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ABSTRACT
Effective coordination in robot systems is essential for enabling
teams of robots to collaboratively achieve shared goals in dynamic
environments. One key solution in this domain is continuous plan-
ning, which allows systems to adapt to failures and correct ex-
ecution when faced with unforeseen circumstances. This paper
proposes a novel multi-robot architecture for continuous planning
and execution using Belief-Desire-Intention (BDI) agents. Our ap-
proach leverages the BDI framework to deliver adaptive, runtime
goal-driven decision-making for heterogeneous robots. Central to
the architecture is a coordinator that dynamically forms coalitions,
enabling the team to rapidly adjust to environmental changes, un-
foreseen obstacles, and shifting mission priorities. We evaluate this
architecture through experiments in the healthcare domain, demon-
strating that our continuous planning approach with BDI agents
enables robust adaptation and coordination across heterogeneous
teams, even in the face of unexpected events. The validation of
our architecture indicates that the success rate remains constant
regardless of the failure rate.
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1 INTRODUCTION
Autonomous agents and Multi-Agent Systems (MAS) have received
considerable research attention in artificial intelligence, with appli-
cations ranging from industrial, service, and field applications to
robotic systems such as spacecraft, AUVs, UAVs, and self-driving
cars. Central to autonomous agents is the Belief-Desire-Intention
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(BDI) model, which represents human-like reasoning and decision-
making processes based on concepts from folk psychology [5, 33].
BDI agents offer a range of appealing features in the design of MAS,
including reactivity, adaptability, explainability, enhanced human
dialogue, and cooperation, which is vital for controlling teams of
multiple robots, allowing the exploration of the full potential of the
BDI agent approach [14, 16–18].

According to [24], deliberation in autonomous robots must am-
bitiously encompass planning, acting, monitoring, observing, and
learning. However, autonomous robot teams face various open
problems when performing tasks and interactions in dynamic envi-
ronments. In the context of plan recovery, it is not always feasible
to account for all environmental changes before system deploy-
ment [23, 28, 32]. Continuous planning is critical for bridging the
gap between traditional offline planning and the dynamic, real-time
demands of practical AI applications.

BDI agents andHierarchical Task Network (HTN) planning share
strong similarities, as both approaches rely on a structured decom-
position of high-level objectives into smaller, manageable sub-tasks
that guide an agent’s behaviour. These structures integrate deliber-
ative functions with continual online planning and reasoning. This
integration allows agents to adapt dynamically within complex
environments [19–21]. This perspective aligns with MAS research,
especially in robot-based applications. In such settings, agents must
address task decomposition, coalition formation, perception, and
control in real-world scenarios. These challenges emphasise the
need for explicit deliberation to meet mission objectives [25, 31, 34].

Building on the MAS foundation, our work employs BDI agent
architecture as an embodied control mechanism for autonomous
teams of robots. BDI provides a robust framework for represent-
ing motivation, enabling flexible decision-making, and supporting
dynamic interaction with complex environments [8]. Using tools
such as the Jason BDI agent programming language [3, 4] and
the IPyHOP HTN planner written in Python 3 [2], our approach
integrates planning, acting, monitoring, and observing functions
within a continual online reasoning process managed via the Robot
Operating System 2 (ROS2) [10, 26]. This setup enables reactive and
proactive control, advancing task decomposition and continuous
decision-making, addressing core challenges in autonomous robot
coordination and mission execution.

This work contributes a novel multi-robot architecture for con-
tinuous planning and execution using BDI agents. Our approach
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focuses on plan recovery with autonomous decision-making agents
based on the BDI framework. We explore the multi-robot architec-
ture through a case study focusing on heterogeneous robot coordi-
nation for a plan-recovery execution mission in the healthcare do-
main.1 The results indicate that the proposed architecture performs
more effectively with continuous replanning in a dynamic envi-
ronment, resulting in revised plans with fewer failures. With this
work, we aim to guide developers who intend to implement archi-
tectural solutions for autonomous robots, with a focus on successful
plan recovery, thereby creating robust, flexible, and scalable robot
approaches capable of collaborating in dynamic environments.

