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Abstract— Multi-robot systems are increasingly deployed in
high-risk missions such as reconnaissance, disaster response,
and subterranean operations. Protecting a human operator
while navigating unknown and adversarial environments re-
mains a critical challenge, especially when the communication
among the operator and robots is restricted. Unlike existing
collaborative exploration methods that aim for complete cover-
age, this work focuses on task-oriented exploration to minimize
the navigation time of the operator to reach its goal while
ensuring safety under adversarial threats. A novel escorting
framework BodyGuards, is proposed to explicitly integrate
seamlessly collaborative exploration, inter-robot-operator com-
munication and escorting. The framework consists of three core
components: (I) a dynamic movement strategy for the operator
that maintains a local map with risk zones for proactive path
planning; (II) a dual-mode robotic strategy combining frontier-
based exploration with optimized return events to balance
exploration, threat detection, and intermittent communication;
and (III) multi-robot coordination protocols that jointly plan
exploration and information sharing for efficient escorting.
Extensive human-in-the-loop simulations and hardware ex-
periments demonstrate that the method significantly reduces
operator risk and mission time, outperforming baselines in
adversarial and constrained environments.

I. INTRODUCTION

Exploration of unknown and adversarial environments
before allowing human access has become a prominent
application for robotic fleets. Typical scenarios include plan-
etary caves, disaster-stricken areas, and subterranean tunnels,
where safety risks for humans are high [1], [2], [3]. While
existing collaborative exploration approaches have achieved
impressive results in mapping and coverage [4], [5], [6],
these methods often prioritize complete workspace coverage.
In contrast, many mission-critical tasks demand task-oriented
exploration, where the priority is not exhaustive mapping but
instead escorting a human operator toward a target location
within an unknown workspace efficiently and safely, even
in the presence of adversarial threats. In other words, the
operator must be protected from unknown adversaries within
unknown environments, requiring proactive estimation of
potential threats in unexplored regions.

At the same time, inter-robot and robot-operator com-
munications are inherently unreliable in unknown subter-
ranean or obstructed environments, limited to short-range ad-
hoc networks. Exploration and communication are therefore
tightly coupled: advancing exploration without information
sharing leaves the operator uninformed, while too frequent
communications hinder task progress. Designing strategies
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Fig. 1. Top: Snapshots from hardware experiments showing 2 UGVs
escorting the operator within unknown environment under communication
constraints, where the robots switch between exploration and communica-
tion relay to minimize the operator travel time to destination while ensuring
safety; Bottom: The task-oriented explored map and potential risk regions
are provided to the operator as guidance.

that balance threat-aware exploration, operator guidance, and
intermittent communication is crucial, yet remains insuffi-
ciently addressed in existing literature.

A. Related Work

Multi-robot exploration has been extensively studied in the
literature [4], [7], [5], [6]. Most of these approaches focus
on collaborative strategies that aim for complete coverage
of the workspace. Such methods typically assume reliable,
all-to-all communication among the robots, which enables
instant sharing of maps and information. This assumption
is impractical in subterranean or obstructed environments,
where inter-robot communication is constrained by range and
bandwidth limitations [8], [9]. To address this, several works
have incorporated planning for both communication and ex-
ploration, including intermittent relay-based strategies [10],
[11], [12]. However, these methods still emphasize coverage
and information gain, rather than task-oriented objectives.
In contrast, task or goal-oriented exploration has recently
emerged, where the priority is to minimize the mission
completion time for specific objectives such as reaching a
goal location and collecting feature information [13], [14].
This paradigm shift is particularly relevant when commu-
nication must be planned together with exploration and task
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requirements [15]. However, most of these works neglect the
online interaction with human operators.

