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Abstract. This work’s primary contribution is the evaluation of a Multi-Robot Systems (MRS) solution that tightly
integrates Automated Planning (AP) into a Belief-Desire-Intention (BDI)-based Multi-Agent System (MAS), enhancing
performance in simulated scenarios. Coordinating multiple robots to achieve collective objectives across varied situations
remains a major challenge in MRS. The literature proposes approaches where robots must cooperate, exchange information,
and implement planning recovery mechanisms to ensure mission continuity. These challenges are directly linked to MAS
combined with AP. In many MAS architectures, particularly those based on the BDI model, agents require accurate beliefs
about the environment, defined objectives, and robust action plans, often assessed in restricted, controlled scenarios.
However, to substantiate claims of generalizability, extensive testing across diverse scenarios is essential. This study applies
a disinfecting robot routine in a hospital as an illustrative case with two heterogeneous robots. The results demonstrate that
the architecture is effective and adaptable in the simulated hospital environment.
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1 Introduction

Coordinating multiple robots to achieve shared goals in dy-
namic and uncertain environments remains a central challenge
in Multi-Robot Systems (MRS) [Aziz et al., 2021; Verma and
Ranga, 2021]. In domains such as search and rescue, ware-
house logistics, or medical assistance, robots must collaborate,
share information, adapt to unforeseen changes, and recover
from partial plan failures [Klavins, 2004]. Achieving robust
cooperation demands not only effective communication with
task allocation strategies but also integration with Automated
Planning (AP) and plan recovery mechanisms to ensure mis-
sion continuity and efficiency [Corréa et al., 2018].

MRS challenges closely parallel Multi-Agent Systems
(MAS), where coordination and communication are key con-
cerns to achieve robust cooperation [Wooldridge, 2009; Weiss,
2016; Salzman and Stern, 2020]. In dynamic robotic environ-
ments, robots must continuously combine planning, acting,
monitoring, and observing to complete their missions. How-
ever, it is not possible to anticipate all environmental changes
before deployment. Therefore, architectures must support
online reasoning, dynamic adaptation, and plan recovery dur-
ing execution. To address this, recent work integrates Multi-
Agent Planning (MAP) with flexible architectures to dynamic
adaptation of plan repair [Komenda et al., 2016; Moreira and
Ralha, 2021, 2022; da Silva and Ralha, 2024].

Central to many autonomous agents is the Belief-Desire-
Intention (BDI) model [Bratman, 1987], enabling agents to
reason about goals and plans in dynamic environments. In
BDI-based systems, agents maintain beliefs about the world,
select goals to represent desired future states, and generate in-
tentions to guide their execution through plans. When applied
to MRS, a BDI perspective allows each robot to operate as an
autonomous agent capable of updating beliefs, adapting goals,

and repairing plans when unexpected events occur, making
it attractive for integrating AP and runtime plan recovery in
complex multi-robot missions.

Literature includes architectural solutions to support
MRS and AP integration, including centralized and decentral-
ized coordination of robots using Robot Operating System
(ROS) [Cashmore et al., 2015], multi-robot control for the
RoboCup logistics league [Gonzilez et al., 2020], PlanSys2:
planning system framework for ROS2 [Martin et al., 2021],
hierarchical architecture framework based on goal decompo-
sition [Lesire et al., 2022]. A recent architecture integrates
MRS with MAP [da Silva, 2024], combining agents with Hi-
erarchical Task Network (HTN) planning for resilient mission
execution with heterogeneous multi-robot [Erol et al., 1994,
1996]. While promising, that work evaluated the system in a
constrained context, leaving open the question of whether the
architecture generalizes effectively across other domains.

The literature presents a gap in runtime planning recov-
ery for autonomous MRS, with a need for broader testing
across diverse scenarios. This work presents an illustrative
study towards this gap by validating the initial architecture of
da Silva [2024] using heterogeneous robots in an indoor dis-
infection mission scenario. In addition, a BDI-based model is
added to better support autonomous reasoning and adaptation.

Figure 1 presents an example image of real robots used in
our simulated study, including the patrol robot, illustrated by
the agile mobile robot called Spor® from Boston Dynamics,’,
and the UVD disinfection robot from UVD Robots, Part of
Blue Ocean Robotics.? The illustrative study emphasizes au-
tonomous task allocation, plan recovery, and real-time adap-
tation, thereby testing the architecture under dynamic and
uncertain conditions not explored in the original evaluation.

