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Abstract—Optimization of robotic arm trajectories represents
a complex computational challenge critical for efficient and safe
automation. While traditional metaheuristic approaches have
achieved notable success, they often require extensive manual
parameter tuning and lack robustness when problem charac-
teristics change. This work introduces a novel approach to
robotic trajectory optimization based on the Modular Differential
Evolution (MODDE) framework. Instead of designing a single,
problem-specific algorithm, we employ a hyperheuristic frame-
work that autonomously manages and configures the components
of MODDE to identify optimal trajectories regarding execution
time and motion smoothness. We demonstrate that employing
this hyperheuristic control results in more robust and adaptive
solutions compared to manually tuned metaheuristics, represent-
ing a significant advancement in the practical application of
evolutionary computation.

Index Terms—Evolutionary computation, metaheuristics, mod-
ular design, robotic arm, trajectory optimization, Hyperheuris-
tics.

I. INTRODUCTION

Optimization algorithms are facing increasingly complex
challenges in real-world applications, requiring robust and
adaptive solutions [16], [38]. To tackle these issues, hyper-
heuristics have emerged as a highly effective and flexible
approach [2]. These enable the use of adaptive mechanisms
to achieve generality across diverse problem domains. One
direction involves using online learning for heuristic selection
and adaptive acceptance criteria [27]. Other studies integrate
hyperheuristic frameworks with standard metaheuristics, such
as Differential Evolution (DE), using history-based success
mechanisms [45]. Parameter adaptivity within metaheuristics
remains a crucial research area aimed at enhancing the robust-
ness and efficiency of the optimization process [42].

This challenge of robust adaptation is evident in robotic
trajectory optimization, a key prerequisite for successful de-
ployment in complex environments [14]. Classical determin-
istic planning algorithms can ensure collision-free paths [39],
but they often fail to simultaneously satisfy multiple practical
requirements, such as trajectory smoothness or multi-criteria
optimality [32], without time-consuming manual parameter
tuning [6]. Evolutionary algorithms (EAs) represent a promis-
ing alternative due to their global search capabilities [38].
However, EA performance is very sensitive to their config-
uration [4], essentially creating a new, complex optimization

This work was supported by the project GACR No. 24-12474S “Bench-
marking derivative-free global optimization methods”.

problem. These challenging robotics problems are also used
to assess transfer learning of surrogate models [28].

Building on the principles of hyperheuristics and modular
frameworks [2], this paper presents a fully modular computa-
tional framework that treats the design of the optimizer itself
as a high-level selection problem. Our approach is based on
a Modular Differential Evolution (MODDE) [40]. We frame
the challenge of algorithm configuration as a hyperheuristic
task to select the optimal combination of DE components and
parameters and geometry-specific parameters (that influence
the size of the search space) for a given robotic task.

To automate this process, our framework integrates the
Irace tool [31]. Irace functions as the high-level selector that
automatically configures and tunes the underlying MODDE
[37]. To efficiently address the high computational demands,
the framework is designed for massive parallelization, ensuring
scalability from multi-core desktops to cloud clusters. Finally,
we present a comparative study demonstrating the efficiency
and robustness of our automatically tuned, modular approach
on practical robotic planning tasks.

II. RELATED WORK
A. Classical Algorithms for Trajectory Optimization

Classical approaches to trajectory optimization for robotic
manipulators focus on key objectives such as minimizing
execution time and jerk, ensuring motion smoothness, and
avoiding obstacles [44]. A common goal is to generate time-
optimal smooth trajectories, which can be achieved through a
variety of methods. These include the use of B-spline curves
to guarantee continuity and smoothness, or sinusoidal jerk
models to shape the acceleration profile [12]. Other strategies
apply input shaping techniques to suppress vibrations rather
than explicitly constraining jerk [44].

For complex environments with dynamic obstacles, hybrid
strategies are frequently employed. One representative ap-
proach combines the Rapidly-exploring Random Tree (RRT)
algorithm for global path planning with the Artificial Potential
Fields (APF) method for real-time local replanning [43].
Sampling-based motion planning methods, often implemented
through libraries such as the Open Motion Planning Library
(OMPL), also play a crucial role [21]. The resulting trajec-
tories can be further refined using specialized trajectory opti-
mization algorithms, such as STOMP, within motion planning
pipelines [21].