Indeed, the role of the human operator further distin-
guishes task-oriented escorting from coverage-driven explo-
ration. While robotic fleets are increasingly autonomous, the
operator remains essential for decision-making, confirmation,
and direct intervention during execution [16]. Prior works on
human-fleet coordination have explored teleoperation, mixed
autonomy, and augmented-reality interfaces to improve sit-
uational awareness [17], [10]. Nevertheless, these efforts
often assume global communication links and do not address
the escorting problem explicitly. Escorting requires not only
guiding the operator safely through unknown and adversarial
environments, but also ensuring timely information update
despite limited connectivity, to avoid leaving the operator
uninformed or unprotected in critical stages [18]. Existing
studies on operator-robot interaction [19] and multi-robot
escorting strategies [20] often requires a known workspace or
perfect communication. Thus, a unified framework that cou-
ples task-oriented exploration, intermittent communication,
and human escorting remains largely unexplored.

B. Our Method

To address these challenges, this work proposes Body-
Guards, a framework for escorting an operator in adversar-
ial, unknown, and communication-constrained environments.
The method integrates risk estimation, dynamic path plan-
ning, and multi-robot-operator coordination into a unified
structure. At its core, the operator’s path is guided by a
continuously updated map with risk zones that anticipate
potential adversaries at unexplored frontiers, which prevents
the operator from entering unsafe regions. In parallel, the
robotic fleet alternates between frontier-based exploration
and optimized return events to relay information, of which
the key is to estimate how much the newly explored area
might contribute to the dynamic shortest path of the operator.
These activities are jointly optimized to minimize operator
arrival time. Extensive human-in-the-loop simulations and
hardware experiments demonstrate that the method signif-
icantly reduces operator risk and mission time compared to
state-of-the-art baselines.

The contributions of this work are twofold: (I) a novel
formulation of task-oriented exploration is introduced for
escorting an operator in adversarial and unknown environ-
ments under limited communication; and (II) an integrated
framework combining the risk-aware operator guidance, col-
laborative task-oriented exploration, and coordination via
intermittent communication is developed.

II. PROBLEM DESCRIPTION

A. Robots and Operator in Workspace

Consider a 2D workspace W Ă R2, of which its map
including the boundary, freespace and obstacles are all un-
known. A team of robots denoted by N fi t1, ¨ ¨ ¨ , Nu is
deployed by an operator to explore the workspace. Each
robot i P N is capable of simultaneous localization and
mapping (SLAM) [21] and has a navigation module with a

Fig. 2. Each robot and the operator is equipped with a communication
module to exchange information with each other, and the signal strength
changes as they move within the workspace.

maximum speed vr ą 0. Denote by piptq P W the 2D pose
and Miptq Ď W the local map of robot i at time t ą 0 that
contains the known free space. Analogously, the operator has
a 2D pose phptq P W and a local map Mhptq Ď W , along
with the mobility of a maximum speed vh ą 0. For brevity,
denote by N` fi N Y thu.

Moreover, as illustrated in Fig. 2, the robots and the oper-
ator are equipped with a communication module to exchange
data. Namely, each robot i P N can exchange information
(including the local maps) with another robot j P N` or the
operator via wireless communication, if the communication
quality between them is above a threshold,

Comijppi, pj ,Miq ą c; Mhptq Ď
ď

iPN
Miptq, (1)

where c ą 0 is the minimum signal strength required for
successful communication in the workspace; and the operator
can only obtain local maps from the robots. Thus, the
behavior of each robot i P N is determined by its timed
sequence of navigation and communication events, i.e.,

Γi fi c0i p
0
i c

1
i p

1
i c

2
i ¨ ¨ ¨ , (2)

where cmi fi pj, pij , tijq is the communication event with
robot j P Niptq at location pij P W at time tij ; the
navigation path pm

i Ă W contains the path between these
communication events. Similarly, the behavior of the opera-
tor is denoted by Γh fi c0h p

0
h c

1
h p

1
h c

2
h ¨ ¨ ¨ . For brevity, denote

by pΓptq fi ptΓiptqu,Γhptqq the joint behaviors of the robots
and the operator by time t ě 0.

B. Escorting Task with Adversarial Regions

Within the workspace W , there are in total M ą 0
static adversaries, denoted by A fi t1, ¨ ¨ ¨ ,Mu. Each
adversary m P A has an unknown position am P W , and
a known risk range rm ą 0 that encloses a risk region.

