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Abstract—During search and rescue operations carried out
for emergency response or disaster relief, there are many
targets requiring rescue operations in a given environment,
whose number and locations are unknown. In this paper,
we investigate how to control the mobility of swarm of
autonomous robots to efficiently search for and approach to
targets to execute given tasks. We propose a swarm control
algorithm, which includes the search and approach opera-
tions based on swarm intelligence, called mobile sensing
cluster (MSC), combined with target localization employing
particle filter (PF). We design mobility control that takes
full advantage of the integrated operations of MSC and
localization using PF. With computer simulations, we show
that the proposed swarm control reduces the time required
for searching targets and for completing their required tasks
in comparison to reference schemes.

1. INTRODUCTION

Search and rescue (SAR) operations employing a
group of autonomous robots or drones are envisioned
to play an important role to realize a variety of civil
applications such as emergency response and disaster
relief [1]. In these applications, mobile robots, which are
equipped with sensing and communication capabilities,
are required to autonomously identify locations of tar-
gets and approach to them in order to conduct rescue
and/or surveillance tasks.

In this work, we focus on a SAR scenario where
unknown number of targets emit radio signals, e.g., bea-
cons emitted by emergency devices or signals generated
by mobile phones owned by victims at a disaster area,
which need to be quickly searched and rescued/surveyed
by multiple mobile robots. In this case, two operations
are required: (1) estimation of target locations and (2)
movement to the vicinity of each target. For the first
operation of location estimation, there have been sev-
eral studies exploiting received signal strength indicator
(RSSI) detected by a group of mobile robots. Among
these, an algorithm based on particle filter (PF) with
appropriate selection of observation points (i.e., positions
of mobile robots) has been shown to achieve high accu-
racy of estimation [2][3]. However, these studies mainly
focus on the location estimation, and do not consider
the movement to each target, i.e., their algorithms do
not consider the approach of mobile robots to targets.
On the other hand, in order to realize the second op-
eration of the movement to targets, our previous study
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introduced an algorithm based on swarm intelligence,
called mobile sensing cluster (MSC) [4]. MSC applies
the concept of particle swarm optimization (PSO) [5]
to the mobility control of swarm robots, where robots
evaluate their positions based on their detected RSSIs
and exchange these results with the surrounding robots
through wireless communications. The movement vector
of each robot is controlled in such a way that they move
to the position with higher evaluation value or follow
robots located in better positions. However, due to the
noise and/or fluctuation added to RSSIs, each robot is not
able to evaluate its position appropriately, which leads
to redundant movement when heading to targets.

In order to solve the above problems of existing work,
in this paper, we propose a swarm control algorithm
combining the concept of PF and MSC, i.e., encompass-
ing both operations of target localization and movement
to targets. In the proposed algorithm, robots execute
the operations of location estimations of multiple targets
while approaching to a selected target. The robots em-
ploy a mobility control, which forms a swarm in such a
way that the accuracy of estimation is improved while
approaching to the target. Once the accuracy of loca-
tion estimation for the selected target exceeds a certain
threshold, robots directly move to the estimated location
as straightly as possible. Once the selected target is
captured (i.e., its rescue/surveillance task is completed),
robots exploit the available results of location estimations
of the other targets to decide the next movement. With
computer simulations, we evaluate the gain brought by
introducing the operation of location estimation based
on PF and mobility control into MSC.

II. SystEM MoDEL

The system model considered in this paper is shown
in Fig. 1, where unknown number of targets, which
emit signals with identity information facilitating their
discoveries, exist within a sensing field. The examples of
signals are beacons generated by emergency devices or
signals generated by mobile phones owned by victims.
Mobile robots, which are equipped with sensors detect-
ing the emitted signals, search for these targets, and
execute tasks such as rescue or surveillance operations
after approaching to them. We assume that the task can
be executed by a robot if it is sufficiently close to a
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Fig. 1. System model.

target, i.e., within Dy, [m] from a target. We assume that a
fixed amount of load of W is required to complete a task
while the work efficiency of each robot is R, [load/s] [6].
Once the task is completed, i.e., the remaining work load
reaches 0, the target is considered to be captured. The
identity information on the captured target is continu-
ously broadcast by each robot, and after this information
is received by the other robots, they ignore the signal
transmitted by the corresponding target.

Each mobile robot detects a target signal with its
identity if its received signal strength indication (RSSI)
is larger than yg. We assume that RSSI is affected by
path-loss and additive white Gaussian noise (AWGN)
at the receiver. We assume that GPS is not available at
target devices due to lack or disabled setting of GPS
receiver or it is not reliable because the targets can be
located indoor or under debris. On the other hand, it is
reasonable to assume that GPS is available at each mobile
robot, and robots can exchange information to facilitate
their swarm control, such as their locations obtained by
GPS and RSSIs detected for different targets, with the
other robots within their wireless communication range.

