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Abstract
In the current technological landscape, we are transitioning to a
lifestyle shaped and supported by advanced artificial intelligence
systems. In this context, there is a growing tendency to decentralize
such systems, moving them to the edge, and placing more responsi-
bility on the devices that compose these systems. The field of Multi-
Agent Systems offers a powerful paradigm for distributed artificial
intelligence, where intelligent agents can incorporate a variety of AI
techniques to make autonomous decisions. In this work, we propose
an approach for implementing embedded autonomous intelligent
agents. We propose an architecture to implement autonomous in-
telligent agents embedded in simple microcontrollers, and as a case
study, we describe the integration of computer vision, in which
agents are capable of extracting information from computer vi-
sion components and utilizing this data in their decision-making
processes.

Keywords
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1 Introduction
Technological development has transformed society through his-
torical contexts linked to industrialization and, more recently, by
shaping a society immersed in increasingly sophisticated technolo-
gies present in nearly all aspects of daily life [1]. In the same context,
significant advances in autonomous behaviour technologies (such
as autonomous vehicles and systems) have been driven by develop-
ments in Artificial Intelligence (AI). These advances have enabled
impactful technologies, both in the context of everyday technologi-
cal immersion and in advanced industrial reorganization processes,
known as Industry 4.0 [2].

A research area investigating intelligent autonomous technolo-
gies is the field of intelligent autonomous agents. By employing
multiple intelligent autonomous entities (agents) and enabling their
interactions, the concept of Multi-Agent Systems (MAS) emerges.
MAS provide a paradigm for implementing systemswith distributed
intelligent autonomous entities (distributed AI), where collaborative

and coordinated behaviours emerge to solve complex problems [3].
Multi-agent systems show strong synergy with the development of
the next-generation internet, Web 3.0, and emerging technologies
built on the Internet of Things (IoT) [4] and the Web of Things
(WoT) [5]. With a growing number of devices connected to the
internet, vast opportunities for distributed artificial intelligence
can be explored, particularly through multi-agent systems in devel-
oping Ambient Intelligence and Smart Environments [6], such as
smart cities, smart homes, and smart buildings.

In this context, there is a promising direction toward embed-
ding well-established architectures for implementing multi-agent
systems that enable sophisticated reasoning and decision-making
mechanisms in devices with lower computational power. These
devices, though computationally constrained, offer lower develop-
ment costs, scalability, and low energy requirements. Moreover,
incorporating the abstraction of agents into these devices allows
us to envision systems architectures with AI at the edge [7], as
various AI techniques can be integrated into these embedded intel-
ligent agents, while also recognizing that MAS provides a powerful
paradigm for distributed systems.

In this paper, we propose an approach for implementing embed-
ded intelligent agents, comprising an architecture for embedded
agents and interfaces for integrating AI techniques. As a case study,
we present an embedded intelligent agent equipped with computer
vision capabilities. The agent leverages spatial recognition of a per-
son’s face within the camera’s capture area to make decisions about
where to look, guided by its profile. Notably, the agent’s profile
can be dynamically adjusted, allowing it to transition, for example,
from a shy profile to a confident one, which changes entirely the
agent’s behaviour. The proposed approach offers several benefits,
including enhanced adaptability and personalization of agent be-
haviour in dynamic environments. By embedding intelligence in
resource-constrained devices, it enables real-time decision-making
without relying on centralized processing, thereby reducing la-
tency and improving responsiveness. Furthermore, the use of well-
defined interfaces allows for seamless integration and combination
of additional AI techniques and/or components, extending the sys-
tem’s capabilities and versatility. This approach supports a wide
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range of applications, from human-machine interaction to robotics,
by equipping agents with the ability to adapt their behaviour to
context-specific requirements.

2 Background
2.1 Computer Vision
Currently, computer vision systems have become an increasingly
integral part of our daily lives. This field of computational research
has gained significant attention in recent years, particularly due to
the wide range of technological applications that impact society,
spanning from social networks to healthcare, such as the more
accurate diagnosis of diseases [8, 9].

With this in mind, computer vision is a branch of artificial in-
telligence that aims to enable computer systems to interpret and
understand the world in a manner similar to humans, such as by
detecting people, objects, and patterns in images and videos [9]. For
this process to function, the computer must decompose an image
into a set of pixels, with each pixel representing the smallest unit
of information in a given photo or frame. From this, each pixel is
associated with a numerical value, which is then used by algorithms
for visual pattern recognition [10].

