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Abstract

Wireless Sensor Networks (WSNs) have diverse applications in urban, industrial and environmental
monitoring. However, the design complexity of this type of network is high, due to conflicting objec-
tives such as latency, energy consumption, connectivity and coverage. This article addresses the need
for structured and reproducible approaches to developing WSNs. We propose a modular and scalable
system designed to integrate simulators and evolutionary algorithms for multi-objective optimization
in WSNs. We present a formalized process and supporting architecture that combines containerized
simulations, a reactive data management layer, and a flexible optimization engine capable of handling
diverse objective formulations and search strategies. The proposed environment enables distributed,
simulation-based optimization experiments with automated orchestration, persistent metadata and
versioned execution artifacts. To demonstrate feasibility, we present a prototype implementation
that incorporates synthetic test modules and real WSN simulations using a classical simulator for
simulating sensor networks. The results illustrate the potential of the proposed system to support
reproducible and extensible research in design and optimization of WSNs.

Keywords: wireless sensor networks; distributed simulation; reproducible research; multi-objective
optimization; event-driven orchestration; workflow management

1. Introduction

Wireless sensor networks (WSNs) can be found in many applications; they are employed in
environmental monitoring [1,2], industrial automation [3], precision agriculture [4], and smart-city
infrastructures [5]. The design of wireless sensor networks (WSNss) is inherently challenging, since,
depending on the application, these networks must operate under stringent resource constraints,
such as limited battery capacity, interference and noise in the radio medium, as well as restricted
computational capabilities. These limitations impose often conflicting performance requirements,
including coverage, connectivity, latency, throughput, reliability, and network lifespan. As a result,
WSN design and operation are inherently multi-objective: improving one metric often degrades
another, as repeatedly observed in studies on coverage, energy efficiency, latency, reliability, and
network lifetime [6-8].

Evolutionary multi-objective optimization (MOO) methods, such as NSGA-II [9] and NSGA-
III [10], have proven effective for exploring such trade-offs and generating Pareto-optimal or Pareto-
stationary configurations [11-13]. However, conducting large-scale experimental studies with
simulation-in-the-loop optimization remains operationally challenging [14,15]. Widely used WSN
simulators, including COOJA [16], Castalia/OMNeT++ [17], and NS-3 [18], provide high-fidelity
modeling, but typically offer limited support for systematic orchestration of iterative optimization
workflows, scalable management of large numbers of parallel simulations, and end-to-end repro-
ducibility with traceable execution artifacts. As a consequence, experimental pipelines are often tightly
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coupled to ad hoc scripts and environments, hindering reuse, auditability, and fair comparison across
optimization methods.

This paper addresses this gap by focusing on the experimentation infrastructure rather than on
proposing a new WSN optimization algorithm or conducting exhaustive algorithmic benchmarks. The
primary objective of this work is to define and instantiate a reusable, extensible, and reproducible
computational environment for distributed simulation-based multi-objective optimization experiments
in WSN’s. The experimental executions reported here serve solely as proof of feasibility, demonstrating
that the proposed architectural model can be instantiated and executed correctly in practice, while
comprehensive domain-specific optimization studies are intentionally deferred to future work building
upon this platform.

To achieve this, we adopt a two-layer approach. First, we introduce a simulator-agnostic and
algorithm-agnostic formal model that specifies the structure of experiments as sequences of generations,
the evaluation mapping from candidate configurations to objective values, and the reactive state tran-
sitions that coordinate workflow progression. Second, we present a distributed and modular architecture
that instantiates this formal model through containerized simulations, event-driven orchestration, and
a flexible optimization engine. This separation between formal concepts and architectural realization
is deliberate: it preserves the semantics of the experimental workflow while enabling the integration
of different simulators, optimization strategies, and evaluation procedures without requiring redesign
of the platform.

Section 3 presents the formal model used to represent simulation-based multi-objective opti-
mization experiments as reactive workflows. Section 4 then describes the concrete architecture that
implements this model, relying on parallel containerized simulation workers, a database-centered
event mechanism, and an extensible optimization engine capable of supporting multiple strategies
and objective models.

The main contributions of this work are summarized as follows:

*  aunified formal model for simulation-based multi-objective optimization experiments in WSNs,
including reactive state transitions for workflow coordination;

¢ adistributed and modular architecture that instantiates this model through event-driven orches-
tration and containerized simulations, enabling scalable parallel evaluation;

¢  asynthetic evaluation backend to support controlled experiments and benchmarking independent
of a specific simulator;

* an empirical proof of feasibility under increasing degrees of distributed execution, reporting
execution time and resource usage to characterize orchestration overhead and scalability;

¢ areproducible experimentation environment that preserves structured metadata and execution
artifacts to support replay, sharing, and extension of multi-objective optimization studies.

By unifying a formal workflow specification with a practical implementation, the proposed
environment provides a robust foundation for reproducible, extensible, and large-scale research on
WSN optimization and related simulation-based multi-objective problems.

