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Featured Application

Evolutionary algorithm-based computational tool for optimizing layout and trajectories in robotic
cells, reducing cycle time and occupied area.

Abstract

The optimization of robotic cells is a key challenge in the manufacturing industry due to the need to
maximize efficiency in limited spaces and minimize operation times. Traditional cell design methods
often face challenges due to the high complexity and dynamic nature of real-world applications. In
response, this study presents a dual approach to optimize both spatial design and traversal time in
robotic cells, using bioinspired evolutionary algorithms. Initially, a genetic algorithm is employed to
optimize the layout of the cell elements, reducing space usage and avoiding interferences between
workstations. Subsequently, an ant colony optimization algorithm is used to optimize the robots’
trajectories, minimizing cycle time. Through simulations and a digital model of the cell, key metrics
such as total space reduction, operational time improvement, and productivity increase are
evaluated. The results demonstrate that the combination of both approaches achieves significant
improvements, enabling an average reduction of 21.19% in the occupied area and up to 20.15% in
operational cycle time, consistently outperforming traditional methods. This approach has the
potential to be applied in various industrial configurations, representing a relevant contribution in
the integration of artificial intelligence techniques for the enhancement of robotic systems.

Keywords: optimization; robotic cells; genetic algorithm; ant colony algorithm

1. Introduction

In today’s industrial landscape, where speed and efficiency are critical factors for success,
optimizing robotic processes is not only a technical challenge but also a strategic necessity to maintain
competitiveness. A robotic cell (RC), defined as an automated system composed of one or more
robots, is designed to perform specific tasks in manufacturing and industrial production, such as
assembly, welding and material handling. These configurations not only optimize workflow but also
reduce human intervention, improve precision, and enhance efficiency in a controlled and safe
environment [1,2].

The current trend in the design and improvement of RC focuses on optimizing operations to
maximize productivity, reduce cycle times, and minimize operational costs [3]. This focus has led to
the exploration of advanced methods aimed at enhancing overall performance and leveraging the
capabilities of automated systems more effectively.

Traditionally, RC design has been carried out using methods that, while effective in some cases,
often lack efficiency, flexibility, and scalability. Early designs required multidisciplinary teams to
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undergo iterative processes of review-adjustment, evaluating cell productivity through cost-benefit
analyses [4]. Some authors proposed initiating the design process by determining the relative position
of the robot and its assigned tasks, followed by incorporating machine dimensions, workstation
locations, orientations, and specific operational characteristics of the implemented robot [5].

Other studies have addressed the optimization of cycle times and robotic trajectories using
mathematical models based on kinematics and dynamics. These models calculate joint angles,
velocities, and accelerations but are limited to well-defined and controlled systems [6-8].

Classical optimization algorithms, such as gradient descent, have been employed to adjust
trajectories and minimize energy or time, while linear programming has been used to optimize
dynamic work areas. However, these approaches have shown limitations in scalability and efficiency,
particularly in nonlinear or large-scale problems [9]. On the other hand, simulations have served as
practical tools to optimize trajectories and spatial layouts before the physical implementation of
robots. These simulations allow for testing multiple configurations without disrupting production,
identifying potential collisions, and significantly reducing testing time and costs. Nevertheless, their
effectiveness heavily relies on the fidelity of the simulated model [10,11].

Additionally, expert systems, generally based on rule-based models, have enabled the
integration of historical engineering data to generate process design alternatives that consider both
performance requirements and the specific constraints and specifications of robots and components
[12,13].

Feedback-based optimization operates in real-time using sensors, such as cameras and force or
position sensors, to dynamically adjust robotic trajectories. Algorithms analyze sensor data to correct
paths and avoid collisions. While this approach adapts well to dynamic environments, its response
is slower due to higher computational demands compared to preprocessed solutions [14,15].

Meanwhile, the combination of virtual reality and digital twins is revolutionizing the design,
analysis, and optimization of RC. Through 3D virtual models that accurately replicate all physical
components in a digital environment, these tools allow for the simulation of various spatial
configurations before making physical changes, providing an immersive real-time experience. These
models are particularly useful for identifying ergonomic or accessibility issues that traditional
algorithms might overlook. However, despite their ability to test multiple configurations, the number
of scenarios that can be simulated is limited by computational resources and system capabilities,
preventing guarantees of global optimization [16-18].

Recent research has explored advanced algorithms, such as mixed-integer programming and
evolutionary algorithms, to address complex optimization problems. Genetic algorithms (GA) have
been successfully applied to solve production flow problems with blocking constraints and variable
processing times [19], as well as hierarchical planning focused on optimizing postures and
movements [20].

In [21], a heuristic algorithm optimizes the placement of workstations, modeling the robot
through homogeneous transformation matrices, representing components with cylindrical
envelopes, and identifying collisions via 2D circular projections. Trajectories are segmentally
adjusted after relocating interference points. Furthermore, approaches based on GA, particle swarm
optimization (PSO), ant colonies optimization (ACO), and differential evolution have proven
effective in optimizing criteria such as workspace layout, operational time, and system
manipulability, with PSO algorithms standing out for their high-quality solutions [22].

Evolutionary algorithms (EA), however, present certain limitations, including high
computational costs, reliance on well-defined objective functions, and challenges in handling
constraints. Additionally, they may produce solutions that are difficult to interpret, restricting their
effectiveness and applicability in complex or resource-constrained environments. For instance, an
algorithm might suggest placing two workstations at opposite corners of the cell to minimize
interferences, but this layout could be impractical for human supervision or maintenance access. The
quality of results is closely tied to the proper selection of parameters, such as population size,
mutation rates, and crossover rates. Nevertheless, they excel at exploring extensive solution spaces,
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even in complex and nonlinear problems with multiple variables, demonstrating effectiveness in
scenarios with uncertain or dynamically changing parameters [23].

While simulations enable visualization of system behavior, facilitating the identification of
issues such as collisions, inefficient trajectories, or bottlenecks, EA stands out for their capacity for
global exploration and optimization. Several authors suggest that combining both tools may lead to
better results [21,22].

This article proposes an integrated approach for optimizing the design of workspaces and cycle
time in RC, addressing the limitations of current methods and tools. The approach involves using
GA to optimize workspace distribution by determining the optimal placement of workstations,
followed by an ACO algorithm to identify the shortest process trajectory. Together, these algorithms
form an accessible design tool that does not require advanced knowledge for implementation,
reducing reliance on highly specialized experts.