Although originally developed for mobile robotics, methods
based on Generalized Voronoi Diagrams (GVD) are also
relevant to robotic arms trajectory planning. These techniques
aim to maximize clearance from obstacles, thereby increasing
path safety and efficiency [41].

B. Neural Network based Optimization

Neural networks are also used in this setting, employing
strategies that range from direct trajectory generation to hybrid
optimization frameworks [11]. Deep Reinforcement Learning
has emerged as a particularly powerful approach for multi-
objective trajectory optimization, aiming to minimize factors
such as energy consumption, smoothness, and accuracy. Some
methods even construct hybrid dynamic models, so called
digital twins, where a Deep Neural Network compensates for
unmodeled dynamics, and an RL agent subsequently exploits
this model to find energy and time efficient paths [29].

Another common strategy involves hybrid systems in which
neural networks serve a specific role within a broader op-
timization pipeline. For instance, Long Short-Term Memory
networks can model complex relationships such as energy
consumption, and the resulting model is then optimized using
genetic algorithms like NSGA-II [34]. Similarly, networks
trained via backpropagation can enhance the efficiency of
sampling-based planners such as Rapidly-exploring Random
Tree Star (RRT*) by guiding the exploration process [8].

Beyond hybrid systems, neural networks are increasingly
applied in direct trajectory generation. Modern deep learning
frameworks can compute inverse kinematics over entire paths,
enabling precise and adaptable trajectory generation without
requiring large existing datasets [25].

C. Evolution Algorithms Optimization

Metaheuristic and evolutionary algorithms are widely em-
ployed for optimizing robotic arm trajectories with the aim
of minimizing various objective functions, such as time, joint
travel distance, energy consumption, or trajectory tracking er-
ror, even in environments with obstacles [5], [35]. Commonly
applied methods include Particle Swarm Optimization (PSO)
[5], Artificial Bee Colony (ABC) algorithms [35], and Genetic
Algorithms (GA), including their multi-objective variants such
as NSGA-II, which have proven particularly effective for
multi-objective optimization and collision avoidance [14].

Several studies focus on benchmarking the performance of
different metaheuristics. For instance, in [17], seven algorithms
were compared, with variants of DE and Covariance matrix
adaptation evolution strategy (CMA-ES) [10] achieving the
best results, a finding confirmed using statistical tests such
as the Friedman test, commonly employed for comparing
stochastic algorithms [1], [15].

III. HYBRID MODULAR OPTIMIZATION FRAMEWORK FOR
PLANNING TRAJECTORIES

The trajectory optimization problem for robotic manipula-
tors can often be formulated as a black-box optimization task,
as finding an analytical solution is practically infeasible due

(a) Scene 1. (b) Scene 2.

Fig. 1: Case study environments. Red obstacles and the black
line (the direct line of sight between the start and the goal, on
which blue planar slices that cut through the free space are
projected). The purple polyline shows the RRT pre—generated
trajectory, and the orange curve highlights the final shortest
trajectory found by the evolutionary planner.

to high dimensionality of the configuration space, nonlinear
kinematics and dynamics of the robot, and the presence of
obstacles. To efficiently explore this complex search space and
obtain an initial, kinematically feasible trajectory, we employ
the RRT algorithm. This probabilistic method rapidly gen-
erates collision-free paths but does not guarantee optimality.
Therefore, the trajectory produced by RRT serves as an initial
solution, which is subsequently refined using MODDE, which
systematically improves the key waypoints of the trajectory
with the objective of minimizing a problem-specific fitness
function, such as total path length or motion smoothness (see
Figure 1).

A. Methods

1) RRT.: This algorithm is an efficient probabilistic method
for trajectory planning, particularly well suited for high-
dimensional spaces. Its core principle lies in incrementally
building a tree that rapidly expands into unexplored regions
of the configuration space. The tree is initialized at the start
configuration and iteratively extended [23].

