding, rib 
welding, tank assembly, welding, and shot blasting, followed by painting and inspection. 
Both streams must be synchronized to ensure smooth final assembly of the transformer. 

Figure 5 illustrates the complete production flow, as can be seen, it shows two parallel 
streams (active part vs. tank). As shown, the active part (Stream 1) and the tank (Stream 
2) are processed independently before being integrated into the final assembly. While the 
active part flow is primarily electrical and mechanical, the tank flow involves large, heavy 
steel structures that require more resources, longer transportation times, and more space 
for processing and storage. 

Although both streams are important, our study focused on the tank manufacturing 
stream (Stream 2) for four primary reasons: 

• The tank stream has a longer cycle time than the active part. The active part’s cycle 
time is nearly equal to the takt time, while the tank stream has a greater processing 
time, which results in a synchronization imbalance as illustrated in Figure 6. 

• This imbalance results in a high level of WIP accumulating in the assembly area. As 
tank production cannot keep pace with active part manufacturing. 

• To meet the demand, the company is outsourcing the shortfall. Figure 7 illustrates 
how the corporation has outsourced tanks to compensate for its limited in-house tank 
capacity. Outsourced tanks account for a large share of monthly demand, particularly 
during peak months (September and October). Outsourcing not only incurs much 
higher costs but also introduces uncertainty in quality and lead times, leading to on-
time delivery issues. 

• Finally, the tank stream includes heavy steel structures and extensive welding, which 
require additional handling effort, crane operations, and aisle access. This highlights 
the need to optimize tank layout design. 

That is why the factory’s tank manufacturing stream for oil distribution transformers 
has been identified as a major bottleneck, unable to meet customer expectations efficiently. 
This stream, which includes both mechanical and manual activities, has a much lower 
throughput than the active part production stream. 
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Figure 5. Process flowchart for transformer manufacturing. 

 

Figure 6. Takt time Vs. Cycle time for the two streams (hours). 
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Figure 7. Monthly production of active part stream, tank stream, and outsourced tanks in 2024. 

5. Results and Analysis 
5.1. SLP Results 

The SLP method was applied to develop the initial factory layout. At first, the current 
production and operational data were analyzed to construct the activity relationship 
chart, from–to chart, and material flow diagram—shown in Appendix A (Tables A1–A6). 
These relationships were classified using the standard SLP codes (A, E, I, O, U, X). The 
relationship diagram is shown in Figure A1. This figure highlights departments, such as 
raw material storage, welding, and painting, that require proximity due to high material 
flow. 

The layout derived from the SLP analysis was similar to the factory’s current physical 
layout. The placement of major departments (i.e., fin folding and welding, tank assembly, 
shot blasting, testing, and painting) closely matched the relationships determined by the 
SLP closeness codes (A, E, I). The detailed SLP block layout is presented in Appendix A 
(Figure A2). 

Because of this alignment, the existing factory layout was adopted as the initial layout 
for the optimization and simulation phases (Figure A3). This approach ensured that the 
GA started with a realistic, feasible starting point, while still allowing improvements 
focused on material flow and cost reduction. Based on current flow data, the TMHC for 
the existing setup was calculated at 7062.5 L.E. per transformer. An additional analysis 
was performed using VisTable (version 3.0) to verify the obtained TMHC, as shown in 
Appendix A (Figure A4). 

5.2. Simulation Model Verification and Validation 

5.2.1. Simulation Model Development 

The simulation model was developed in FlexSim to replicate the transformer 
manufacturing process under actual operating conditions. The model incorporated the 
observed production sequence, machine capacities, operator assignments, crane 
movements, workstation locations, and material-routing logic. Processing times were 
obtained from factory production records and directly implemented in the simulation 
model. Buffers and routing rules were modeled according to the existing production 
system to provide realistic estimates of throughput, WIP, machine utilization, and cycle 
time. 
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The model calculations are based on 7 working hours per shift and 26 working days 
per month, reflecting the factory’s actual production conditions. Table 3 shows the 
simulation model configuration. Figure 8 shows the simulation model for the initial 
layout. In addition, Figure 9 shows the simulated monthly throughput of each 
workstation in the initial layout. 