2 RELATEDWORK
To our knowledge, no approach combines continuous planning and
BDI agents within an autonomous robot architecture using ROS2.
However, many works combine task planning and BDI agents [7,
22, 35]. We consider these approaches out of scope because they do
not address the challenges of continuous planning for robot teams.
In this section, we discuss work on continuous task planning in
ROS and on integrating BDI with ROS.

The ROSPlan architecture embeds task planning into ROS1 sys-
tems, providing a collection of tools for AI planning with nodes that
encapsulate planning, problem generation, and plan execution [11].
The ROS2 Planning System (PlanSys2) is a symbolic planning frame-
work for robots working in demanding environments [27]. It works
with ROS2 Jazzy (the latest Long-Term-Support version as of the
time of this writing). The main features of PlanSys2 include the
optimised execution of plans on behaviour trees through an auc-
tion protocol for actions and multi-robot planning capabilities. The
Multi-Robot System Architecture with Plan (MuRoSA-Plan) [13]
is a ROS2 robot architecture for mission coordination of heteroge-
neous robots. It generates runtime-adapted plans for multi-robot
coordination while mitigating mission disruptions. ROSPlan, Plan-
Sys2, and MuRoSA-Plan have all proposed different solutions for
continuous planning in ROS. Each approach has its strengths and
weaknesses. However, their main limitation compared to our archi-
tecture is that they provide no support for BDI agents during the
execution cycle of ROS robotic systems.

ROS-A [9] is an interface for integrating BDI-based agents (pro-
gramming in Gwendolen or Jason) into robotic systems developed
using ROS via the ROS bridge package. ARGO [30] is a customised
Jason architecture for embedded robotic agents using the Javino
middleware and perception filters to reduce the processing cost
and the agent’s reasoning cycle bottleneck. ARGO is not integrated
into ROS. In [18], BDI agents could navigate using path plans gen-
erated in the Jason language, being monitored, suspended, and
resumed in case of contingencies. Agents navigated through three
environments: a simple synchronised grid, an asynchronous grid
connected via ROS, and an autonomous car simulated with AirSim
connected using ROS. In [15], Embedded MAS (E-MAS) are BDI
agents with decentralised decision-making and cooperation among
Unmanned Aerial Vehicles (UAVs) in fire-fighting scenarios. Jason
BDI agents work on top of ROS and Gazebo simulation environ-
ments to autonomously search for and extinguish fire spots. Their
work was extended in [6], which proposes an expedited BDI agent

1https://github.com/CJTS/murosa-health (Accessed: 14/02/2026)

architecture (called EB2A) for handling critical situations, using the
ROS/Gazebo simulation for UAV experiments.

These approaches are domain-specific and do not cover the in-
tegration of continuous planning and execution in dynamic envi-
ronments. Among the BDI-related approaches for ROS, ROS-A best
aligns with our work. It does not alter the ROS core or the BDI pro-
gramming language, which aligns with the plug-and-play nature
of our architecture, making it easier to apply to various application
domains.

3 MULTI-ROBOT ARCHITECTURE
Our multi-robot architecture for continuous planning and execu-
tion focuses on accomplishing robotic missions in dynamic envi-
ronments by forming teams of BDI-based robots within the ROS2
infrastructure. This work focuses on scenarios where a central Co-
ordinator, with global mission and resource information, can handle
recovery more effectively than agents with only local views. Fig-
ure 1 presents the architectural components divided into Design
Time and Runtime. The former contains a System Integrator respon-
sible for designing the problem domain in the chosen planners’
languages and the initial Jason [3] descriptions of the agents.

The Runtime components consist of two ROS2 components: the
Coordinator (which includes a planner) and the Robots (which are
equipped with a BDI engine). The planner within the Coordinator
requires an environment model to create plans. Within the ROS
components, mission data includes current missions, robots, and
formed teams. There is also a plan recovery process and a moni-
toring system with sensors to observe the environment. The BDI
agent engine holds beliefs, mission-related desires, and intentions
for fulfilling those desires.

The multi-robot architecture is designed for dynamic environ-
ments, enabling the creation of new BDI plans for agents at runtime.
Mission executions without failures can be completed with the ini-
tial BDI design. However, when a failure occurs, two things can
happen. If the Robots can resolve it without the Coordinator’s help,
they use their BDI engine to find a solution. If it is a problem that
the Robots cannot fix, the Coordinator is notified, and it uses its
planner and reasoning to resolve the issue (usually by assigning a
different team of robots to the task).