Among the techniques used, we can mention classical computer
vision, which emerged before the popularization of machine learn-
ing and is primarily based on statistical and mathematical methods
applied to data extracted from images. Furthermore, many machine
learning processes have emerged over the past few decades that
enable the development of systems that automatically extract pat-
terns from large volumes of data, such as the case of Convolutional
Neural Networks (CNNs) [11].

2.2 Embedded Intelligent Agents
Advances in embedded computing and wireless technologies are
driving the integration of physical objects with the internet, creat-
ing a technological landscape of connected devices known as the
Internet of Things (IoT) [4] (recently expanded to the idea of Web
of Things [5]). This evolving scenario, coupled with concurrent
developments in artificial intelligence technologies and method-
ologies, is fostering an ecosystem of “smart” devices and sensors,
establishing paradigms in intelligent edge computing [12, 13] and
ambient-intelligence/smart environments [14, 15].

These paradigms incorporate characteristics of ubiquity, trans-
parency, and intelligence, in which the decision-making processes
are shifted towards devices. Devices within these systems require
autonomous capabilities, enabling them to manage tasks and make
decisions in real time [16]. In this context, autonomous intelligent
agents perfectly fit into these paradigms, abstracting such smart
devices as agents, and resulting in the conceptualization of systems
based on multi-agent systems [3].

Thus, embedded intelligent agents, or embedded agents, refer
to embedded computer systems with some capacity for reasoning,
planning, and learning [14, 17]. Embedded agents typically have
a network connection, enabling communication and cooperation
with other embedded agents [14].

The literature has different views on the integration of embedded
agents with resource-limited IoT devices: (i) decoupling agents from
IoT devices and then creating a representative agent responsible
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Figure 1: PRS-BDI-Based Agent Architecture.

to interact with such device using a M2M protocol such as MQTT,
examples are [18, 19]; (ii) embedded agents executing directly in
the IoT devices, normally using an agent platform that facilitates
the agent interactions, examples are [20, 21].

3 Embedded Intelligent Agents Enhanced by
Computer Vision

In this work, we propose an approach for embedded agents, in
which agents are directly integrated into ‘smart’ devices, making
them autonomous, reactive entities capable of proactively achiev-
ing design goals. The proposed agent architecture incorporates
dynamic components from the BDI (Belief-Desire-Intention) frame-
work [22] and the PRS (Procedural Reasoning System) [23], includ-
ing a plan library that allows for dynamic addition of new plans,
thereby expanding the range of tasks the agent can perform. In
Section 3.1, we will detail the proposed architecture.

To demonstrate our approach for embedded intelligent agents,
we implement a device enhanced by a computer vision interface.
The intelligent agent can extract semantic information from the
video stream and use this data in its decision-making processes. In
Section 3.2, we will describe the implemented scenario.

We follow the same direction pointed out by the authors in [15],
who assert that the integration of agents into devices ushers in a
new generation of smarter, more collaborative, and flexible devices.
Additionally, this integration enhances their adaptability and re-
sponsiveness to the surrounding environment and to the presence
of other embedded agents within the same network.

3.1 Proposed Agent Architecture
We propose an adapted architecture based on the BDI model [22]
and the PRS [23] to embedded intelligent agents. This architec-
ture keeps the main components of BDI-PRS-based agents, but it
simplifies some components to run on devices with less computa-
tional power. An overview of the proposed architecture is shown
in Figure 1.

2
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While the BDI architecture offers an elegant orchestration of
dynamicmental components for intelligent agents, the PRS provides
a framework for constructing real-time reasoning systems capable
of performing complex tasks in dynamic environments. It combines
the mental components from BDI with a well-established process
of practical reasoning, incorporating reactive capabilities (such as
events triggered by sensors or communication) into the agents.

The formal components that have been considered and inte-
grated into the proposed agent architecture are outlined as follows:

• E: a set of events {e𝑖 , . . . , e𝑛}, which represents the input
for the agent. Events aggregate both sensor input and re-
ceiving messages, implementing a generic input interface
for agents;

• B: a set of beliefs {b𝑖 , . . . , b𝑛} that represents the knowledge
of the agent. Beliefs reflect the information the agents has
about the world and other agents.