Table 3. Simulation Model Configuration. 

Item Description 
Simulation software FlexSim  
Run length 1 month 
Warm-up period 10 days 
Shift schedule 2 shifts/day  
Working days 26 days/month 
Process-time distribution Deterministic 
Material routing According to the production flow in Figure 5 
Crane movement First-come, first-served 
Performance measures Throughput, WIP, utilization, cycle time 

 

Figure 8. Simulation model for the initial layout. 
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Figure 9. The simulated monthly throughput of each workstation in the initial layout. 

5.2.2. Model Verification 

The simulation model was verified by ensuring that the implemented logic, process 
routing, machine capacities, shift schedules, and material flow accurately represented the 
actual production system. Table 4 summarizes the factory’s actual performance, which 
served as the reference for verifying the simulation model. These exact values were then 
compared with the simulation results in Table 5. The following equation is used to 
calculate the error %: 

Error % = ቚୗ୧୫୳୪ୟ୲୧୭୬ ୭୳୲୮୳୲ି୅ୡ୲୳ୟ୪ ୤ୟୡ୲୭୰୷ ୮ୣ୰୤୭୰୫ୟ୬ୡୣ୅ୡ୲୳ୟ୪ ୤ୟୡ୲୭୰୷ ୮୰ୣ୤୭୰୫ୟ୬ୡୣ ቚ × 100 

Table 4. Actual factory performance. 

Processes No. of 
Shifts Hrs/Month Actual Processing 

Time (h) Hourly Output Total Output 
(Units/Month) 

fin folding 2 364 0.87 1.14 418 
rib welding 2 364 0.835 1.2 436 

shoot blasting 2 364 0.77 1.29 469 
spot welding (assembly) 1 182 0.37 2.7 491 

Table 5. Percentage Error Between Actual Factory Performance and Simulation Model Results. 

Processes Actual Total Output 
(Units/Month) 

The Model Total Output 
(Units/Month) 

Error % 

fin folding 418 460 10 
rib welding 436 458 5.04 

shoot blasting 469 449 4.26 
spot welding (assembly) 491 460 6.3 

5.2.3. Model Validation 

The validation step aimed to assess the simulation model’s ability to reproduce the 
observed behavior of the actual production system by comparing simulation outputs with 
factory data. The selected processes represent the critical bottleneck and production-
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critical operations of the manufacturing line and were therefore chosen for model 
validation because they have the greatest influence on the overall system performance. 

As shown in Table 5, the maximum deviation between the simulation and the actual 
factory output was 10%, which falls within the ±10% validation criterion commonly 
adopted in industrial simulation studies [34,35]. Moreover, this threshold is consistent 
with the factory’s quality control specifications, in which deviations of ±10% are 
considered operationally acceptable and do not affect downstream production or product 
quality. Therefore, the developed simulation model is considered sufficiently accurate to 
represent the actual manufacturing system and evaluate alternative facility layouts. 

In addition to throughput, current performance was examined using machine 
utilization profiles and WIP across different workstations. Figure 10 shows the utilization 
levels of the primary workstations, while Figures 11–14 illustrate the WIP observed before 
the shot blasting, assembly, welding, and painting processes, respectively. Overall, the 
validation results indicate that the FlexSim model provides a reliable basis for evaluating 
layout alternatives and performing post-optimization analysis. 

 

Figure 10. Machine utilization for different stations. 

 

Figure 11. WIP before shot blasting area. 
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Figure 12. WIP before the assembly area. 

 

Figure 13. WIP before welding area. 

 

Figure 14. WIP before Painting area. 

5.3. GA Results 

5.3.1. Optimized Layout 

The GA was developed using Python. It was specifically designed to address the 
features of the transformer manufacturing plant. This algorithm incorporates the 
previously stated practical layout limitations, such as the requirement for non-
overlapping departments, fixed factory perimeters, and restricted T-shaped aisles. To 
ensure solution diversity while simultaneously promoting convergence, the GA employs 
a combination of random and systematic search strategies during the evolutionary 
process. 

