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Abstract. Developing and deploying IoT systems remains a complex
task, often involving the manual integration of heterogeneous compo-
nents for implementing data pipelines, data storage, visualization, and
machine learning workflows. This paper proposes IoTCRAFT, a declar-
ative platform designed to define high-level specifications and automate
the deployment of Internet of Things (IoT) systems. The platform is
intended to support complete data processing pipelines, including data
ingestion, validation, normalization, storage, and visualization, as well
as the training and inference of machine learning models. By using a
high-level specification to describe system behavior, the platform’s code
generation and orchestration engine can automatically provision the re-
quired infrastructure using container-based technologies. This approach
aims to reduce the need for manual configuration and simplifies the de-
ployment of IoT systems.
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1 Introduction

The rapid growth of Internet of Things (IoT) technologies has led to a growing
number of intelligent systems that collect, process, store and analyze data from
distributed sensors and devices [7, 22]. These systems are now widely deployed,
supporting applications, for example, in environmental monitoring and smart
cities.

However, developing such systems remains a complex, manual and error-
prone process [1]. Developers must integrate heterogeneous components for data
ingestion (handling stream or batch processing), storage solutions, visualization
dashboards, and ML (Machine Learning), often using low-level configuration files
and ad hoc scripts. Maintaining these systems becomes even more challenging
when aiming for scalability and reproducibility of this systems.

As IoT deployments grow in scale, they produce vast volumes of heteroge-
neous data that need to be efficiently ingested, processed, stored, and made
accessible to end users. Building and managing the pipelines to handle this full
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process, from raw sensor outputs to final analytic results, typically demands
manual effort and custom integration of components [1].

Despite the maturity of many individual IoT technologies, current develop-
ment practices still lack of high-level abstractions for end-to-end specification
and deployment of IoT systems [2]. Moreover, declarative techniques that have
proven successful in domains like cloud orchestration and Infrastructure-as-Code
remain only partially explored in the IoT domain, particularly for orchestrating
real-time data streams and integrated ML components [10].

To address these challenges, this paper propose IoTCRAFT, a declarative
platform for specifying and deploying IoT systems. This platform is being de-
signed to leverage high-level, technology-agnostic specifications to automate the
full lifecycle of IoT data pipelines, including data normalization, validation, data
analytic processing, and ML workflows. The platform seeks to unify system
specification, deployment, monitoring, and adaptation by incorporating prin-
ciples from Development and Operations (DevOps) and Machine Learning Op-
erations (MLOps) into its design. By minimizing the need for manual config-
uration, IoTCRAFT bridges the gap between high-level system modeling and
low-level deployment details, aiming to simplify IoT system development and
maintenance.

As the work is still in its early stages, the proposed architecture, and all the
components are currently being designed and explored. This paper outlines the
initial vision of the platform and highlights the foundational directions that will
guide its future development.

The remainder of this paper is structured as follows: Section 2 reviews related
work. Section 3 presents the problem statement. Section 4 introduces the archi-
tecture of the IoTCRAFT platform. Section 5 describes the validation scenario
and use case and Section 6 concludes the paper.

2 Related Work

The development of intelligent IoT systems involves several interconnected as-
pects, such as device connectivity, data pipelines, storage, deployment infrastruc-
ture and machine learning workflows. Recent work has shown that declarative
approaches can help reduce complexity by allowing high-level specification of
system behavior, simplifying configuration and improving reproducibility.

This section reviews relevant research and tools related to declarative ap-
proaches and automation in the IoT. It highlights current strengths and limita-
tions, and identifies opportunities for a unified platform that combines all the
mentioned components.

2.1 Declarative Principles and Motivation

IoT systems are complex due to the wide variety of devices involved, the dynamic
of the data, and the diversity of deployment environments [2]. Recent research
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highlights that developing and maintaining these systems presents major chal-
lenges in scalability, interoperability, and maintainability.

To address this complexity, many research efforts support declarative ap-
proaches, where developers describe the desired outcomes or system state, rather
than the detailed steps needed to achieve them. By increasing the level of abstrac-
tion, declarative paradigms allow developers to define what the system should
do, while the platform determines how to implement those definitions. This ap-
proach helps reduce the need to manually manage low-level details and also
facilitate maintenance.