2. Related Work

A substantial body of work has investigated tools and frameworks to support the execution,
orchestration, and reproducibility of large-scale computational experiments. In the context of wireless
sensor networks (WSNs), early contributions have primarily focused on automating the deployment
and execution of extensive simulation campaigns, motivated by the growing complexity and scale
of contemporary WSN scenarios. However, we are far from exhausting the possibilities for the
development and optimization of such networks.

One representative example is the Maestro framework, proposed by Riliskis and Osipov, which
enables the orchestration of large numbers of WSN simulations on cloud infrastructures by providing
mechanisms for configuration, deployment, and parallel execution across heterogeneous environments
[19]. By leveraging Infrastructure-as-a-Service platforms, Maestro significantly reduces the manual
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effort required to manage large-scale simulation studies and facilitates cost-performance benchmarking
of cloud resources. However, its main emphasis lies in the automation of execution and resource
management, rather than the formal specification of experimental workflows integrating simulations
and optimization algorithms.

Beyond domain-specific simulation orchestration, several general-purpose workflow and
provenance-oriented systems have been proposed to improve reproducibility and traceability in
computational research. SIERRA, for instance, provides a modular and declarative framework that
automates the experimental pipeline from parameter specification to execution and post-processing
[20]. Provenance-driven approaches further capture execution histories and data dependencies to
support auditing, verification, and re-execution of scientific workflows [21]. Similarly, the Collective
Knowledge (CK) framework promotes collaborative management of experimental artifacts, workflows,
and datasets, fostering standardized execution and sharing of results [22]. Although these systems
substantially advance reproducibility at the level of scripts, environments, and stored artifacts, they
typically do not formalize the semantics of iterative optimization loops or the state transitions that
govern large sets of simulations (generations) in evolutionary systems.

A complementary research direction addresses the automated generation of structurally diverse
simulation models. Nam and Kim introduced the WSN-SES/MB framework, which employs System
Entity Structure (SES) and Model Base (MB) concepts to formalize the configuration space of WSN
simulations and to synthesize executable models from high-level structural descriptions [23]. This
approach effectively reduces the manual effort required to construct and manage large sets of hetero-
geneous network configurations. However, its scope is primarily limited to model generation and
does not explicitly address the orchestration of iterative optimization workflows, large-scale execution
management, or systematic experiment provenance across successive generations.

Several studies have also demonstrated the effectiveness of simulation-driven analysis for WSN
optimization under fixed or manually enumerated design alternatives. For example, Ferreira et
al. [24,25] investigate communication optimization strategies in loT-Fog ecosystems using detailed
Contiki-NG/Cooja simulations combined with multi-attribute decision-making techniques. Although
such studies underscore the importance of high-fidelity simulation in WSN research, they are generally
restricted to discrete sets of predefined scenarios and lack a unified experimentation infrastructure
capable of supporting structural configuration generation, iterative multi-objective optimization, and
systematic reproducibility across large experimental campaigns.

Table 1 summarizes the conceptual differences between representative frameworks and the ap-
proach proposed in this work. The comparison highlights that existing solutions typically address
execution automation, workflow management, provenance tracking, or structural model generation
in isolation, whereas the present approach integrates event-driven orchestration, formal workflow
semantics, scalable execution, and an explicit multi-objective optimization loop within a single experi-
mentation platform.

Table 1. Comparison of related frameworks for simulation orchestration, workflow management, and repro-
ducibility in WSN and computational experimentation.

Framework Event-driven Workflow mgmt. Multi-sim. support Provenance MOO support Formal model
Maestro [19] X v v Partial X X
SIERRA [20] X v v v X X
WSN-SES/MB [23] X Partial v X X Partial
Ferreira et al. [24,25] X Partial X X Partial X

This work v v v v v v

Although the aforementioned approaches address important aspects of simulation execution,
automation, and reproducibility, none of them provides an integrated and easily reproducible solution
that simultaneously combines distributed simulation orchestration with multi-objective optimization.
Moreover, formal descriptions of the execution semantics and architectural foundations of such systems
remain limited. In light of these observations, this work aims to fill this gap by proposing a flexible and
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extensible experimentation platform for the development and evaluation of WSNSs, as well as for the
systematic study and implementation of new multi-objective optimization algorithms in this context.

3. Formal Foundations

This section establishes the formal, computational, and executional foundations of the proposed
architecture. The objective is to provide a precise mathematical and operational description of the
experimental lifecycle, the optimization process, and the distributed simulation workflow, ensuring
analyzability, scalability, and full reproducibility of multi-objective WSN experiments.