The method is implemented and evaluated in practical industrial scenarios, with results
validated using Mitsubishi’s RT TOOLBOX3 PRO simulation software [24]. Additionally, innovative
criteria are introduced for evaluating RC designs, emphasizing flexibility, resilience, and
reconfigurability. This approach integrates emerging technologies with advanced algorithms to
deliver scalable, efficient, and practical solutions applicable to both academic research and industrial
operations.

2. Materials and Methods

2.1. Robotic Cell

A RC is an integrated system in manufacturing and industrial automation that employs one or
more robots, along with equipment and tools, to perform specific tasks such as assembly, welding,
painting, material handling, and inspection. These cells are designed to enhance efficiency, precision,
and safety in production processes. They are particularly useful for reducing labor costs, improving
product quality, and operating in hazardous environments. Additional benefits of a RC include
reducing human errors, enabling continuous operation, and improving product consistency.
However, their implementation involves a significant investment, making it crucial to optimize their
programming, particularly in transportation and processing operations, to avoid bottlenecks and
maximize performance [25].

The layout of a RC is the structural design that organizes robots, equipment, tools, and
workstations within a cell to optimize workflow, minimize downtime, and maximize efficiency.
Achieving an efficient design requires consideration of factors such as material flow, optimal space
utilization, safety, flexibility to adapt to changes, and equipment integration. Layouts are classified
into configurations based on process requirements and space constraints. Among the most common
are:

e Linear layout: Equipment and robots are arranged sequentially for high-volume processes.

e  U-shaped or open layout: Optimizes space, facilitates quick access between stations, and offers
greater flexibility for customized configurations.

e Cellular or circular layout: Robots operate from a central position toward distributed stations,

suitable for continuous or loop-based cyclic processes [26].

Proper planning of these aspects contributes to improving costs, productivity, and the overall
quality of the automated system. Figure 1 illustrates the typical configurations of an RC.

Work area optimization focuses on strategically organizing the physical space to ensure a
continuous workflow. Meanwhile, cycle time optimization reduces the time required to complete
tasks by eliminating unnecessary movements. Together, these strategies enhance production speed,
lower operational costs, and ensure effective and safe processes [23].
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Figure 1. Configurations of a RC: (a) Circular: facilitates quick access between stations and optimizes space usage
in compact areas. (b) Linear: enables a logical and sequential flow of materials or products, ideal for assembly
line processes. (c) U-shaped: allows the workflow to return to the starting point, reducing downtime and

minimizing material movement.

2.2. Genetic Algorithm

A GA is an evolutionary algorithm inspired by natural selection and the biological processes of
reproducing the fittest individuals. Initially, the GA generates a population of random candidate
solutions, referred to as individuals or chromosomes. Each chromosome consists of a set of genes that
represent the problem's variables. The evolutionary process is governed by an iterative mechanism
in which a fitness function evaluates how well a solution addresses the problem. The higher the
fitness, the greater the probability of the solution being selected for the next generation [27].

GAs employ three main operators to drive the evolutionary process:

Selection: This process determines which chromosomes will contribute to the next generation.
The most common methods include Roulette Wheel, where the probability of selection is
proportional to an individual's fitness; Tournament, in which a random group of individuals is
selected, and the fittest advances; and Rank Selection, which orders individuals by their fitness and
assigns selection probabilities proportional to their rank.

Crossover: This operator combines pairs of chromosomes to produce new offspring. Crossovers
can occur at one or two random points or follow a fixed probability to determine the crossover
location.

Mutation: This introduces variability by randomly altering one or more genes in a chromosome.
Mutation prevents the population from becoming trapped in local optima and enhances exploration
of the search space [28].

Figure 2 illustrates the cycle of a GA, represented as a circular flowchart. It begins with an initial
population of chromosomes and progresses through key stages such as fitness evaluation, selection
of the fittest individuals, crossover to generate new chromosomes, and mutation to introduce
variability. These stages are repeated iteratively until a stopping criterion is met, such as a predefined
number of generations or no change in the fitness value, highlighting the continuous evolutionary
process toward optimal solutions.

Selection Crossover

/' TN
L

®

-

Fitness (Best Solutlon) Mutation

Figure 2. The GA cycle illustrates the core stages of the evolutionary process: initialization of the population,
evaluation of individuals, selection of the best candidates, application of genetic operators (crossover and
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mutation), and generation of a new population. This cycle is repeated iteratively until a predefined stopping
criterion is satisfied.

2.3. Ant Colonies Algorithm

ACOQO is a search technique inspired by the collective behavior of ants in finding short paths to a
food source. Ants initially move randomly until they discover food, then return to their colony while
depositing pheromones along their path. These pheromones serve as a guide for other ants to follow
the same route, allowing them to find the food source without moving randomly. If multiple paths
to the food source exist, shorter paths will accumulate higher pheromone concentrations, making
them more attractive. Conversely, longer paths will gradually lose pheromones due to their volatility.
In this way, the ants collectively determine the shortest route [29].

In ACO, artificial ants search for solutions within a defined search space. Pheromones are
represented as numerical values that reinforce the best solutions, while suboptimal ones are
discarded through an evaporation process. With successive iterations, the algorithm converges
towards the optimal or near-optimal solution, emulating the cooperative and adaptive behavior of a
colony of ants. Mathematically, the problem is represented as a graph where nodes correspond to
states and edges represent transitions between them. An initial uniform amount of pheromone is
assigned to all edges. A set of artificial ants constructs solutions by traversing the graph, starting from
an initial node and building a complete solution. The probability of selecting an edge depends on the
higher pheromone levels and problem-specific information, such as distance or cost [29].

The probability Z; of an ant selecting edge (i,j) is calculated as [30]:

[Tij]a [#ij]ﬁ

Ykecandidates [Tij] ¢ [Hii]ﬁ

i )
where:

7ij : Pheromone level on edge (i ).

i : Heuristic value associated with edge (i,j).

a : Importance of pheromones.

[ : Importance of heuristics.