One important motivation for using declarative methods in IoT is to improve
reliability and safety at scale. In large and heterogeneous systems, manually
scripting every operation becomes impractical and error-prone. In work [15],
the authors propose a declarative configuration API for IoT operations, showing
that it helps prevent system faults and reduces the operational complexity. By
validating high-level configurations instead of sequences, it becomes easier to
avoid unintended system behaviors.

Declarative specifications also support formal reasoning and validation. For
example, model-driven or goal-oriented IoT frameworks allow constraints and
policies to be checked before deployment, helping to ensure correctness [2].

In summary, the benefits of declarative paradigms in IoT lie in their ability to
manage complexity through abstraction, addressing the heterogeneity with uni-
fied specifications, and improving scalability and maintainability by automating
low-level execution.

2.2 Declarative Programming and DSLs for IoT

Declarative programming focuses on specifying what a system should do, rather
than detailing the how. By abstracting the execution logic, it allows developers
to define high-level goals while delegating implementation details to the system.
This can reduce development and deployment complexity.

In general, one of the most common declarative approaches is the use of
Domain-Specific Languages (DSLs). DSLs are tailored languages that allow de-
velopers to express application logic in a concise way. In IoT systems, DSLs
have been designed to, for example, specify device behavior, communication
structures, and system policies.

Recent studies confirm a growing number of DSLs and modeling languages
specifically designed for IoT. For instance, the work presented in [2] analyze
32 DSLs that target different aspects of IoT systems, from node-centric pro-
gramming models to architecture description languages. Despite the variety of
approaches, most of them share an objective, that is enabling platform indepen-
dent specification of system behavior and structure.

One example is Task-Oriented Programming (TOP), a declarative paradigm
where developers define tasks and their data dependencies. The runtime is then
responsible for orchestrating the execution across distributed nodes [18]. This
simplifies coordination without exposing details such as message passing or syn-
chronization.
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Another line of work is the use of actor-based models, where applications
are composed of autonomous components (actors) that communicate via asyn-
chronous messages. For instance, the work described in [1] presents a formal
actor model for resource-constrained IoT services and this approach promotes
modularity and fault isolation, while enabling formal reasoning over concurrent
behaviors and deployment constraints.

Some DSLs focus on architecture level modeling. MontiThings [16] is a work,
where the model-driven framework adopts a component-and-connector (C&C)
approach. It enables developers to define high-level diagrams describing data
flow and component interactions. From these models, the framework generates
reliable distributed code, including communication and deployment logic. Sim-
ilarly, the tool ThingML provides platform-independent specifications that can
be compiled into code for different embedded and cloud platforms [11].

Despite their strengths, most existing DSLs only cover parts of the develop-
ment lifecycle. While some focus on state machines or rule-based programming,
others handle only data flow or component deployment. As noted in [2], no sin-
gle DSL currently addresses all relevant dimensions of IoT application design,
leading to a trend toward hybrid or multi paradigm modeling languages.

In addition to external DSLs, many frameworks rely on declarative config-
urations or internal DSLs. Declarative configurations, often written in YAML
or JSON, allow users to define pipelines or services without writing code. For
example, EdgeX Foundry lets users declare data processing flows using YAML,
which the framework then interprets and executes at runtime.

These approaches offer benefits similar to Infrastructure-as-Code, however,
they are limited by the expressiveness of the configuration schema, where users
can only configure what was anticipated by the framework designers.

To overcome these limitations, some systems adopt internal DSLs built with
fluent APIs in general-purpose languages. This offers more flexibility, but can
blur the line between declarative and imperative programming [9].

In summary, the design of DSLs for intelligent IoT systems must balance
expressiveness with usability. The goal is to provide high-level abstractions that
hide unnecessary complexity (e.g., devices, network protocols and deployment
mechanisms) while remaining accessible to developers. Some platforms adopt
a hybrid approach, combining visual modeling with scripting, to provide both
abstraction and flexibility [9].