• D: a set of desires (or goals) the agent is motivated to pur-
suit.

• I : a set of intentions, representing those goals an agent has
committed to pursuit.

• A: a set of actions {a𝑖 , . . . , a𝑛} available to the agent exe-
cute in the environment. These actions are implemented
by the action interface component, representing the ac-
tions available at the devices the agent is embedded. When
relevant to the application, the set of actions will include
actions for communication, which follow the literature of
speech acts [24]. Actions represent the output interface to
the agent.

• 𝑝𝑠: a plan library, containing a set of plans {𝑝1, . . . , 𝑝𝑛}
available to the agent. Plans represent the know haw of the
agent, and they can be dynamically updated in the proposed
architecture.

The pseudo-code in Algorithm 1 outlines the proposed reason-
ing cycle for embedded agents. The proposed reasoning cycle is
based on the idea that embedded agents will operate in dynamic
environments, and they will require a continuously updating of
knowledge, then acting based on its beliefs, desires, and intentions.

In the pseudo-code in Algorithm 1, at the initialization phase,
the agent starts its execution by creating an empty queue of events
E, considering no event has been perceived or communicated yet; a
predefined plan library 𝑝𝑠 , which represents a set of plans that the
agent can use to achieve its goals; an initial belief base B, containing
the agent’s knowledge about itself and about the world; a queue
of desires D, representing the initial goals or objectives the agent
aims to achieve; and an empty stack I of actions and sub-goals
representing the agent’s intentions, considering the agent has not
yet planned how to achieve its goals and therefore has no intentions
at this stage.

After, the agent begins the continuous reasoning cycle, which is
divided into event perception, updating beliefs, handling intentions,
updating desires, selecting the next goals, and planning.

• Event Perception: at the event perception, the agent gathers
new information through the 𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛() function, which
serves as an interface to the external world, enabling it to
sense its environment, and the 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛() function,

/* initialisation */

E← ∅ ; /* empty events */

𝑝𝑠 ← {𝑝1, . . . , 𝑝𝑛} ; /* plan library */

B← {𝑏1, . . . , 𝑏𝑛} ; /* belief base */

D← {𝑑1, . . . , 𝑑𝑛} ; /* desires */

I ← ∅ ; /* empty intentions */

while true do
E← 𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛() ∪ 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛() ; /* update

events */

B← 𝑢𝑝𝑑𝑎𝑡𝑒 (B, E) ; /* update beliefs */

if I ≠ ∅ then
𝛼 ← 𝑛𝑒𝑥𝑡 (𝐼 ) ; /* retrieve the next action

from the intention */

𝑒𝑥𝑒𝑐𝑢𝑡𝑒 (𝛼) ; /* execute the next action from

the intention */

I ← I \ 𝛼 ; /* remove the action from the

intention */

end
D← 𝑢𝑝𝑑𝑎𝑡𝑒 (D, E) ; /* update desires according

the events */

𝜏 ← 𝑛𝑒𝑥𝑡 (D) ; /* retrieve the next desire */

I ← I ∪ 𝑝𝑙𝑎𝑛(𝜏, 𝑝𝑠, B) ; /* retrieve the sequence

of actions for 𝜏 */

D← D \ 𝜏 ; /* remove desire 𝜏 */

end
Algorithm 1: Pseudo Algorithm for the Reasoning Cycle of
the Embedded Agent.

which provides a communication interface that agents can
use to exchange messages.

• Belief Update: the agent updates its belief base B to reflect
the new events E, according to some belief update function
𝑢𝑝𝑑𝑎𝑡𝑒 (). This process ensures the agent’s knowledge stays
consistent with the latest observations or communications.

• Handling Intentions: when the agent has ongoing intention,
i.e., I ≠ ∅, the agent retrieves the next action to be executed
from the intention stack, executing it through the function
𝑒𝑥𝑒𝑐𝑢𝑡𝑒 (), which implements an interface to external com-
ponents, such as actuators or communication interfaces.
After executing that action, the agent updates the intention
queue removing the executed action.

• Updating Desires: the agent update its desires D based on
the new events E according to some desire update function
𝑢𝑝𝑑𝑎𝑡𝑒 (). This allows the implementation of methods to
ensure the agents goals are still relevant, as well as creating
new goals according the events perceived.