The input flow matrix used for optimization was identical to that used in the SLP 
analysis. However, the industrial facility consists of eleven functional areas; only the ten 
production departments were included as decision variables in the GA optimization. The 
warehouse serves as a raw-material storage and temporary buffer area located adjacent to 
the material receiving point. Since its location is flexible and is not part of the production 
departments whose positions are optimized, it was excluded from the chromosome 
representation. 

Consequently, the GA optimized only the ten production departments. Their 
corresponding dimensions are listed in Table 6. Figure 15 presents the optimized facility 



Appl. Syst. Innov. 2026, 9, 156 20 of 37 
 

https://doi.org/10.3390/asi9070156 

layout generated by the GA, while Figure 16 illustrates the algorithm’s convergence 
behavior across 20 independent runs. 

Table 6. Dimensions of the 10 departments optimized by the GA. 

GA ID Department Width (m) Height (m) 
D1 Raw Material Area 42.97 172.60 
D2 Fin Folding and Rib Welding 42.97 86.30 
D3 Welded Ribs 47.50 38.10 
D4 Tank Assembly Area 47.50 76.50 
D5 Welding Area 47.50 76.50 
D6 Shot Blasting 47.50 76.50 
D7 Testing Waiting Area 48.00 97.56 
D8 Testing Area 38.56 97.56 
D9 Painting Area 47.65 97.56 

D10 Painted Tanks Storage Area 47.65 97.56 
Note: The warehouse functions as a raw-material storage and temporary buffer area. Since its 
location is flexible and does not affect the internal production flow, it was excluded from the GA 
optimization. Therefore, the optimization was performed only on the ten production departments. 
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Figure 15. Optimized layout from GA. 

 

Figure 16. Convergence curves for the proposed GA across 20 independent runs. 

5.3.2. Statistical Performance of the GA 

Twenty independent optimization runs were performed with different random seeds 
to assess the robustness and repeatability of the proposed GA while keeping the 
parameter settings identical. Table 7 summarizes the algorithm’s statistical performance. 

Table 7. Statistical performance of the GA algorithm. 

Metric Value 
Number of independent runs 20 

Best TMHC 3948 
Mean TMHC 4591 
Worst TMHC 5203 

Standard deviation 421 
Mean convergence generation 125.7 

The results demonstrate consistent convergence of the proposed GA across all 
independent runs. The low standard deviation indicates that the algorithm is robust to 
random initialization and can repeatedly identify high-quality facility layouts, as shown 
in Figure 16. It shows the convergence curves for the proposed GA across 20 independent 
runs, showing the best run, the mean convergence, ±1 standard deviation, and baseline 
layouts. 

5.3.3. Comparison with Baseline Layouts 

To further assess the effectiveness of the proposed GA, its performance was 
compared with two baseline layouts: the initial SLP layout and randomly generated 
feasible layouts. Table 8 summarizes the TMHC values together with the corresponding 
improvements over the baseline methods. 

Table 8. Comparison of the proposed GA with the initial SLP and random feasible layouts. 

Method Best 
TMHC 

Mean 
TMHC Std. Dev. Worst 

TMHC 

Mean 
Improvement 

vs. SLP (%) 
Evaluation 

Proposed GA 3948 4591 421 5203 35 20 independent runs 
Initial SLP layout 7062.5 — — — Reference Single layout 
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Random feasible layouts 4823 5847.3 621.4 7109 17.2 30 random feasible layouts 

Compared with the initial SLP layout, Table 8 shows that the proposed GA reduced 
the mean TMHC by 35%. It also outperformed randomly generated feasible layouts by 
approximately 21.5%, demonstrating that the improvement is attributable to the 
optimization process rather than random placement. 

5.3.4. Sensitivity Analysis 

A sensitivity analysis was performed to investigate the influence of crossover and 
mutation probabilities on the optimization performance. Figure 17 indicates that a 
crossover probability of 0.8 and a mutation probability of 0.05 yielded the lowest mean 
TMHC while maintaining stable convergence and was therefore adopted throughout the 
study. The selected parameters (CR = 0.80, MR = 0.05) yielded the lowest mean TMHC. 