When a new plan is created, the Coordinator translates it into
a BDI plan and sends it to the agents, which triggers the mission
to restart from the beginning. Notice that the current method of
replanning is a replan approach, where the plan is created from
scratch, rather than a repair approach, which fixes the action that
had the problem. If the current planner cannot create a plan to
achieve the mission, the component-based architecture allows at-
taching a new planner or a new model of the problem/domain to
the Coordinator to solve the problem.

3.1 Coordinator
A central component of the architecture is the Coordinator, which
manages the overall mission lifecycle, from receiving mission re-
quests to ensuring successful execution. The Coordinator creates
the global mission plan, supported by the planning module, and
maintains all mission and worker data, including the mission ob-
jectives, available robots, the current environment state, and the
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Figure 1: The proposed multi-robot architecture.

formed teams. Through a coalition formation process, it generates
local mission plans and assigns roles to the most suitable robots.
The Coordinator continuously monitors both the environment and
missions, enabling it to detect unexpected changes or failures. In
such cases, it replans and redistributes tasks, forming new teams
if necessary, to recover from disruptions and maintain mission
progress effectively.

The Coordinator is a ROS2 node (not a BDI agent) that manages
and coordinates missions among agents in a distributed system.
It initialises various publishers, subscribers, and service clients to
facilitate communication between agents, the environment, and
the planner. The Coordinator listens for agent actions and results,
processes incoming messages, and manages mission states. It han-
dles agent registration, mission execution, and plan recovery. It
also interacts with the environment, updates planner states, and
requests new plans when necessary. The main loop continuously
processes incoming messages, registers agents, fixes missions, and
checks the environment state. Algorithm 1 presents the pseudocode
for a simplified version of the Coordinator node.

The Coordinator receives initial triggers to start a mission. Then
it will create a multi-robot team (coalition) using a brute-force
method that matches the required robots to the available robots.
If there are enough robots, the mission can begin by sending the
local plans to the corresponding robots. If the coalition cannot be
formed due to a lack of robots, the coordinator may perceive this
as a failure if the mission to be executed is of high priority. In this
case, it cancels a low-level mission, if any is being executed, to
free robots to complete the coalition process. While it waits for
all robots to complete their mission, the Coordinator continues to
monitor the environment, looking for any problems that may arise.

Algorithm 1: Algorithm for the Coordinator node.
1 while 𝑐ℎ𝑒𝑐𝑘_𝑒𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡_𝑠𝑡𝑎𝑡𝑒 do
2 𝑀𝑒𝑠𝑠𝑎𝑔𝑒,𝐴𝑔𝑒𝑛𝑡, 𝑀𝑖𝑠𝑠𝑖𝑜𝑛 =

𝑝𝑟𝑜𝑐𝑒𝑠𝑠_𝑖𝑛𝑐𝑜𝑚𝑖𝑛𝑔_𝑚𝑒𝑠𝑠𝑎𝑔𝑒𝑠 ();
3 if 𝑀𝑒𝑠𝑠𝑎𝑔𝑒 = 𝑅𝐸𝐺𝐼𝑆𝑇𝐸𝑅 then
4 𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟_𝑎𝑔𝑒𝑛𝑡𝑠_𝑞𝑢𝑒𝑢𝑒 (𝐴𝑔𝑒𝑛𝑡);
5 if 𝑀𝑒𝑠𝑠𝑎𝑔𝑒 = 𝑅𝐸𝐴𝐷𝑌 then
6 𝑅𝑒𝑎𝑑𝑦 ← 𝑅𝑒𝑎𝑑𝑦 ∪ {𝐴𝑔𝑒𝑛𝑡};
7 if 𝑀𝑒𝑠𝑠𝑎𝑔𝑒 = 𝐼𝑁 𝐼𝑇 𝐼𝐴𝐿_𝑇𝑅𝐼𝐺𝐺𝐸𝑅 then
8 𝐶𝑜𝑎𝑙𝑖𝑡𝑖𝑜𝑛 ← 𝑓 𝑜𝑟𝑚_𝑐𝑜𝑎𝑙𝑖𝑡𝑖𝑜𝑛(𝑀𝑖𝑠𝑠𝑖𝑜𝑛);
9 if 𝐶𝑜𝑎𝑙𝑖𝑡𝑖𝑜𝑛 = ∅ then
10 if 𝑖𝑠_ℎ𝑖𝑔ℎ_𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 (𝑀𝑖𝑠𝑠𝑖𝑜𝑛) then
11 𝑠𝑡𝑜𝑝𝑠_𝑙𝑜𝑤_𝑝𝑟𝑖𝑟𝑜𝑖𝑡𝑦_𝑚𝑖𝑠𝑠𝑖𝑜𝑛();
12 𝑐𝑟𝑒𝑎𝑡𝑒_𝑚𝑖𝑠𝑠𝑖𝑜𝑛(𝑀𝑖𝑠𝑠𝑖𝑜𝑛);
13 else
14 𝑐𝑟𝑒𝑎𝑡𝑒_𝑚𝑖𝑠𝑠𝑖𝑜𝑛_𝑤𝑖𝑡ℎ𝑜𝑢𝑡_𝑡𝑒𝑎𝑚(𝑀𝑖𝑠𝑠𝑖𝑜𝑛);
15 else
16 𝑐𝑟𝑒𝑎𝑡𝑒_𝑚𝑖𝑠𝑠𝑖𝑜𝑛(𝑀𝑖𝑠𝑠𝑖𝑜𝑛);

