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Abstract We propose a collective robot swarm nav-
igation algorithm inspired by the emergent navigation
behavior of the Golden Shiner fish. The navigation algo-
rithm combines two simple navigation operations. First,
each agent in the swarm individually modulates its speed
based on sensing its environment at its current location,
but without acquiring location information and envi-
ronmental gradients. Second, each agent moves toward
its neighbors by sensing only their relative positions
with respect to its current location.

To implement the algorithm, we designed and built
a swarm of 85 robots, named “Shinerbots”. Each in-
dividual Shinerbot has a diameter of 40.6mm and a
material cost of USD $20. We used vibration motors
for mobility, a photodiode for light intensity sensing,
infrared reflection for neighbor proximity sensing, and
a microcontroller for processing. To make large-scale
swarm operations tractable, we also designed a swarm
messaging system and a swarm charging plate.

We have demonstrated with simulation as well as
with experiments using Shinerbots that our proposed
algorithm successfully enables the robot swarm to col-
lectively navigate towards a target region using minimal
sensing and control.
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1 Introduction

Navigation has historically played an important role in
many applications, such as piloting, environment moni-
toring, and search and rescue. Traditionally, entire navi-
gation systems have been included on vehicles or vessels
(Sturza, 1988). As robotics has progressed into these ar-
eas, navigation has developed into a fundamental prob-
lem of robotics and unmanned aerial vehicles (Koren
and Borenstein, 1991). Over the past decade, the need
for distributed information processing has arisen nat-
urally in robotic and sensor networks due to limited
communication capacity. This constraint on the flow of
information precludes centralized information process-
ing (Olfati-Saber et al., 2007; Dimakis et al., 2010).
Compared with traditional centralized processing, dis-
tributed processing has advantages in fault tolerance,
total cost, and the ability to accommodate various phys-
ical constraints. With these thoughts in mind, we aim
to create a navigation system consisting of a group of
low-cost robots which are able to perform swarm navi-
gation in a distributed manner.

The merits of our proposed swarm navigation algo-
rithm are the following:

— Minimal sensing: Each robot only senses (e.g. the
light intensity) at its current spot, instead of the
neighboring environment;

— Minimal communication: The robots do not exchange
information with their neighbors nor other robots in
the swarm;

— Simple and distributed algorithm;

— Scale is not a computational burden, but a key fea-
ture that enables collective navigation.

Existing robot swarm navigation platforms include
MarXbot (Bonani et al., 2010), eSwarbot (Couceiro et al.,
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2011), Pi-swarm (Hilder et al., 2014), e-Puck (Torrel-
las Socastro, 2013), Khepera (Mondada et al., 1999),
Jasmine (Kernbach et al., 2013), Kilobot (Rubenstein
et al., 2012) and Droplet (Farrow et al., 2014). Their
sizes and costs are summarized in Table 1.

The larger swarm navigation platforms cost more
and use wheels and/or tracks for mobility. The smaller
swarm navigation platforms, which include Kilobot and
Droplet, cost less and use vibration motors for mobility.

Recently, different types of distributed swarm navi-
gation algorithms have been proposed. Notable among
them are behavior-based control (Balch and Arkin, 1998),
Lyapunov-based formation (Desai et al., 2001), stream
functions (Waydo and Murray, 2003), nonlinear ser-
vomechanism (Gazi, 2005a), artificial potentials and slid-
ing mode control (Gazi, 2005b), and potential functions
and panel methods (Merheb et al., 2016). More recent
advances in this research direction include distributed
control of a swarm of heterogeneous robots (Prorok
et al., 2015), cooperative surveillance via micro-aerial
vehicles (Saska et al., 2016), and human-swarm interac-
tions (Diaz-Mercado et al., 2017), adaptive foraging for
robotic swarms (Castello et al., 2016), cooperative spa-
tial coverage (Schroeder et al., 2017) and object trans-
port (Alkilabi et al., 2017) in distributed multi-robot
swarm systems.

Most existing swarm navigation systems and algo-
rithms make use of sophisticated sensing and computa-
tional capabilities of the robots in the system. In par-
ticular, it is assumed that each robot can measure com-
plicated environment parameters, such as the gradient.
Even in biology, it was long-believed that fish could
sense the light gradients in the environment. But, in
a recent paper (Berdahl et al., 2013), it is observed
that Golden Shiners, a type of schooling fish that natu-
rally prefers darkness, neither sense the light gradients
nor distinguish on a broad scale between darkness and
light. In fact, each individual Golden Shiner senses only
the light intensity at its current location, and either
swims fast in bright spots or slows down in dark spots.
Surprisingly, it is validated that with only this simple
behavior from the individual fish, Golden Shiners are
always able to navigate to shady areas by schooling in
groups. Inspired by the emergent collective intelligence
observed from Golden Shiners, this paper aims to es-
tablish and model a practical swarm navigation system.
Accordingly named “Shinerbots”, our robots have been
designed to individually mimic the sensing and move-
ment strategy of Golden Shiners in order to perform
similar navigation objectives.