This probabilistic selection ensures a balance between exploration of new paths and exploitation
of existing high-quality solutions. Once the ants complete their solutions, the quality of each solution
is evaluated based on the problem's objective function. The pheromone levels on the transitions used
in the best solutions are updated by adding pheromones. Meanwhile, the pheromone levels on other
transitions are reduced by an evaporation factor, preventing stagnation in suboptimal solutions. The
pheromone update is mathematically expressed as [30]:

75 = (1= p)tj + Aty )

where:

A i : Increment in pheromone on edge (i,j), typically proportional to the inverse of the solution
cost or another performance metric.

0 : Evaporation rate, controlling the reduction of pheromone levels.

The above steps are repeated for a fixed number of iterations or until a stopping criterion is met,
such as reaching an optimal solution. Figure 3 illustrates the ACO cycle through a circular flowchart,
highlighting the main stages of the process.

(@ (b) (c)
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Figure 3. Key stages of the ACO: (a) Initialization of the environment, (b) solution construction by the ants,

solution evaluation, and pheromone update, and (c) repetition of the cycle until a stopping criterion is met.

2.4. Methodology

This study proposes a dual-approach evolutionary methodology for the optimal design of RC,
aimed at simultaneously improving spatial distribution (layout) and temporal efficiency (robot
trajectory). The solution is structured in two main stages: the first phase employs a GA to optimize
the placement of workstations within the cell, while the second phase uses an ACO algorithm to
determine the most efficient trajectory of the robotic arm between those stations.

2.4.1. Geometric Modeling of the Robotic Cell Environment

The physical environment of each RC consists of a specific set of workstations with variable
dimensions, an industrial robot, and a defined operating area. Each of these elements is modeled as
a rectangular polygon, defined as:

workstation; = {(xmin' Ymin)» Emazxs ymax)} 3)

RobotBase = {(x1,¥1), (x2,¥2)} 4)

where (Xmin, Ymin) and (Xmax, Ymax) correspond to the opposite corners of the diagonal that delimit the
area occupied by element i, as illustrated in Figure 4. This representation facilitates the calculation of
areas, collision detection, and verification of spatial constraints.

To ensure the operational feasibility of the system, geometric constraints are incorporated,
including exclusion zones, pedestrian pathways, physical interferences, and safety margins between
the various components of the cell.

L1 -

Work Area

Wy

W Width

Large

Figure 4. Geometric modeling of workstations, robot base, and defined operating area for the spatial

configuration of the RC.
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2.4.2. Design Vector and Objective Function Formulation

Once the physical environment of the RC has been defined, the problem is formulated as a
combinatorial multi-objective optimization, aiming to determine the optimal spatial configuration of
the workstations. The goal is to simultaneously minimize the total occupied area and the physical
interferences between components.

Each workstation is encoded as a gene within a continuous design vector. Since this is a real-
valued representation, each gene takes coordinates (xi yi) within the allowed domain of the
workspace:

Gen; = (x1,y,) € [0,L]x[0,W] ()

where L and W are the dimensions of the available workspace. A complete individual (i.e., a
candidate solution) is defined as:

Individual = {Gen,, Gen,, ..., Gen,} (6)

This modeling generates an initial population randomly distributed according to a uniform
distribution. Based on this encoding, the algorithm evaluates two objective functions:

e  Minimization of the bounding rectangle area that contains all workstations:
farea = (Xmax - Xmin) ' (Xmax - Xmin) (7)
e  Minimization of the number of interferences (geometric overlaps) between workstations:

finterference = Z(xi max = xj min A xj min = Ximin N Vimax = yj min N\ yj min = Vi min) (8)
ij

These objectives are combined in a weighted composite function:

feomb = Wi " farea + W2 " finterference 9)

where weights w1 and w2 allow adjusting the relative importance of each objective, prioritizing in this
case the elimination of physical interferences.

2.4.3. Evolutionary Operators

Once the population is evaluated using the composite fitness function, individuals are selected
to participate in the crossover stage. A binary tournament selection strategy is employed due to its
balance between computational simplicity and effective selective pressure.

This process involves performing A=N/2 independent tournaments, where N is the population
size. In each tournament, two individuals are randomly selected using uniform sampling, and their
performance is compared based on the objective function, which weighs both the occupied area of
the layout and the number of interferences between stations. The better-performing individual is
chosen as a parent.

The proposed GA relies solely on the classic one-point crossover operator. This choice is based
on two key considerations:

1. Structured exploratory capability: crossover enables the efficient recombination of promising
solutions, facilitating the transfer of useful substructures (gene blocks) between individuals
without significantly disrupting the integrity of the layout.

2. Population stability: by omitting random mutation operators, uncontrolled dispersion in the
search space is avoided, allowing smoother convergence toward feasible regions of the design
space.

The crossover operator is applied with a probability Pc, generating two offspring from a
randomly selected point n within the gene vector. The first offspring inherits the first n genes from
the first parent and the remaining genes from the second parent; the second offspring is constructed
in reverse. This scheme maintains structural diversity without the need for additional operators,
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which is particularly beneficial in problems where the station topology directly affects the feasibility
of the resulting design.

2.4.4. General Framework of the Proposed Genetic Algorithm

The GA was implemented using the Python programming language [31], version 3.5, within the
integrated development environment (IDE) Visual Studio Code [32], version 1.91. Experimental tests
were conducted on a computer equipped with an 11th Gen Intel® Core™ i7-11800H processor
running at 2.30 GHz and 64 GB of RAM.

The overall workflow of the algorithm is summarized in Algorithm 1, which outlines the general
logic of the evolutionary process from the random generation of the initial population to the
identification of the best solution found after applying the defined evolutionary operators.