III. Prorosep SwarRM CoNTROL WITH PARTICLE FILTER

The proposed swarm control combines the operations
of target search/approach with target localization while
adding the additional mechanism of mobility control to
improve the efficiency to capture multiple targets. The
operations differ depending on whether each robot has
already detected signals emitted by targets, and if so,
its distance to a searching target. The overview of the
proposed swarm control is shown in Fig. 2, which is
explained in detail below.

a) Operations before detecting signals of any targets:
In this case (shown in (a) in Fig. 2), each robot has
no information to exploit to control their movement.
Therefore, the basic operation is random walk, where each
robot decides its movement vector (direction) randomly.
However, the simple application of random walk causes
each robot to move back and forth to the positions that
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Fig. 2. The overview of the proposed swarm control.
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have been already covered for its search operation. There
is also a risk of collision among mobile robots. Therefore,
in this work, we employ a history-based search, where
a movement vector of robot i is set as follows:

ot +1) =0 +aS, + kol(t) + ko'(h), )

where v;(t) is the movement vector of robot i at time ¢, v/

is the random vector choosing a direction uniformly, S;
is the vector to avoid collisions with the other robots [7],
vi(t) is a vector heading to different direction from the
history of positions already searched by robot i, and
v}(f) is a vector heading to different directions from the
history of positions already searched by the other robots
located within the communication range of robot i. The
parameters of a, ks, and k, are the weights to control the
contribution of each vector.

We further extend the above operation of history-
based search to a swarm-based search, where at most
Ly, robots form a group to search for the signals emitted
by targets. A leader is elected as a robot that has the min-
imum identification number, e.g., MAC address, and the
other robots within a swarm are considered as follower
robots. The follower robots obtain the movement vector
of leader robot through wireless communications, and
set their movement vectors in such a way that they move
to the same direction as its leader. The size and number
of swarms can be controlled by the parameter of Ly,. This
swarm-based control enables robots to cooperatively ex-
ecute the operations of target approach and localization
once they detect the signals emitted by targets.

b) Operations of target localization after detecting sig-
nals of any targets: After detecting signals emitted by
targets, robots can exploit the information on their RSSIs
for estimating target locations and/or approaching to
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them. In the proposed swarm control, robots attempt to
estimate the locations of targets by employing PF (shown
in (b-1) in Fig. 2) [2]. The basic idea of PF is for each
robot to deploy virtual particles over a sensing area,
and update their positions and weights according to the
observed RSSIs. Denoting the number of particles as N,,
the weight of jth particle of a robot calculated for the ith
observed RSSI over time is given as

o__ "

w. = N4 (2)
?271 w}'(l)
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9 = exp| oo T~ @)
] p o2 ’
RY = Py - 10K log,, d? 4)
j 104

where d? is the distance between the robot and jth
particle when it observes the ith RSSI, Py is RSSI at
unit distance [8], K is the path-loss coefficient, 02 is the
variance of observation noise, and P% is the ith observed
RSSI. Basically, RY calculated in eq. (4) represents RSSI
that the robot should observe when the target is located
at the position of particle j. The likelihood of the jth
particle is given in eq. (3), calculated based on the
difference between the observed RSSI and RY. This gives
larger (smaller) weight to a particle closer (farther) to
the target emitting the signal observed by the robot. Eq.
(2) is introduced just for normalization. After calculating
the weights given in eq. (2), resampling operations are
conducted in such a way that more number of particles
are deployed around the particles with larger wights [9].

The above processes are repeated for every target
whose signal is detected by a robot until the updated
positions of particles are considered to be converged. At
time step k, the location of a target is estimated as

NP
— Z (k) 1 (k)
Pk—,leLj’ (5)
j=

where L;k) is the position of particle j at time k. The
convergence is considered to be achieved when the
following two conditions are satisfied [10]:

o < Reono, (6)
|Pn - I_)| < REVY/ (7)

where o7 = Z;\]:”l ILE.k) — Pyf?- wi.k)], Reoms is the radius of
the convergence circle, P, is a sequence composed of the
most recent n estimated locations, P is the mean of all
elements in P,, and R, is the radius of the permissible
error circle.