17 if 𝑀𝑒𝑠𝑠𝑎𝑔𝑒 = 𝑀𝐼𝑆𝑆𝐼𝑂𝑁_𝐶𝑂𝑀𝑃𝐿𝐸𝑇𝐸𝐷 then
18 𝑓 𝑟𝑒𝑒_𝑎𝑔𝑒𝑛𝑡 (𝐴𝑔𝑒𝑛𝑡);
19 𝑣𝑒𝑟𝑖 𝑓 𝑦_𝑚𝑖𝑠𝑠𝑖𝑜𝑛_𝑓 𝑖𝑛𝑖𝑠ℎ(𝑀𝑖𝑠𝑠𝑖𝑜𝑛_𝐼𝐷);
20 if 𝑀𝑒𝑠𝑠𝑎𝑔𝑒 = 𝐹𝐴𝐼𝐿𝑈𝑅𝐸_𝑅𝐸𝑃𝑂𝑅𝑇 then
21 𝐹𝑎𝑖𝑙𝑢𝑟𝑒_𝐿𝑖𝑠𝑡 ← 𝐹𝑎𝑖𝑙𝑢𝑟𝑒_𝐿𝑖𝑠𝑡 ∪ {𝐹𝑎𝑖𝑙𝑢𝑟𝑒};
22 𝑀𝑖𝑠𝑠𝑖𝑜𝑛.𝑠𝑡𝑎𝑡𝑢𝑠 ← 𝐹𝐴𝐼𝐿𝑈𝑅𝐸
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If a replan is needed, it creates a new plan and restarts the coalition
formation process. The robots that complete their local mission
notify the Coordinator so they can be reused in other missions.

Mission Management
One of the Coordinator’s responsibilities is to manage the mis-
sion’s life cycle (Figure 2), which comprises six states: CREATED,
WAITING_TEAM, RUNNING, FAILURE, CANCELLED, and FINISHED.
When the initial trigger is received, the Coordinator verifies what
the mission is and its assigned priority. Then the coalition process
begins. If all necessary robots are available, the mission is created
with the CREATED state. Otherwise, the Coordinator analyses the
priority. If the mission is low-priority, it is created with a WAIT-
ING_TEAM state until robots become available. If it is a high-priority
mission, then it stops a low-priority mission, changing its state to
CANCELLED, to release the robots. From the CREATED state, the
mission is started and enters the RUNNING state. If any problem is
reported to the Coordinator, the mission enters the FAILURE state.
From there, the Coordinator fixes the solution by updating the state
and calling the planner, and the mission re-enters the RUNNING
state until it encounters another problem or finishes the mission,
entering the final FINISHED state and being removed from the
Coordinator’s missions. While in the WAITING_TEAM state, the
Coordinator keeps verifying if there are enough robots to start the
mission so it can enter the RUNNING state. In other words, the
Coordinator handles mission triggers sequentially but executes
missions in parallel, tracks all active missions, and releases robots
and aborts plans when a mission is cancelled. Cancelled missions
can be restarted from scratch upon a new trigger.