 

Figure 17. Effect of crossover and mutation rates on GA performance. 

Overall, the proposed GA consistently generated high-quality layouts over 20 
independent runs and significantly outperformed both the initial SLP layout and 
randomly generated feasible layouts. The sensitivity analysis further confirmed that the 
selected crossover and mutation probabilities provided the best optimization 
performance. 

These results demonstrate the robustness and effectiveness of the proposed 
optimization framework for solving the constrained facility layout problem. Figure 18 
presents the final VisTable layout, showing the spatial arrangement and flow paths that 
minimize TMHC. 
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Figure 18. Final layout arrangement using VisTable. 

TMHC was then recalculated using the updated inter-department distances (Table 9) 
and material flows, resulting in a total handling cost of 4560 L.E. per transformer (Table 
10). This value differs by less than 1% from the GA solution, confirming the feasibility of 
the optimized layout. This demonstrates the model’s reliability and confirms that the 
proposed layout is feasible and cost-efficient. 

Table 9. The distance matrix of the proposed layout (in meters). 

From-To 1 2 3 4 5 6 7 8 9 10 11 
1 0 100 0 0 0 0 0 0 0 0 0 
2 0 0 2.2 0 0 0 0 0 0 0 0 
3 0 0 0 15 0 0 0 0 0 0 0 
4 0 0 0 0 2.3 0 0 0 0 0 0 
5 0 0 0 0 0 12.2 0 0 0 0 0 
6 0 0 0 0 0 0 9.33 0 0 0 0 
7 0 0 0 0 0 0 0 2.8 0 0 0 
8 0 0 0 0 0 0 0 0 5.4 0 0 
9 0 0 0 0 0 0 0 0 0 36.1 0 

10 0 0 0 0 0 0 0 0 0 0 10.2 

Table 10. TMHC of the proposed layout. 

From-To 1 2 3 4 5 6 7 8 9 10 11 Sum 
1 0 1899 0 0 0 0 0 0 0 0 0 1899 
2 0 0 63 0 0 0 0 0 0 0 0 63 
3 0 0 0 778 0 0 0 0 0 0 0 778 
4 0 0 0 0 86 0 0 0 0 0 0 86 
5 0 0 0 0 0 132 0 0 0 0 0 132 
6 0 0 0 0 0 0 262 0 0 0 0 262 



Appl. Syst. Innov. 2026, 9, 156 24 of 37 
 

https://doi.org/10.3390/asi9070156 

7 0 0 0 0 0 0 0 79 0 0 0 79 
8 0 0 0 0 0 0 0 0 81 0 0 81 
9 0 0 0 0 0 0 0 0 0 1028 0 1028 

10 0 0 0 0 0 0 0 0 0 0 153 153 
L.E./transformer 4560 

Another observation from the GA analysis indicated a change in the locations of the 
departments involved in the primary material flow, including the warehouse and the 
processing stations that follow it. These changes highlighted an opportunity to streamline 
the production sequence and improve efficiency. Based on the GA-derived flow, a new U-
shaped configuration was developed to support one-piece flow and reduce unnecessary 
transportation. Figure 19 shows the new proposed U-shape layout. 

 

Figure 19. Proposed U-shape layout. 

5.4. Simulation Results of the Proposed Layout 

To evaluate how the optimized layout performs under real operating conditions, a 
simulation model was developed again in FlexSim using the final arrangement. Figure 20 
shows the simulated factory environment after applying the optimized layout. The 
simulation included actual processing times, crane movements, workstation capacities, 
and material-handling routes. 
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Figure 20. Simulation model for the post-optimization layout. 

Figure 21 presents the simulated monthly throughput for each workstation, enabling 
direct comparison with baseline performance and demonstrating which stations gained 
the most from the new arrangement. Table 7 compares the plant’s initial throughput with 
the optimized solution. 

 

Figure 21. The proposed layout’s monthly throughput. 

As shown in Table 11, the monthly throughput increased across most stations, with 
a 2.46% increase in production. This shows a measurable improvement in system 
performance. 