3.1. Experiment Model

An experiment is formally defined as the tuple
E=(X09F),

where:

* X denotes the configuration space of candidate wireless sensor network (WSN) solutions. Each
element x € X represents a complete network configuration and may encode, depending on the
problem definition, geometric parameters (e.g., node or relay positions), structural decisions (e.g.,
connectivity or routing), protocol-level choices (e.g., MAC or duty-cycling schemes), and other
controllable design variables;

* O is the simulation parameter space, encoding topology, node deployment, communication
models, MAC protocols, traffic profiles, and environmental assumptions;

e &: X x O — R"™is avector-valued objective function that maps each network configuration to m
performance metrics under a given simulation context ®. The evaluation implicitly embeds the
execution of the simulation model and the computation of objective values;

e  F denotes the optimization strategy that governs population evolution, such as evolutionary
algorithms, exact solvers, or heuristics. All algorithm-specific design choices and parameteriza-
tions, including population size, selection mechanisms, variation operators, and strategy-specific
control parameters, are considered intrinsic to F and are therefore encapsulated in its definition.

The experiment evolves through a discrete sequence of generations

{Gi}eeo

where each generation
Gk = {x§k),x§k),. . .,xg\];)} cX

represents a population snapshot at iteration k.

Each individual x € Gy is evaluated through simulation under a given set of simulation parame-
ters 0 € O, producing a vector of objective values ®(x,0) € R™.

To ensure traceability and persistence, the experiment state is materialized in the database through
the hierarchical entities

Experiment — Generation — Simulation,

which together define a complete and immutable record of the optimization trajectory.

3.2. Distributed Orchestration Model

We now move from the static definition of experiments to the dynamic execution model that
governs their evolution.
The execution model is driven by a finite event alphabet

Y. = {ExperimentCreated, GenerationReady, SimulationCompleted},
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where:

. ExperimentCreated initializes the optimization workflow;
*  GenerationReady triggers the dispatch of distributed simulations;
¢ SimulationCompleted signals the availability of evaluation results.

The architecture follows a reactive, data-driven orchestration model in which system components
interact exclusively through persistent state transitions. Let D(t) € D denote the database state at time
t,and let o'(t) € X represent the atomic event generated by a change in this state.

System components react to these events by applying state transitions over D. Formally, the
architecture is modeled as a labeled transition system (LTS)

S=(D,%T),
where D is the set of reachable database states and
T:DxX—D

is a deterministic state transition function.

The transition function 7 is deterministic and total over admissible events, meaning that for
every reachable state D € D and every event ¢ € ¥ applicable to D, there exists a unique successor
state 7 (D, o). Determinism is defined at the level of persisted state transitions and event ordering, not
at the level of wall-clock time, message delivery latency, or container scheduling. Transient failures,
retries, and timing variations do not affect the logical execution trace recorded in the database.

This execution semantics can be illustrated by defining a temporal state function g : Z; — D as

Dy, if t = 0 (initial state),
g(t)=qg(t—1), if o(t) = € (no event),
T(g(t—1),0(t), ifc(t) €.

This event-sourced execution model yields loose coupling, fault tolerance, and complete replaya-
bility, as the entire evolution of an experiment is uniquely determined by the persisted initial state and
the ordered event stream.

3.3. Simulation and Evaluation Model

Each individual configuration x € Gy is evaluated through a simulation-based evaluation operator
@. Rather than separating simulation and post-processing into distinct formal entities, we model
evaluation directly as a mapping
®: X x0O — R",

where © defines the complete simulation context and

@(x,0) = (f1(x,0), f2(x,0),..., fu(x,0))

returns a vector of m performance metrics associated with the configuration x under the simulation
parameters 0.

The evaluation operator ® conceptually embeds the execution of the underlying simulation
model together with any required post-processing of raw simulation outputs. Stochastic effects arising
from randomized protocol behavior, environmental variability, or measurement noise are captured
implicitly within ®. Such stochasticity is governed by 6, which may include random seeds, traffic
patterns, or other parameters controlling nondeterministic aspects of the simulation.

This abstraction deliberately decouples the evaluation process from the optimization logic. From
the perspective of the optimization operator 5, & behaves as a black-box evaluator that maps con-
figurations to objective values, regardless of whether the evaluation is performed via packet-level
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simulation, analytical performance models, emulation, or controlled synthetic backends. As a result,
heterogeneous simulators and evaluation models can be integrated transparently, without requiring
modifications to the evolutionary workflow or the event-driven orchestration mechanism.

Event-Driven Optimization

The evolutionary operator F is not executed continuously, but is triggered exclusively by events
in the reactive execution model. In particular, population updates occur only when the system observes
a SimulationCompleted event for all individuals in a generation.

Formally, let ¢ € X be an event and let D € D be a valid state. The application of the evolutionary
operator is conditioned by:

0 = SimulationCompleted A AllEvaluationsAvailable(D).

Only wunder this condition does the transition Gi; =  F(G,P) become enabled.
AllEvaluationsAvailable (D) holds when the number of completed Simulation entities associated
with a generation equals the population size.