Definition 1 (Risk Region). The risk region associated with
adversary m P A is defined as the area that has a line-of-
sight within the risk range, i.e., Dm fi tp P LOSpam, Wq |

}p ´ am} ď rmu, where LOSpam, Wq contains the visible
area from position am within W . ■

The risk region of all adversaries are all initially unknown,
which however can be detected by the robots with a line-of-
sight and within their sensor range rs ą 0. Initially, the
operator and robots are deployed at the same location pS,
and their overall mission is to escort the operator to a target
location pG P W , which is initially within the unknown
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workspace. To ensure safety, the operator should: (I) move
within the known obstacle-free area of its local map Mh;
and (II) avoid all risk regions of all adversaries, i.e.,

phptq P MhptqztDm,@m P Au, (3)

both of which can only be known to the operator online when
a robot actively returns to communicate, due to the limited
communication. The escorting task is considered completed
when the operator reaches the target location safely.

C. Problem Statement

The overall problem is formalized as a constrained opti-
mization over the collaborative exploration and communica-
tion strategy over the fleet and the operator, i.e.,

min
tpΓ, T u

T

s.t. phpT q “ pG; (1) ´ (3), @t ď T ;
(4)

where T ą 0 is the total time when the operator reaches the
target location pG subject to the aforementioned communi-
cation and safety constraints.

III. PROPOSED SOLUTION

The BodyGuards framework integrates the following com-
ponents. First, the dynamic operator movement is guided
by the risk-aware shortest path in the operator local map
to proactively avoid adversarial exposure, as described in
Sec. III-A. Then, the robot strategy is presented in Sec. III-B
such that it alternate between exploration and communication
to balance exploration, detection of adversaries, and return
events to the operator. Furthermore, the protocol for inter-
robot intermittent communication is described in Sec. III-C,
to enable collaborative exploration and more timely update
of the operator map. Lastly, the strategy for online execution
and generalizations are presented in Sec. III-D.

A. Dynamic Motion Strategy for the Operator

The operator often cannot, in general, reach the global
goal pG directly due to unknown workspace and risk regions.
Thus, it follows the motion strategy that dynamically selects
a temporary goal pg within its local map Mh, and then
follows the shortest and safe path towards pg. It involves
the following three sequential steps.

1) Potential Risk Zones: Since the operator local map Mh

is only partial, many areas on its boundary could belong to
the risk region of potential adversaries in unknown parts. As
illustrated in Fig. 3, it is important to exclude such areas
from the set of temporary goals for safe navigation.

Definition 2 (Potential Risk Zones). Given the local map
of the operator Mhptq, the potential risk zones are defined
as the area that could belong to a risk region if there are
potential adversaries close to its boundary BMhptq excluding
the workspace boundary, i.e.,

Zhptq fi
ď

pPBMhptqzBW

Υ
`

p, Mhptq
˘

, (5)

Safe!

Target Target

Operator Frontier

Local target Potential Risk Zones

ra

ra

ra

ra

Without Potential Risk Zones With Potential Risk Zones
Unkown region

Injured!

Fig. 3. Left: With potential adversaries within unknown space, the operator
may have risks when reaching the frontiers; Right: when the proposed
Potential Risk Zones (in blue) is enforced, the operator remains safe.

where Υpp, Mhptqq Ă Mhptq is the risk region defined
similarly to Def. 1. ■

The potential risk zones Zhptq can be computed by suf-
ficiently sampling the boundary points and computing the
union of their risk regions, as shown in Fig. 3.

2) Dynamic Update of Operator Map for Safety: Given
Zhptq and the set of known adversaries, the operator map
is updated as follows for safety. First, denote by Ahptq fi

ti1, i2, ¨ ¨ ¨ , iKu Ď A the set of adversaries known to the
operator at time t ą 0. Consequently, the associated risk
regions are given by Dhptq fi

ŤK
ℓ“1 Diℓ , where Diℓ is derived

by Def. 1 for adversary iℓ. Then, the local map of the
operator is updated as follows:

Mhptq fi UpdateSafepMhptq,Zhptq,Dhptqq, (6)

where function UpdateSafep¨q marks the area Zhptq as
unknown, and the area Dhptq as unsafe. Thus, it is only safe
for the operator to stay outside of both Zhptq and Dhptq.