Table 11. Throughput comparison between current and optimized solutions. 
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Process Old Solution 
Throughput (Units) 

Optimized Solution 
Throughput (Units) 

Throughput Improvement 
(Units) 

Washing 448 459 +11 
Furnace 448 459 +11 

First powder coating 448 459 +11 
Chemical treatment (1st) 448 459 +11 
Second powder coating 448 459 +11 

Chemical treatment (2nd) 448 459 +11 
Spot welding 460 472 +12 
Rib welding 458 471 +13 

Painted tanks storage 448 459 +11 
Assembly 451 462 +11 
Welding 1 118 117 0 
Welding 2 117 116 0 
Welding 3 214 227 +13 

Shot blasting 449 459 +10 
Testing 448 460 +12 

Fin folding 460 472 +12 

Despite the proposed layout reduced the TMHC by 35%, the comparable increase in 
production throughput was only 2.46%. This difference is expected because GA optimizes 
the spatial arrangement of departments, reducing transportation distances and material-
handling delays. However, the overall production rate remains constrained by processing 
times, machine capacities, and manual operations at bottleneck workstations, especially 
the fin-folding and welding stations. Therefore, the layout optimization mainly improves 
operational efficiency and logistics while only moderately increasing production 
throughput. 

After implementing the optimized layout, machine utilization was further analyzed 
to identify remaining performance limitations within the system. Figure 22 presents 
machine utilization for the proposed layout. 

From Figure 22, comparing the initial state with the optimized model shows that 
overall utilization patterns are similar, with slight improvements in assembly and 
chemical treatment. However, welding stations and fin-folding processes continue to 
operate near their maximum capacity in both scenarios, confirming that they are the main 
bottlenecks. 

Although the layout optimization improved material flow and reduced handling 
distances, it could not eliminate bottlenecks caused by long processing times or manual 
interventions. For this reason, the fin-folding station was selected for further what-if 
analysis. 
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Figure 22. Utilization of the machines for the proposed layout. 

5.5. What-If Analysis and Managerial Insights 

Based on the utilization results shown in Figure 22, the fin-folding station was 
identified as a critical bottleneck, operating at near-continuous capacity. Therefore, this 
subsection focuses on examining the detailed activities of the fin-folding process (Table 
12) and evaluating potential improvement scenarios through simulation. 

Table 12. Various activities for the fin-folding station. 

Activity Time (min) 
Loading the raw material into the m/c 10.77 

Adjust the width of the m/c and make the first fin 3.25 
Quality check 0.52 

Second quality check 5.42 
The first side is completed 2.40 

The first fin of the second side is completed 0.60 
Adjusting the sawing tool 5.82 

The second side is completed 1.27 
The sawing tool starts to cut 4.15 

The external raw material is removed 0.75 
Start to make the third side 1.00 

Adjusting the saw tool 5.82 
Starts to cut 0.53 

The first side is cut 0.83 
The third side is completed 0.65 

Adjusting the m/c system and starting with the fourth side 1.50 
Adjusting the cutting tool 5.83 

Starts to cut 0.18 
The second side is cut 0.68 

The fourth side is completed 2.25 

From Table 12 and the actual situation in the factory, the following have been found: 

• Manual intervention is required after producing several fins, forcing the machine to 
pause. 
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• This procedure adds 22.5 min of non-productive time for every batch of four sides. 
• Over time, these small pauses accumulate and cause considerable throughput 

reduction. 

5.5.1. Scenario 1—Inserting an Automatic Laser Cutting Machine 

A what-if scenario was simulated in which an automated laser-cutting machine 
replaced the manual cutting process. The processing time used in this scenario was 
derived from the detailed time study of the fin-folding operation rather than being 
arbitrarily assumed. The activity analysis identified 22.5 min of planned manual cutting 
and adjustment time after every four fin sides. 

In the proposed scenario, these manual activities were replaced by an automated 
laser-cutting process with an estimated cutting time of 8.19 min for the same production 
cycle, operating continuously in synchronization with the fin production rate. 