Figure 2: Mission’s life cycle.

BDI Translator
The Coordinator is also responsible for translating the planners’
plans into BDI plans. The multi-robot architecture can add new
plans to a deployed mission. After creating a BDI plan, the Coordi-
nator receives a list of actions and creates BDI intentions to fulfil
that plan. A well-defined set of mission parameters or variables is
required to instantiate the existing atoms. The Coordinator trans-
lates the plan to the Jason BDI language syntax using the mission
parameters and the plan generated by the planner. There are four
possible mission types:

(1) Sequential and Individual: themission execution is sequential,
each robot performs their part individually;

(2) Sequential and Collaborative: the mission execution is se-
quential, and some or all actions performed by the robots
need more than one robot;

(3) Parallel and Individual: parts or all mission execution are
parallel, but each robot performs its actions alone;

(4) Parallel and Collaborative: parts or all mission execution are
parallel, and some or all actions need more than one robot.

3.2 Robot Nodes
The Robots represent individual BDI agents in a distributed MAS.
They communicate with the Coordinator, other agents, and the
environment to execute their assigned tasks. Upon initialisation,
the agent registers with the Coordinator and subscribes to various
topics to receive plans, actions, and shutdown signals. The agent
maintains a queue of actions and plans to execute and process
these in its main loop. It can also interact with other agents to
coordinate actions. The agent publishes the failures or waiting
states as needed. The main loop ensures that the agent continuously
processes incoming messages and executes tasks until it receives a
shutdown signal.

3.3 Communication
Many components in the architecture need to communicate via
message passing. The Coordinator needs to request and receive
plans from the planner, and send initial triggers to start a mission
to the robots. The BDI and ROS components of the robots need to
communicate with each other, and the robots need to synchronise
actions that require multiple robots.

During initialisation, the components start and exchange mes-
sages to indicate they are ready to execute missions. The ROS
components of the robot initiate the process by sending a message
to the Coordinator to add the robot to the list of available robots,
and a message to the BDI platform to start the agent. After the BDI
agent is initialised, the Coordinator adds the agents to the ready-to-
start mission list. The process occurs for all robots in the system
and can happen online while the Coordinator is already active.

After receiving an initial trigger to initiate a mission, the Coor-
dinator establishes a team to carry it out. If no team composition
is feasible, it waits for more robots to become available. The Coor-
dinator sends the mission context to all robots in the team along
with the mission start signal. The robots then utilise BDI plans to
execute the mission, acting in concert when necessary. Figure 3a
presents the sequence diagram of the plan execution.

At the same time, the Coordinator monitors the environment,
looking for potential problems that could prevent the mission’s
success. After monitoring the environment, it updates its current
state and sends a message to the planners to do the same. The last
step is the plan recovery, where the Coordinator can be proactive by
monitoring and reacting to failure messages from the agents. Then
it verifies whether it is a known failure to determine the best course
of action: either translate the new plan created by a planner into
BDI or restart the mission with another team. Figure 3b presents
the sequence diagram of both cases of the plan recovery process.

The mechanism of communication between the BDI agent and
the ROS nodes (Coordinator and Robots) is the rosbridge library,
which is the same approach used in [9]. Rosbridge is a library for
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(a) Plan execution. (b) Plan recovery.

Figure 3: Communication sequence diagrams.

ROS that enables external programs to communicate with ROS
through message passing using the JSON format. When a ROS node
sends a message to an external program, it passes through the ros-
bridge node, which converts it into JSON and publishes it to the
relevant topic to which the external program is subscribed. Con-
versely, messages sent in JSON format from an external program
to a ROS node are received by the rosbridge node, translated from
JSON into ROS messages, and then published to the appropriate
topic. Since rosbridge does not alter ROS core functions, it requires
little to no modification across ROS versions, ensuring that external
programs remain compatible as long as the ROS message structure
remains consistent.

3.4 Failures
In this work, we considered two different failure types. The first
regards how the failure is perceived: reactive when a failure occurs
(e.g., the mission is impacted by the problem), or proactive when
a problem is detected but the failure has not occurred (e.g., there
is a problem, but it has not yet affected the mission). For proactive
failure, we used the mission-priority type, where the Coordinator
can analyse the priority of incoming missions and the current mis-
sions being executed to terminate low-priority missions, ensuring
the rapid completion of high-priority missions.