In each iteration, a random point gpng is sampled from
the space, and the nearest node g¢ne, Of the existing tree is
identified. From this node, the tree is extended by a fixed step
size ¢ in the direction of the random point, thereby generating
a new node gpew, provided that the resulting edge does not
intersect any obstacles [20], [23]. The expansion process can
be described by the following equation:

Qrand — {near (1)

Gnew = Gnear + .
quand - qnear”

2) DE.: DE is an iterative method based on the enhance-
ment of a population of candidate solutions. In each gener-
ation, the algorithm creates new candidate vectors by com-
bining information from existing individuals and subsequently
compares their performance with the original solutions [3],
[33], [37]. If a newly created individual is better, it replaces
its predecessor in the population. The key operations of this
process are mutation, crossover, and selection.



l(-t), a mutant vector

is created by adding one randomly selected vector thl)
to the scaled difference of two other randomly selected vectors
xgt; and xgt?)) This process is described by the following

equation:

Mutation. For each target vector x
D
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where r1,r2,73 are mutually distinct random indices from
the population, and F' is the scaling factor that controls the
mutation strength.

Crossover. Subsequently, a trial vector ugtH) is created
by combining elements from the mutant vector VEtH) and the
original target vector xgt), which is controled by the crossover
rate parameter Cr. This process ensures the exchange of
information between successful solutions.

Selection. In the final step, the trial vector u§-t+1)
compared to the target vector X,Et). If the trial vector has a
better objective (fitness) function value, it replaces the original
vector in the population for the next generation. Otherwise, the
original vector is retained:
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where f(-) is the objective function. This simple yet effective
mechanism allows the algorithm to efficiently explore the
solution space.

3) MODDE.: Tt represents an extension of classical DE
through the principle of modularization. While standard DE
employs fixed mutation and crossover operators, the modu-
lar approach treats the individual components of the algo-
rithm—such as mutation strategies, crossover types, selec-
tion mechanisms, and constraint-handling methods—as inter-
changeable modules [13], [40].

The main advantage of this architecture is its flexibility
and suitability for automated algorithm configuration [40].
Instead of manually tuning parameters and selecting strategies
for a specific problem, specialized configuration tools, such
as Irace, can be used to systematically explore the space of
possible module combinations and their parameter settings.
The objective is to automatically assemble the variant of the
evolutionary algorithm that achieves the best performance for
the given optimization tasks.

4) Irace.: Irace is one of the modern tools for automatic
algorithm parameter configuration. The procedure follows a
stochastic, iterative process based on so-called races. In each
race, a set of candidate parameter configurations is evalu-
ated across multiple problem instances, while configurations
that exhibit statistically inferior performance are progressively
eliminated. After each iteration, new, potentially better config-
urations are generated from the best (elite) configurations and
used in the subsequent race [24], [30].

Through this mechanism, Irace efficiently explores the con-
figuration space and converges towards a robust parameter
setting that maximizes algorithmic performance for the given
class of problems [30], [31]. The parameters used in the Irace
tuning process are divided into three main groups: general

optimization parameters, DE-specific settings, and geometry-
related parameters [3], [37].

Main parameters. The mutation factor F' and crossover rate
CR both vary between 0.1 and 1.0. The base mutation can be
set to rand, best, or target. The population size ranges
from 5 to 1000 individuals.

DE parameters. The computational budget was set between
5000-50000 evaluations depending on experimets. The off-
spring size A denotes the number of trial (offspring) candi-
dates generated and evaluated per generation in the MODDE
framework, and the next population is selected from the union
of parents and offspring. We vary \ between 5 and 50.

DE/MODDE parameters. We use a modular DE variant
where the main choices control how strongly the search
explores or exploits [13], [40]. For mutation, the base vector
can be selected either randomly from the population (more ex-
ploration), as the currently best individual (more exploitation),
or as the current target individual (a more local, target-guided
search). The mutation can also use different reference pools:
either fully random parents, the current best, or a pool of top-
ranked individuals (“p-best”), where the pool size is defined
by value (0.1-1.0) [13]. For crossover, we switch between
a coordinate-wise mixing (each dimension can be inherited
independently) and a block-wise mixing (contiguous blocks
are copied), which changes how disruptive the recombination
is. When a new candidate leaves the search bounds, we either
keep it as is, clip it back to the bounds, or resample the
violating coordinates uniformly [3]. We optionally maintain
an archive of previously replaced solutions and reuse them
during mutation to help preserve diversity and reduce prema-
ture convergence. Finally, we allow occasional generation of
mirrored (“opposite”) candidates with probability 0.1-1.0 to
boost exploration, and we vary how many mutation compo-
nents are combined (1-2, optionally weighted) as well as an
oversampling factor (0.1-1.0) that controls how many trials
are produced relative to the population size.