• Selecting Next Desire: the agent selects the next goal 𝜏 from
the updated desires D. The function 𝑛𝑒𝑥𝑡 () allows us to
implement mechanism in which an agent verify the priority
of its goals, selecting those with higher priority to pursuit.

• Planning: The agent selects a plan from the plan library 𝑝𝑠
to achieve the goal it has decided to pursue, i.e., 𝜏 . The agent
evaluates the applicability of plans based on their context
(i.e., preconditions for executing the plan) by comparing the

3
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Figure 2: Face Detection using Yunet.

plans’ contextual requirements with its belief base B. Once
an applicable plan is identified, the sequence of actions
and sub-goals associated with that plan are added to the
intention stack. At this point, the reasoning cycle concludes.

Some relevant characteristics are inherent in the proposed rea-
soning cycle. First, the agent continuously revises its beliefs, desires,
and intentions in response to new events, demonstrating adaptabil-
ity to dynamic environments. Second, the agent prioritizes existing
intentions by addressing them before selecting new desires, thereby
maintaining a sense of commitment and continuity in its execution.
Additionally, by incorporating plans from the plan library, agents
can effectively exchange their know-how (plans), enhancing their
collaborative and knowledge-sharing capabilities, making them
highly adaptable.

3.2 Integrating Computer Vision
One of the objectives of this work is to demonstrate the incorpo-
ration of computer vision with embedded agents. In this context,
the field of computer vision involves equipping computers with the
ability to recognize images and the environment around them.

For the computer vision component, several face detection mod-
els can be used. In our experiments, we evaluated two models. The
first was the Viola-Jones algorithm [25], a classical computer vision
technique that was highly efficient for its time. The second model
evaluated was the Yunet [26], developed in 2018, which is a neural
network trained to detect faces more efficiently.

After some experiments, we chose Yunet over Viola-Jones for two
reasons: it is lighter in computational processing and demonstrates
significantly higher effectiveness compared to the traditional model.
The Yunet model was developed with the intention of being used
on IoT devices with low computational power, while still achieving
performance similar to larger models that require more processing
resources1. Figure 2 shows an example of the output provided by
the Yunet face detection algorithm.

The computer vision interface developed uses an ESP32-Cam to
capture the images to be processed. This camera was chosen due to
its low cost and ease of integration into larger systems. Then, the
images are transmitted via a local Wi-Fi network to a Raspberry
1Yunet is known for achieving an accuracy of 81% inWIDER FACE validation tests [26].

Agent Architecture 

Computer Vision
Face Detection
and Semantic

Extraction

Decision
Making and

Action

Actions (interface) Interface to
external world

Figure 3: SystemWorkflow.

Pi 3B, which functions as the central server of the operation. Real-
time images are received by this computer, which uses Python code
along with the OpenCV library to run the Yunet model on each
frame and the agent architecture to make decisions about those
inputs.

With the face detection performed by Yunet implementation2,
we developed a simple semantic extraction (sub)component which
extracts the position of the faces in the image, providing such
information to the embedded agent. This workflow is illustrated in
Figure 3.

3.3 Implementation
The proposed agent architecture was implemented in Python3,
running within a Raspberry Pi 3B. The mental components of the
agent were implemented using straightforward and effective data
structures to represent its internal reasoning processes. The belief
base was implemented as a simple list, which stores the agent’s
current knowledge about the environment. This structure allows
for efficient addition and retrieval of beliefs, enabling the agent
to dynamically update its understanding as new information is
acquired. The agent’s desires, representing its potential goals, were
organized using a queue. This approach ensures that desires are
managed in a first-in, first-out manner, reflecting a natural priority
of objectives.

To manage the agent’s intentions, a stack data structure was
employed, enabling a last-in, first-out execution order. This
design facilitates an elegant handling of goal decomposition
into sequences of actions. When a goal or desire is selected
from the intention stack for processing, the agent searches for
2The Younet implementation is available in https://github.com/LAIA-UFSC/SD2-
Project/tree/main/raspb_3.
3An illustrative implementation of the agent reasoning cycle is available in https:
//github.com/LAIA-UFSC/SD2-Project.
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an appropriate plan to achieve it. Once a plan is identified, the
original goal is replaced on the stack with the set of actions
(and any subgoals) specified by that plan. Finally, the agent’s
plan library, which details the know-how of the agent, i.e., plans
defining the actions required to achieve their corresponding goals,
is implemented as a list of tuples. This plan library maps goals to
their corresponding step-by-step plans, facilitating efficient lookup
and execution. The agent plan library has the following format:

[ goal1:{context:{b1,. . .,b𝑛},plan:[a1,. . .,a𝑛]},
. . .

goal𝑛:{context:{b𝑎,. . .,b𝑧},plan:[a𝑎,. . .,a𝑧]} ]

The plan library defines a set of plans to achieve the agents’
goals, for example, goal1 and goal𝑛 . To establish the conditions
under which a particular plan can be used by the agents, each plan
has a context that specifies the preconditions for its execution. The
context essentially defines a set of beliefs that must be present in
the agent’s belief base. Finally, the plan itself is defined by a set of
actions and/or subgoals, outlining a sequence of steps the agent
can use to achieve the specified goal.

This data structure enables agents to dynamically update their
know-how during execution, which is a critical feature of the pro-
posed agent architecture. It is analogous to code that can modify
itself (or be updated remotely) at runtime. Moreover, this structure
supports the implementation of different classes of goals, such as
achievement and maintenance goals.

Achievement goals are objectives in which the agent formulates
a plan to accomplish the goal, executes the plan, and considers the
goal achieved upon completion. This concept can be illustrated
with the following abstract example: [ g1:{context:{b1, b2},
plan:[a1, a2, a3]} ], which represents a plan for the goal g1.
The plan includes a context defined by {b1, b2} and a sequence of
actions (and/or subgoals) [a1, a2, a3]. When the context is satis-
fied, and the agent selects this plan, it stacks the actions in reverse
order —- a3, a2, and a1 —- and then executes them sequentially in
the order established by the plan. The agent achieves the specified
goal upon completing the execution of a3, the final action in the
stack.

Maintenance goals are objectives that the agent continually
strives to maintain. These goals often represent desired or unde-
sired states of the world that the agent seeks to preserve or avoid,
respectively. They can be implemented using the following plan
structure: [ g2:{context:{b3, b4}, plan:[a4, a5, g2]} ],
which represents a plan for the goal g2. The plan is defined by the
context {b3, b4} and a sequence of actions and subgoals [a4, a5,
g2]. In this structure, the agent recursively stacks the goal g2, so
that when it is selected, a new plan of the same type is added to
the intention stack. Agents can terminate the pursuit of such goals
by selecting an alternative plan for the same goal. For instance, [
g2:{context:{b5}, plan:[a6]} ] represents a plan that, upon
execution, concludes the maintenance of g2. This mechanism al-
lows the agent to adapt its behaviour dynamically in response to
changing contexts or priorities.

4 Case Study
We are interested in scenarios where embedded intelligent agents
are capable of determining the spatial position of individuals based
on their location within the input image captured by a computer
vision interface. Specifically, we aim to extract the relative position
of the individual with respect to the agent. In practical terms, this
means that if an individual appears within the camera’s capture area
as processed by the computer vision interface, the system should
identify the person’s relative position, such as whether they are on
the right or left side of the agent’s field of vision. The agent can
then make informed decisions on how to act based on this input, for
example, tracking the individual with the camera or communicating
the person’s direction of movement to another agent.

The computer vision interface, as described in Section 3, utilizes
the Yunet model for face detection and outputs a discrete represen-
tation of the face bounding box center’s position. This position is
mapped to one of nine quadrants within the camera’s capture area,
thereby identifying the individual’s location within the captured im-
age. Figure 4 shows an overview of the discretization and semantic
extraction process. In this figure, the Yonet implementation identi-
fies the person’s face, which appears in the top-left quadrant of the
camera’s capture area. This information is discretized into a simple
matrix, which is then used for semantic extraction, generating an
event for the agent with the information position(top_left).

To evaluate the proposed computer vision interface, we con-
ducted a series of experiments by positioning our faces in different
quadrants of the camera’s capture area and comparing the resulting
outputs. Figures 5, 6, and 7 illustrate examples of the experiments
performed. For all experiment, our implementation returned the
correct semantic extraction. Note that our approach for semantic
extraction uses the central point of Yunet face recognition, which
is positioned at the nose of the person, that why the experiment
illustrated in Figure 6 returns position(top_left) when almost
half of the face is at the middle_left quadrant.