Algorithm 1: GA for RC layout optimization

1. #Inputs:

2:  # N: population size

3:  # G: number of generations

4:  # P crossover probability

5. # w1, w2 weights for area and interference

6:  # domain: coordinate bounds for station placement

7:

8:  def genetic_algorithm(N, G, Pc, w1, w2, domain):

9: population = initialize_population(N, domain) # Initialize population
10: for individual in population: ~ # Evaluate initial population

11: area = evaluate_area(individual)

12: interference = evaluate_interference(individual)

13: individual.fitness = w1 * area + w2 * interference

14: for generation in range(G):  # Evolutionary loop

15: new_population =[]

16: while len(new_population) <N:  # Tournament selection

17: parentl = tournament_selection(population)

18: parent2 = tournament_selection(population)

19: if random.random() <Pc:  # One-point crossover

20: childl, child2 = one_point_crossover(parentl, parent2)
21: else:

22: childl, child2 = parentl.copy(), parent2.copy()

23: new_population.extend([child1, child2])

24: for individual in new_population:  # Evaluate new population
25: area = evaluate_area(individual)

26: interference = evaluate_interference(individual)

27: individual.fitness = w1l * area + w2 * interference

28: population = new_population  # Replace old population

29: best = min(population, key=lambda ind: ind.fitness) ~ # Return best solution
30: return best

31:
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2.4.5. Sensitivity Analysis and Parameter Tuning of GA

To validate the robustness of the GA and select efficient parameter configurations, a sensitivity
analysis was performed on key evolutionary parameters: population size, number of generations,
crossover probability (Pc), and the weights w1 and w used in the composite fitness function. The aim
was to assess how these values affect layout quality, station interference, and execution time.

This analysis consisted of multiple algorithms runs, where each parameter was varied
systematically while holding the others constant. The impact on performance metric, such as
convergence time, number of collisions, and total area were recorded for each setting.

Crossover Probability (Pc): This parameter controls how frequently the recombination operator
is applied to the selected parents. Since crossover is the only evolutionary operator used, a high P.
(between 0.9 and 1.0) is recommended to promote broad exploration and prevent premature
convergence. Slightly lower values (e.g., 0.8 or 0.85) may be considered if population diversity
declines.

Population Size and Number of Generations: These parameters were empirically tuned based
on algorithm performance under different test cases. Larger populations improve genetic diversity
but increase computation time. Similarly, more generations enable deeper exploration but at higher
computational cost. Tests showed that using between 30 and 100 individuals and 50 to 150
generations provided a good balance between solution quality and processing efficiency.

Weights w; and w; in the Composite Function: Each candidate solution was evaluated using a
weighted fitness function (9) that combines two objectives: minimizing the total layout area (farea) and
minimizing physical interferences between stations (finterference). The following weight combinations
were tested: wi =1, wo=100; wi =1, w, =500; w1 =1, w, = 1000.

The final selection was based on solutions that avoided interference while maintaining compact
layouts. Interference reduction was prioritized due to its critical impact on the physical feasibility of
the RC.

Table 1 presents a representative subset of the results obtained, specifically the top 10 scenarios
evaluated during the sensitivity analysis. Each row shows the parameter combinations that delivered
the best performance in terms of layout compactness, interference elimination, and execution time.
This selection highlights the most efficient configurations and provides empirical support for the final
parameter choices used in the GA implementation.

Table 1. Best parameter combinations of GA obtained from the sensitivity analysis.

Execution time

Population = Generations P. w1 w2 area (u?)! Interferences (min)
60 100 0.95 1 500 81 0 15.12
60 100 0.95 1 500 95 0 17.25
60 150 0.95 1 1000 71 1 24.92
30 50 0.90 1 100 85 1 23.04
100 100 1.00 1 500 78 2 24.92
30 150 0.90 1 1000 90 2 27.16
60 50 0.95 1 100 77 3 15.69
100 50 1.00 1 100 92 3 24.92
30 100 0.90 1 500 95 3 25.20
100 150 1.00 1 1000 94 3 31.29

T u? denotes square units relative to the coordinate system of the work area.

The sensitivity analysis enabled the identification of efficient configurations of the GA in terms
of both solution quality and execution time. The most effective parameter combination was achieved
with a population size of 60, 100 generations, a crossover probability P=0.95, and weights wi=1 and
w2=500. This configuration produced a layout with an occupied area of 81 square units, no
interferences between stations, and an execution time of only 15.12 minutes.

This result shows that moderate parameterization can be sufficient to reach optimal solutions
(in terms of population size and number of generations), provided that adequate selective pressure
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is maintained through crossover and that geometric feasibility is prioritized via proper weighting in
the objective function.

2.4.6. Graph Model

At this stage, the goal is to optimize the robotic arm’s path between the workstations, based on
the spatial configuration previously determined by the GA. To achieve this, a fully connected directed
graph is constructed, where each node represents a workstation located at coordinates (x, y), and
each edge corresponds to a possible path between two stations.

The graph is formally defined as:

G= (V,E) (10)
where:
V={v1, vs, ..., vn} is the set of nodes representing the workstations in the optimal layout produced
by the GA.

E={(vi, vj) | i#j} is the set of edges representing all possible transitions between station pairs.

Each edge (vi, v)) is associated with a heuristic cost 1;, which can be computed based on the
Euclidean distance between stations or estimated travel time considering the robot arm’s constraints,
such as maximum speed and acceleration.

The graph is implemented using an adjacency matrix, where each cell stores the heuristic value
and the corresponding pheromone level for that edge. This graph model serves as the foundation for
applying the ACO algorithm, which aims to find the most efficient route visiting each station exactly
once while minimizing the robot’s total cycle time. Figure 5 shows an example of a graph with four
stations, where the heuristic cost and pheromone level associated with each edge are illustrated.

123 T23 732, T32

Figure 5. Directed graph representation with workstations, heuristic costs, and pheromone levels for each

trajectory.

2.4.7. Definition of ACO Parameters

The performance of ACO largely depends on the appropriate configuration of its key
parameters, which govern the balance between exploration of the solution space and convergence
toward optimal solutions. The following are the main components that determine the system’s
behavior:

Number of ants (m): Each ant represents a tentative solution that visits all stations exactly once.
One ant per station was used (m = n), allowing each ant to start from a different station to enhance
diversity in graph exploration.

Initial pheromone (7o): A uniform pheromone value was assigned to all edges at the start of the
algorithm, typically ranging from 1 to 2. This neutral setting enables the evolutionary process to guide
path selection based on accumulated performance.
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Evaporation rate (p): Controls how quickly pheromone values decrease in each iteration. High
values of p (0.4-0.5) promote exploration, while low values (0.1-0.2) promote exploitation and faster
convergence. In this work, values between 0.1 and 0.5 were evaluated.

Heuristic (1;): Each edge (i, j) has a heuristic value based on the estimated travel time,
considering robotic arm constraints such as maximum speed and acceleration. It is calculated as:

1
time;;

nij = (11)

Higher values indicate more favorable paths.