The second aspect regards how to solve the failure. If it is a
known failure, the robots can fix the problem autonomously, and
the Coordinator only needs to update state changes and, if neces-
sary, modify the current robot performing the mission to ensure
completion. The Coordinator asks the planners for a solution if the
failure is unknown.

3.5 Process Workflow
Figure 4 uses Business Process Model and Notation (BPMN) 2.0 [29]
to describe the execution. The process begins with a trigger defined
by the system integrator and domain. The Coordinator initialises
the mission and invokes the planner to create a global plan using
the problem domain specified at design time. This plan is split
into local missions and dispatched to the robots. During execution,
the Coordinator monitors the environment for anomalies to create
new plans for robots. The robots execute the plan and notify the
Coordinator if they encounter problems completing the mission.

4 VALIDATION CASE STUDY
This section presents the experiments validating the multi-robot
architecture, including an overview of the healthcare domain, the
simulation setup, and the results. The scenario explores a healthcare
domain adapted from RoboMAX [1], which consists of two phases:
remote inspection and disinfection.

4.1 Healthcare Scenario
The healthcare domain features different types of robots conduct-
ing patrol and disinfection routines, based on the Robotic Mission
Adaptation eXemplars (RoboMAX) [1]. Figure 5 shows a hospital
layout with an indoor disinfection scenario. Patrol and disinfection
operations are crucial for maintaining safe and hygienic conditions,
particularly in environments where strict contamination control is
essential, such as the Intensive Care Unit (ICU). Furthermore, patrol
tasks serve as an initial check to verify the environment’s readiness
for disinfection, increasing the effectiveness of the process.

The patrol and disinfection routine includes two types of collabo-
rative robots, the first is a BDI agile mobile patrol robot, inspired by
the Spot® from Boston Dynamics.2 Spot robots are responsible for
inspecting the environment to check if it is ready for disinfection,
identifying potentially hazardous situations to ensure the rooms
are vacant and that there are no misplaced objects. Spot can work
collaboratively with heterogeneous robots. However, implementing
effective multi-robot collaboration requires additional system-level
integration. Thus, in our scenario, if Spot detects a problem, it can
alert the human nurse or technician to adapt the room or inform
the Coordinator to replan the robot’s global mission.

The second is the UVD disinfection robot from the UVD Robots,
Part of Blue Ocean Robotics3. The UVD robots are responsible for
disinfecting the area when it is confirmed safe.

The mission is structured around two main stages as presented
in the mission plan shown in Figure 6: Remote Patrol phase ensures
the environment is properly prepared, which requires authorisation
from a nurse or technician, and Disinfection phase, where the room
disinfection is executed.

Listing 1: IPyHOP initial state example.
init_state = State('init_state ')
init_state.loc = { 'nurse1 ': 'room1 ','nurse2 ': 'room2 ',
'nurse3 ': 'room3 ','uvdrobot ': 'room4 ', 'spotrobot ': 'room4 '}

IPyHOP accepts its own Python-based input syntax. It uses an
initial state description as an object called State, which works like
a dictionary shown in Listing 1.

4.2 Execution
For the simulation setup, we used four nurses (simulated as ROS
nodes and controlled by BDI agents), two Spot robots, and two UVD
robots. The four nurses will make use of a hospital room and then
notify the coordinator that it needs to be disinfected.

The first type of problem the coordinator will encounter is when
the room is deemed not clean enough for disinfection (an example
of reactive failure), requiring human assistance. Then, it will create

2https://bostondynamics.com/products/spot/ (Accessed: 14/02/2026)
3https://uvd.blue-ocean-robotics.com/us (Accessed: 14/02/2026)
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Figure 4: The execution process workflow in BPMN.

Figure 5: The hospital layout in the healthcare scenario.

a new plan with actions to clean the room before proceeding with
the disinfection.

The second type of problem is when an ICU room needs cleaning,
but all robots are already occupied. Since it is a high-priority/risk
room, it needs to be cleaned first, before regular rooms (this is an ex-
ample of proactive failure). When that happens, the coordinator will

Figure 6: Mission plan.

cancel one of the regular missions and focus on the high-priority
mission.