The estimated cutting time was obtained from the engineering design assumptions 
of the proposed laser-cutting system, which was designed to operate continuously in 
synchronization with the fin production rate. Consequently, the total processing time of 
the fin-folding station was reduced from 53.38 min to 39.03 min, and the updated value 
was used as the simulation input. 

The simulation results indicate that although layout optimization reduced material-
handling costs, additional throughput improvements require process-level changes. 
Automating the fin-folding operation therefore complements the layout optimization by 
addressing one of the primary production bottlenecks. Figure 23 shows the expected 
throughput for scenario 1. 

 

Figure 23. Expected throughput for scenario 1. 

From Figure 23, reducing manual interruptions at the fin-folding station increases 
the throughput of downstream operations, particularly fin folding, rib welding, and spot 
welding. This confirms that the bottleneck is primarily process-related rather than layout-
related, demonstrating that layout optimization alone cannot fully exploit the production 
capacity without complementary process improvements. 
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5.5.2. Economic Considerations 

Although a detailed economic evaluation is beyond the scope of this study, the 
proposed laser-cutting scenario was also assessed from an industrial perspective. 
According to the factory’s preliminary business assessment, automating the fin-folding 
process would reduce manual intervention, eliminate reliance on equipment that has been 
in service for more than 30 years, and increase production capacity to meet target demand. 

In addition, improving the fin manufacturing process would reduce dependence on 
imported corrugated walls, which currently require approximately 10 weeks of lead time 
and incur higher procurement costs. The factory’s internal business assessment estimates 
the investment cost of the proposed machine at approximately USD 1,525,000 (excluding 
installation costs), with a projected additional annual revenue of approximately USD 
451,200. 

These preliminary estimates suggest that the proposed investment is industrially 
feasible; however, a comprehensive financial evaluation, including installation costs, 
maintenance, operating expenses, payback period, and return on investment, should be 
conducted before full-scale industrial implementation. 

5.6. Discussion and Future Perspectives 

Despite the proposed framework demonstrating promising results for the 
transformer manufacturing case investigated, its applicability depends on the availability 
of reliable production data, including processing times, material flows, and operational 
constraints. 

In the meantime, the numerical results are specific to the presented case study; the 
proposed SLP–GA–DES workflow is based on well-established principles of facility layout 
planning, optimization, and simulation that can be adapted to other discrete manufacturing 
environments with comparable production data. Previous studies have identified limited 
historical manufacturing data as a major challenge for simulation calibration, scenario 
generation, and bottleneck diagnosis. 

Recent research has also shown that DES can generate representative synthetic 
manufacturing data to support data-driven prediction when real production data are 
insufficient [32,36]. Building on these developments, future research could integrate data-
driven predictive models into the proposed SLP–GA–DES workflow to improve simulation 
calibration, scenario generation, and operational decision-making when historical production 
data are limited, thereby enhancing the transferability and robustness of the proposed 
methodology across diverse manufacturing settings. 

6. Conclusions 
In this paper, an integrated decision-support workflow based on SLP, GA, and 

simulation was applied to improve the operational efficiency of manufacturing facilities. The 
proposed workflow provides a structured approach to improving facility layout, enabling the 
identification of opportunities for operational improvement. To test its real-world 
applicability, the model was applied to a transformer manufacturing facility. 

An initial layout was developed using SLP, then improved by GA to enhance the flow of 
materials and processes. The results showed that the proposed design could reduce material-
handling waste and shorten transfer times. The results demonstrate the effectiveness of the 
proposed workflow, which integrates qualitative planning, optimization, and simulation-
based validation into a unified decision-support process, resulting in measurable 
improvements in throughput and reductions in production costs. 

Simulation was first used to evaluate the initial layout and subsequently to validate the 
optimized layout under realistic operating conditions. This enabled experimentation with 
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different scenarios and prediction of performance without disrupting actual production. 
Furthermore, a what-if analysis was conducted to assess the facility’s potential to meet 
demand targets. Overall, the integrated application of SLP, optimization, and simulation 
provided an effective decision-support workflow for facility layout planning. 