Event-Driven and Actor-Based Models. IoT applications frequently pro-
duce high volumes of events from sensors and distributed nodes. As a result,
event-driven architectures are widely adopted in this domain. These architec-
tures allow components to interact asynchronously through events or messages,
enabling loose coupling between data producers and consumers.

This reactive model improves scalability and response, allowing independent
components to process data in parallel. In combination, the actor model offers
an abstraction for building distributed IoT systems. Actors encapsulate state
and behavior and interact exclusively through asynchronous message passing.
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This model simplifies concurrency management and improves fault tolerance for
systems running on constrained or intermittently connected devices.

For example, the work [1] presents an actor-based model designed for veri-
fying and deploying resource-bounded IoT services. Other works, such as [26],
use high-level models where events propagate through operator graphs mapped
to actors. This allows developers to describe complex logic using reactive and
modular structures.

Together, event-driven and actor-based paradigms provide a solid founda-
tion for designing IoT systems. They are also well aligned with declarative pro-
gramming principles, as they separate communication concerns from core logic,
allowing the system to react automatically to changes.

2.3 Declarative Deployment and Infrastructure Automation

Declarative deployment is in some way related to the concept of Infrastructure as
Code (IaC) and has revolutionized the way cloud infrastructures are managed.
Instead of writing imperative scripts or performing manual steps, developers
define the desired target state of the infrastructure (e.g., containers, services,
network policies), and orchestration tools ensure that the system converges to
this state automatically.

Tools such as Kubernetes [17] and Terraform [24] exemplify this paradigm.
They interpret high-level specifications and manage resources by reconciling the
actual system state with the declared configuration. This declarative infrastruc-
ture significantly improves reproducibility, reduces manual effort, and lowers the
risk of configuration errors.

Deployment platforms typically support declarative models in which sys-
tem components, configurations, and dependencies are described as resource
graphs [23]. In the IoT domain, this model has been extended to support hybrid
topologies that span cloud, fog, and edge environments. These distributed in-
frastructures require flexible deployment strategies to address constraints such
as latency, bandwidth, energy, or availability.

Research proposes frameworks that enable runtime reconfiguration of de-
ployments based on events such as load variation or node failure. These systems
are guided by high-level declarative policies, allowing the platform to automati-
cally adapt the deployment without developer intervention [9]. This type of au-
tomation is particularly important for managing large-scale IoT infrastructures,
where services may need to be dynamically moved or replicated to maintain
performance and availability.

2.4 Declarative ML Pipelines in IoT

Integrating Machine Learning into IoT systems introduces some challenges, in-
cluding the handling of large scale, heterogeneous data streams and also the
orchestration of resource for training and inference workflows.

Declarative ML pipelines aim to address these challenges by abstracting the
entire machine learning lifecycle, from data preprocessing to model training and
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evaluation. Tools such as TensorFlow Extended (TFX) and Kubeflow Pipelines
allow’s to define workflows using high-level configuration files (e.g., YAML),
while the underlying system manages task scheduling and data flow.

In IoT environments, data is often distributed across the cloud, and this cre-
ates additional requirements for pipeline orchestration across heterogeneous and
geographically dispersed nodes. To support this, recent frameworks have been
proposed that extend declarative ML pipelines across the cloud–edge continuum.

For example, the work [3] introduce Zenoh-Flow, a decentralized framework
that allows developers to declaratively specify ML pipelines as dataflow graphs.
Each node in the graph represents an operator (e.g., filtering, inference), along
with non-functional constraints such as latency or resource requirements. The
system then deploys these operators dynamically across available nodes, opti-
mizing for context and constraints.

Similarly, work [4] explore adaptive placement of ML inference stages based
on runtime conditions. Their system uses unified declarative specifications to
reconfigure pipeline deployment automatically, improving responsiveness and re-
source utilization.

By abstracting operational complexity, declarative ML pipelines promote au-
tomation and flexibility for deploying intelligent IoT systems at scale across
diverse infrastructures.

DevOps/MLOps for Declarative IoT. The reliable development and op-
eration of intelligent IoT systems require the integration of DevOps practices
with Machine Learning Operations (MLOps). Traditional DevOps focuses on
automating software development, testing, deployment, and monitoring. When
ML is introduced, this extends to model training, validation, versioning, deploy-
ment, and performance monitoring.

