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Abstract—In the advent of disasters, it is difficult to predict the
occurrence of events such as damage to structures and people
in need of rescue, and the location and number of most such
events are unknown. For Search and Rescue (SAR) scenarios in
disasters, we have developed a Mobile Sensing Cluster (MSC) to
search for and capture the unknown events. MSC dynamically
forms multiple swarms with autonomous mobile systems (AMSs)
such as robots and UAVs based on swarm intelligence and is able
to achieve the search and capture of more unknown events in a
short time.

In this paper, we present an implementation of UAV swarm
flight exploration that searches for and captures unknown events
with MSC and report the evaluation results using multiple small
UAVs in 3D space.

Index Terms—Swarm Intelligence, Wireless Sensor Network,
Autonomous Mobile Systems, Cyber Physical System

I. INTRODUCTION

In recent years, diverse applications of Autonomous Mobile
Systems (AMSs) such as robots and UAVs utilized for search
and capture operation have been researched [1]. The assumed
search and capture operations include assessing damage to
structures and searching for and rescuing people in the advent
of a disaster. The location and number of target events (e.g.,
structural damage and people in need of rescue) are inherently
unknown in search and capture operations, and more unknown
events have to be searched and captured in a short time.

We previously developed a Mobile Sensing Cluster (MSC)
[2] [3] [4] that applies Particle Swarm Optimization (PSO)
[5] to AMSs to meet the aforementioned requirements. MSC
shares information among AMSs with wireless communica-
tions and can form multiple swarms, dynamically join and
split swarms, and search for and capture multiple unknown
events in a short time.

We have implemented MSC in two configuration methods:
Native Form (NF) and Cyber Physical System (CPS) [6].
In the NF configuration, MSC runs on each AMS, and the
AMS senses the intensity of physical information (such as
a heat, swell, and radio) emitted from the unknown events
in a physical space, shares its sensing information among its
neighbors, and moves in accordance with the shared sensing
information.

In contrast, in the CPS configuration, MSC does not run in
AMS but rather in cyberspace. Each AMS senses the intensity
of physical information emitted from the unknown events and
forwards it to MSC in cyberspace, which derives the mobile
vectors for all AMSs in physical space based on the forward
information and sends the mobile vectors back to AMSs. Then
they move according to the returned mobile vectors.

In either configuration, AMSs can form swarms to search
for and capture unknown events.

In this paper, we present an implementation for UAV swarm
flight exploration based on the CPS-based MSC and report its
evaluation results using multiple small UAVs in 3D space. We
opted to use CPS-based MSC rather than NF-based MSC for
the following two reasons:

• CPS-based MSC can control swarms with global views.
• CPS-based MSC enables the remote server (the cy-

berspace in which MSC runs) to monitor all AMSs in
physical space.

Section 2 of this paper provides a brief overview of related
works, and Section 3 describes the MSC. In Section 4, we
present the CPS implementation method, and in Section 5, we
report the evaluation results for the presented implementation.
We conclude in Section 6 with a summary and discussion of
future directions.
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II. RELATED WORK

A. Swarm Robotics

Swarm Robotics [7] is an approach to controlling a large
number of robots based on swarm intelligence, which is an
application of swarm behavior found in nature, such as the
movement of bees and ants [13] [12]. Interactions between
robots and between robots and the environment determine
the behavior of each robot. The idea is that by introducing
communication into the simple behavior of individuals, the
complexity of swarm behavior is generated, making it possible
to create advanced behavior that cannot be achieved by a single
individual. However, the emerging behavior strongly depends
on the number of robots.

B. Swarm Intelligence

1) PSO: PSO is an algorithm inspired by the collective
behavior of living organisms that searches for an objective
solution based on multiple particles [10]. In PSO, each particle
has position and move vector information, and the position of
each particle is evaluated by an adaptivity function. Among
the evaluation values obtained by the adaptivity function, the
personal best position (Personal Best), which is the position
information that obtained the best evaluation value in the past
for the particle itself, and the global best position (Global
Best), which is the position information that obtained the
best evaluation value in the past for the whole group, are
taken into account in the search for the objective solution
[11]. Since PSO is a mathematical solution algorithm, it does
not take into account physical constraints such as collisions
between particles, particle bias in the search process, or the
extent of particle interactions. In addition, since the search
terminates when a particle finds a solution, it is not possible
to continuously search for multiple solutions.