Geometry-specific parameters. The geometric parameters
control how the trajectory optimization problem is constructed
and, consequently, the dimensionality of the search space. We
first consider a fixed straight line connecting the start and goal
positions. This line is divided by the split factor (geometric
division factor) in the range 5-25, which determines how
many segments (and thus how many intermediate locations)
are created along the line. For each division point, we construct
(project) a tangent plane that represents a local sampling
region in free space. The tangent size (2—4) defines the size of
these planes and therefore the spatial extent in which candidate
trajectory points are generated and optimized. Collision vali-
dation is performed by sampling 1000 spline points along the
interpolated trajectory, and infeasible trajectories are penalized
using a fixed penalty value of 200. By changing the split
factor and tangent size, the same scene can be solved at
different granularity levels, resulting in variable-dimensional
optimization problems [18], [36].
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Fig. 2: Deployed system scheme.

B. System Design

The architecture of the proposed system is structured around
three tightly integrated layers, jointly forming a robust and
scalable framework for large-scale optimization. At the core
of this framework lies a modular evolutionary algorithm,
designed with an emphasis on flexibility, extensibility, and
component reusability. This modularity enables the dynamic
composition and systematic evaluation of diverse evolutionary
operators and strategies without requiring modifications to the
algorithm’s core structure. In this paper, a job (or pod) simply
denotes one container instance executing a single configuration
evaluation in parallel.

On top of the optimization layer resides the automation
layer, implemented using Irace. This component orchestrates
the hyperparameter tuning process, efficiently exploring the
high-dimensional configuration space of MODDE. The en-
tire system is deployed within a distributed computing en-
vironment built on Kubernetes [22]. Within this architecture,
Irace operates as the central controller, generating candidate
configurations and dynamically allocating computational re-
sources by launching multiple instances of the evolutionary
algorithm as independent, containerized pods. The overall
system scheme, which enables massive parallelization of the
experiments, is shown in Figure 2.

C. Stage I: Initial Trajectory Generation with RRT

To identify an initial feasible trajectory within each scenario,
we implemented the RRT algorithm, with a budget of 10,000
iterations. For each scenario, the coordinates of the start and
goal positions were first loaded, together with the definitions
of rectangular obstacles and the boundaries of the sampling
space. In each iteration, a random point was sampled, the
nearest node of the existing tree was identified, and a new node
was created in the direction of the sampled point. A collision
check was carried out by sampling along the line segment
between the existing and the new node. If the segment did not
intersect any obstacles, the new node was permanently added
to the tree. Once the newly generated node approached the goal
and a direct, collision-free connection could be established, a
valid trajectory was considered found.

Due to the stochastic nature of the method, each scenario
was executed 100 times. For each run, the length of the

resulting trajectory was recorded, and the shortest one was
selected as the best solution. This trajectory was then stored
in the scene’s JSON definition, with its vertices serving as the
initial population for the MODDE algorithm.

From the RRT polyline we extract the points corresponding
to the tangent-plane divisions and form a seeded individ-
ual. The initial population is then completed by sampling
additional individuals as random perturbations around seed
populatio within the tangent-plane bounds (controlled by tan-
gent_size); this preserves feasibility while maintaining diver-
sity. For the non-seeded variant, all individuals are sampled
uniformly within the same bounds.

D. Stage II: Trajectory Optimization with MODDE

To make the optimization tractable, we optimize a geometric
path in the Cartesian workspace (a point moving in 3D),
rather than a specific robot joint-space trajectory. Each scene
is defined by a start point, a goal point, and a set of forbidden
regions (axis-aligned cuboids). The straight line between start
and goal is used as a backbone and is uniformly split into
segments. At each split position we construct a tangent plane
(defined with respect to the local direction of the backbone).
On every such plane we generate one control point; its
placement is determined by the decision vector x, restricted
to a bounded region around the backbone whose extent is
controlled by tangent_size. The full trajectory is then
obtained by spline interpolation (best-spline) through the start
point, the generated control points, and the goal point.