In IoT, ML scenarios add additional challenges, including data drift, model
degradation, and the need to deploy models to heterogeneous and often resource
constrained devices. Furthermore, ML models may require frequent retraining
and re-deployment to remain effective in changing environments.

Surveys such as [21] propose taxonomies and best practices for managing the
ML lifecycle in IoT systems. They emphasize the importance of automation and
reproducibility. Declarative specifications of infrastructure and ML workflows
are seen as a key enabler, helping to ensure consistency across deployments.

Platforms such as Edge Impulse [12] provide integrated MLOps support tai-
lored to IoT. These platforms allows developers to collect sensor data, build and
train models, and deploy updates to edge devices, all through high-level declar-
ative interfaces. They also support model versioning, testing and performance
tracking.

In summary, the convergence of DevOps, MLOps, and declarative practices
aims to enable a fully automated and adaptive lifecycle, from initial design to
runtime evolution, while maintaining alignment with application goals and op-
erational constraints.
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2.5 Declarative Architectures and Research Prototypes

This section presents recent research prototypes/platforms that apply declara-
tive principles to the development and deployment of IoT systems. These solu-
tions typically rely on domain-specific languages (DSLs), orchestration engines,
or low-code tools to support high-level specification of architectures and data
workflows. They all share the common goal of reducing complexity by allowing
developers to describe system structure and behavior declaratively, while the
underlying platform manages deployment and integration across cloud infras-
tructure.

AutoIoT (2020). AutoIoT is a declarative framework designed to simplify
the development of IoT applications by using model-driven engineering tech-
niques [19]. Developers define IoT systems through a high-level JSON model
that describes devices, data flows, and user interfaces. From this model, the
AutoIoT automatically generates server-side applications that include data in-
gestion endpoints (e.g., MQTT or REST), storage, and basic dashboards. The
goal is to reduce complexity and make IoT backend development accessible to
non experts. In a user study with 54 participants, AutoIoT showed high usability
and effectiveness [19].

However, AutoIoT has some limitations, it focuses mainly on generating cen-
tralized server applications and assumes that data acquisition from devices is
handled externally. It does not support distributed deployment or integration
of machine learning. Extending the framework requires creating custom code
generators, which can be difficult for non-specialists.

IoTCRAFT builds on the declarative principles of AutoIoT, but with a DSL
and takes a broader approach. It aims to support the full IoT pipeline, from
data ingestion to machine learning and visualization, using a unified high-level
specification. Also, unlike AutoIoT, it integrates DevOps/MLOps practices to
automate deployment, monitoring, and model lifecycle management.

MontiThings (2022) - Model-Driven IoT Platform. MontiThings [16] is
a model-driven platform that provides end-to-end support for developing and
deploying IoT applications. It introduces a group of DSLs to model IoT systems
as component-and-connector (C&C) architectures, enabling a clear separation
between high-level behavior and low-level device details.

Applications are defined as interconnected components with typed ports for
device I/O. Component behavior can be specified using state machines, an imper-
ative DSL tailored to IoT, or embedded code. From these models, MontiThings
automatically generates distributed C++ microservices and manages deploy-
ment to heterogeneous IoT and edge devices.

A model-driven “App Store” mechanism supports device specific configura-
tion, decoupling software from hardware to simplify redeployment. Fault toler-
ance is built into the runtime through automated error-handling code injection
and diagnostic tools such as logging and record/replay mechanisms.
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MontiThings allows developers to focus on application logic while abstracting
communication, deployment, and reliability concerns. Although analytics and
ML components can be integrated into the models, this process remains manual.

In contrast, the platform proposed in this paper aims to support end-to-
end declarative specification of intelligent IoT systems, including sensor data
ingestion, real-time visualization, and machine learning workflows, along with
DevOps and MLOps practices. While both approaches share goals of abstraction
and automation, MontiThings focuses on embedded device coordination, whereas
this research targets data-centric, pipeline-oriented systems across heterogeneous
infrastructures.