2) Reynolds Flocking Model: The Reynolds Flocking
Model is a flocking algorithm that reproduces the flocking
behavior of birds and other animals on a computer based
on simple rules [8]. Each agent has three vectors: alignment,
union, separation, and determines its own direction of move-
ment based on these vectors [9]. While this algorithm allows
multiple agents to form a swarm with a reasonable distance
from each other, it does not allow them to search as a swarm,
nor does it assume any split of the formed swarms.

3) Ant Colony Optimization: Ant Colony Optimization
(ACO) is an algorithm based on the foraging behavior of ants
[12]. Ants have the habit of leaving a trail of pheromones along
the path they take while searching for food, making them more
likely to choose paths with a higher pheromone concentration.
The pheromone evaporates over time, but if the path is shorter,
the ants march further along it, reinforcing the pheromone. The
closer the path is to the shortest route, the faster the pheromone
is reinforced compared to its evaporation rate, leading to the
formation of paths with a higher pheromone concentration. A
characteristic feature of ACO is that the optimal path tends
to converge on a single route, forcing the majority of ants to
follow the same path.

III. MOBILE SENSING CLUSTER

In this section, we describe the Mobile Sensing Cluster
(MSC). MSC is based on PSO and introduces search and
capture mechanism into the swarm formation, which allows
multiple AMSs to form a swarm and to search for and
capture multiple unknown events. It also introduces a mul-
tiple swarm mechanism that allows formed swarms to join
and split themselves and to search for and capture multiple
unknown events in parallel. MSC consists of multiple AMSs
that have functions enabling autonomous mobility, the sensing
of physical information from unknown events, self-cognition
of their locations, and communication with others via wireless.
An event is assumed to emit physical information containing
event identification information, such as radio waves. The
strength of the physical information propagated from the event
monotonically increases as the event approaches, and AMSs
search for the event based on the strength and the identifier of
the sensed physical information.

A. Search and capture mechanism with swarm

Here, we describe the basic model of MSC expanding from
PSO.

1) Evaluation value of AMSs: Each AMS in MSC has the
following evaluation values.

• Personal best evaluation value (EPbest
i )

This is the lowest value in distance factors to events
according to the strength of self-sensing physical infor-
mation from events. It is calculated by

E
Pbest(K)
i (t) = min

k∈discoveryi(t)
dki (t) (1)

where E
Pbest(K)
i (t) is the evaluation value for event k

that AMS i has, discoveryi(t) is a sensed event by AMS
i at time t, and dki (t) is a distance factor of AMS i to
event k according to the strength of self-sensing physical
information.

• Local best evaluation value (ELbest
i )

This is the lowest value of the self-evaluation value (men-
tioned later) added to a swarm density among neighboring
AMSs. The neighboring AMS with the lowest value is
named Lbest AMS. ELbest

i is calculated by

ELbest
i (t) = min

j∈neighbor
{Ej(t) + sdji (t)} (2)

where ELbest
i (t) is the best self-evaluation value among

the neighboring AMSs, neighbori(t) is a Neighborhood
AMS of AMS i at time t, and sdji (t) is the swarm density
between AMS i and j at time t (discussed in detail in
III.A.2).

• Self-evaluation value (Ei)
This value corresponds to the distance to an event. It is a
personal best value if it is the lowest among the personal
best values of neighboring AMSs; otherwise, it is a value
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that is the added distance factor between Lbest AMSs to
a local best value. Ei is calculated by

Ei(t) =


E

Pbest(K)
i (t)

if E
Pbest(K)
i (t) < min

j∈neighbori(t)
{EPbest(K)

j (t)}

ELbest
i +DLbest

i (t)

otherwise.
(3)

where Ei(t) is the self-evaluated value that AMS i has,
and DLbest

i is the distance factor between AMS i and the
Lbest AMSs of AMSs i at time t.