If an error occurs during simulation execution—namely, an internal simulator failure for which
retrying would be ineffective—such an event is interpreted as evidence of an inconsistency or inade-
quacy in the specification of the decision space X or the simulation parameter space ®. Accordingly,
decision rules based on the error severity are applied to determine whether the experimental process
should be interrupted for inspection, analysis, and correction of the model specification, or whether
the affected individual can be safely discarded. Under a correct and well-defined formulation of X
and O, the occurrence of such execution errors is not expected.

3.4. Optimization Model

The optimization task follows the standard multi-objective formulation

min F(x) = (fi(x), (0, fn(2)),
where each objective function f; captures a relevant performance metric of the WSN, such as coverage
quality, end-to-end latency, energy consumption, or network throughput. Note that F is defined by ®
fixing the ® component of the simulator settings.
The optimization process evolves a population of candidate solutions through discrete generations.
In its most general form, the population update rule is defined by an evolutionary operator

Grs1 = F(Gy, @),

where:

® Gy is the population at generation k;
¢ @ is the evaluation operator induced by the simulation model;
¢ F denotes a generic evolutionary strategy.

To ensure scalability, the evaluation phase is externalized and executed asynchronously across
distributed simulation workers:

— oY

Evaluate(Gy) = {CD(xi )}izl'

with simulations performed in parallel and results incorporated into the population update as they

become available. Although simulation execution is asynchronous, population updates follow a

synchronous generational model, in which selection and variation are applied only after all evaluations
of a generation have completed.
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Thus, the evolutionary process described above is not an abstract optimization loop, but a
consequence of specific event patterns in the underlying labeled transition system.

3.5. Minimal Convergence Conditions

The proposed optimization process does not assume global optimality guarantees. Instead, it relies
on standard asymptotic convergence conditions commonly adopted in evolutionary multi-objective
optimization.

Let {Gy}i>0 be the sequence of populations generated by Gy.; = F(Gi, ). The following
conditions are sufficient to ensure weak convergence to a Pareto-stationary set:

¢  (Finite Population) Each generation G has fixed and finite cardinality;

¢  (Elitism) Non-dominated solutions are preserved with non-zero probability;

¢  (Ergodic Variation) The variation operators induced by F define an ergodic Markov chain over
X;

*  (Consistent Evaluation) The evaluation operator & is stationary with respect to ®, up to bounded
stochastic noise.

Under these assumptions, the sequence of populations converges in probability, in an asymptotic
sense, to a set of Pareto-stationary solutions. Such assumptions are standard in the theoretical analysis
of evolutionary algorithms and evolutionary multi-objective optimization, where convergence guar-
antees are typically established in a weak or asymptotic sense under elitism, ergodic variation, and
stationary evaluation conditions [26-29].

These assumptions directly reflect the design choices of the optimization strategies supported
by the proposed architecture, such as elitist evolutionary algorithms (e.g., NSGA-III). In practice,
convergence is not established through formal proofs but is assessed empirically by observing the
stabilization of Pareto fronts and objective value distributions across successive generations.

These conditions apply at the level of population update dynamics and are independent of the
underlying event-driven execution model, which affects only scheduling, parallelism, and synchro-
nization.

3.6. Schedule Execution Model

The system is responsible for scheduling and executing simulations under bounded computational
resources. Let C denote the maximum parallelism level. The execution schedule is defined as

Schedule = {(xl-, tj) |ie[1,N],jel, C]},
subject to resource constraints
CPU(#;) < CPUmax, Mem(t;) < Memmax.

The current implementation adopts a simple queue-based scheduling policy in which simulations
are dispatched on a first-available basis, without prioritization among individuals, ensuring fairness
and predictable execution behavior.

Operationally, the system implements an event-driven control loop:

procedure MasterNodeLoop():
while true:

ev = wait_for_event()

if ev.type == GenerationReady:
sims = load_simulations(ev.generation)
// asynchronous execution
run_in_parallel(sims, max_containers=C)

if ev.type == SimulationCompleted:
update_database(ev.results)
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Execution determinism arises from the fact that scheduling decisions depend solely on persisted
state and event ordering.

3.7. Reproducibility Model
The architecture enforces strict experimental reproducibility by design:

*  experiments, generations, and simulations are immutable entities;
* container images encapsulate simulator binaries and dependencies;
. event streams preserve chronological execution semantics;

¢ logs, configurations, and binary artifacts are persistently stored.

Under the proposed model, an experiment E is reproducible by construction. All elements re-
quired for its execution and evaluation are explicitly embedded in its formal definition and persistently
materialized in the system state. In particular, the experiment specification fully determines the opti-
mization strategy JF, the evaluation operator @, the simulation context ®, and the complete sequence
of state transitions recorded in the database D. Together with containerized execution environments,
these elements uniquely define the experimental process. As a consequence, given identical container
images, database state D, and simulation parameters ©, the execution of E can be deterministically
replayed or independently verified without requiring any external or implicit assumptions.