After validating the proposed computer vision interface, the
predicates generated by the semantic extraction component can
be used to provide context to the agent. Specifically, the agent’s
belief base is updated with this information, triggering an event.
The agent can then react to this event by creating a new goal and
planning how to achieve it. This is accomplished by selecting an
applicable plan from its plan library, i.e., a plan designed to achieve
that particular goal, where the context (precondition) of the plan is
satisfied by the agent’s current beliefs.

To evaluate the proposed integration of the computer vision
interface and the embedded agent, we implemented a ludic scenario
with different agent profiles, which can be dynamically assigned to
the agent by adding the predicate my_profile(<profile>) to its
belief base.We considered three distinct profiles: the confident agent,
which always looks directly into a person’s eyes; the thoughtful
agent, which always looks straight at the center of the person’s
face position; and the shy agent, which always looks downward
toward the person’s face position.

In the proposed scenario, whenever a face appears in the cam-
era’s capture area, the computer vision interface extracts the face’s
position and updates the agent’s belief base by generating an event
of the type position(<quadrant>). Within the agent’s reasoning

5
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Figure 4: Discretization and Semantic Extraction.

Figure 5: Semantic Extraction - Experiment 1.

cycle, this event is mapped to the goal adjust_vision. The agent
then selects one of the relevant plans from its plan library to achieve
this goal. All plans for adjust_vision require the current face’s
position, position(<quadrant>), as part of their context, and they

Figure 6: Semantic Extraction - Experiment 2.

Figure 7: Semantic Extraction - Experiment 3.

differ based on the agent’s profile. For instance, the first plan for
adjust_vision is applicable only if the agent believes it has the
confident profile, i.e., my_profile(confident). If this condition is
not met, the plan is deemed inapplicable, and the agent evaluates
the next plan in the plan library.

[
adjust_vision, {context:{position(X),

my_profile(confident)}, plan:[look_to(X)]},
adjust_vision, {context:{position(X),

my_profile(thoughtful)}, plan:[look_strait(X)]},
adjust_vision, {context:{position(X),

my_profile(shy)}, plan:[look_down(X)]},
]

After the planning process — i.e., selecting an applicable plan and
stacking it in the intention stack — the agent proceeds to execute
the intention. In the proposed scenario, each plan corresponds to a
single action. All actions are implemented as functions adhering
to predefined action interfaces, and these functions are invoked by
the agent architecture when selected for execution.

6
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Figure 8: Case Study Components.

An overview of the main hardware components is presented in
Figure 8. The system includes an ESP32-CAM microcontroller that
captures images and transmits them to a Raspberry Pi 3, which
performs the following tasks: (i) implements the computer vision
interface by processing the video stream, applying the Yunet face
recognition algorithm, discretizing the detection, performing se-
mantic extraction, and updating the agent’s belief base with the
information extracted from the camera; (ii) hosts the interpreter for
the proposed agent architecture, in which the agent keeps running
according to the pseudo-algorithm 1, receiving inputs as events
and planning and executing actions to achieve its goals; and (iii)
integrates the action interface component, which implements all
actions available to the agent.

5 Related Work
There are a few work on embedding intelligent agents, propos-
ing agent architectures and frameworks. In [15], the authors pro-
pose (what they call) a new class of smart agent-based IoT devices,
which is based on the implementation of software embedded agents.
Agents execute within an unaware IoT environment (e.g., a smart
home environment), in which IoT devices (agents) and resources
are not known a priori. Their work focused on an embedded agent
model and the architecture of an agent-based IoT device. While
their work aligns with ours in conceptualizing embedded intelli-
gence, our work considers more flexible interfaces, incorporating,
for example, computer vision. This flexible interface is a central
difference in our approach, and it allows us to incorporate differ-
ent AI techniques according to the application need. In [27], the
authors examine the challenges of embedding intelligence in com-
pact, distributed computational artifacts for ubiquitous computing
in domestic settings, raising important questions about commu-
nication and association among multiple smart artifacts — a key
consideration for the scalability of our method. The authors in [28]
also emphasize the integration of agents to create more intelligent,
collaborative, and flexible devices, their case study focuses on a
playful application.