The candidate solution (one individual) is therefore a vector
of parameters that defines the set of control points:

T
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where p;(x) € R3 is the i-th control point on the i-th
tangent plane (the start and goal are kept fixed and are
not part of x). The parameter divided_by controls how
many split positions (and thus tangent planes) are created,
which directly determines n., and the dimensionality of x
(a variable-dimension setting [18], [36]).

The trajectory is evaluated by a weighted spline-length term
and fixed collision penalties applied both to control points and
to sampled spline points. The objective function is defined as

F(x) = wL(x) + f[q@i(xw} + i[Q(Sﬂx))P},

(&)
where L(x) is the length of the interpolated spline, w is the
path-length weight, p;(x) are the n, control points, s;(x) are
the ng, sampled spline points, ¢(-) is an indicator that returns
1 if a point lies in a forbidden zone and O otherwise, and P
is a fixed penalty value.

E. Automated Configuration with Irace

For the automatic configuration and tuning of MODDE, the
Irace framework was employed. This tool was integrated into
the computational system to systematically explore the ex-
tensive space of possible configurations, eliminating the need



for manual parameter tuning and enabling the identification
of optimal settings for specific robotic trajectory optimization
tasks.

The tuning process was executed in a parallel computing
environment using the containerization platform Kubernetes,
where the Irace master process dynamically generated and dis-
tributed individual computational jobs for evaluating candidate
configurations.

IV. EXPERIMENTAL EVALUATION

The experiment design focused on evaluating two key
aspects: the effectiveness of the automatically tuned evolu-
tionary planner and the benefit of RRT-generated solutions for
initialization. To this end, five trajectory planning scenarios
(Scenario 1 to 5) with varying levels of complexity were
defined, ranging from relatively open environments to scenes
with narrow passages and multiple obstacles.

For individual (per—scene) configuration, Irace was run
separately on each Scenario 1-5 with identical tuning hyperpa-
rameters: 20 initial candidate configurations, a per—candidate
budget of 5,000 fitness evaluations, and iterative racing that
retained the top five (elite) configurations per scene for final
validation on that same scene. The best per—scene configura-
tions were then used in cross—scene tests.

For each configuration we perform 20 independent runs per
scene across 5 scenes (6,000 runs total), and a per—candidate
budget of 50,000 evaluations, enabling analysis of both median
performance and variability

The iterative racing phase produced five elite configurations,
which were re—evaluated on a common validation set drawn
from all scenes. To ensure statistical significance, each config-
uration was evaluated on all five scenes with 100 independent
repetitions per scene. Including all training datasets, Irace
tried in total 3000 experiments per configuration, reaching
total of almost 3 millions test on individual scenarios. All
large-scale runs were executed on a local MicroK8s cluster
spanning two identical Ubuntu 22.04.5 LTS servers (AMD
Ryzen 7 2700X, 16 logical cores, 32 GB RAM), with Irace
dispatching candidate evaluations as parallel Kubernetes Jobs.
Both the code for running the experiments and the data
generated in this study are publicly available'.

A. Automatic Parameter Tuning

Across the five scenes, the optimal configurations differ
notably in several key parameters. Scenes use rand, best,
and target strategies depending on the landscape com-
plexity (e.g., Scene 1: rand, Scene 2: best, Scene 4: target).
Strong variability in population sizes is present (123-935).
Larger populations appear beneficial in Scenes 2 and 4,
while Scene 3 performs well with a small population. The
values vary widely, e.g., I’ ranges roughly from 0.19 to
0.40, indicating that each scene benefits from a different
exploration/exploitation balance. Some scenes rely heavily on
oppositional strategies (Scenes 1 and 5), while others disable

Thttps://zenodo.org/records/17467031

them completely. Scenes alternate between rand/best refer-
ences and bin/exp crossovers. These differences indicate that
each scene exhibits a unique optimization landscape requiring
individually tailored parameter combinations.

Auto tuned trajectory without RRT Auto tuned trajectory with RRT

ene3  scened

scen
Tested scene

(a) Auto-tuned individual config- (b) Auto-tuned individual trajec-
uration trajectory without RRT.  tory with RRT.

Fig. 3: Cross-scene generalization matrix. Each cell reports
PRD (%) of the median cost relative to the best-known solution
for the corresponding test scene; darker colors indicate lower
PRD (better performance).