3) Choice of Temporary Goal: As shown in Fig. 4,
the temporary goal is chosen on the boundary of updated
map Mhptq. It minimizes the estimated distance that the
operator needs to travel to reach the target pG.

Definition 3 (Estimated-Via-Distance). Given three
points p1, p2, p3 within a partially-known map M, the
estimated distance from p1 to p3 via p2 is defined as:

χpp1, p2, p3,Mq fi dpp1, p2,Mq ` gpp2, p3,Mq, (7)

where dp¨q is the A‹ distance from p1 to p2 within the known
part of M; gp¨q is the estimated A‹ distance from p2 to p3
by treating the unknown part of M as obstacle-free. ■

Denote by Fhptq fi tf
k

hu its set of frontiers [22] on the
boundary BMhptq between the known and unknown areas,
which can be identified via a Breadth-First-Search (BFS)
and then clustered by various techniques. Consequently, the
temporary goal ppgptq for the operator can be selected by:

ppgptq fi argmin
f
k
h PFhptq

␣

χ
`

phptq, f
k

h, pG, Mhptq
˘(

, (8)

where the estimated-via-distance treats the potential risk
zones Zhptq unknown and obstacle-free by Def. 3. In other
words, the temporary goal minimizes the estimated distance
that the operator needs to travel to reach the target pG
given its current updated map Mhptq. Once the temporary
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Fig. 4. The operator dynamically refines its local map by excluding the
potential risk zones Zhptq and the known risk regions Dhptq, and then
selects a temporary goal ppgptq on the refined map to move towards.

goal ppgptq is selected, the operator then move towards it
following the shortest path with its maximum speed vh, i.e.,

Γhptq fi SafePath
`

phptq, ppgptq, Mhptq
˘

, (9)

where SafePathp¨q returns the A‹ shortest safe path be-
tween two points within the known and safe part of the map.

B. Dual-mode Robot Strategy

As described in (6), it is utterly important for the robot
to explore the workspace, and detect obstacles and adver-
saries therein. More importantly, these information should
be shared with the operator via local communication. This
section describes the robot strategy to switch between explo-
ration and return events to the operator for communication.

1) Frontier-based Exploration: Let Mrptq be the local
map of any robot i P N at time t ą 0, and Frptq fi fk

r the set
of frontiers between explored and unexplored areas, serving
as exploration targets. Then, the cost of each frontier fk

r P

Frptq is given by:

ηpfk
r , Mrq fi w1 dppr, f

k
r , Mrq

` w2 χpph, f
k
r , pG, Mrq,

(10)

where w1, w2 ą 0 are weights, the first term is the robot’s
travel distance to the frontier, and the second term is the
estimated distance for the operator to reach its target if the
area near fk

r is explored. Here, ph is the estimated human
position, and Mr is the operator’s estimated local map from
updating Mr via (6). The frontier with minimum cost pfr
is selected, and the robot navigates to it via the A* path in
Mrptq, yielding local plan Γr.

2) Optimization of Return Events: More importantly, the
robot should also optimize the return events to commu-
nicate with the operator intermittently to update its local
map Mhptq and adversary information Ahptq. Since the op-
erator has no knowledge of this meeting event due to limited
communication, the meeting location should be selected only
on the planned path of operator Γhptq by (9) within a similar
time window. The objective is to minimize the estimated
time for the operator to reach the target pG, if the operator

Ring Comm Topology Time line for Meeting Events

T

R1
R2
R3
R4

Op

Fig. 5. Left: The proposed ring communication topology among multiple
robots (filled circles) and the operator (filled star); Right: the communication
events along the time axis.

is informed of the latest information at location pcom and
time tcom. Denote by M1

h the local map of the operator
after the communication event, M1

h the updated map by (6),
and F 1

h the associated frontiers. Then, the subproblem of
optimizing the return event is formulated as:

min
p1
r,pcom,tcom,tw

!