The results demonstrate the effectiveness of the proposed workflow for the investigated 
industrial case study, yielding measurable reductions in material-handling costs and modest 
improvements in production throughput. Although the proposed workflow is intended for 
offline facility layout planning rather than real-time operation, it provides a structured 
foundation for future data-driven manufacturing applications. 

By integrating live production data from sensors, Manufacturing Execution Systems 
(MES), or Industrial Internet of Things (IIoT) platforms, the simulation model could 
continuously reflect the current production state, supporting more informed operational 
decision-making. These capabilities demonstrate the proposed workflow’s potential in future 
digital manufacturing environments. 

Although the proposed workflow integrates generally applicable planning, 
optimization, and simulation techniques, its validation in the present study is limited to a 
single transformer manufacturing case. Consequently, further validation across different 
industrial sectors and production systems is required to establish its broader generalizability. 
In addition, the current optimization model assumes deterministic operating conditions. 

Future research should integrate stochastic optimization and simulation by 
incorporating machine failures, processing-time variability, operator availability, and demand 
uncertainty into a unified decision-support framework to represent real manufacturing 
environments better. 

Furthermore, integrating real-time production data with AI-assisted predictive 
analytics could enable physically interpretable production forecasting, bottleneck 
diagnosis, and adaptive decision support for facility layout planning. Extending the 
proposed workflow from a broader supply chain perspective also represents a promising 
direction for future research. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

FLP Facility Layout Planning 
SLP Systematic Layout Planning 
GA Genetic Algorithm 
DES Discrete Event Simulation 
AHP Analytic Hierarchy Process 
ACO Ant Colony Optimization 
WIP Work-in-Progress 
MCDM Multi-Criteria Decision Making 
NLP Non-Linear Programming 
DEA Data Envelopment Analysis 
TMHC Total Material Handling Cost 
MES Manufacturing Execution Systems 
IIoT Industrial Internet of Things 

Appendix A 
Appendix A presents the detailed data and diagrams used in the SLP phase to develop 

the initial factory layout. These include quantitative flow matrices, cost data, and diagrams 
supporting relationship and layout development. Table A1 lists the departments considered 
throughout the study. 

Table A2 presents the material flow matrix, showing the number of units transported 
between each pair of departments. The SLP analysis considers all eleven functional areas in 
the factory, including the warehouse. During the subsequent GA optimization, the warehouse 
was excluded from the optimization variables because it serves as a flexible raw-material 
storage and temporary buffer area. Consequently, the GA optimized only the ten production 
departments. 

Table A3 provides the corresponding rectilinear distances (in meters), while Table A4 
reports the transportation time calculated using a handling speed of 40 m/min. These matrices 
quantify the interaction intensity between departments and determine the cost impact of their 
relative placement. 

Table A5 lists the cost per minute associated with each production area. These values 
were used in calculating the TMHC. Using the flow, distance, and cost data, the TMHC matrix 
was computed and is shown in Table A6. The TMHC for the existing configuration is 7062.5 
L.E. per transformer. 

Table A1. Department numbering used throughout the study. 

ID Department 
1 Warehouse 
2 Raw material area 
3 Fin folding and rib welding 
4 Welded ribs 
5 Tank assembly area 
6 Welding area 
7 Shot blasting 
8 Testing waiting area 
9 Testing area 
10 Painting area 
11 Painted tanks storage area 

Table A2. Material flow matrix (No. of units). 
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From-To 1 2 3 4 5 6 7 8 9 10 11 
1 0 6 0 0 0 0 0 0 0 0 0 
2 0 0 1 0 0 0 0 0 0 0 0 
3 0 0 0 4 0 0 0 0 0 0 0 
4 0 0 0 0 4 0 0 0 0 0 0 
5 0 0 0 0 0 1 0 0 0 0 0 
6 0 0 0 0 0 0 1 0 0 0 0 
7 0 0 0 0 0 0 0 1 0 0 0 
8 0 0 0 0 0 0 0 0 1 0 0 
9 0 0 0 0 0 0 0 0 0 1 0 

10 0 0 0 0 0 0 0 0 0 0 1 

Table A3. Distance matrix (m). 