2) Formation of swarm: Each AMS has the following
update rules for its move vector and location:

vi(t+ 1) = wvi(t) + pbi(t)(x
Pbest
i (t)− xi(t))

+lbi(t)(x
Lbest
i (t)− xi(t)) + ⃗Si(t)

(4)

xi(t+ 1) = xi(t) + vi(t+ 1) (5)

where t: time, w: inertia weight, vi(t): move vector of AMS i
at time t, xi(t): position of AMS i at time t, pbi(t): personal
best coefficient of AMS i at time t, lbi(t): local best coefficient
of AMS i at time t, xPbest

i (t): location of Pbest AMS of AMS
i, xLbest

i (t): location of Lbest AMS for AMS i at time t, and
⃗Si(t): repulsion vector of AMS i (discussed later).
Each AMS determines its behavior in forming a swarm

according to Eqs. (4) and (5) as follows.

• Dynamic leader selection in a swarm

The swarm leader is selected as the AMS whose current
location is closest to the event among the neighboring AMSs.
The AMS selected as leader selfishly behaves to determine its
personal best coefficient to ON(1) and local best coefficient
to OFF(0) using Eq. (4), that is, it behaves according to
its personal best value in Eq. (1). The other AMSs behave
as followers to determine their personal best coefficient to
OFF(0) and local best coefficient to ON(1), that is, they behave
according to their local best value in Eq. (2). The selection of
the leader in a swarm is repeated periodically, and the leader
changes according to the personal best value of AMSs. In this
way, Eqs.(1)-(5) are utilized to form the swarm.

• Collision control

The MSC extends the repulsion vector in the Reynolds Flock-
ing Model and adds the repulsion vector to its basic model to
achieve collision avoidance between AMSs, as

S⃗i(t) = c3i(t)
∑
j∈n

−−−→
Vji(t)

|Vji(t)|(dij(t))k
(6)

where S⃗i(t): repulsion vector of AMS i at time t, c3i(t):
repulsion coefficient of AMS i at time t, Vji: vector from
AMS j to AMS i, n: neighboring AMS set of AMS i, dij(t):
distance between AMSs i and j at time t, and k: norm
parameter in repulsion vector.

i

j
Distance to

neighbor node j

Distance to
neighbor node i

Fig. 1: Swarm density between neighboring AMSs.

B. Multiple swarm mechanism

In MSC, swarm leaders are selected for each event among
AMSs, and the swarm density between AMSs is introduced to
split a swarm and form multiple swarms. As shown in Fig. 1,
the swarm density between AMSs corresponds to the number
of AMSs between the specific AMSs. Therefore, when a
personal best value in Eq. (1) is superior to the local best value
including the swarm density in Eq. (2), the follower assumes
that the number of AMSs forming a swarm is sufficient, leaves
that swarm, and forms another swarm that moves forward to
another event as a leader. In Fig. 1, the swarm density between
AMSs is the number of AMSs in the overlapping area of the
two circles. One circle has a center that is the location of AMS
i and a radius that is the distance between AMSs i and j, and
the other circle has a center that is the location of AMS j
and a radius that is the distance between AMSs i and j. The
swarm density is formalized as

N j
i (t) = {x|x ∈ neighbori(t), x ∈ neighborj(t)} (7)

sdji (t) = {c4|N j
i (t)|} (8)

where N j
i (t) is a set of AMSs that are neighboring AMSs of

both AMS i and j at time t, |N j
i (t)| is a number of elements

in N j
i (t), c4 is a coefficient of swarm density, and sdji (t) is a

swarm density between AMS i and j.

IV. IMPLEMENTATION OF UAV SWARM FLIGHT
EXPLORATION BASED ON CPS-BASED MSC

A. CPS-based MSC

Figure 2 shows a conceptual diagram of the CPS-based
MSC, which is composed of cyberspace and physical space.
Physical space consists of multiple AMSs and unknown events
whose locations and numbers are unknown, and cyberspace
consists of virtual mobile entities corresponding to the AMSs
in a physical space.

The AMSs in physical space are equipped with sensors
to acquire physical information from events and wireless
interfaces to communicate with cyberspace. In physical space,
each AMS senses and acquires the intensity of physical
information emitted by events and transfers its own internal
status, including the intensity of the physical information from
the sensed event and its own location, to cyberspace.