tcom `
χppcom, p

1
g, pG, M

1

hq

vh

)

s.t. tcom “ t `
dpph, pcom, M

1

hq

vh
` tw; (11a)

tcom ě t `
χppr, p

1
r, pcom, Mrq

vr
; (11b)

tw ě 0; (11c)
tw }pcom ´ ppg} “ 0; (11d)

p1
g “ argmin

fPF 1

h

␣

χppcom, f, pG, M
1

hq
(

; (11e)

where p1
r P Γr is a waypoint within the robot plan before

return; pcom P Γh is the communication location within the
operator plan; tw ě 0 is the waiting time for the operator after
arriving at the communication location pcom. The first three
constraints in (11a)-(11c) ensure that the communication
event happens only after the robot and operator reach their
respective locations; the constraint (11d) ensures that the
operator can only wait at the current temporary goal ppg as
the operator has no knowledge of the communication event;
and the last condition in (11e) computes the next optimal
temporary goal after the communication by (8). This problem
can be solved by first searching over all choices of p1

r P Γr
and pcom P Γh, and then formulating a linear program (LP)
over tcom and tw, which can be solved by a commercial
solver [23]. Given the solution of (11), the complete hybrid
plan of the robot is given by:

pΓrptq fi HybPlanppr, p
1
r, pcom, Mrq, (12)

where the robot first follows the old path Γr to reach p1
r;

then follows the A‹ shortest path to the communication loca-
tion pcom; and finally the communication event to exchange
information with the operator around time tcom, including
its local map Mrptq, adversaries Arptq and the temporary
goal ppg and updated operator map Mhptq.

C. Multi-robot Coordination via Intermit. Communication

Efficiency of the above escorting strategy can be further
improved by employing multiple robots. This section intro-
duces the multi-robot coordination strategy via the intermit-
tent communication protocol.
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Target Target

Optimize Tailing Plan Integrate Return Event
Unkown region Unkown region

Original plan

Original event New eventRobot frontier Operator frontier

Tailing plan Operator plan Deleted plan

Fig. 6. Left: When two robots communicate, they first compute their
tailing plans, including the expoloration paths and the new meeting event.
Right: return events are then integrated into the tailing plans if needed.

1) Intermittent Communication with Ring Topology: First
of all, to facilitate the propagation of information within the
team and to the operator, the robots are designed to meet and
communicate intermittently during exploration. As illustrated
in Fig. 5, the robots start in close proximity, and they adhere
to a fixed ring communication topology. Specifically, each
robot i is configured to exchange information exclusively
with its predecessor i ´ 1 and its successor i ` 1, @i “

2, ¨ ¨ ¨ , N ´ 1. Robot N communicates only with robot 1
and robot N ´ 1, while robot 1 is connected to robot N
and robot 2. When robot i and j communicate at a planned
event cij fi ppij , tijq, they follow these steps (as illustrated
in Fig. 6): (I) their local maps Mi and Mj are merged to
form a unified map Mij , and the observed adversaries are
combined into a set Aij fi AiYAj ; (II) the frontiers Fij are
extracted from Mij ; (III) an optimal frontier pfi is selected
for robot i according to cost function in (10), where the prptq
is replaced by the next meeting location of robot i; (IV)
similarly, an optimal frontier pfj is selected for robot j; (V)
a collision free path pij is generated between pfi and pfj ,
within which a meeting point p`

ij is selected by minimizing
the estimated waiting time for both robots, i.e.,

p`
ij fi argmin

pPpij

!

max tTippq, Tjppqu

)

, (13)

where Tippq and Tjppq are the estimated arrival times for
robot i and j to reach point p; and the corresponding meeting
time is given by t`

ij fi maxtTipp
`
ijq, Tjpp`

ijqu. Therefore,
their next event is given by c`

ij fi pp`
ij , t

`
ijq. Then, the

temporary tailing plan for robot i is given by

Γ`
i ptijq “ HybPlanppik, pfi, p

`
ij , Mijq, (14)

where pik is the next meeting location of robot i. The same
process is applied to robot j to obtain its tailing plan Γ`

j ptijq.
2) Planning of Return Events: In addition to the com-

munication events between robots, they also need to decide
whether and when to return to the operator, as shown in
Fig. 6. Assume that robot i is the predecessor of robot j in the
communication ring, then they should decide whether robot i
should return to the operator before their next event c`

ij ,

Algorithm 1: Escorting by BodyGuardsp¨q

Input : pG.
Output: tΓiu, Γh.