In practice, reproducing an experiment requires access to the container images encapsulating the
simulators and dependencies, the persisted database state D containing experiment metadata and
event history, the simulation parameters and random seeds encoded in ©, and the corresponding
versioned source code of the optimization engine and simulation models. It is important to note
that the proposed model does not attempt to capture real-time guarantees, probabilistic failures, or
adversarial behaviors. Instead, it focuses on structural correctness, determinism, and reproducibility
at the level of experimental execution and optimization logic.

4. Materials and Methods
4.1. System Architecture

The proposed architecture consists of three core modules: database, mo-engine, and master-node.
These components communicate through a central data-management layer that includes a file-storage
subsystem for large artifacts. Each module runs as an independent container, and their coordination is
orchestrated through reactive, event-driven notifications.

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

mo-engine 4@7 master-node

API
port —,_ |
User Proxy Reverse 1

ul Cooja Workers

Figure 1. High-level overview of the proposed architecture, showing the integration of the API, master-node,
optimization engine, and data storage.

4.2. Workflow
Figure 2 summarizes the general workflow:

1.  Anexperiment is created via REST API and stored in database.
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2. The mo-engine observes the database for pending experiments and generates simulation queues
(generations) according to an optimization strategy (e.g., NSGA-III or Random).

3. Themaster-node executes containerized simulations in parallel and collects results.

4. Results are saved back into database, triggering the next generation of optimization.

API ‘ Database ‘ mo-engine ‘ master-node ’ CoojaWorker[1...N]

Create
Source Repository

New Experiment

ChangeStream
New Experiment

lQEJ [Iterative optimizgtion]

Generate input Simulations

Create
Generation

ChangeStream: llew Generation

loop [[For each available worker container]

Starts and
monitors Simulation

End Simulation

Write Simulatijon results logs
Change Simulation |status DONE/ERROR
If Generation finishefl change status DONE

ChangeStream
End Simalations

Change DONE
If Experiment
finished

API ‘ Database ‘ mo-engine ‘ master-node ’ CoojaWorker[1...N]

Figure 2. Simplified workflow of experiment execution and feedback loop within the architecture.

4.3. Core Components
Master-Node.

The master-node implements the orchestration logic responsible for managing the life cycle of
containerized simulations. It schedules and dispatches simulation tasks, monitors their execution,
and coordinates communication with simulation containers through secure channels such as SSH
and SCP. In addition, the master-node is responsible for collecting the results and metrics produced
by each simulation, storing them in the database, and computing aggregate statistics or derived
indicators. These processed results are then made available to the mo-engine, which uses them in
subsequent optimization steps, for example to update populations, evaluate convergence, or adapt
search strategies.

The use of SSH and SCP reflects the requirement to support the execution of simulations in
isolated and potentially remote container environments, where direct filesystem sharing or in-process
communication may not be available. This approach provides a simple, widely supported, and secure
mechanism for transferring configuration files, execution scripts, and simulation outputs. While SSH-
based communication introduces some overhead compared to shared volumes or in-memory message
passing, its impact is negligible relative to the execution time of network simulations. Alternative
designs based on shared volumes, internal service APIs, or message brokers (e.g., RabbitMQ or Kafka)
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are feasible and were considered; however, SSH/SCP was selected in the current implementation to
maximize portability and minimize infrastructure dependencies.

MO-Engine.

The mo-engine is responsible for generating candidate solutions and producing new generations
during the optimization process. It currently supports both random search and evolutionary strategies
such as NSGA-III, and its modular design allows new optimization algorithms to be integrated with
minimal effort. The engine interacts with the database in a reactive manner, responding to events that
indicate when new evaluations are required. The mo-engine exposes a plugin-oriented interface that
enables the integration of new optimization algorithms with minimal coupling to the rest of the system.
To be integrated, an algorithm implementation must (i) generate candidate configurations in the space
X, (ii) define how populations are updated based on evaluated objective values, and (iii) interact with
the database by producing Generation and Simulation entities consistent with the experiment schema.
This design allows alternative evolutionary methods, heuristics, or exact solvers to be incorporated
without modifications to the orchestration or execution layers.

Database.

The database layer maintains all experiment-related information, including metadata associated
with Experiment, Generation, and Simulation entities. In addition to structured metadata, the system
relies on a distributed file storage mechanism to manage large artifacts such as logs, binary outputs,
and simulation configurations. This design ensures reproducibility, traceability, and efficient retrieval
of data throughout the lifecycle of an experiment.

MongoDB Change Streams provide a well-defined, real-time mechanism to observe data changes
on collections, databases, or full deployments without manually tailing the replication oplog, and rely
on the aggregation framework to enable filtering and transformation of change events [30]. Notably,
each change stream event includes a resume token that allows the client to resume listening from a
prior point after transient failures, and changes are provided in the order they were applied to the
database, with only majority-committed changes delivered to clients [31].