"https://bostondynamics . com/products/spot/
’https://uvd.blue-ocean-robotics.com/us
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Figure 1. The Spot robot from Boston Dynamics (left) and UVD robot from Blue Ocean Robotics (right) used in the illustrative study.

The implementation and simulation code are available,
aiming to support reproducibility and promote further re-
search in context-independent MRS planning.® The rest of
the article includes, in Section 2, the architectural aspects of
MAS with AP; in Section 3, the experiments together with the
illustrative study used; and lastly, in Section 4, the conclusions
and future work.

2 Architectural Overview

This work adopts an MRS architecture that integrates AP into
an MAS while also relying on a BDI-based agent model to
guide decision-making and autonomous behavior. The archi-
tectural design enables hierarchical task decomposition, goal
reasoning, and plan generation. It follows an interleaved plan-
ning and execution scheme to enhance adaptability in dynamic
environments. The architecture is divided into design time, in-
cluding the problem domain, and runtime environment, with
the processes required for coordinating the execution of robots
at runtime, as shown in Figure 2.

The architecture emphasizes the decomposition of com-
plex tasks into simpler sub-tasks, the formation of coalitions
of heterogeneous robots, and the use of MAP to convert tasks
into executable actions [Rizk et al., 2019]. The agents follow
a BDI-based model, allowing them to reason about goals, up-
date beliefs, and commit to intentions throughout the mission.
A human expert assists with initial task decomposition. The
subsequent steps, task allocation, planning, and control, are
autonomously managed by the robots.

Figure 2 presents the architecture adapted from da Silva
[2024]. The architecture components include: system in-
tegrator, coordinator, and robots. The system integrator is
responsible for defining the problem domain using the IPy-
HOP syntax [Bansod et al., 2022]. This domain specifies
the environment’s initial state, the available actions, and the
goals to be achieved, serving as the formal knowledge base
that guides the planner in generating valid global plans. By
clearly defining the system domain, the integrator ensures
that both the coordinator and the BDI-based robots can inter-
pret tasks consistently and execute in line with the mission
requirements.

The coordinator is a central component of the architec-
ture, overseeing the entire mission process, from initiation to

3https://github.com/CJITS/murosa-health

completion. It manages the creation of global mission plans
using the planning module and maintains information about
mission objectives, available robots, environmental condi-
tions, and the composition of operational teams. To execute
missions efficiently, the coordinator forms coalition teams and
assigns tasks to the robots based on their capabilities. When
a failure occurs, the coordinator can generate new plans, reor-
ganize teams, and reassign tasks to ensure that mission goals
are preserved and achieved.

The robots function as individual BDI agents within
the MAS. They interact with the coordinator, other agents,
and the environment to execute their assigned tasks. After
initialization, each robot registers with the coordinator to re-
ceive plans, task instructions, and shutdown commands. The
agents synchronize actions when tasks need to be performed
by more than one agent. They report task failures or idle states
to the coordinator, process received messages, and execute
assigned tasks until a shutdown signal is received, allowing
an autonomous operation within the mission.

The coordinator and robots are implemented using ROS2,
an open-source framework designed to ease the robotic sys-
tems.* In the proposed architecture, each robot is composed
of modular ROS2 nodes, each one responsible for a specific
function such as communication, actuation, or sensing. These
nodes interact through message-passing interfaces, forming a
distributed computational graph that represents the system’s
overall behavior.

The BDI component of each robot is implemented using
the Jason language [Bordini et al., 2007]. Jason explicitly
manages the agent’s beliefs by storing and updating informa-
tion about the environment, handles goals by defining the
objectives the agent should achieve, and executes plans by
selecting appropriate actions based on current beliefs and
goals. This enables the agent to make informed decisions.
In this way, Jason controls the high-level reasoning of the
robots, while ROS2 handles interactions with other agents in
the physical environment.

The multi-robot architecture allows agents to generate
new plans in real time. Missions that run without failures can
be executed using the agents’ initial BDI configuration. How-
ever, when a failure occurs, the response depends on its com-

4ROS2 documentation available at https://docs.ros.org/en/
rolling/index.html
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Figure 2. The proposed multi-robot architecture.

plexity. If the robots can handle the problem locally, they rely
on their BDI reasoning to recover and continue the mission.
If the problem cannot be solved autonomously, the coordina-
tor is notified and employs its planning and decision-making
mechanisms to resolve the issue, typically by reallocating
tasks or assigning a different team of robots.