1 while ph ‰ pG do
/* Operator Movement */

2 Update local map Mh by (6);
3 Select temporary goal ppg by (8);
4 Generate safe path Γh by (9);
5 Move along Γh with speed vh;

/* Multi-robot Coordination */
6 for neighbors pi, jq do
7 Compute Mij , Aij and Fij ;
8 Optimize next com. event c`

ij by (13);
9 if return event required by (15) then

10 Return to operator and update Mh, Ah;
/* Online Adaptation */

11 for each robot i P N do
12 Update local map Mi;
13 Re-select frontier pfi by (10);
14 if condition (16) holds then
15 Update local goal to pfi;

since robot i has the latest information before they meet.
The return event is optimized in the same way as in the
optimization of (11), but with the following modifications: (I)
the robot plan Γrptq is replaced by the tailing plan Γ`

i ptijq;
(II) the starting time t is replaced by the time of the next
communication event of robot i, denoted as tik. Resulting
solution of the modified problem is denoted by tp1

i P

Γ`
i ptijq, pret P Γh, tret, twu. If p1

i “ p`
ij , it implies that no

return event is needed, and the tailing plan Γ`
i ptijq remains

unchanged; otherwise, the return event is given by:

cret fi ph, pret, tretq, (15)

which is inserted into the tailing plan of robot i between p1
i

and p`
ij . Note that the meeting time t`

ij should be updated
accordingly to ensure the feasibility of the plan. Finally, the
complete plan of robot i at time tij is given by pΓi fi Γi`Γ`

i ,
and the same applies to robot j for its local plan pΓj .

3) Dynamic Adaptation of Exploration Plan: Since the
above planning process only occurs at intermittent communi-
cation events, the original local plan may become inefficient
due to the newly discovered information during exploration.
In addition, there can be extra time left for exploration before
the appointed communication event, which would be wasted
on waiting for the other robot. Therefore, the robots should
dynamically adapt their exploration plans based on their
current local map. Specifically, each time the local map of
robot i is updated, the optimal frontier pfi is selected by (10).
Given ppik, tikq as the next meeting event of robot i, if

t `
χppi, pfi, pikq

vi
ď tik, (16)

holds for pfi, then pfi is set as the current goal. Otherwise,
the original plan pΓi is kept.
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Fig. 7. Results of 1 robot escorting the operator in scenario-1 with 6 adversaries (in red). Left: Evolution of robot state (explore, communicate and
return), the area explored by the robot and received by the operator, and the estimated or remaining distance to the target; Middle: One return event by
the robot, along with the operator map before and after the event; Right: Final map and trajectories of the robot (in blue) and the operator (in green).

D. Overall Framework

1) Online Execution and Adaptation: As summarized
in Alg. 1, the BodyGuards framework integrates operator
movement, multi-robot coordination, and online adaptation
in a unified loop. The operator updates the local map Mh

by (6), selects a temporary goal ppg by (8), and generates a
safe trajectory Γh by (9). In parallel, robots merge maps and
adversary information to compute joint frontiers, determine
the next communication event c`

ij by (13), and trigger return
events by (15) if necessary. Each robot further adapts its plan
by re-selecting frontiers with (10) and updating its goal when
the condition in (16) holds.

2) Complexity Analysis: The dominant cost of operator
planning comes from frontier search and safe path generation
in (6)–(9), scaling as Opn lognq for n map cells. Robot fron-
tier selection and return optimization by (10), (15)) and (16)
are bounded by Opkn lognq for k candidate frontiers. Multi-
robot coordination, including map merging and meeting-
point optimization (13), grows as OpNnq per cycle for N
robots. These bounds confirm real-time feasibility of the
framework under typical scenarios.

IV. NUMERICAL EXPERIMENTS

For further validation, numerical simulations and hardware
experiments are presented in this section. The proposed
method is implemented in Python3 within the framework
of ROS, and tested on a computer with an Intel Core i7-
13700KF CPU. Simulation and experiment videos can be
found in the supplementary files.