APL

The system exposes a well-defined REST API that enables users and external services to create,
configure, and monitor experiments programmatically. The API is documented through a Swagger-
compatible interface available at http://andromeda.lasdpc.icmc.usp.br:8198/docs, facilitating integra-
tion with automated workflows and simplifying the development of client applications.

Graphical User Interface (GUI).

Although the core architecture is designed to operate programmatically through the AP, it natu-
rally supports the development of a graphical user interface. A dedicated GUI could offer interactive
experiment configuration, real-time visualization of generations and Pareto fronts, monitoring of
simulation progress, inspection of logs and artifacts, and streamlined management of optimization
strategies and datasets. Such an interface would significantly improve usability and accessibility,
enabling researchers and practitioners to interact with the system more intuitively while maintaining
the underlying reproducibility guarantees provided by the architecture.

4.4. Experimental Organization

In our initial implementation, the proposed architecture was instantiated using the Cooja network
simulator together with a MongoDB-based storage layer. This implementation serves as a concrete
realization of the formal model introduced in Section 3, with experiments, generations, and simulations
explicitly materialized as persistent entities in the database. Figure 3 illustrates the main data structures
and their relationships, highlighting how these entities are organized and linked within the system.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


http://andromeda.lasdpc.icmc.usp.br:8198/docs
https://doi.org/10.20944/preprints202601.0656.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 January 2026 d0i:10.20944/preprints202601.0656.v1

11 0of 17

All experiments reported in this work were executed on a dedicated server running Ubuntu
24.04.2 LTS (Linux kernel 6.8.0-79), hosted on a virtualized environment with KVM and AMD-V
enabled. The system is equipped with an AMD EPYC Milan processor featuring 12 physical cores
(12 threads, single-thread per core) operating at approximately 3.8 GHz, and 94 GB of RAM, with
negligible memory and swap usage at experiment start. Container management was performed
using Docker 27.3.1, with an upper bound of C concurrent simulation containers enforced by the
master-node scheduler. Network simulations were executed using the Cooja simulator bundled with
Contiki-NG, deployed within containerized environments to ensure isolation and reproducibility.
The data-management layer relied on MongoDB 8.2.1, accessed via Mongosh 2.5.8. These hardware
and software characteristics directly influence execution time, resource contention, and achievable
parallelism, and must therefore be taken into account when interpreting scalability and performance

results.
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for executing multi-
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Figure 3. Database schema representing the relationship between Experiment, Generation, and Simulation entities.

Although the relationships defined in this structure are fixed and governed by the formal model,
the attributes associated with each entity remain flexible, allowing the system to be incrementally ex-
tended and evolved to accommodate different classes of optimization algorithms, simulation backends,
and evaluation models.

5. Prototype Implementation and Proof of Feasibility

This section does not aim to provide an exhaustive experimental evaluation of optimization
algorithms or wireless sensor network designs. Instead, it presents a prototype implementation of the
proposed architecture and a set of execution examples intended to demonstrate feasibility, modularity,
and scalability of the architectural concepts introduced in previous sections. These executions confirm
that the formal model and orchestration mechanisms can be realized in practice and serve as a baseline
for future experimental studies built on top of this platform.

5.1. Dummy Experiment Example

To ensure modularity and testability, the architecture allows the simulation engine to be dis-
connected from the Cooja environment and replaced by a dummy module. This module implements
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an artificial model that synthetically generates simulation data based on parameterized functions
representing sensor behaviors, link quality, and energy metrics.

The dummy component emulates the output structure of a real Cooja simulation, returning
pseudo-randomized or model-based metrics such as communication success rate, latency, and energy
consumption. This capability enables developers to validate algorithms and perform controlled
experiments without requiring the full emulation layer.

Additionally, this mode facilitates the calibration and parameter tuning of the mo-engine. By
using predictable artificial responses, researchers can verify convergence properties, test evolutionary
operators (e.g., crossover and mutation in NSGA-III), and debug data flows before integrating the full
network simulation backend.

This modular design ensures that optimization strategies can be validated independently from
the simulator, accelerating development and maintaining consistency across experimental pipelines.

5.2. Real Executions and Performance Evaluation

To validate the distributed operation of the architecture under realistic load, several large-scale
tests were conducted on the computation host at ICMC-USP. These experiments aimed to assess
the system’s performance when running multiple Cooja containers concurrently, while monitoring
resource usage and execution time.

Experimental Setup.

The tests used populations of 30 WSN configurations, each with 50 fixed motes. Two scenarios
were executed for comparison:

*  Scenario 1: 10 concurrent Cooja containers;
®  Scenario 2: 30 concurrent Cooja containers.