After generating the global plan using the Planning mod-
ule, the coordinator translates the planner’s output into struc-
tures that the BDI agents can execute. This conversion follows
three main steps: First, the coordinator identifies which ac-
tions belong to each robot. Second, it translates the planning
operators into Jason plan syntax. Third, the relevant infor-
mation from the planner state is added to the agent’s belief
base to maintain consistency between the planner and the BDI
reasoning process. In the end, each robot receives executable
plans derived from the global mission plan.

When a new plan is generated, the coordinator distributes
it to the agents, restarting the mission from the beginning. It is
important to note that the current replanning strategy follows a
full replan approach, where a completely new plan is produced
rather than repairing only the specific action that failed. If
the planner is unable to generate a valid plan for the mission,
the architectural modular design allows the coordinator to
incorporate a different planning algorithm or an alternative
domain or problem model to overcome the limitation.

Communication between the coordinator and the robots
is essential for maintaining consistent and adaptive behavior
during mission execution. The agent continuously listens to
a dedicated ROS topic through which the coordinator sends
updates that may alter the agent’s internal state. This commu-
nication happens via ROS topics because the coordinator is
implemented as a ROS node. These updates can introduce
new beliefs or dynamically extend the agent’s plan library,
enabling runtime adaptation of its BDI reasoning cycle. The
main communicative action types used are inform for pass-
ing information and request for performing action, based on
speech act theory [Austin, 1962] and defined by the Agent
Communication Language of the Foundation for Intelligent
Physical Agents (ACL-FIPA).> Algorithm 1 summarizes how

Shttp://www.fipa.org

the agent interprets these messages, where contentType is in-
form or request, contentData is a plan, belief, or request to
mission trigger.

Algorithm 1: Reception and decoding of coordi-
nation messages.

1 SubscribeToTopic("/coordinator/agent/plan");
2 WaitForMessage(m);

3 rawContent <— ExtractMessage(m);

4 decodedContent <— DecodeMessage(raw);

5 if decodedContent.target = agentName then
6 fields < Split(decoded.content, "[");
contentType < fields[0];

7
8 contentData < fields[1];

Algorithm 2 details how the agent interprets and applies
the coordination updates received from the coordinator. After
a message is decoded and its content extracted, the agent in-
spects the type of update being communicated. Messages with
a request performative typically indicate a control command,
such as initiating a mission, which is handled by triggering
the corresponding belief or action in the agent’s BDI inter-
preter. In contrast, messages with an inform performative are
intended to adjust the agent’s internal state by adding a new
belief or introducing a new plan into its BDI model. In addi-
tion, communication between agents occurs by exchanging
Jason’s internal messages.

The execution process, shown in Figure 3 using a Busi-
ness Process Model and Notation (BPMN) 2.0 [OMG, 2014],
begins with a trigger defined by the system integrator and
domain. The coordinator initializes the mission and invokes
the planner to produce a valid global plan using the problem
domain specified at design time. This plan is split into local
missions and dispatched to the robots. The robots execute the
plan using their BDI reasoning component and report prob-
lems to the coordinator if they cannot complete the mission.

Plan recovery is central to the architecture and handles
disruptions through reactive planning, triggered when a robot
fails to execute an action due to issues like depleted battery or
incorrect preconditions, and proactive replanning, involving
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Figure 3. The solution’s execution process using BPMN.

Algorithm 2: Applying updates to the agent’s in-
ternal state.

1 if contentType = “request” then
2 if contentData = “Start” then
3 | startMission();

4 if contentType = “inform” then

5 if contentData = “Plan” then
6 L AddPlan(contentData);

7 if contentData = “Belief” then
8 L InsertBelief(contentData);

continuous monitoring by the coordinator to detect potential
threats before they affect execution.

The presented architecture aligns with MRS design prin-
ciples outlined in Rizk ez al. [2019] and Torrefio et al. [2017],
featuring:

» Task Decomposition & Allocation — domain experts de-
fine problem structures for HTN-based planning.
Perception — sensors on robots and the Coordinator cap-
ture changes in the environment.

Computation Distribution — agents may operate on sepa-
rate machines, following decentralized execution princi-
ples.

Plan Synthesis — interleaved planning and coordination
approach.

Heuristic Search — uses depth-first search with pointer
manipulations to improve efficiency.

Privacy — robots access only their local plans; the Coor-
dinator retains global oversight.