A. System Setup

The robotic fleet consists of 4 differential-driven UGVs,
which are simulated in the Stage simulator and visualized
in the Rviz interface. As shown in Fig. 7 and 10, two
different workspaces are tested: (I) a large office building
surrounded by the forest of size 50mˆ50m; and (II) a large
subterranean cave of size 65mˆ57m with numerous tunnels.
The occupancy grid map [24] is adopted with a resolution
of 0.2m, and generated via the SLAM package gmapping.
Each robot navigates using the navigation stack move base,
with a sensor range of 8m, a maximum linear velocity
of 0.8m{s and angular velocity of 1.5rad{s. The operator
could move with a velocity of 0.3m{s. Moreover, two robots

can only communicate if they are within a range of 5m
and have a line-of-sight, the same between robots and the
operator. Merging of local maps during communication are
handled by the ROS package multirobot map merge.
As shown in Fig. 7 and 8, numerous adversaries are scat-
tered within the environment and initially unknown, and are
discovered by the robots within the range of 3m.

B. Simulation Results

To begin with, the proposed BodyGuards framework is
tested in scenario-1 with 1 robot and 6 adversaries, as shown
in Fig. 7. The robots and the operator start from the top left
corner and need to reach the target at the bottom right corner.
During execution, each planning process takes around 0.2s
for the robot, which enables an exploration efficiency of
2.4m2{s, and results in 9 return events to the operator. This
enables the operator to receive a total area of 1300m2 of
explored space. With the received information, the operator
replans its path to the target every 2s, and avoids the po-
tential risk zones estimated from the propagated adversaries.
Finally, the operator reaches the target safely at 532s after
moving 90m, and avoids all the adversaries successfully
with a minimal distance of 3.2m, which is greater than
the safety distance of 3m. Note that only around 52% of
the environment is explored when the operator reaches the
target, indicating the efficiency of the proposed method in
completing the task without full exploration.

Furthermore, a team of 3 UGVs is tested in the same
scenario with a more challenging setting, as shown in Fig. 8.
Different from the single-robot case, the three robots change
their modes dynamically between exploration, communica-
tion and returning, with in total 21 meeting events and 6
return events, where each meeting event takes around 0.3s
to plan. With the cooperative behavior, the three robots can
explore with a higher efficiency of 3.5m2{s, almost 50%
higher than the single-robot case. However, the optimal
path to the target is blocked by the adversaries in this
case, resulting in a drastic increase in estimated distance
from 30m to 60m when the adversaries are discovered and
propagated to the operator at 132s. This information enables
the operator to replan his path in time and change to the cor-
rect direction. Finally, the operator reaches the target safely
at 643s after moving 118m. This task is completed after
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Fig. 8. Simulation results of 3 robots escorting the operator in scenario-1
with 6 adversaries. Since the optimal path is blocked by adversaries, a drastic
increase in estimated distance occurs when the adversaries are discovered.

Fig. 9. Sensitivity analyses of the proposed dual-mode exploration and
communication strategy under different operator-robot velocity ratios (Top)
and different communication ranges (Bottom).

exploring 1500m2 of the environment, which is around 60%
of the whole area.

C. Sensitivity Analyses

Sensitivity of the proposed method is further analyzed
w.r.t. two key parameters: (I) the velocity ratio between the
operator and robots; and (II) the communication range. As
summarized in Fig. 9, when the robot velocity is fixed at
0.8m/s and the operator velocity increases, a nearly propor-
tional reduction in the mission time can be observed. How-
ever, when the velocity ratio exceeds 0.5, further increasing
the operator velocity provides little improvement in overall
efficiency. In this regime, the operator can almost maintain
real-time communication with the robot, and the task perfor-
mance becomes primarily constrained by the robot’s velocity.
On the other hand, as the communication range increases
from 1m to 200m, the operator receives more map area from
1250m2 to 1500m2 with less return events from 12 to 0.
However, the overall task time can be maintained below 650s
in all cases, and even 550s when the communication range is
limited to only 1m. This demonstrates the robustness of the
proposed method under different communication constraints.