All experiments reported in this work were executed on a dedicated server running Ubuntu 24.04.2 LTS
(Linux kernel 6.8.0-79), hosted on a virtualized environment with KVM and AMD-V enabled. The
system is equipped with an AMD EPYC Milan processor featuring 12 physical cores (12 threads, single-
thread per core) operating at approximately 3.8 GHz, and 94 GB of RAM, with negligible memory and
swap usage at experiment start. Container management was performed using Docker 27.3.1, with an
upper bound of C concurrent simulation containers enforced by the master-node scheduler. Network
simulations were executed using the Cooja simulator bundled with Contiki-NG, deployed within
containerized environments to ensure isolation and reproducibility'. The data-management layer
relied on MongoDB 8.2.1, accessed via Mongosh 2.5.8. These hardware and software characteristics
directly influence execution time, resource contention, and achievable parallelism, and must therefore
be taken into account when interpreting scalability and performance results.

Metrics were collected via docker stats, including CPU (%), memory usage, network I/O, and
block I/0O. All modules of the architecture (mo-engine, master-node, database, and rest-api) were
monitored.

Execution Time.
The total duration of each scenario was:

. 5 hours and 41 minutes for 10 containers;
e 6 hours and 33 minutes for 30 containers.

Although the 30-container configuration enabled greater parallelism, it did not reduce total execution
time due to CPU contention and process scheduling overhead.

1" The Cooja container. Docker image available on https:/ /hub.docker.com /repository/docker /juniocesarferreira /simulation-

cooja/general
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Resource Usage.

With 30 containers, the overall memory footprint increased gradually, stabilizing around 2.4 GB
per Cooja process. The database and master-node services exhibited higher network throughput,
consistent with increased data traffic and synchronization demands. Average resource utilization per
component is summarized below.

Table 2. Average resource metrics during execution with 30 concurrent Cooja containers.

Component CPU(%) Mem(MiB) Mem(%) NetRX(B/s) NetTX(B/s)
Cooja (avg) 36.97 2285.37 2.36 0.38 0.43
Master-node 9.61 51.57 0.05 603.33 321.92
MO-engine 1.56 289.38 0.30 1173.67 639.16
Database (MongoDB) 23.62 413.77 0.43 954.46 1765.49
REST API 9.02 87.99 0.09 0.02 0.00

For comparison, Table 3 shows the resource averages obtained with 10 concurrent simulations.
This configuration presented higher per-container CPU utilization but less aggregate contention,
resulting in shorter execution time and reduced network I/0.

Table 3. Average resource metrics during execution with 10 concurrent Cooja containers.

Component CPU(%) Mem(MiB) Mem(%) NetRX(B/s) NetTX(B/s)

Cooja (avg) 100.39 2542.45 2.63 8.9 150.5

Master-node 5.90 78.96 0.08 2231.38 1957.30

MO-engine 1.29 315.78 0.33 1196.64 632.98

Database (MongoDB) 54.03 404.09 0.42 2507.54 1927.37

REST API 12.86 85.80 0.09 0.07 0.03
Observations:

The observed execution behavior indicates that increasing the number of concurrent simulation
containers beyond the number of available CPU cores leads to reduced efficiency, mainly due to CPU
saturation and operating system scheduling overhead rather than memory exhaustion. While the
configuration with 30 containers increased the overall level of parallel activity, it did not translate into
proportional reductions in total execution time. In contrast, the 10-container configuration exhibited
higher per-container efficiency, benefiting from more stable CPU allocation.

These observations support the architectural design choices by demonstrating that the proposed
system can coordinate and execute distributed simulations reliably under varying concurrency lev-
els. At the same time, they highlight the importance of aligning container density with available
computational resources. Rather than serving as domain-level performance results, these executions
validate the feasibility of the orchestration model and motivate future work on adaptive scheduling
and resource-aware execution strategies built on top of the proposed architecture.

This behavior is consistent with well-known limitations of shared-memory execution environ-
ments and does not represent a limitation of the architectural model itself.

5.3. NSGA Integration

When the NSGA module is used, the optimization follows an evolutionary process where each
individual represents a WSN configuration. After each simulation, the objectives (coverage, latency,
energy) are evaluated and used to evolve the population.
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Figure 4. Integration of NSGA into the distributed experiment workflow of the architecture.
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Throughout this work, the term NSGA is used in a generic sense to refer to the implemented
evolutionary framework, as the underlying model allows seamless switching between NSGA-II and
NSGA-III by modifying only the environmental selection operator, without affecting the remaining
components of the optimization pipeline.

6. Discussion

This discussion is framed explicitly from an architectural and methodological perspective. Rather
than interpreting the prototype executions as domain-level experimental results, the analysis focuses
on how the observed system behavior supports and illustrates the architectural principles proposed
in this work, namely reactive orchestration, modular separation of concerns, and reproducibility by
construction.

The proposed architecture should not be interpreted merely as an engineering artifact, but as
a concrete instantiation of a conceptual model for simulation-based optimization workflows. The
prototype implementation demonstrates that key ideas commonly discussed in abstract terms in the
literature can be realized coherently in a distributed setting, providing a practical reference for future
experimental infrastructures.