The architectural solution enables MRS to manage dy-
namic and unpredictable environments through continuous
monitoring, adaptive planning, and autonomous coordination.

3 Experiments

For the experiments, we used a medical domain inspired by the
Robotic Mission Adaptation eXemplars (RoboMAX) [Askar-

pour et al., 2021]. The primary objective of the experiments
is to evaluate the architecture’s effectiveness in view of the
plan recovery process. Although previous studies da Silva
and Ralha [2023] have applied an MRS architecture with plan
recovery in the domain of healthcare delivery with a pick-up
sample scenario, its versatility admits implementation in a
variety of fields. To better assess its adaptability, this study
explores an application involving heterogeneous robots per-
forming a patrol and disinfection routine. The aim is to assess
the system’s ability to lead to additional real-world challenges.

34 Patrol and disinfection routine

A routine disinfection process is crucial for maintaining hy-
gienic environments, particularly in areas that require strict
contamination control, such as hospitals, food industries, and
laboratories. In this context, patrol activities play a key role
in preparing the environment before disinfection begins. By
inspecting the area, patrols can detect obstacles or conditions
that may hinder the effectiveness of the disinfection process.
This preliminary step helps ensure that the environment is
suitable for disinfection, increasing the success of the proce-
dure.

The patrol and disinfection routine is designed for a hos-
pital environment and includes three types of robots working
collaboratively. The first is Spot mobile patrol robot, responsi-
ble for inspecting the environment to ensure the room is ready
for disinfection, for example, by detecting misplaced objects.
The second is a UVD disinfection robot that can disinfect once
the area has been confirmed safe. The third is the coordinator,
a robot capable of observing the environment, generating a
plan based on current conditions, and assigning tasks to both
the patrol and disinfection robots.

The mission is structured around two main stages as
presented in the mission flow of Figure 4:

 Patrol phase —- ensures the environment is properly
prepared, which requires authorization from a nurse or
technician.

* Disinfection phase — the room disinfection is executed.
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Figure 4. Mission flow diagram (to be read from left to right).

Before the main stages, the nurse should authorize robots
to perform the mission through an authentication step. In
the m_approach_nurse step, the Spot robot navigates to the
nurse (a_navigate_to), opens the door (a_open_door), ap-
proaches the nurse (a_approach_nurse), and then performs
the authentication procedure (a_authenticate_nurse). After-
ward, the m_patrol_room stage begins, in which the nurse
authorizes the patrolling (a_authorize_patrol), the robot pa-
trols the room (a_patrol_room), and the nurse adapts the room
as needed (a_adapt_room). Finally, the UVD robot initiates
the disinfection phase m_desinfect_room. The robot receives
authorization (a_authorize_desinfect), navigates to the room
(a_navigate_to), and executes the final action, disinfection
(a_desinfect_room).

The agent plans are implemented in AgentSpeak, follow-
ing the Jason syntax. Listing 1 illustrates the communication
plan between Spot and UVD robots after a successful room
patrol. At this point in the mission, the Spor agent updates its
internal state and notifies the UVD robot that the area is ready
for the authorization step of the disinfection routine.

Listing 1: Jason plan code executed by the Spot agent after a
successful room patrol.
+success_a_patrol_room(SpotRobot, NurseDisinfectRoom)

: start (NurseDisinfect, NurseDisinfectRoom,
SpotRobot, UvdRobot) & milestoneb

-milestoneb;

+milestone6;

.send (UvdRobot, tell, milestone5);

.send (UvdRobot, tell, trigger_a_authorize_disinfect(
UvdRobot, SpotRobot));

'a_authorize_disinfect (UvdRobot, SpotRobot).

After the Spot agent notifies that the room is ready for
disinfection, the UVD robot receives a trigger to start the
authorization process. The listing 2 shows how the UVD
agent reacts to the trigger by adopting the corresponding goal
that initiates the disinfection authorization stage.

Listing 2: Jason plan code executed by the UVD robot after
receiving the authorization trigger from the Spot robot.
+trigger_a_authorize_disinfect (UvdRobot, SpotRobot)

: start(NurseDisinfect, NurseDisinfectRoom,
SpotRobot, UvdRobot)

'a_authorize_disinfect (UvdRobot, SpotRobot).

If the Spot robot detects a problem in the room, the coor-
dinator replans to maintain the mission completion, alerting
the human nurse or technician to adapt the room and resolve
the problem.