Relative importance of pheromone and heuristic (@, §): These parameters control how much the
ant's decisions are influenced by accumulated pheromone a versus the local heuristic . In this
implementation, values between 1 and 2 were used for both, promoting a balanced influence between
past success and travel efficiency.

Number of iterations: A maximum of 1000 cycles was set as the stopping criterion. Alternatively,
the algorithm halts if no substantial improvement is observed over 20 consecutive iterations.

A dual strategy combining intensification and diversification was implemented to guide the
search process. Intensification reinforces the most promising paths by increasing pheromone levels
on successful routes, while diversification promotes exploration through pheromone evaporation
and the deployment of multiple ants with randomized initial routes. This balance is essential to
prevent premature convergence to suboptimal solutions and to avoid excessive exploration without
meaningful improvement.

2.4.8. General Scheme of the Proposed ACO

Based on the previous sections, the pseudocode summarizing the general logic of the ACO is
presented. This includes the processes of route construction, total travel time evaluation, pheromone
level updating, and identification of the best solution found.

The implementation was carried out using the same hardware and software resources
previously employed in the execution of the GA. The complete procedure is described in Algorithm
2.

Algorithm 2: ACO for minimizing robot path time between stations

1:  #Inputs:

2:  # m:set number of ants

3:  # E:iterations

4:  #t0: initialize pheromone

5. # p: evaporation rate

6:  # a: pheromone influence

7:  # b: heuristic influence

8:  # Q: pheromone deposit factor

9:

10: initialize_pheromone_matrix(t0)  # Set initial pheromone value 0

11: calculate_heuristic_matrix(n) # Compute heuristic values based on travel time
12:

13: for interation in range(E):  # ACO main loop

14: solutions =[]  # Store all constructed paths and their travel times
15: for ant in range(m):  # Each ant constructs a solution

16: current_node = randomly_select_start_station()

17: visited_nodes = [current_node]
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18: tour = [current_node]

19: total_time =0

20: while not all_nodes_visited(visited_nodes):  # Construct the full tour
21: next_node = select_next_node(

22: current_node,

23: visited_nodes,

24 pheromone_matrix,

25: heuristic_matrix,

26: ab

27: )

28: total_time += estimate_time(current_node, next_node)

29: tour.append(next_node)

30: visited_nodes.append(next_node)

31: current_node = next_node

32: solutions.append((tour, total_time))  # Save the solution

33: pheromone_matrix *= (1 - p)  # Pheromone evaporation

34: best_solution = select_best_solution(solutions)  # Pheromone update
35: for i in range(len(best_solution[0]) - 1):

36: from_node = best_solution[0][i]

37: to_node = best_solution[0][i+1]

38: pheromone_matrix[from_node][to_node] += Q / best_solution[1]
39: if convergence_criteria_met(): # Check for convergence or stop criteria
40: break

41: return best _solution

42:

2.4.9. Sensitivity Analysis and Parameter Tuning of ACO

To assess the influence of key parameters in ACO on path optimization performance, a
systematic sensitivity analysis was carried out. The parameters considered included: the selection
probability associated with pheromone levels (a), ranging from 1.0 to 2.0; the heuristic influence
based on estimated distance (), also ranging from 1.0 to 2.0; the pheromone evaporation rate (o),
evaluated between 0.1 and 0.5; the initial pheromone quantity (Q), with values between 1.0 and 2.0;
the number of ants (m), set equal to the number of workstations (m = N); and the maximum number
of iterations (T), limited to 100 cycles.

Representative combinations of these parameters were defined, while maintaining the geometric
conditions of the RC fixed, based on the layout previously optimized by GA. Each configuration was
evaluated based on the total time required for the robot to visit all stations, considering kinematic
constraints such as maximum speed and acceleration.

The results revealed configurations that support convergence toward more efficient paths.
Specifically, higher values of a (between 1.5 and 2.0) and moderate evaporation rates (o between 0.2
and 0.4) led to more robust solutions by balancing the exploitation of promising paths and the
exploration of new alternatives. Additionally, it was confirmed that assigning one ant per station
yields good results without significantly increasing computation time. A summary of the evaluated
scenarios and the best results obtained is presented in Table 2.
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Table 2. Best parameter combinations of ACO obtained from the sensitivity analysis.
Pheromone heuristic pheromo.ne Initial Actual Best time
. evaporation ants (m) .
levels (x) influence (B) ) pheromone o Interaction (seg)
1.5 2.0 0.3 1.5 6 75 11.28
1.5 2.0 0.2 1.5 6 79 12.16
2.0 1.5 0.3 2.0 6 83 12.54
1.5 2.0 0.3 1.0 6 87 12.77
2.0 1.5 0.3 1.0 6 92 12.86
1.5 2.0 0.3 2.0 6 98 12.96
2.0 1.5 0.1 1.0 6 100 13.52
1.0 1.5 0.1 1.5 6 100 13.57
1.5 2.0 0.5 1.0 6 100 13.62
1.5 1.0 0.2 2.0 6 100 13.66

The results presented in the ACO Sensitivity Table clearly demonstrate how different parameter
combinations significantly affect the algorithm's performance, particularly in terms of the robot's total
travel time. The most efficient configurations were observed for values of a =1.5, 3 =2.0, 0=0.3, and
an initial pheromone level of Ty = 1.5. With this parameter setting, the algorithm was able to minimize
the total path time to below 11.28 seconds, representing highly favorable performance in terms of
temporal efficiency.

3. Results

The proposed methodological approach is validated through its application to three RC
currently operating in an industrial environment, corresponding to assembly, machining, and
screwing processes. Each cell is treated as an independent case study, allowing for the assessment of
the robustness, flexibility, and generalization capability of the applied evolutionary algorithms.

For each case, a comparison is made between the original configuration of the RC and the
optimized layout generated by the proposed algorithm, considering two main performance metrics:
e Occupied area of the RC, measured as the minimum rectangular area that encloses all the

stations.

e  Total cycle time, which refers to the time required to complete a full sequence of operations
between stations.