Research Paper Track  AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

427



The known execution failure is represented by the battery failure
(a reactive failure). In that case, the BDI robot can decide to recharge
before the next action in the mission, ensuring the mission will be
completed.

Listing 2 defines the start of a mission for the Spot robot. When
the start(SpotRobot, NurseRoom, Nurse, UvdRobot) belief is perceived,
the agent stores this mission context and immediately adopts the
goal of navigating to the nurse’s room. The navigation goal is
executed only if the robot does not have a low battery and the
mission is active, ensuring that mobility actions are not attempted
under unsafe conditions. Upon successful arrival at the nurse’s
room, the agent records progress by adding milestone1, informs the
nurse agent of this milestone and triggers to them their next action,
and then adopts the corresponding approach goal.

Listing 2: AgentSpeak(L) code example
+start(SpotRobot , NurseRoom , Nurse , UvdRobot ):

true <-
+start(SpotRobot , NurseRoom , Nurse , UvdRobot );
!a_navto(SpotRobot , NurseRoom ).

// Mission actions
+! a_navto(SpotRobot , NurseRoom ):

not low_battery & start(SpotRobot , NurseRoom , Nurse , UvdRobot) <-
a_navto(SpotRobot , NurseRoom ).

+success_a_navto(SpotRobot , NurseRoom ):
start(SpotRobot , NurseRoom , Nurse , UvdRobot) <-
+milestone1;
.send(Nurse , tell , milestone1 );
.send(Nurse , tell , trigger_a_approach_nurse(SpotRobot , Nurse ));
!a_approach_nurse(SpotRobot , Nurse).

The evaluation metrics collected in the simulation include the
number of times the planner was called, simulation runtime, mis-
sion completion rate, failure rate, and the number of actions taken
in a single simulation round (where all missions were completed to
their conclusion). The scenarios varied the probability of failure to
0%, 25%, 50%, 75%, and 100%. Each variation was executed 30 times
for each configuration.

We simulated a dynamic environment for evaluation using five
failure rate scenarios to assess the Coordinator’s and the robot
team’s capability to complete the plan. During the initialisation of
the ROS2 environment, a probability is assigned to represent the
possibility that the room is dirty, and another to the type of room
the last nurse had. Consequently, with each simulation round, the
system dynamically determines the room status (i.e., clean or dirty)
and the room type (i.e., ICU or regular).

The four configurations used in our comparison include: the
baseline without BDI or replanning capabilities; plan recovery with
replanning capabilities without BDI (MuRoSA-Plan [12]); the BDI
baseline without replanning capabilities; and our approach, BDI
plan recovery with replanning.

The success rate refers to mission completion (i.e., whether the
mission achieves its objective), whereas the failure rate refers to
the probability of internal simulation errors. Therefore, the mission
completion success rate remains constant across different error
failure rates.

4.3 Results
To demonstrate the necessity and impact of using BDI agents, the
number of times the planner was invoked with and without BDI

was measured and compared in Figure 7. This metric is particu-
larly important because planning is computationally expensive, and
the agent typically remains idle while waiting for the plan to be
generated, resulting in inefficient resource utilisation.

Figure 7: Total plans created vs. problem rate (0%, 25%, 50%,
75%, and 100%).

Figure 7 contains a chart with four lines. The blue line with
circles represents the Baseline. The number of calls to the planner
remains consistently at two. This occurs because, without BDI, the
planner must generate all plans required for mission completion
(including the initial plan). The first two missions are executed,
after which a battery failure occurs. Since replanning is disabled,
the system terminates execution without completing any of the
four missions (CANCELLED mission, Figure 2).

In the second line, Plan Recovery (orange with Xs) enables re-
planning, but BDI is absent. In the third line, BDI Baseline (green
with squares), BDI is enabled, but replanning is disabled. In this
case, plans are already available, so the planner does not need to
be called. However, similar to the first scenario, the agent remains
unable to complete any mission due to its lack of replanning capa-
bility. Finally, the fourth line, BDI Plan Recovery (red with crosses),
shows the scenario where both BDI and replanning are available.
It is noteworthy that the number of replanning calls without BDI
(orange) is higher than with BDI (red), highlighting the efficiency
advantage provided by BDI in reducing planning overhead.