GeneSIS (2020) - Declarative Deployment for Smart IoT Systems.
GeneSIS [10] is a model-driven framework designed to simplify the development
and continuous delivery of smart IoT systems across IoT, edge, and cloud lay-
ers. It introduces a DSL that enables developers to declaratively specify system
topology, including devices, services, pipelines, and their deployment locations,
along with non-functional properties such as security constraints.

The orchestration engine follows a configurable runtime approach, where de-
ployment models are interpreted at runtime to provision and configure compo-
nents across heterogeneous infrastructure, injecting security mechanisms such as
encryption and access control where required. A cloud-based deployment man-
ager coordinates the process, while local agents on IoT and edge nodes handle
on-site installation, including support for intermittent connectivity.

After deployment, GeneSIS maintains model–runtime consistency and mon-
itors the system and performs reconfiguration when faults are detected or when
the model is updated.

This framework supports DevSecOps practices by enabling developers to
model system configurations once and generate secure, reproducible deploy-
ments. However, its focus is limited to deployment-level concerns.

The platform proposed in this work aims to generalize the declarative ap-
proach beyond deployment, covering ingestion, processing, visualization, and
ML integration, and to incorporate lifecycle automation through DevOps and
MLOps principles. GeneSIS offers foundational mechanisms for secure orches-
tration, but lacks native support for data analytics and intelligent adaptation
workflows.

MLIoT (2021) - End-to-End IoT Data Analytics Pipeline. MLIoT [5] is a
platform specifically designed to support the full machine learning lifecycle in IoT
applications, from data ingestion to edge deployment and model adaptation. The
architecture is divided into two layers, a Device-Selection Layer and a Training-
Serving Layer.

The Device-Selection Layer manages a registry of IoT and edge nodes, includ-
ing their computational capabilities. Based on declarative user defined policies,
for example, minimizing latency or maximizing inference accuracy, it selects the
most appropriate node to run each ML task.
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The Training-Serving Layer automates the entire pipeline, ingesting data,
performing parallel model training, selecting the best model, and deploying
it to the appropriate node for inference. It also continuously monitors perfor-
mance metrics and environmental conditions, triggering retraining or redeploy-
ment when necessary.

MLIoT allows developers to define high-level goals (e.g., accuracy or resource
constraints) while the platform manages orchestration and adaptation. It has
been shown to achieve effective trade-offs between accuracy and efficiency in
diverse IoT scenarios by dynamically adjusting model placement and updating
inference components.

Unlike platforms focused on infrastructure deployment, MLIoT emphasizes
intelligent, adaptive analytics. However, it does not generalize to other aspects
of IoT system specification, such as infrastructure orchestration, data, or visu-
alization workflows. The platform proposed in this paper seeks to unify these
dimensions under a single declarative specification model.

ThingML (2016) - Things Modeling Language. ThingML is a domain-
specific modeling language and code generation framework developed to sim-
plify the creation of IoT applications through high-level, platform-independent
specifications. The central concept is to allow developers to model device behav-
iors, communications, and deployment configurations using a unified declarative
syntax, while the ThingML compiler automatically generates efficient source
code tailored to various target platforms, such as C/C++ for microcontrollers
or JavaScript for gateways and web applications [11].

A ThingML model defines components called Things, each encapsulating in-
ternal logic through hierarchical state machines, along with Ports and Messages
to handle inter-component communication. Developers can describe complete
systems using reusable components and configuration blocks that declare how
instances are connected and interact. This model-driven approach enables a sin-
gle specification to be compiled into firmware for embedded devices and coordi-
nation code for edge or cloud components, fostering consistency and reuse across
heterogeneous IoT environments.

The low-code of ThingML stems from its declarative syntax rather than
implementing device logic manually in low-level languages, developers specify
state transitions, actions, and data flow in a compact, structured format. The
framework’s customizable code generators then produce readable and efficient
code, with options for injecting platform-specific instructions when needed. Func-
tionally, ThingML supports synchronous/asynchronous messaging, event-driven
behaviors, and includes support for a variety of hardware drivers and network
protocols.