Additionally, the results are compared against the estimations provided by the commercial
software Mitsubishi RT TOOLBOX3 PRO, which is widely used in the industry for robot trajectory
simulation and evaluation. This comparative approach demonstrates the effectiveness of the
proposed model not only in relation to current operating conditions but also when benchmarked
against specialized and widely accepted industrial tools.

3.1. Case Study 1: Optimization of a Robotic Machining Cell

The CNC machining center is designed to manufacture three different types of shafts, each with
variations in length and diameter. The RC is composed of one input station, where raw parts are
loaded, and three output stations, where the finished products are placed and classified according to
the type of shaft produced. The CNC machine includes a circular exclusion zone that the robot cannot
reach due to its proximity to the base, which is modeled as a square-shaped area. Table 3 presents
the dimensions of each workstation, which will be used as a reference for applying the proposed
optimization methodology.

Table 3. Dimensions of machining stations.

Stations length (mm) Width (mm)
CNC 750 600
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Station 1 350 325
Station 2 400 150
Station 3 275 225
Sation 4 260 197
Robot base 300 300

The RC is equipped with a six-axis industrial robot (RV8CRLD-515 M, Mitsubishi Electric,
Tokyo, Japan), specifically designed for handling tasks in confined spaces. This unit supports a
payload of up to 8kg, provides a maximum reach of 931 mm, and features a repeatability of
+0.02 mm, making it suitable for precision operations in compact environments.

Figure 6 shows the robot installed within the RC, along with the technical specifications required
as input for the proposed algorithm.

RV8CRLD-S15 M, Mitsubishi Electric
Freedom of motion: 6

Installation Method: Floor

Speed: 10500 mm/s

Repeatability: 0,02 mm

Operating range: 340°

Max. Reach Radius: 931mm

Exclusion zone: 150 mm

Figure 6. RV-8CRL-D industrial robot installed in the RC with technical specifications used in the optimization

model.

For this case study, the maximum workspace considered by the algorithm corresponds to the
current layout of the RC, since the objective is to optimize this arrangement by reducing the utilized
area. The operational environment measures 847.5 mm in width and 1737 mm in length, representing
a total area of 1.47 m2. Based on the input parameters, which include the current spatial arrangement
of the workstations and the kinematic capabilities of the robot, the proposed optimization
methodology was executed. Figure 7 shows the current configuration of the RC prior to the
application of the optimization.

ROBOT ARM REACH ‘AREA, R=931mm, 340
.-/‘
R4
’
X4 ROBOTIC CELL AREA,
/ 1737 _mm
7
0

BASE
CNC ROBOT

Figure 7. Current configuration of the machining RC, showing the spatial layout of workstations and the

maximum workspace considered for optimization.

The GA evaluated multiple possible configurations within the defined workspace, considering
both geometric constraints and efficiency criteria related to the robot’s movement. As a result, a new,
more compact workstation layout was obtained, allowing the robot to access all stations without
excessive trajectories or collisions. The final configuration occupies an area of 750 mm by 1634 mm
(equivalent to 1.25 m?), representing a 14.97% reduction compared to the original area. Figure 8 shows
this optimized layout generated by the GA.
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ROBOT ARM REACH AREA, R=931mm, 340

................

a ~
k4 N\,
, .
- ROBOTIC CELL AREA, a=1.25m
1634 mm \

Figure 8. Optimized layout of the RC after applying for the GA.

After determining the optimal spatial configuration of the RC using the GA, the ACO was
applied to compute the robot's shortest trajectory between stations. To quantify its performance, a
comparative assessment was conducted across three reference scenarios: (1) the actual cycle time
recorded during the current operation of the cell, (2) the cycle time estimated by the Mitsubishi RT
TOOLBOX3 PRO simulation software using the new layout, and (3) the optimized cycle time
resulting from the execution of the ACO algorithm on the same configuration.

Table 4 summarizes the results obtained in each case, providing a quantitative evaluation of the
improvements achieved by the ACO in terms of cycle time reduction. This comparison serves to
validate the efficiency of the proposed model with respect to conventional simulation-based
approaches.

Table 4. Cycle time comparison between the current configuration, optimization AG and simulation software,

and the ACO result.
Trajectory Current Transfer Time  AG+MRT Transfer AG+ACO Transfer
(s) Time (s) Time (s)

1 to CNC 4.56 4.46 4.12

2 to CNC 3.45 2.57 2.37

3 to CNC 3.89 4.03 3.71

4 to CNC 3.71 2.78 2.57

Total Time 15.61 13.84 12.77

The results presented in Table 4 reveal a substantial improvement in the performance of the RC
following the application of the proposed optimization methodology. Compared to the current cell
configuration, the total transfer time was reduced from 15.61 seconds to 13.84 seconds by
implementing the new layout optimized by the GA and simulating the transfer time using the
Mitsubishi RT TOOLBOX3 PRO software, representing an 11.34% improvement. This gain was
further enhanced by applying the ACO to the same spatial configuration, which reduced the total
time to 12.77 seconds. Overall, this outcome represents an 18.19% reduction in cycle time compared
to the original operational setup, validating the effectiveness of the proposed methodology for the
joint optimization of space and trajectory.

3.2. Case Study 2: Evolutionary Optimization in a Robotic Assembly Cell

The RC dedicated to the assembly process consists of five workstations arranged around an
industrial robot. The central station (Cell #3) is where the assembly takes place, while the remaining
stations hold the parts to be assembled. Once the process is completed, the finished product is
removed by an external system.

Table 5 shows the dimensions of each workstation, which serve as reference data for applying
the proposed optimization methodology. The total dimensions of the cell are 1305 mm in length and
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1180 mm in width, resulting in a total operational area of 1.54 m2. The exclusion zone of the robot
base has a radius of 395 mm.

Table 5. Dimensions of Robotic Assembly Cell.

Stations length (mm) Width (mm)
Assembly 3 750 400
Station 1 350 325
Station 2 400 150
Station 4 275 225
Station 5 260 197
Robot base 395 395

This RC is equipped with a Mitsubishi Electric RV-7FRD industrial robot (Mitsubishi Electric,
Tokyo, Japan), a six-axis vertical-type model installed on the floor. This robot provides full coverage
around its base, as it has a 240° operating range in both directions, allowing it to easily access
workstations distributed throughout its surroundings. It features a radial reach of 713.4mm, a
maximum operating speed of 11,064 mm/s, and a repeatability of +0.02 mm.