Tables 1 and 2 present the Spot and UVD robots’ PEAS
(Performance, Environment, Actuators, Sensors). For the
Spot robot, the performance measure is its ability to determine
whether a room is currently unsuitable for disinfection and
to report this information to the coordinator. The hospital
environment is partially observable, dynamic, sequential, and
discrete, involving multiple agents. The actuators available
to Spot include navigation capabilities for moving through
corridors and rooms, an arm for opening/closing doors, and
communication tools to interface with the coordinator and
nurses. Its sensors include location and route perception,
movement detection, and 360-degree monitoring sensors.

Table 1. PEAS description for the Spot robot.

Description

Identify whether the room is currently unsuitable for disinfection
and report it to the Coordinator.

Hospital ward that is: partially observable, dynamic, sequential,
discrete, and multi-agent.

PEAS
Performance

Environment

Actuators Navigate through hospital corridors and rooms, interact with doors
with a Spot Arm, and communicate with Coordinator, UVD robot
and nurses.

Sensors Position perception, the path to arrive and route, movement sensor,

360° monitor sensors.

For the UVD robot, the performance is defined by how
effectively it disinfects rooms using UV-C light. The environ-
ment it operates in is the same as Spot’s, a partially observable,
dynamic, sequential, discrete, and multi-agent one. Its actua-
tors enable it to move to target rooms, activate its disinfection
system, and communicate with the Spot robot. The sensors
include those for position tracking, navigation, movement
detection, and UV safety monitoring.

Listing 3 shows an example of a plan without replan-
ning, generated by the IPyHOP planner. In this case, the Spot
robot patrols the room and finds it is safe. Consequently, the
UVD robot proceeds with the disinfection process without
interruptions. Listing 4 presents the corresponding sequence
of actions when replanning is required. After the Spot robot
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Table 2. PEAS description for the UVD robot.

PEAS Description

Performance Achieve at least 85% of rooms disinfected, maintaining reliable
coverage even when 25-100% of plans fail.

Environment | Hospital ward that is: partially observable, dynamic, sequential,
discrete, and multiagent.

Actuators Move to target location, activate disinfection system (UV-C), com-
municate with Spot.

Sensors position perception, the path to arrive and route, movement sen-
sors, and UV safety sensors.

detects an obstacle or harmful item in the room, additional
adaptation steps are introduced into the execution flow. The
nurse or healthcare professional must remove the obstacle be-
fore the Spot robot re-executes the necessary steps, allowing
the UVD robot to safely continue and complete the disinfec-
tion task.

Listing 3. IPyHOP planning output without replanning.

a_navigate_to (SPOT, room)
a_open_door (SPOT, room)
a_approach_nurse (SPOT, nurse)
a_authenticate_nurse (SPOT, nurse)
a_authorize_patrol (SPOT, nurse)
a_patrol_room (SPOT, room)
a_authorize_disinfect (UVD, SPOT)
a_navigate_to(UVD, room)
a_disinfect_room (UVD, room)

Listing 4. IPyHOP planning output with replanning.

a_navigate_to (SPOT, room)
a_open_door (SPOT, room)
a_approach_nurse (SPOT, nurse)
a_authenticate_nurse (SPOT, nurse)
a_authorize_patrol (SPOT, nurse)
a_patrol_room (SPOT, room)
@a_adapt_room (nurse, room) @
@a_approach_nurse (SPOT, nurse) @
@a_authenticate_nurse (SPOT, nurse) @
@a_authorize_patrol (SPOT, nurse) @
@a_patrol_room (SPOT, room) @
a_authorize_disinfect (UVD, SPOT)
a_navigate_to(UVD, room)
a_disinfect_room (UVD, room)

Figure 5 presents a simplified layout of the hospital en-
vironment used in the experiments. It includes four rooms:
three are assigned to the nurse for routine activities, while
the fourth serves as a waiting area where the Spot and UVD
robots remain on standby.
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Figure 5. Hospital Layout.
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3.2 Experimental Setup

The experiments use ROS2 to implement the robot’s behavior.
A process creates a thread for each agent (coordinator with
planner and robots). The communication between agents
is implemented using topics and services provided by the
ROS2 framework. Figure 6 shows the execution process of
the experiment.

Coordinator
Planner Legend

Data Flow

Coordinator Program
Python e }‘—-{ Robots
—
Files j
a0

Subprocess running
Python program

Trial Logs

%
{_Python Compiled Data

Figure 6. Experimental process.