The MSC runs in cyberspace and calculates the personal
best value of each virtual mobile entity according to the
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forwarded intensity of sensing physical information from each
AMS in physical space. It also calculates the local best value of
each virtual mobile entity according to the forwarded location
from each AMS and the interaction among all virtual mobile
entities. Then, it derives the move vector of each virtual mobile
entity based on the personal best and local best values and
returns each derived move vector to the AMS corresponding
to the virtual mobile entity.

Fig. 2: Conceptual diagram of CPS-based MSC.

As mentioned above, the CPS-based MSC works based on
the interactions among all virtual mobile entities, therefore it
works based on the global best according to the global view
in cyberspace but not based on the local best.

B. Superiority of CPS-based MSC to NF-based MSC

As described in Section III.A, the CPS-based MSC performs
the interaction among all virtual mobile entities with the
global best in the global view of cyberspace. Therefore, the
swarms formed by CPS-based MSC are rigid and precise. In
contrast, the interaction in the NF-based MSC is restricted
among neighboring AMSs due to the coverage and random
errors in wireless communication among AMSs. Therefore,
the interaction becomes local and the propagation to entire
AMSs creates a delay, and the swarms formed by NF-based
MSC are not rigid but sluggish.

The cyberspace is generally implemented on a remote
server, and the remote server can monitor the movement of all
AMSs because CPS-based MSC in the remote server knows
the current locations of all AMSs in physical space. In contrast,
in NF-based MSC, the AMSs individually has its location,
which makes it difficult to monitor the movement of all AMSs.

For these reasons, we opted to use the CPS-based MSC as
the implementation configuration.

C. Function configuration for multiple UAV flight exploration

The functional structure of the multiple UAVs flight ex-
ploration of the CPS-based MSC is shown in Fig. 3. The
configuration assumes that the unknown events emit radio
waves as their physical information. The two data frames in
wireless communications between the physical space and the
cyberspace are shown in Fig.4.

Fig. 3: Functional structure in implementation of CPS-based MSC.

Fig. 4: Format of packet data between cyber and physical spaces.

The MSC in cyberspace consists of three functions: the
MSC algorithm function, the receiving data function, and the
movement instruction function. The receiving data function
receives the data frame shown in the upper part of Fig. 4 from
the AMSs in physical space via wireless communications and
turns it over to the MSC algorithm function. The MSC algo-
rithm function derives the move vectors of all virtual mobile
entities according to the algorithm described in Section III with
the event identity, intensity of sensing physical information
(RSSI), and self-location (coordinates) included in the data
frame, and then turns the move vectors over to the movement
instruction function. The movement instruction function packs
the move vectors in the data frame shown in the lower part
of Fig. 4 and sends the data frames to all UAVs in physical
space corresponding to the virtual mobile entities via wireless
communications.

Each UAV in physical space consists of four functions: the
sensing RSSI function, the send data function, the receiving
vector function, and the movement control function. The sens-
ing RSSI function senses RSSI in radio waves emitted from
unknown events and passes the sensed identifies and RSSIs
about the events to the send data function. The receiving data
function receives the move vector from the MSC in cyberspace
via wireless communications and turn it over to the movement
control function. The movement control function performs
the movement according to the move vector including the
direction, the degree (rotation angle), and the distance shown
in the lower part of Fig. 4 and then turn the self-location
estimated by dead reckoning over to the send data function.
The send data function packs the identity and RSSI from the
sensing RSSI function and the location from the movement
control function in the data frame in the upper part of Fig. 4
and then send the data frame to the MSC in cyberspace.
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V. EVALUATION OF IMPLEMENTATION

A. System configuration in implementation

The system configuration used in the implementation is
shown in Fig. 5. It is constructed from the Server PC as
cyberspace, UAV units and events in physical space, and a
mobile wireless network between cyberspace and physical
space with IEEE802.11g and crazyradio 2.0 [14]. In the
implementation, the crazyradio 2.0 is run in Bluetooth Low
Energy 5(BLE 5) mode.

Fig. 5: System configuration in implementation.