The technical specifications of the robotic arm, along with an image of the robot installed within
the cell, are shown in Figure 9.

RV-7FRD Mitsubishi Electric
Freedom of motion: 6
Installation Method: Floor
Speed: 11,000 mm/s
Repeatability: 2 mm
Operating Range: 480°

Max. Reach Radius: 713 mm

Exclusion zone: 395 mm

Figure 9. Mitsubishi Electric RV-7FRD robot installed in the RC with its main technical specifications.

Figure 10 shows the current layout of the RC used for the assembly process. In this configuration,
the workstations are arranged in a circular pattern around the robot’s base, efficiently leveraging its
radial reach to cover the entire operating area.

ROBOTIC CELL AREA, a=1.54m’

wS-3

1305 mm

ST

-

ROBOT ARM REACH AREA, R=713mm, 480

Figure 10. Current layout of the robotic assembly cell prior to applying the optimization.

Once the GA was executed, a more compact layout was obtained, featuring a linear arrangement
that reorganizes the stations into a narrower strip. The new dimensions were 950 mm in width and
1080 mm in length, resulting in a total area of 1.03 m?, which represents a 33.12% reduction compared
to the original design. Figure 11 shows the layout generated by the GA for the assembly RC.
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ROBOTIC CELL AREA, a=1.03m’
-

-

7
7
Ws-3

‘.

~.

-
o 1080 mm

ROBOT ARM REACH AREA, R=713mm, 480

Figure 11. Optimized layout of the assembly RC obtained using the GA.

As in the previous case study, a cycle time comparison was carried out across three scenarios:
(1) the current operational time, (2) the estimated time using Mitsubishi RT TOOLBOX3 PRO
software with the new layout optimized by the GA, and (3) the optimized time resulting from the
application of the ACO algorithm. Table 6 summarizes the results obtained, allowing for a
quantitative evaluation of the performance achieved in each case.

Table 6. Cycle time comparison in the assembly cell: current configuration, simulation-based estimate, and ACO

result.

Current Transfer Time  AG+MRT Transfer AG+ACO Transfer

Trajectory (s) Time (s) Time (s)
1to3 2.78 2.50 2.33
2to3 2.61 2.02 1.93
4to3 2.90 2.45 2.30
5to3 2.41 1.89 1.80

Total Time 10.70 8.86 8.36

Based on the results obtained, the total transfer time was reduced from 10.70 s in the current
configuration to 8.86 s by using the layout generated by the GA and simulated through the Mitsubishi
RT TOOLBOX3 PRO software, representing a 17.20% improvement. Subsequently, the
implementation of the ACO on the same spatial arrangement further reduced the total time to 8.36 s.
Overall, this resulted in a 21.87% reduction in cycle time compared to the original setup.

3.3. Case Study 3: Optimal Redesign of a Robotic Screwing Cell

This RC is designed to perform a screwing operation across six workstations, which are arranged
within a front-facing fixture area. Table 7 presents the dimensions of each workstation. The system
uses a four-axis SCARA robot, (RH-6CRH6020-D, Mitsubishi Electric, Tokyo, Japan), which operates
exclusively within the front area where the fixture is located. As a result, no rear exclusion zone is
considered in this configuration. Figure 12 shows the general specifications of the robot used in this
cell.

Table 7. Dimensions of Robotic Screwing Cell.

Stations length (mm) Width (mm)
Station 1 175 80
Station 2 170 85
Station 3 140 120
Station 4 195 180
Station 5 170 34
Station 6 120 60
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. RH-6CRH6020-D Mitsubishi Electric
Freedom of motion: 4

Installation Method: Floor
A Speed: 7,800 mm/s
Repeatability: 0.02 mm
;r &= Operating Range: 264°
W Max. Reach Radius: 600 mm

3 ] Exclusion zone: 162.6 mm

Figure 12. Mitsubishi Electric RH-6CRH6020-D robot installed in the Robotic Screwing Cell with its main

technical specifications.

Figure 13 shows the current layout of the RC dedicated to the screwing process. The operational
area measures 352 mm in width and 403 mm in length, resulting in a total area of 0.142 m2.

ROBOTIC CELL AREA
a=0.142m?
—_ =~
~
s = ~

]
[
/

AN
352 mm  \
7/

403_mm \
==

l BASE ) !
ROBOT |

ROBOT ARM REACH AREA, R=8600mm, 264"

Figure 13. Current layout of the RC used for the screwing process.

Figure 14 shows the resulting configuration after applying the GA to the screwing RC. In this
new layout, the workstations were redistributed to achieve a more compact and efficient
arrangement. The resulting dimensions are 345 mm by 345 mm, which corresponds to a total area of

0.12 m?, resulting in a 15.49% reduction in occupied area.

ROBOTIC CELL AREA
0=0.120m?

345 mm

ROBOT ARM REACH AREA, R=600mm, 264'

Figure 14. Optimized layout of the RC used for the screwing process.

In the first two case studies (machining and assembly), the working order of the stations was
predefined. Therefore, the optimization focused solely on improving the spatial distribution of the
workstations and the robot’s trajectory. In contrast, in the third case (screwing), there was no
predetermined sequence for visiting the workstations. This allowed the algorithm to freely modify
the execution order, adding an additional layer of optimization by reorganizing both the station
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layout and the operation sequence to minimize the total cycle time. Table 8 presents the results
obtained after applying the ACO to the optimized configuration of the screwing RC.

Table 8. Cycle times in the screwing cell: current configuration, GA + MRS, and GA + ACO

Current Transfer ~ AG trajectory AG+MRT Transfer AG+ACO Transfer

Actual trajectory Time (s) Time (s) Time (s)
1to2 1.92 5t03 1.78 147
2t03 2.46 3t06 1.98 1.64
3to4 3.12 6to1 3.41 281
4105 2.15 1t02 1.85 1.53
5106 1.98 2to4 2.10 1.81

Total Time 11.63 Total Time 9.60 9.26

In the current configuration, the total transfer time is 11.63 seconds. By applying the GA to
redesign the layout and estimate the times using Mitsubishi RT TOOLBOX3 PRO software
(GA+MRT), the total time was reduced to 9.60 seconds, representing a 17.45% improvement over the
original configuration. An additional improvement was achieved by applying the ACO algorithm to
the layout, reaching a total time of 9.26 seconds. This represents a total cycle time reduction of 20.38%
compared to the original setup.