4000

204 145 220 184 201
Configurations

Fig. 4: Cost distribution of trajectories (expressed as PRD from
the best known solution) for the five best elite configurations
identified by Irace. Configuration 204 shows the lowest median
and smallest variance.

Subsequent cross-validation on a shared set of test instances
in the figure confirmed that configurations specialized for
individual scenarios failed to generalize to other environments.
In Figure 3 we can see that even when combining differ-
ent configurations, no suitable universally performing setup
emerges. This further confirms the need for a globally robust
configuration. Moreover, the matrix clearly shows that it is not
possible to identify a single configuration that would consis-
tently achieve well-rated trajectories across all scenarios, as the
performance varies significantly depending on the complexity
and structure of each scene.

For the global set of candidates, the configuration labeled
ID204 proved to be the best, achieving the lowest median cost
and the smallest performance variance across all test scenarios
(Figure 4 ). This configuration was therefore selected as the
default for all subsequent experiments.

The globally best configuration differs from the individual
ones in several aspects. It uses consistently best as mu-
tation_base and mutation_reference, suggesting that a more
exploitative approach generalizes better across all scenes.The
global configuration uses a mid-range population (164), unlike



the extremes observed in individual scenes. Both F' = 0.3328
and CR = 0.9311 are balanced values, falling between the
extremes used in the individual scenes. Oppositional gen-
eration is enabled but with lower probability compared to
scenes that strongly relied on it. The configuration keeps
oppositional initialization disabled, suggesting this mechanism
does not generalize well. Parameters such as lambda and
mutation_n_comps remain consistent and moderate, indi-
cating they contribute to robustness rather than scene-specific
optimization. Individually optimized scenes rely on diverse
and sometimes extreme parameter choices tuned to their
particular landscapes. Globally effective settings must trade
maximal per-scene performance for stability and robustness
across heterogeneous scenarios.

B. Analysis of the Effect of RRT Initialization

In the next experimental phase, we examined the effect of a
hybrid approach where the evolutionary planner is initialized
with a trajectory pre-generated using the RRT algorithm. For
each scenario, 100 independent RRT runs were executed, and
the shortest collision-free trajectory found was inserted into
the initial population of the evolutionary algorithm.

Configuration ID204 was evaluated both with and without
this RRT initialization, using four different computational
budgets: 1,000, 2,500, 5,000, and 50,000 fitness evaluations.

(c) Scene 3 (d) Scene 4

Impact of RRT Initialization on Convergence - Scene 5
Trajectory without RRT Trajectory with RRT
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(e) Scene 5

Fig. 5: Comparison of trajectory costs across all scenarios.
With RRT initialization (right) and without it (left) at different
computational budgets

The results (see Figure Se) clearly demonstrate that RRT
initialization provides a significant advantage.

RRT seeding yields lower median costs across all scenes
and budgets. The variance reduction is most pronounced in
complex scenes and at low budgets (e.g., Scene 4), while in

///\< \/j/? w; N %, {
(a) Scene 3. (b) Scene 4. (c) Scene 5.

Fig. 6: Best trajectories for scenes 3, 4, and 5. All scenes
shown side by side.

simpler scenes the spread can be comparable; importantly, the
seeded variant also produces fewer extreme outliers at higher
budgets (see Fig. Se).

This benefit was most pronounced at low budgets (1,000 and
2,500 evaluations), which simulate time-critical applications.
While the standard approach had to spend a large portion of the
budget exploring the space, the RRT-initialized planner quickly
converged to high-quality solutions. Even at the highest budget
of 50,000 evaluations, the RRT variant maintained its lead and
showed fewer outliers and extremely poor solutions. Cross-
scenario analysis revealed that the benefit of RRT increases
with environmental complexity, particularly in scenes with
narrow passages (Scenarios 3, 4, and 5).

C. Comparison with Baseline Evolutionary Algorithms

To verify the competitiveness of the proposed approach, a
new, challenging test scenario was created, combining charac-
teristics of all previous environments.

Figure 6 illustrates the best trajectories in the most con-
strained environments (Scenes 3-5), where the optimizer
smooths the initial polyline while maintaining clearance in
narrow passages. Figure 8 visualizes the best trajectory on the
new composite scenario from top and side views.