D. Comparisons

The proposed framework (Ours) is compared with 6
baselines: (I) TARE, a exploration framework which does
not consider the target information [25]; (II) POI, which gen-
erates points of interet to guide exploration [13]; (III) FSMP,
a sampling-based planner for robotic exploration [26]; (IV)
ETC, an event-triggerd communication policy where the
robots return only when the operator reaches temporal goal;

TABLE I
COMPARISON OF BASELINE METHODS (AVG. 5 RUNS).

Scenario Method Find T. (s) Reach T. (s) Op. Dist. (m)

Case1 Case2 Case1 Case2 Case1 Case2

Office

Ours 468 600 528 682 91 118
TARE 748 754 784 874 116 143
POI 507 580 600 687 103 119

FSMP 578 819 641 838 101 139
ETC 534 749 641 845 93 169
TTC 516 640 580 873 93 157

N-PRZ – – – – – –

Cave

Ours 653 1025 731 1094 139 202
TARE 887 1232 953 1312 153 260
POI 848 1050 933 1115 167 194

FSMP 918 1060 996 1148 161 219
ETC 724 1120 844 1220 156 241
TTC 770 1130 835 1225 145 206

N-PRZ – – – – – –

Fig. 10. Simulation results of the baseline methods in the Scenario-2,
where the red squares highlight the detour caused by inefficient exploration.

(V) TTC, a time-triggerd return policy where return event
occurs every fixed period; (VI) N-PRZ, our method without
considering the potential risk zones. The compared metrics
are the time that the robotic fleet find the target, the time for
the oprtrator to reach target location, and the total distance
that the operator travels. Each method is tested 5 times in
both scenarios with single-robot as Case1 and two-robot as
Case2. The results are summarized in Table. I and Fig. 10.

It can be seen that the proposed framework consistently
outperforms the baselines across all evaluation metrics in
both scenarios. Methods such as TARE and FSMP, which
do not explicitly consider goal-reaching objectives, exhibit
longer finding and reaching times (e.g., TARE 748s vs.
Ours 468s in office Case 1). A similiar phenomenon can
be observed for POI, which takes around 25% more time in
finding target than our method in all cases. On the other
hand, ETC and TTC present much larger reaching time
and longer operator trajectory owing to non-optimal return
events. It also results in more detour in the operator path, as
shown in Fig. 10. Lastly, N-PRZ presents a success rate of
0% in all tests, demonstrating the necessity of considering
the PRZ regions during planning.

E. Hardware Experiments

As shown in Fig. 1 and 11, an operator deploys 2
Scout-mini UGVs for escorting in an office environment
of size 60m ˆ 40m, and interacts with the fleet with a
tablet. Each robot and the operator are equipped with an
ad-hoc network device for close-range communication (AP-
DLINK1402A). They all start from the left corner of the
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Fig. 11. The pointcloud map and trajectories from hardware experiments
(Top), and snapshots during the experiments (Bottom).

corridor in Fig. 11-A, and aims to escort the operator to
the extinguisher within the room in Fig. 11-C. During the
experiment, the two robots plans intotal 9 meeting events
and 5 return events, and an interesting cooperative behavior
of one robot returning while the other robot exploring can be
observed in Fig. 1. As shown in Fig. 11-B, 3 risk regions are
observed by robot 0 at 450s, blocking the optimal path to
the target. Then, this information is relayed to the operator
at 472s to enable timely replanning. Finally, the target point
is found by robot 0 and known to the operator at 996s,
and the operator reaches the target safely at 1350s after
moving 94m. It is worth noting that the task is completed
without full exploration of the environment (80% coverage),
which differs our method from traditional strategies that
prioritize complete mapping and demonstrates the efficiency
of the proposed method.

V. CONCLUSION

This work proposes a novel and generic framework as
BodyGuards for the online escorting task by the robotic fleet
in unknown and communication-constrained environments.
Future work involves combining map prediction techniques
and semantic information into planning.

REFERENCES

[1] F. Klaesson, P. Nilsson, T. S. Vaquero, S. Tepsuporn, A. D. Ames, and
R. M. Murray, “Planning and optimization for multi-robot planetary
cave exploration under intermittent connectivity constraints,” 2020.
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