It is important to note that the new execution order of the stations contributed to shortening
trajectories and generating a more logical flow within the fixture area, something that was not
possible in the previous case studies where the station order was predefined.

3.3. Results Analysis

Once the proposed methodology was applied to the three case studies, a quantitative analysis
was conducted to evaluate the impact of the optimization on both the utilized workspace and the
total cycle time. This analysis is summarized in Table 9, which presents the values obtained for the
current configurations and after the application of the GA + ACO.

Table 9. Quantitative comparison of the three case studies: area and cycle time reduction.

Transfer Time Transfer Time
Case Study Area Reduction (%) Reduction with Reduction with
GA+MRT (%) GA+ACO (%)
Case Study 1 14.97 11.34 18.19
Case Study 2 33.12 17.20 21.87
Case Study 3 15.49 17.44 20.38
Average 21.19 15.33 20.15

In all cases, a reduction in the occupied area was achieved by spatially reorganizing the
workstations, which demonstrates a significant improvement in the use of the available space. On
average, a 21.19% reduction in area was obtained, which serves as a reference for the potential that
the GA can offer in similar scenarios. Although this value should not be considered a universal
benchmark for all RC’s, it does provide a reasonable estimate of the spatial compaction capacity
achievable through optimization.

Simultaneously, a substantial decrease in the robot’s transfer times was observed, directly
affecting the total cycle time of each cell, with an average reduction of 21.15%. This translates into
greater operational efficiency, reduced bottlenecks, and increased production capacity without
requiring changes to the existing hardware.
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4. Discussion

The results obtained in this study validate the effectiveness of the proposed methodology based
on evolutionary algorithms for the simultaneous redesign of the workspace and the kinematic flow
in industrial RC. The methodology was applied to three representative case studies, and in all three
scenarios, a significant improvement was observed in key performance indicators such as occupied
area and total cycle time.

One of the main strengths of the approach lies in its ability to address a multi-objective
optimization problem through a sequential approximation strategy: GA reconfigures the spatial
arrangement of workstations by minimizing the occupied area, while ACO optimizes the robot's
trajectory over the resulting layout by minimizing transfer time. This decomposition makes it
possible to efficiently address a complex combinatorial problem with nontrivial geometric and
kinematic constraints. In industrial environments, where physical redesign is both costly and
disruptive, this computational strategy offers a scalable, viable, and low-cost solution.

From an operational perspective, the methodology proved sufficiently robust across different
topological configurations of RC, successfully adapting to circular, linear, and matrix-like layouts.
Moreover, the incorporation of geometric constraints, such as exclusion zones and robot reach
limitations, was effectively managed through parametric modeling of the workspace, confirming its
applicability in contexts with strict spatial restrictions.

However, some inherent limitations of the current approach were identified. First, the model
assumes deterministic and static operating conditions, excluding potential disruptions typical of
flexible manufacturing environments, such as variable cycle times or dynamic changes in task
sequencing. The integration of robust or stochastic optimization models could significantly broaden
the applicability of the proposed framework. Second, the computational cost associated with the
evolutionary search process, particularly in scenarios involving many stations or possible routes, can
become substantial. While computational times were acceptable for the case studies presented, future
applications in large-scale cells or systems involving multiple concurrent robots may require the
adoption of acceleration techniques such as GPU-based parallelization, pruning heuristics, or hybrid
methods incorporating machine learning.

Another critical aspect is the complexity involved in tuning the parameters of evolutionary
algorithms. The performance of such algorithms is highly sensitive to the choice of parameters. As
demonstrated in the sensitivity analysis, even small variations in parameter values can significantly
impact the quality of the solutions obtained. This highlights the need to incorporate systematic
methods for automatic parameter calibration, such as adaptive strategies, Bayesian optimization, or
self-tuning mechanisms based on meta-optimization techniques.

Additionally, the initial modeling and parametrization process requires detailed technical
knowledge of the robotic system and its workspace, which may hinder the adoption of the
methodology in industries lacking a digital infrastructure or prior experience in advanced simulation
and optimization. This underscores the importance of developing complementary tools, such as
graphical interfaces and automated model validation, to facilitate its use by non-expert users.

For future research, it is proposed to extend the model to account for uncertainty in workstation
availability or variability in process times, as well as to incorporate real-time sensor data to enable
dynamic adaptation of the layout. Furthermore, other metaheuristic approaches, such as PSO,
Differential Evolution, or hybrid algorithms integrating reinforcement learning should be explored
to compare performance, convergence behavior, and robustness.

Finally, considering the growing implementation of human-robot collaborative cells, the
methodology should be adapted to environments where safety, human interaction, and ergonomic
constraints introduce additional restrictions on layout design and robot motion. This will be a key
component in the development of more flexible, adaptive, and human-centered manufacturing
systems.
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5. Conclusions

This study presented a dual optimization methodology based on evolutionary algorithms for
the efficient design of industrial RC. The proposed approach sequentially and complementarily
addressed two fundamental objectives: the reduction of the workspace occupied by the workstations
and the minimization of cycle time through optimized robot trajectories. Experimental validation was
conducted on three real-world RC with different functions (machining, assembly, and screwing),
which allowed for a thorough assessment of the versatility, scalability, and effectiveness of the
proposed framework.

The results demonstrated that the methodology enabled an average reduction of 21.19% in
occupied area and 20.15% in operational cycle time. These percentages highlight the strong potential
of computational optimization as a tool to enhance productivity in manufacturing systems,
contributing to improved energy efficiency, reduced response times, and better utilization of
available floor space.

Additionally, the study revealed that the predefined task sequence imposed by the process can
act as a limiting factor in flow optimization. In the cases where the station order was fixed,
improvements were restricted to spatial reorganization. However, in the screwing case, where the
task sequence was flexible, shorter trajectories were achieved by modifying the execution order. This
finding opens new opportunities for applying combinatorial algorithms in environments with high
operational freedom.

Opverall, this work lays the foundation for a new intelligent design paradigm for RC, aimed at
continuous improvement through bio-inspired optimization tools, with immediate applications in
Industry 4.0 and agile manufacturing scenarios.
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