The experiment execution took into account the follow-
ing setup:

* Objective — to evaluate how effectively the architecture
mitigates issues when operating in a simulated dynamic
environment.

* Problem types—The room is not suitable for disinfection
due to misplaced objects or the presence of individuals
who should not be in the room at that time.

* Tllustrative study — four experimental scenarios related
to the evaluated problem.

* Validation strategy — we defined four scenarios, each
repeated 30 times for statistical significance, to assess
the coordinators’ ability to complete the plan. At the
end of each execution, the plan results were analyzed.
The analysis focused on the percentage of uncompleted
missions related to the evaluated problem. The scenar-
ios included an uncleaned room event, occurring with
probabilities of 10%, 25%, 50%, 75%, and 100%.

* Results evaluation metric — plan completion and the
time required to complete the plan were evaluated. We
compared the experimental results with a scenario where
the coordinator was not allowed to replan.

¢ Infrastructure — All experiments were executed on a Dell
G15 notebook with an AMD Ryzen 5 5600H processor
and 16 GB of RAM. This hardware configuration ensures
that the results are representative of execution on a stan-
dard personal computer rather than a high-performance
Server.

3.3 Results

In this section, we analyze the experimental results to evaluate
the effectiveness of the proposed architecture in dynamic
environments using BDI. Our discussion focuses on the plan
recovery process, as demonstrated through the patrol and
disinfection routine.

3.3.1 Experiment Analysis

We conducted experiments in two distinct configurations: one
in which the architecture is unable to replan when unexpected
events occur, and another in which replanning is enabled un-
der the same conditions. Figure 7 presents the percentage of
missions that encountered problems during execution with
different occurrence rates (10%, 25%, 50%, 75%). As the
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Figure 7. Mission execution with problems with different occurrence rates
(10%, 25%, 50%, 75%), comparing with replanning (true) and without
(false).

frequency of problems increases, we observe a corresponding
rise in the percentage of missions with problems. This con-
firms that the system is highly affected by the environmental
complexity, reinforcing the importance of having adaptive
mechanisms, such as replanning, to maintain mission robust-
ness in more dynamic scenarios.

Figure 8 presents the mission completion rates obtained
under different problem occurrence probabilities: 10%, 25%,
50%, and 75%. The results demonstrate that the presence of
a replan mechanism improves mission success, especially as
unexpected events become more frequent. Although mission
performance drops abruptly without replanning, the system
that includes replanning maintains a stable 100% completion
rate throughout all evaluated conditions.
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Figure 8. Rate of completed missions by increasing problem occurrence
rate (10% 25%, 50% and 75%) with replanning (true) and without (false).

Figure 9 presents the mission success rate under increas-
ing problem occurrence rates for three configured architec-
tures: baseline (without BDI and without plan recovery),
whose performance data were obtained from Santos et al.
[2025], BDI baseline (with BDI and without plan recovery),
and BDI with plan recovery. As the problem rate increases,
both the baseline and BDI baseline configurations show a
significant decline in performance, indicating a limited ability
to respond to unexpected environment changes. The baseline
configuration shows the steepest degradation, while the BDI
baseline offers a slight improvement, which we believe is due
to the BDI decision-making advantages. The only point at
which the baseline appears to outperform the BDI baseline is
at the 10% problem rate, which we believe is related to the
experiment’s probabilistic nature.
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Success Rate Comparison Across Scenarios
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Figure 9. Success rate across problem occurrence rates for the baseline
(without BDI and without plan recovery, blue), BDI baseline (with BDI and
without plan recovery, orange), and BDI with plan recovery (green) scenarios.
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Figure 10. Average mission runtime by increasing problem occurrence rate
(10%, 25%, 50%, 75% and 100%) with and without replanning.

Figure 10 shows the average mission runtime (in seconds)
for each problem probability, comparing executions with and
without replanning. When replanning is not available, the
runtimes tend to be a bit short. However, when replanning
is enabled, the average runtime gradually increases. This
behavior is expected since the replanning process adds extra
computation and coordination steps whenever a problem is
detected in the environment.