The existing study in [2] showed that the estimation
accuracy of PF can be improved by appropriately se-
lecting observation points of different robots. However,

their objective is the location estimation, and does not
consider the approach to the searching target. For SAR
considered in this paper, we need to control the mobility
of robot in such a way that it improves the estimation
accuracy and also quickly approaches to the searching
target. To this end, in this paper, we introduce an addi-
tional mobility control for a group of robots. We set a
threshold of RSSI, yih, used for each robot to decide that
it is likely to be located far enough from a target. In this
case, the accuracy of estimation can be low, therefore, it is
better to increase the diversity in terms of RSSI observed
by each robot. Therefore, we control the movement of
follower robots to be in parallel with the leader robots.
This helps robots within a swarm to keep a fixed distance
with each other. Furthermore, the movement vector of a
leader robot is set to head to the direction of a particle
with the largest weight so that a swarm can move
toward a searching target. This mobility control allows
a group of robots to move to the direction of a target
while enhancing the diversity in terms of the observed
RSSIs of multiple robots conducting location estimation
employing PE.

On the other hand, when the observed RSSI is larger
than !, each robot is closer to a searching target, and
the estimation accuracy becomes higher. In this case, it
is better to control the mobility of each robot so that it
can accurately move to the searching target. Therefore,
we control the mobility of robots based on MSC while
each robot continues to estimate the location of target
by using PE. The basic idea of MSC is for a swarm of
robots to cooperatively move to the positions where they
observe larger evaluation value. The evaluation value is
calculated based on the observed RSSI and number of
robots heading to the same target. With MSC, each robot
within a swarm is categorized as leader or follower. The
movement vector of leader robot is set so that it heads to
the direction where it is likely to detect larger RSSI. On
the other hand, the movement vector of follower robot
is set so that it heads to the position of robot that has
the best evaluation value among its neighbors. MSC also
includes a mechanism for multiple swarms to join and
split depending on their relative positioning to multiple
targets. For the detailed operations of MSC, readers are
referred to [4] and [7].

Once a group of robot reaches the convergence of
estimation given in egs. (6) and (7), their movement is
controlled in such a way that they move to the estimation
location as straightly as possible (shown in (b-2) in
Fig. 2). The movement vector of the leader robot is set
as -

vi(t+1) = aS; + (x. — xi(t)), 8)

where x, is the estimated location of the searching target,
and x;(t) is the location of robot i at time t. This move-
ment vector is shared with the follower robots, which
are used to control their mobility.
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After moving close enough to a target (i.e., after robots
detect larger RSSI than rfh), robots are controlled to
approach to the target solely based on MSC (shown in
(b-3) in Fig. 2).

c) Operations of target capture: When a robot detects
RSSI larger than rfh, which corresponds to the distance
shorter than Dy, from the searching target, it decides
that it has reached an area where it can execute the task
against the target and stays there until the given task is
completed (shown in (c-1) in Fig. 2). Note that the task
can be executed by multiple robots if they stay within
Dy, from the target.

After completing a task given to the target, i.e., after
a target is captured, each robot needs to continue its
search operation for the other targets. Here, we also
introduce mobility control exploiting location estimation.
While approaching to a searching target, each robot is
able to detect RSSIs of the other targets if they are
within their detection range. Therefore, each robot can
continuously estimate the locations of multiple targets by
employing PF explained above. In the proposed swarm
control, these information are recorded by each robot
and exploited for controlling its mobility after it captures
a searching target (shown in (c-2) in Fig. 2). Specifically,
if a robot has information on the target with its location
estimation converged as given in egs. (6) and (7), its
movement vector is set as in (8) with x, set to the
estimated location. Then a robot can directly head to
the estimated location. When a robot has information on
multiple targets with the converged estimation, a target
to approach is selected by evaluating them based on
the values corresponding to the detected RSSI (when it
can detect the target signal) or distance to the estimated
location (when it cannot detect the target signal). Each
robot first counts the number of robots located closer
to a candidate target than itself among its neighbor
based on the information exchanged through wireless
communications, denoted as N,. If a robot can detect
the target signal and N, is larger than a threshold of
Ny, it multiplies a degradation factor of R(< 0) with
N,, and adds it to the evaluation value to degrade it.
Otherwise if a robot cannot detect the target signal and
N, > 1, it multiplies R(< 0) with N,, and adds it to the
evaluation value. Then, each robot selects a target with
the largest evaluation value, and sets its location to x,
in eq. (8). This mechanism allows us to evenly distribute
robots into multiple targets with their location estimation
converged. We show an example in Fig. 3, where robot 1
has information on 2 targets, target A and target B, with
their location estimation converged after capturing the
other target. For targets A and B, robot 1 counts N, as
4 and 3, respectively. Therefore, the evaluation value for
target A is degraded more than target B, which makes
robot 1 select target B as its searching target.

Target B

Target A |
|
4 b
A b 4
4 A

N, = 4 for Target A
N, = 3 for Target B

A
Robot 1
Fig. 3.  An example of operation of target selection after capturing a
target.

IV. NumMERIicAL RESuLTS AND DiscussioNs

In this work, we evaluate the efficiency of target
capture achieved by the proposed swarm control by
computer simulations. This section presents the evalua-
tions of our proposed swarm control based on computer
simulations.