The field of cloud and edge computing has also contributed to
advancements in IoT intelligence. In [29], the authors explore com-
putational offloading with multi-agent IoT systems supported by

edge computing, leveraging federated learning and deep reinforce-
ment learning. While this work shares a common interest in en-
hancing IoT devices’ intelligence, its primary focus lies in resource
optimization and task offloading, contrasting with our emphasis on
integrating computer vision for perception and decision-making.
In [30], the authors introduce Cresco, a distributed agent-based
edge computing architecture, which enables efficient orchestra-
tion and management of edge resources. It emphasizes scalability,
resource management, and agent communication, aligning with
key challenges in IoT systems. Additionally, the discussions on IoT
challenges and opportunities for smart cities, as well as resource
allocation in distributed clouds, provide valuable context for our
research, highlighting areas where our work can contribute to ad-
vancing these technologies.

In the domain of multi-agent systems and distributed systems,
work such as [31] investigates multi-agent coordination in embed-
ded systems, exemplified by a search-and-rescue scenario using
drones, demonstrating the potential of agent collaboration. The
work [31] proposes an architecture for programming intelligent
robots also based on the cognitive concepts of BDI, which aligns
with our approach of using intelligent agents to control IoT devices.
In [32], the authors explore dynamic task offloading in multi-agent
mobile environments, involvingmultiple mobile and edge devices. It
employs reinforcement learning techniques to optimize task offload-
ing decisions while accounting for energy and resource constraints.
Although resource optimization is relevant to our work, our pri-
mary focus lies in integrating computer vision to enable enhanced
perception and action within intelligent systems, which sets our
approach apart. In [33], the authors focused on the development
of a lightweight agent platform specifically designed for fieldbus
systems, addressing their resource constraints to enable the deploy-
ment of distributed intelligence techniques. In [33], the objective
was to extend the advantages of multi-agent systems to the field-
bus domain, enhancing control, monitoring, and automation in
industrial processes. This approach highlights the potential for inte-
grating intelligent agents into resource-constrained environments
to improve operational efficiency and adaptability.

6 Conclusion
In this work, we proposed an approach for implementing embedded
agents, which includes: (i) an agent architecture based on the BDI
(Belief-Desire-Intention) model and the PRS (Procedural Reasoning
System); (ii) a pseudo-algorithm specifying the agent’s reasoning
cycle; and (iii) well-defined interfaces based on the concepts of
events and actions, which can be implemented according to the
application domain.

In our approach, agents can dynamically update all their mental
components, including their know-how, such as their plan library.
This capability is particularly significant, as it allows new interfaces
for sensors (events) or actuators (actions) to be integrated without
requiringmodifications to the agent’s reasoning cycle. Such updates
necessitate only the implementation and subsequent update of the
agent’s plan library.

As a case study, we demonstrated the implementation of an
embedded intelligent agent enhanced by computer vision. The
computer vision interface streams video capture of the person,
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performs face detection, discretizes the face position into a 9x9 grid,
and executes semantic extraction to determine the face’s position
within the camera’s capture area. This information is then updated
in the agent’s belief base, generating an event that corresponds to
a specific agent goal. Subsequently, the agent formulates a plan
to achieve the goal, with the planning process influenced by the
agent’s profile, which can be dynamically adjusted. Once the plan
is established, the agent executes the corresponding actions.

Although the implemented case study is a ludic scenario, it ef-
fectively illustrates how our approach to embedded agents can
seamlessly integrate AI techniques by well-defined interfaces based
on events. Additionally, it demonstrates the flexibility of modifying
the behaviour of embedded agents by assigning profiles to them or
even updating the agent’s plan library remotely. This flexibility is
enabled by the plan library’s design as a data structure that can be
easily updated externally.

There are numerous potential applications for the proposed ap-
proach, particularly in intelligent environments, such as smart
buildings, smart homes, and smart cities. In these contexts, embed-
ded agents could adapt and personalize their behaviour in response
to human presence and actions [14]. We are also interested in devel-
oping intelligent embedded agents capable of operating on highly
resource-constrained devices with very low power consumption.
Such agents could be utilized for monitoring remote areas, includ-
ing forests or oceans, utilizing radio frequency communication with
chain communication protocols.

Future research will enhance these agents with sophisticated
interaction mechanisms, such as argumentation-based dialogue
protocols, enabling them to negotiate and reason over optimal
decisions in dynamic environments [34, 35]. We aim to develop
embedded agents capable of collaborative resource allocation and
autonomous coordination in decentralized networks with real-time
constraints. Additionally, we will explore optimized communication
strategies based on enthymemes [36], improving efficiency in agent
interactions and decision-making.
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