Table 3 summarizes how the mission execution time for
the plan recovery architecture increases as the problem rate
increases. The number of failures increases with higher prob-
lem probabilities, causing a gradual rise in average runtime.
From 10% to 25%, the increase in execution time is small.
We believe this is due to the probabilistic nature of the experi-
ment, as the number of failures observed at these two rates is
very similar. However, starting at 50%, the runtime increases
more noticeably, reaching 22.81% growth at a 100% problem
rate. These results indicate that the additional time required
for replanning is directly linked to the frequency of detected
problems, as each failure triggers extra decision-making and
coordination steps within the architecture.

Table 3. Increase in execution time for the replan-enabled agent.

Problem Rate Failures Time (s) Time Increase (%) Failure Increase (%)
10% 4 434 - -
25% 5 4.39 1.15% 25%
50% 18 5.04 16.13% 350%
75% 22 5.16 18.89% 450%
100% 30 5.33 22.81% 650%
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Runtime Increase vs. Failures
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Figure 11. Relationship between runtime increase and the number of failures
for the plan-recovery architecture.

Figure 11 presents the data summarized in Table 3, il-
lustrating the relationship between runtime increases and the
number of failures detected during the experiments. The
function displayed in the graph reveals approximately linear
growth for low and medium failure rates, becoming steeper
as the number of failures increases. Observing the curve
alongside the values in Table 3, it is clear that the growth in
execution time decreases at higher failure levels. Although
the number of failures increases by more than 650% from
the smallest to the largest scenario, the execution time rises
only about 22.81%. As a result, the runtime does not increase
uncontrollably. Instead, the impact of additional failures be-
comes less significant at higher levels of problems, leading
to a more gradual growth in execution time. Although this
does not mean perfect scalability, the results indicate that
the replanning mechanism can keep the execution time at a
reasonable level, even when many failures occur.

3.3.2 Comparative Analysis

Despite the increase in execution time from 4.34 to 5.33, from
10% to 100% of problem occurrence rate, the advantages of
the replanning capability become evident in Figures 8 and
10. The architecture replanning ability enables the system
to maintain high mission success rates even when increasing
the problem rate, demonstrating that the added cost in execu-
tion time is justified by the system’s adaptability in dynamic
environments.

While Figure 9 illustrates the differences observed in the
evaluated scenarios, it is expected that the performance gap be-
tween the configuration without BDI and without replanning
and the configuration without BDI but with replanning will
widen as the scenarios become more complex and incorporate
different classes of failures. More diverse and unpredictable
fault conditions tend to amplify the benefits of reactive recov-
ery mechanisms, making the role of replanning increasingly
relevant for maintaining mission success.

Although our experiments were carried out in a simu-
lated environment, the proposed architecture dispenses an
integrable capability into real-world systems thanks to its
flexibility. In the light of the Spot robot, it runs on an Ubuntu-
based system and provides well-supported Python and C++
SDKs. Additionally, an official ROS2 wrapper enables inte-
gration with ROS-based systems, which aligns directly with
our implementation, indicating possible deployment on phys-
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ical robots (developed with Spor).® The UVD robots are
designed to be mobile and self-navigating in indoor spaces.
They can be controlled remotely, enabling human operators
or autonomous systems to initiate disinfection sequences and
monitor progress. Thus, our solution can be delivered in real-
world settings, including not only hospitals but also industrial
facilities, airports, shopping centers, educational institutions,
and other high-traffic public spaces.

In summary, the results indicate that the proposed archi-
tecture is efficient and flexible in dynamic environments. Its
ability to adapt to unexpected changes ensures high mission
success rates, making it a strong candidate for deployment in
real-world multi-robot scenarios.

4 Conclusion

The experiments confirm the effectiveness and adaptability
of the initial MAS architecture, which incorporates replan-
ning to support multi-agent coordination in dynamic environ-
ments da Silva [2024]. By integrating BDI principles into the
agents’ decision-making process, the proposed architecture
can reason about goals, react to unexpected events, and recover
from failures more intelligently. The patrol and disinfection
routine illustrative example highlights the architecture’s flexi-
bility when a central coordinator is responsible for planning,
providing a reliable approach for managing heterogeneous
robots within the evaluated scenario.

Future work may focus on enhancing the architecture’s
capabilities with false action results using sophisticated heuris-
tic algorithms. In addition, performing experiments in other
domains to validate the architecture’s versatility, involving an
increasing number of robots, integrating with more advanced
planning algorithms to enhance communication protocols,
finding a suitable benchmark for MAP, comparing the archi-
tecture with existing literature work, augmenting metrics like
resource efficiency and scalability, to fully assess the potential
of the contribution, will be desirable future research direc-
tions.
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