1) Server PC: The server PC is used as the cyberspace,
where all the cyberspace functions are implemented and the
MSC runs. It is equipped with IEEE802.11g and crazyradio
2.0 wireless interface devices. The server PC receives sensing
data from UAV units in the physical space with IEEE802.11g
via an access point. And the server PC, working as the central
of BLE in the crazyradio 2.0, sends the move vectors to the
UAV units working as the peripheral of BLE.

Fig. 6: Functional structure of UAV unit.

2) UAV unit: Figure 6 shows the configuration of the UAV
unit, which consists of a Crayflie2.1, AI-deck (ESP32), and
battery.

The Crazyflie2.1 is a small UAV equipped with a 3-axis ac-
celerometer, a high precision pressure sensor, and a crazyradio
2.0 wireless interface device. The 3-axis accelerometer is used
to compensate for errors in dead reckoning and to ensure the
accuracy of self-location. The crazyradio 2.0 wireless interface
device is used for receiving the move vector from the MSC
in cyberspace.

The AI-deck is connected to Crayflie2.1 with UART, senses
IEEE802.11g RSSI emitted from the events, and sends the
data frame to the MSC in cyberspace via an access point with
IEEE 802.11g. The IEEE802.11g channels for sending the data
frame and for the events are set to different channels.

3) Events: The Raspberry Pi 3B+ is used as the events.
It runs as an access point of IEEE802.11g and sends beacon
frames periodically. The UAV unit scans the beacon frame
and obtains the identity and RSSI based on the beacon as
the physical information emitted from the events. If the RSSI
scanned by the UAV unit exceeds the threshold, the UAV unit
lands assuming it reaches an event and then starts capturing
the event.

4) Mobile wireless network between cyberspace and phys-
ical space: The mobile wireless network is configured with
the IEEE802.11g infrastructure mode and crazyradio 2.0. The
IEEE802.11g infrastructure network via an access point is used
for communication from the UAV units to the MSC (upper
part of Fig. 5), and the crazyradio 2.0 network is used for
communication from the MSC to the UAV units (lower part
in Fig. 5). In the crazyradio network, the MSC and UAV units
work as the central and peripheral in BLE, respectively.

Fig. 7: Experimental configuration.

B. Experimental environment configuration

This section describes the configuration of the experimental
environment and the virtual wall in MSC. In the experiments,
a virtual wall is set up in cyberspace due to space limitations.
When the UAV has a move vector over the virtual wall, the
vector is modified to reflect off the wall, assuming that the
UAV unit is equipped with a proximity sensor and has detected
the wall.

The initial locations of the UAV units and the locations of
the events in the experiments are shown in Fig. 7. The physical
space is arranged as a 4 × 8 m area with four virtual walls,
and the flight of the UAV units is restricted to the inside of
this space. The parameters related to the system configuration
and experimental environment configuration are listed in Table
1.

C. Evaluation method

Our evaluation experiment consists of two parts: 1) a
comparison of the flight of UAV units in the swarm exploration
with MSC vs. the flight of UAV units in the individual
exploration, and 2) a verification of the dependency of the
exploration performance on the tightness of swarm formation
with the MSC.

The event capture is defined as when the RSSI the UAV
scans exceeds the event reach threshold and the UAV unit
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Fig. 8: Trajectories in swarm flight exploration with MSC implemen-
tation.

Fig. 9: Trajectories in individual flight exploration.

TABLE I: Experiment parameters.

Parameter Value
Moving distance per sec 50 cm
No. of UAV units 4
No. of events 2
No. of trials 5
Initial location of UAV units Vertices of a 2 × 2 square

centered at (0,0)
w 0.5
c3 10–75
Swarm density factor –10
Channel in IEEE802.11g UAV to MSC 1ch,

event0 1ch, event1 6ch
Event reach threshold –37 dBm

lands. The capture ratio is defined as the ratio of captured
events in all trials, and the collision ratio is defined as the
ratio of collisions between UAV units in all trials. The finish
condition is when the number of UAV units becomes zero due
to collisions or when the number of events becomes zero due
to the UAV units capturing an event.

D. Evaluation results

1) Comparison of swarm flight exploration vs. individual
flight exploration: Figures 8 and 9 show the flight trajectories
for the swarm flight exploration with the MSC implementation
and the individual flight exploration that runs according to only
the personal best, respectively.