Figure 8 demonstrates the time it takes to make additional calls
to the planner. Both Plan Recovery and BDI Plan Recovery tend to
complete all missions. However, without BDI, the time consumed to
fix every problem using the planner impacts the overall runtime of
the missions. Again, it is important to note that baseline approaches
without replanning (Baseline and BDI Baseline) will be unable to
complete all missions.

Another key characteristic of the system is its ability to com-
plete missions despite failures. Figure 9 illustrates the missions’
completion percentage (completed missions divided by total mis-
sions) across the diverse simulation scenarios (0%, 25%, 50%, 75%,
and 100%). The Baseline (blue) represents the inability to replan, not
completing any missions. The second bar, labelled Plan Recovery
(orange), can complete > 80% of the missions. The third bar, BDI
Baseline (green), shows that even without replanning capabilities,
the BDI grants agents autonomy and enables the completion of
simpler missions with lower probability (< 40%). Finally, the last
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Figure 8: Missions’ runtime comparison.

bar, BDI Plan Recovery (red), completes most missions (< 80%). The
black lines in the bars represent the calculated error. The difference
between Plan Recovery and BDI Plan Recovery comes mainly from
simulation execution errors.

Figure 9: Mission completion vs. failure rate.

Figure 10 shows the number of actions by problem rate. The
Baseline (blue) has few actions because missions are cancelled at
the first occurrence of a low-battery problem. In the BDI Baseline
(green), the number of actions decreases as the problem rate in-
creases, indicating that without replanning, missions in dynamic
scenarios often fail, leading to fewer actions executed. In contrast,
the Plan Recovery (orange) and BDI Plan Recovery (red) configu-
rations demonstrate that with replanning, the number of actions
is higher, indicating that the system can handle and recover from
problems as they arise.

4.4 Discussion
The novel multi-robot architecture is plug-and-play, requiring no
changes to the ROS2 core to execute different domain missions. It
works with any AgentSpeak-based BDI language (such as Jason)
via the ROS Bridge library, and allows different types of planners.
The architecture explores and leverages the autonomy of BDI-based
agents, allowingMAS solutions to operate with minimal interaction
with the coordinator in various mission scenarios, both with and
without known failures.

We validated the architecture using a healthcare domain, with
a focus on heterogeneous robot coordination and plan recovery.

Figure 10: Total number of actions in each execution config-
uration.

Different application domains can utilise the presented multi-robot
architecture with minimal modifications. The experiments demon-
strate that the architecture can complete the mission even in dy-
namic environments with reactive and proactive failures.

The architecture goes beyond showing that replanning aids re-
covery by demonstrating that combining BDI autonomy with con-
tinuous planning enables more efficient and robust recovery. BDI
agents handle known failures locally, reserving planning for novel
disruptions, which reduces planner calls, lowers runtime, and sus-
tains high mission completion even under extreme failure rates.

5 CONCLUSION
This work presents a novel multi-robot architecture for continuous
planning and execution that integrates BDI agents with ROS2. This
architecture is intended to mitigate failures in robot mission execu-
tion in dynamic environments. As presented in the related work,
no approaches in the literature combine all these requirements
into a plug-and-play architecture suitable for different application
domains. In addition, the proposed multi-robot architecture com-
prises autonomous agents with planning, acting, monitoring, and
deliberative functions.

The evaluation included experiments in the healthcare domain
with heterogeneous robots. Three failure types illustrate the reac-
tive and proactive fault detection performed by autonomous robots:
low battery levels, cleaning the room, and the coordinator with
the mission-priority failures. The failure rate varies from 0%, 25%,
50%, 75%, 100%, indicating that BDI-based robots without replan-
ning do not achieve successful mission execution as the failure
rate increases. However, in our proposed architecture with contin-
uous planning and execution, the success rate remains constant
regardless of the failure rate.

Although results are promising, future investigations can be
conducted to enhance robots’ autonomy in adequately managing
failures in real-world environments, such as robotic industrial sys-
tems, spacecraft with AUVs, UAVs, and self-driving cars. Aspects
such as goal decomposition, task allocation and coalition forma-
tion strategies, plan adaptation using probabilistic and temporal
planning, interactive coordination of heterogeneous robotic teams,
and integration of learning could be areas for improvement.
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