Despite its advantages, ThingML presents some challenges. Its specialized
modeling paradigm requires developers to learn new concepts and tools, and
also maintaining both generated and handwritten code in parallel requires care
to avoid conflicts during regeneration. Furthermore, although performance is
generally optimized, fine tuning may still be necessary for resource-constrained



10 J. Cardoso, P. Salgueiro and T. Gonçalves

environments. While ThingML remains a tool with limited community support,
it serves as an example of how model-driven engineering can significantly reduce
development effort and bring declarative techniques to the embedded IoT domain
[11].

Comparison of Related Platforms with IoTCRAFT. Table 1 summa-
rizes the key features of the four reviewed platforms in comparison with the
proposed approach. While MontiThings and GeneSIS primarily target the declar-
ative modeling and deployment of IoT architectures, they do not provide native
support for data components such as analytics, dashboards, or machine learning
pipelines.

MLIoT, on the other side, focuses on the automated management of ML
workflows in IoT scenarios, offering dynamic model deployment and retraining
capabilities. However, it lacks high-level modeling support and does not abstract
the broader infrastructure and orchestration aspects.

In contrast, the proposed platform (IoTCRAFT) aims to unify the declara-
tive specification of the entire IoT stack, including data ingestion, stream and
batch processing, visualization, and machine learning. Additionally, it incorpo-
rates DevOps and MLOps practices to support reproducibility, versioning, and
lifecycle automation. This unified approach fills a current gap by covering the
full IoT stack.

Table 1. Comparison of related platforms with the proposed approach.

Feature MontiThings GeneSIS MLIoT AutoIoT ThingML IoTCRAFT*

Declarative modeling ✓ ✓ ✗ ✓ ✓ ✓
Sensor data ingestion ✓ ✗ ✓ ✓ ✗ ✓
Data processing partial ✗ ✓ ✗ ✗ ✓
Visualization ✗ ✗ ✗ partial ✗ ✓
ML integration ✗ ✗ ✓ ✗ ✗ ✓
Automated deployment ✓ ✓ partial ✗ partial ✓
DevOps/MLOps support ✗ ✗ partial ✗ ✗ ✓

* IoTCRAFT features represent planned capabilities. The platform is currently at a
conceptual stage.

Open-Source Tools Several open-source platforms adopt declarative or low-
code paradigms to streamline the development of IoT solutions, such as Node-
RED [20], ThingsBoard [25], Apache StreamPipes [14], EdgeX Foundry [8], and
FogFlow [6]. These tools provide graphical or flow-based interfaces for defining
data pipelines, dashboards, and basic edge deployments, lowering the entry bar-
rier for IoT development. However, each of them typically targets a specific layer
of the stack, such as ingestion, streaming, or orchestration, and lacks compre-
hensive support for full pipeline specification, especially in integrating machine
learning workflows and DevOps/MLOps practices. As such, they offer partial
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solutions that require manual integration of components and configurations, re-
inforcing the need for an end-to-end platform like IoTCRAFT.

3 Problem Statement

The development of intelligent IoT systems presents both conceptual and practi-
cal challenges. On one hand, there is a need to define expressive, reusable models
that hide technological complexity while preserving control and flexibility. On
the other, engineering challenges arise when deploying and managing distributed
components, data pipelines, and machine learning workflows in real-world envi-
ronments. These systems typically require the integration of many components,
such as data ingestion pipelines, storage solutions, visualization tools, and ma-
chine learning (ML) services, across heterogeneous infrastructures. Managing
such complexity often leads to low-level, error-prone implementations that are
hard to maintain, adapt, or reuse.

As highlighted in the related work, existing solutions usually address iso-
lated stages of the IoT pipeline or require extensive manual configuration and
orchestration. There is a clear lack of integrated platforms that enable the high-
level specification and automated deployment of complete IoT-ML systems (i.e.,
IoT systems integrating machine learning components). This gap hinders reuse,
scalability, and developer productivity.

Declarative programming offers a promising alternative by allowing develop-
ers to focus on what the system should do, rather than how to implement it. To
explore this potential, this paper addresses this gap by exploring the potential
of declarative programming for describing and deploying complete IoT systems.
A unified, high-level specification language combined with automated orchestra-
tion mechanisms can significantly reduce the complexity of these systems. This
direction underpins the design of the IoTCRAFT platform, which is currently
under development and presented in the following sections.