A first concept strongly supported by the implementation is the adoption of an event-driven
execution model centered on persistent database state. By treating experiments, generations, and
simulations as explicit and durable entities, and by driving progress through well-defined events such
as ExperimentCreated, GenerationReady, and SimulationCompleted, the architecture shows that
distributed components can be coordinated without tightly coupled communication mechanisms. This
database-centric and event-oriented approach provides a robust backbone for optimization workflows
in which simulation, evaluation, and search proceed asynchronously and may evolve at different rates.
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A second architectural concept illustrated by the system is the clear separation between optimiza-
tion logic and simulation backends. The formal model defines a generic evaluation function &, and
the implementation demonstrates that this function can be instantiated either through a packet-level
network simulator or through a synthetic dummy backend, without altering the overall execution
semantics. This decoupling indicates that the same experimental pipeline can be reused across dif-
ferent problem classes and simulation technologies, provided that they expose compatible interfaces
for parameter configuration and objective reporting. As a consequence, the architecture supports
extensibility not by modification, but by substitution of components.

Reproducibility and traceability constitute a third central concept addressed at the architectural
level. By storing experiment definitions, generation structures, simulation parameters, and result
metrics as immutable records, each execution becomes a self-contained and reproducible object.
Containerized simulations further ensure consistency of the execution environment, while the event
stream preserves a chronological account of state transitions and decision points. This design illustrates
that reproducibility can be enforced by construction, rather than treated as an external requirement
addressed after experiments are completed.

The execution examples also shed light on the interaction between parallelism and resource
constraints. In this context, parallelism refers to software-level distributed execution, where multiple
simulation instances are orchestrated concurrently, rather than to true hardware-level parallelism. The
comparison between different levels of concurrent simulation reveals that increasing the degree of
such distributed execution does not necessarily lead to proportional reductions in total execution time.
Instead, contention for shared resources, particularly CPU time, can become a limiting factor and
reduce overall efficiency.

Another important methodological aspect concerns the role of the dummy simulator. Although
initially introduced to facilitate testing and debugging, its inclusion reveals a broader benefit. By
providing a controlled environment with parametric or predictable behavior, the dummy backend en-
ables systematic investigation of optimization algorithms, including convergence dynamics, parameter
sensitivity, and robustness to noise, without the confounding effects of complex network interactions.
This observation reinforces the idea that comprehensive experimental frameworks should support
both high-fidelity simulations and simplified models that enable analytical insight.

The architecture further illustrates how a single experimental infrastructure can accommodate a
wide range of multi-objective WSN problems. While this work does not target a specific optimization
task, the combination of a flexible solution space X, a configurable parameter space ®, and a modular
evaluation function @ allows the encoding of problems such as sensor placement, relay selection,
multi-hop routing, and resource management. In these cases, the underlying orchestration, storage,
and execution mechanisms remain unchanged, suggesting a high degree of generality in the proposed
approach.

Despite these strengths, certain limitations must be acknowledged. The current implementation
is instantiated with a specific simulator and database technology, and the prototype executions were
conducted on a single computational host. Extending the architecture to heterogeneous clusters, cloud
environments, or alternative simulation engines will require additional engineering effort and may
introduce new challenges related to latency, storage throughput, and fault tolerance. Moreover, while
the framework captures all relevant experimental data, advanced analytical tools for automated Pareto
front analysis, statistical assessment, and interactive visualization are not yet fully integrated.

In summary, the proposed architecture provides architectural evidence for a set of key principles in
simulation-based multi-objective optimization research, including event-driven orchestration, modular
separation of optimization and simulation, explicit support for reproducibility, and resource-aware
parallel execution. Although motivated by WSN experimentation, these principles are not domain-
specific and can be transferred to other areas that rely on large-scale simulation and optimization.
The architecture therefore serves both as a practical platform and as a reference design for future
experimental infrastructures.
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7. Conclusions

This work presented a modular and scalable architecture for multi-objective optimization experi-
ments in WSNSs. Its design enables reproducible, distributed, and easily extensible experimentation
workflows. Beyond its immediate use for WSN experiments, the architecture provides a flexible
foundation for other distributed or simulation-based optimization domains. Its modularity allows the
integration of alternative optimization strategies, machine learning components, or analytical models
while maintaining a standardized data pipeline.

Future developments include:

* developing a robust software platform with a graphical user interface (GUI) to support research
and experimentation with wireless sensor networks;

* integrating additional simulators beyond Cooja to extend the applicability of the framework to
different network environments;

* employing the architecture as a foundation for designing new optimization techniques tailored to
WSNSs;

* creating advanced visualization and analytical tools for Pareto front exploration and decision
support;

* incorporating graphical resources to aid researchers in the visual interpretation and comparative
analysis of simulation results;

¢  integrating mathematical and analytical models to enhance the performance of both simulations
and optimization algorithms;

*  to produce a well-documented experimentation platform that promotes collaborative use, repro-
ducibility, and reuse throughout the scientific community.
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