From-To 1 2 3 4 5 6 7 8 9 10 11 
1 0 143 0 0 0 0 0 0 0 0 0 
2 0 0 2 0 0 0 0 0 0 0 0 
3 0 0 0 21.5 0 0 0 0 0 0 0 
4 0 0 0 0 2.33 0 0 0 0 0 0 
5 0 0 0 0 0 12.2 0 0 0 0 0 
6 0 0 0 0 0 0 26 0 0 0 0 
7 0 0 0 0 0 0 0 30.7 0 0 0 
8 0 0 0 0 0 0 0 0 9.34 0 0 
9 0 0 0 0 0 0 0 0 0 36.1 0 

10 0 0 0 0 0 0 0 0 0 0 13.1 

Table A4. Time taken between stations (min). 

From-To 1 2 3 4 5 6 7 8 9 10 11 
1 0 9.53 0 0 0 0 0 0 0 0 0 
2 0 0 2.20 0 0 0 0 0 0 0 0 
3 0 0 0 8.60 0 0 0 0 0 0 0 
4 0 0 0 0 3.92 0 0 0 0 0 0 
5 0 0 0 0 0 1.22 0 0 0 0 0 
6 0 0 0 0 0 0 2.60 0 0 0 0 
7 0 0 0 0 0 0 0 3.07 0 0 0 
8 0 0 0 0 0 0 0 0 1.93 0 0 
9 0 0 0 0 0 0 0 0 0 3.61 0 

10 0 0 0 0 0 0 0 0 0 0 1.31 

Table A5. Cost per minute for each area. 

Area Cost/Time (L.E./min) 
Fin folding 284.7 

Rib Welding 129.6 
Tank assembly 93.3 

Welders 107.8 
Tank testing 150.2 

Shoot blasting 281 
Warehouse 126.3 

Painting 284.7 
Tanking 262 
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Table A6. TMHC. 

From-To 1 2 3 4 5 6 7 8 9 10 11 Sum 
1 0 2714  0 0 0 0 0 0 0 0 2714 
2 0 0 56 0 0 0 0 0 0 0 0 56 
3 0 0 0 1114 0 0 0 0 0 0 0 1114 
4 0 0 0 0 86 0 0 0 0 0 0 86 
5 0 0 0 0 0 131 0 0 0 0 0 131 
6 0 0 0 0 0 0 730 0 0 0 0 730 
7 0 0 0 0 0 0 0 862 0 0 0 862 
8 0 0 0 0 0 0 0 0 140 0 0 140 
9 0 0 0 0 0 0 0 0 0 1027 0 1027 

10 0 0 0 0 0 0 0 0 0 0 196 196 
L.E./transformer 7062.5 

The closeness relationships among departments were evaluated using the SLP codes 
(A = Absolutely necessary, E = Especially important, I = Important, O = Ordinary, U = 
Unimportant, and X = Undesirable). These relationships are visualized in the activity 
relationship diagram. Figure A1 illustrates the diagram generated during the SLP 
analysis. At the same time, Figure A2 illustrates the conceptual block layout generated 
from the SLP procedure. It reflects the logical arrangement recommended by the SLP, 
based on workflow, material movement, and the importance of adjacency. 

 

Figure A1. Activity relationship diagram (ARD) developed using the SLP closeness ratings (A, E, I, 
O, U, and X). 
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Figure A2. Initial conceptual block layout generated during the SLP phase, before optimization. 

Notably, the spatial order of departments produced by this conceptual layout closely 
aligned with the facility’s current physical configuration. The material movement paths 
across the facility are illustrated in Figure A3. 
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Figure A3. Material flow within the facility. 

Figure A4 provides a visualization generated with VisTable to verify the accuracy of 
the obtained TMHC. Therefore, the existing factory layout was adopted as the initial 
layout for the GA optimization and DES verification stages. This ensures that the 
optimization process begins with a realistic baseline that already satisfies most qualitative 
SLP constraints. 

 

Figure A4. Factory’s layout using VisTable. 
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