This work is still in its early stages and focuses on formulating a clear vision
for the platform and identifying the foundational mechanisms required to sup-
port its implementation. The architectural design, as well as the development of
the domain-specific language and orchestration engine, constitute the next steps
of the research.

4 IoTCRAFT Architecture

As this research is still in its early stages, this section presents a high-level con-
ceptual view of the IoTCRAFT architecture. It is designed to support the declar-
ative specification and automated orchestration of complete IoT data pipelines,
with a focus on abstraction, automation, and modular deployment.

The architecture, illustrated in Figure 1, is organized into three main layers.
At the top, the Declarative Layer introduces a high-level specification language
(currently under development) that enables users to describe the structure and
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behavior of IoT systems. This includes the definition of data sources, valida-
tion rules, storage requirements, visualization preferences, and machine learning
tasks. The goal is to provide a reusable abstraction that hides low-level config-
uration details.

The Interpretation and Orchestration Layer bridges the gap between the
declarative model and the execution infrastructure. It includes a code generation
engine that translates the specification into configuration files and deployment
descriptors, and an orchestration engine that provisions the required components
using container-based technologies. This encompasses ingestion services (e.g.,
MQTT or HTTP connectors), validation modules, storage systems, dashboards
for data visualization, and machine learning components.

Finally, the Infrastructure Layer comprises the actual services that implement
the pipeline. Each stage (ingestion, validation, storage, visualization, ML) is
deployed using modular components. This flexibility allows the platform to adapt
easily to different IoT use cases.

The layered architecture promotes separation of concerns while ensuring in-
tegration between components. Figure 1 illustrates the main components and
their interactions.

Fig. 1. Conceptual architecture of the IoTCRAFT platform.
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5 Validation Scenario and Use Case

To assess the feasibility and benefits of the proposed architecture, IoTCRAFT
will be validated using requirements and real sensor data from the SenForFire
project [13], a research initiative focused on forest fire prevention through the
deployment of low-cost Wireless Sensor Networks (WSNs). These WSNs monitor
environmental variables such as temperature, humidity, soil moisture, and air
quality across multiple remote and forested locations.

The current implementation of SenForFire requires manual configuration of
several system components, including data ingestion services, time-series storage,
dashboards, and machine learning workflows. This makes it an ideal scenario to
evaluate the potential of IoTCRAFT to reduce complexity and automate the
deployment process in a real-world scenario.

The validation strategy involves describing the SenForFire system through a
high-level declarative specification and assessing whether the platform can au-
tomatically generate and orchestrate the necessary infrastructure. This includes
setting up ingestion services, validating and normalizing incoming sensor data,
storing it in a time-series database, visualizing it, and executing ML inference
tasks.

Although the validation process is still far, this use case provides a good
oportunity in a realistic and complex environment to test the expressiveness of
the DSL and the automation capabilities of the orchestration engine. It will also
offer critical feedback to support the continued development of the platform.

6 Conclusion and Future Work

This paper proposes IoTCRAFT, a novel declarative platform designed to sim-
plify the specification and deployment of IoT systems. By enabling the definition
of complete data pipelines through high-level specifications, the platform aims
to reduce manual configuration, increase reusability, and promote adaptability
across diverse application scenarios.

As highlighted in the related work, there is currently no integrated solu-
tion that offers a unified, declarative approach to modeling and deploying the
full lifecycle of IoT-ML systems. Existing tools typically address isolated stages
of the pipeline or require significant manual configuration and orchestration.
IoTCRAFT is conceived to address this gap, offering an end-to-end platform
capable of automating complex IoT deployments using a high-level, platform-
agnostic specification.

The work is still in an early stage, and all core components are under develop-
ment. Future efforts will focus on designing the architecture, implementing the
required modules, and validating the platform using real-world data collected
from the SenForFire project. This use case will serve to assess the feasibility, ex-
pressiveness, and automation capabilities of the proposed approach in a realistic
deployment scenario.
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