A. Simulation Model and Parameters

We assume that targets for SAR operations are de-
ployed uniformly within a field with its size of 2000m X
2000m. The initial position of mobile robots are uni-
formly decided within a circle with its radius of 30m
located in the center of the field. The other simulation
parameters are summarized in Table I.

As a performance measure, we consider capture com-
pletion time (CCT), which is the time required for robots
to capture all the targets in the given field. For perfor-
mance comparison, we consider the following 2 schemes:

o MSC: In this scheme, robots search for the signals
emitted by targets based on eq. (1). After detecting
the signals, robots search for and approach to targets
solely by employing MSC without any operation of
target localization.

o MSC+PF: This scheme also applies eq. (1) before
robots detect any signal emitted by targets. After
detecting signals, it exploits the location estimation
using PF like the proposed swarm control, but only
employs MSC for mobility control. Furthermore,
it does not include the mobility control exploiting
the recorded information on the location estimation
after capturing each target.

Note that we do not include the sole application of target
localization employing PF into our reference schemes
since it is not applicable to our SAR scenario due to the
lack of mechanism to approach to each target.

B. Simulation Results and Discussions

Fig. 4 shows CCT of MSC, MSC+PF, and the proposed
swarm control (Proposed SC) for the number of targets
of 10, 15, and 20. From this figure, we can first see that
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TABLE I
SIMULATION PARAMETERS.

Simulator ns-3.35 [11]
Robot Velocity 1 m/s
Communication Range 150 m
Target Tx Power 13 dBm
Detection Threshold )7 -101 dBm
Task Area Dy, 5m
Work Efficiency Ry, 5 load/s
Work Load W 100
Path-Loss Coefficient K 3
Py 40.046
Noise Variance o> 1
SC a outside Dy, 20
a inside Dy, 5
ks 1.2
ko 0.5
Ly 3
Ny, 3
R -100
Vi -78 dBm
Vi -58 dBm
Vo -48 dBm
PF N, 5041
Rconv 20
Rerr 10
MSC [4][7] | Cognitive Weight 1
Social Weight 1
Inertial Weight 0.5
Avoidance Degree 2
Dispersion Degree -100

CCT is increased with more number of targets for all the
schemes.

Next, we can see that MSC has the largest CCT among
3 schemes. With MSC, swarms of robots approach to
targets based on the observed RSSIs, however, RSSIs can
fluctuate due to the observation noise. Each swarm can
move back and forth due to this fluctuation and cannot
approach to each target straightly. The introduction of
location estimation with PF can alleviate this problem,
and MSC+PF shows better performance than MSC since
each swarm can directly approach to the searching target
once its location estimation is converged. However, the
direct application of PF to MSC does not show signif-
icant gain. This is because each swarm is still slow in
approaching to the searching target before the location
estimation using PF is converged. Furthermore, locations
of robots within a swarm tend to be close to each
other with MSC, which reduces the diversity in terms of
RSSIs observed by robots. This makes the convergence
of location estimation using PF slow, which causes each
swarm to spend longer time in operating with MSC.

16000 -

T
I 10 Targets
I 15 Targets ] |
7120 Targets

12000 - b

14000 -

10000 - b

8000 - b

6000 - b

Capture Completion Time [s]

4000 ,

2000 - |

Proposed SC MSC+PF MSC

Fig. 4. Target capture completion time (CCT) of different schemes for
different number of targets.

The above problems of MSC combined with PF are
effectively solved by the proposed SC. During location
estimation, each swarm moves toward the direction of
particle with the largest weight while robots keep a fixed
distance with each other. This increases the diversity
of RSSIs observed by a swarm of robots, which helps
to reduce the convergence time of location estimation.
Furthermore, after capturing a target, each robot can
quickly move to the estimated location of new target
with the proposed SC by exploiting the recorded in-
formation on location estimation of multiple targets.
These additional mechanisms allow swarms to quickly
approach to multiple targets, which contribute to the
significant reduction of CCT as shown in Fig. 4.

V. CONCLUSIONS

In this paper, we proposed a swarm control mecha-
nism, in which swarms of robots autonomously search
for targets of SAR operations, and approach to them to
execute the required tasks. The proposed swarm control
combines MSC, which realizes the operations of target
search and approach, with target localization employing
PE. We designed mobility control exploiting the informa-
tion obtained by the localization for improving the effi-
ciency to capture multiple targets while achieving higher
accuracy of localization. With computer simulations, we
showed that the proposed swarm control reduces the
time required for capturing targets in comparison to
MSC and simple integration of MSC and PF.

Our future work includes the investigation on the
impact of deployment pattern of targets on the capture
efficiency. The experimental evaluation of the proposed
swarm control using our test-bed of robot platform is
also an interesting future work.
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