In Fig. 8, IDs 0 (red), 1 (orange), and 2 (yellow) of the UAV
units formed a swarm, which headed toward event 1, and then
IDs 0 and 1 reached event 1 and landed. ID 2 left the swarm
on the way to event 1, turned and joined ID 3 (green), and
formed a swarm with ID 3, after which the swarm headed
toward event 0, reached it, and landed. The behavior of ID 2
in the swarm flight exploration was generated by Eqs. (7) and
(8) and exhibited the effectiveness of equalized swarm size;
that is, the implementation achieved the strategic separation
and join of swarm according to the MSC mechanism.

In Fig. 9, the spacing between the trajectories of each UAV
widen in comparison with that in Fig. 8. In the individual flight
exploration, all UAV units run according to their personal best;

that is, they run as a leader without the interaction by the
global best. As a result, the individual flight exploration tends
to spread each UAV unit.

2) Exploration performance depending on tightness of
swam formation: In this section, we verify the performance
of swarm flight exploration depending on the tightness of the
swarm formation. Capture ratio and collision ratio are used as
performance metrics, with the capture ratio directly indicating
the performance and the collision ratio indicating the appropri-
ateness of the swarm formation. The tightness in the swarm
formation is controlled with the repulsion coefficient c3 in
Eq. (6): the swarm formation becomes tight and compact with
decreasing c3 and becomes loose and diffuse with increasing
c3.

Figure 10 shows the capture ratio, which is 100% if all
events are captured. The capture ratios were 10%, 50%, and
50% when the c3 was set to 10, 50, and 75, respectively, and
approximately one event was captured per trial when c3 was
50 and 75.

Fig. 10: Capture ratio depending on repulsion coefficient c3.

Figure 11 shows the collision ratio. The collision ratios were
60%, 20%, and 10% when the c3 was set to 10, 50, and 75,
respectively, and the collision ratio decreased as c3 increased.

With the tight swarm formation caused by the decrease of
c3, the swarm moves relatively straightforwardly toward an
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Fig. 11: Collision ratio depending on repulsion coefficient c3.

event and can shorten the time it takes to reach to that event,
but it tends to focus on only one event. In contrast, with the
loose swarm formation caused by the increase of c3, the swarm
tends to diffuse and lengthen the time it takes to reach to an
event, but it tends to detect other events.

When c3 was 10, that is, the tightest swarm formation in
this evaluation, numerous collisions between the UAV units
occurred, most UAV units became unable to fly, and could
not reach the events. This finding demonstrates that exces-
sive tightness in swarm formation degrades the exploration
performance due to collisions, thus negating any benefit from
shortening the time to reach an event.

When c3 was 50 and 75, the capture ratios were the same
but the collision ratio at 50 was higher than that at 75, that
is, even though there were many more collision at c3 = 50
than at c3 = 75, the swarm formation at c3 = 50 and c3 =
75 had the same exploration performance. We presume that
the swarm formation at c3 = 50 increases the number of UAV
unit collisions than c3 = 75 but tends to go more relatively
straightforwardly toward an event than that at c3 = 75, and
then shorten the time it takes to reach the event compared to
that at c3 = 75. Therefore, it seems that the shortened time to
reach an event offsets the increase in collisions. These findings
indicate that the tightness in swarm flight formation brought
about by the c3 strongly affects the exploration performance.
It is also assumed that the appropriate c3 value depends on the
number of UAV units and the number and density of events.
Therefore, it is necessary for the swarm flight exploration to
autonomously control the c3.

VI. CONCLUSION

In this paper, we presented our implementation of UAV
swarm flight exploration based on CPS-based MSC and
demonstrated its effectiveness and characteristics through eval-
uation experiments. Our findings demonstrate that the imple-
mentation enables rigid and precise swarm formation based
on the global view in cyberspace, as well as the monitoring
of swarm flight exploration on a remote server. Moreover, the
implementation achieved strategic separation and join in the
swarm formation using the MSC mechanism. We also clarified
that the tightness in swarm flight formation strongly affects the
flight exploration performance.

In future work, based on the evaluation results, we plan to
develop an autonomous control system for swarm tightness
with the repulsion coefficient c3.
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