On this scenario, our MODDE algorithm (with and without
RRT) was compared to three widely used evolutionary algo-
rithms: CMA-ES, GA, and PSO.

The baseline algorithms were configured with standard
parameter settings and identical resource conditions of the
same 50,000 fitness evaluations.

All algorithms were executed with the same budget of
50,000 fitness evaluations and repeated for 100 independent
runs with different random seeds. We report the median
and IQR of the final cost. We assessed statistical differ-
ences using the Friedman test across algorithms, followed by
Holm-corrected pairwise Wilcoxon tests, following established
methodological guidelines [19]. Unless stated otherwise, re-
sults are obtained from multiple independent runs.

The CMA-ES implementation pycma library [9] was run
with a population size A = 50 and an initial step size
oo = 0.1. All CMA-ES internal adaptation parameters were
left at their recommended defaults. The GA was implemented
via the DEAP framework [7] with a real-valued chromosome
encoding. Crossover was performed with a blend operator
BLX-a (with oo = 0.5) applied at rate p. = 0.9, and mutation
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Fig. 7: Convergence curves for the compared algorithms on
the new test scenario. The orange curve (MODDE + RRT)
achieves the lowest costs and demonstrates the best perfor-
mance.

was Gaussian with standard deviation 0.05 applied at rate
Pm = 0.2. Selection in the GA used tournaments of size 3. The
PSO was implemented as a global-best (gbest) variant using
the pyswarms library [26]. We set the PSO hyperparameters
to ensure a stable convergent swarm: cognitive and social
acceleration coefficients ¢; = co = 1.496 and inertia weight
w = 0.7298 (this choice corresponds to the constriction factor
formulation of PSO, which guarantees convergence proper-
ties). The swarm size was 50 particles, and each particle’s
velocity was clamped to half the range of the search space in
each dimension to prevent excessive roaming beyond feasible
bounds.

The convergence results shown in Figure 7 reveal a clear
performance hierarchy.

« MODDE with RRT (orange curve) achieved the best
result and found the lowest-cost trajectory.

« MODDE without RRT (green curve) converged to a
local optimum with slightly higher costs, confirming the
benefit of RRT for escaping suboptimal regions.

o« CMA-ES (blue curve) and GA (red curve) showed rapid
initial improvement but stagnated at higher cost levels,
indicating premature convergence.

e PSO (purple curve) exhibited the slowest convergence
and did not reach the solution quality of the other meth-
ods, likely due to the swarm getting stuck in suboptimal
regions of the complex search space.

This comparative analysis confirms that the proposed auto-
tuned MODDE planner, particularly when combined with RRT
initialization, outperforms standard evolutionary techniques in
solving complex robotic trajectory planning problems.

V. CONCLUSION

In this article, we consider trajectory optimization in the 3D
workspace with obstacle (forbidden-zone) constraints, which
corresponds to end-effector path planning. Extending the
evaluation to full joint-space kinematics and robot-specific
constraints is part of future work.

(a) Top view. (b) Side view.

Fig. 8: Best trajectory found for the new test scenario using
the MODDE + RRT method.

Our proposed solution integrates a two-stage optimization
process that employs the RRT algorithm to generate an initial
path, followed by MODDE to further refine it.

We distinguish between (i) a two-stage planning pipeline
(RRT for feasible initialization, then MODDE for refine-
ment), and (ii) a three-layer system architecture (optimization
layer: MODDE, automation layer: Irace, execution layer:
Kubernetes-based parallelism).

By incorporating the Irace tool, our framework automates
the complex task of hyperparameter tuning, thereby signifi-
cantly lowering the entry barrier for non-expert users.

The framework is designed for parallel execution in con-
tainerized environments, enabling practical scaling when many
configuration evaluations are required.

This combination of automated configuration and distributed
computation provides a robust and scalable system for solving
complex trajectory planning problems.

Future work will focus on extensive experimental validation
of the proposed framework. We plan to conduct a thorough
comparative analysis against other methods for hyperheuris-
tic optimization, different modular algorithm design frame-
works, and state-of-the-art trajectory optimization methods
on standardized benchmark problems. In addition, we aim
to explore the adaptability of the framework by integrating
further metaheuristic techniques into its modular design and
extending its applicability to multi-robot coordination and
dynamic environments.
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