The Golden Shiners idea has been partially applied
to gradient climbing processes (Elor and Bruckstein,
2014) and distributed source seeking (Wu and Zhang,

2016). In (Elor and Bruckstein, 2014), a discrete-time
algorithm is proposed for scalar-field gradient climb-
ing. The algorithm relies on the assumption that every
agent can sense the relative position of all other agents
in the group, which is not feasible for large-scale robot
swarms. In (Wu and Zhang, 2016), a continuous-time
algorithm is presented for a group of mobile agents to
collectively seek a source while keeping a desired for-
mation. The algorithm requires that all agents agree
on a specific direction decomposition of their veloci-
ties. Although such an agreement can be guaranteed
by running a consensus algorithm, such an aforemen-
tioned process is not feasible for a large group of robots,
as the consensus algorithm may require infinite time to
converge. Our algorithm avoids the limitations in (Elor
and Bruckstein, 2014) and (Wu and Zhang, 2016) by
combining environmental and social factors in a pro-
cess akin to consensus (see Section II).

The algorithm presented in this paper is also closely
related to consensus (Jadbabaie et al., 2003), flocking
(Olfati-Saber, 2006), and rendezvous (Lin et al., 2007)
problems, in which each agent is required to keep a cer-
tain level of connectivity with other agents. The conver-
gence of consensus and flocking algorithms is typically
based on connectivity of the whole network. It is worth
emphasizing that in our algorithms, individual robots
are not required to maintain connectivity, and the de-
sired convergence does not depend on the network con-
nectivity, even though the whole group of robots may
diverge into different subgroups from time to time.

The main contributions of this paper are:

— First, a simple but compelling continuous-time model
for Shinerbots inspired by Golden Shiners;

— Second, analysis of the performance of the model
validated by simulation;

— Third, creation of Shinerbots with small size (40.6mm)
and low cost (USD $20);

— Last, establishment of a Shinerbot swarm naviga-
tion platform demonstrated by experiments.

The material in this paper was partially presented
in (Heng and Gao, 2014) and (Luo et al., 2016), but
this paper presents a more comprehensive treatment of
the work. Specifically, the paper provides analysis of
the Shinerbot swarm navigation algorithm (Section 2),
a simulation of the algorithm (Section 3), and more ex-
periment results (Section 5.3), which were not included
in (Heng and Gao, 2014) and (Luo et al., 2016).

The rest of the paper is organized as follows. Sec-
tion 2 presents our Shinerbot swarm navigation algo-
rithm with analysis, Section 3 validates the results and
analysis in Section 2 via simulation, Section 4 describes
our Shinerbot swarm navigation platform, Section 5
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Table 1: Size and cost of existing robot swarm navigation platforms

Robot Size

Cost

MarXbot (Bonani et al., 2010)

17cm diameter

eSwarbot (Couceiro et al., 2011)

12.6cm diameter

Pi-swarm (Hilder et al., 2014)

9cm diameter

part cost of USD$100

e-Puck (Torrellas Socastro, 2013)

7cm diameter

Khepera (Mondada et al., 1999)

7cm diameter

retail price of USD$272

Jasmine (Kernbach et al., 2013)

2.7cm cube

part cost of USD$112

Kilobot (Rubenstein et al., 2012)

33mm diameter

retail price of USD$113

Droplet (Farrow et al., 2014)

part cost of USD$50 without the shell

shows and discusses our experimental results, and Sec-
tion 6 summarizes the paper.

2 Shinerbot Swarm Navigation Algorithm

In this section, we consider a simple mathematical model
which explains the behavior of our Shinerbot swarm
navigation algorithm.

2.1 Modeling Inspired by Golden Shiners

We first model Shinerbots as mobile autonomous agents
constrained to move in a two-dimensional plane with
a light intensity varying by location. For each point
x € R? on the plane, we use f(z) to denote the light
intensity of the point. We assume that f(x) > 0 for all
r € R? and f(z) = 0 if, and only if, x = 0, where 0
denotes the origin of the plane. Thus, the origin is the
darkest spot in the plane. Throughout this section, we
assume that the light intensity environment is a circular
patch which is darkest at its center (i.e., the origin)
which transitions to brighter levels proportionally to
the distance a given point is from the center of the
patch. To be more precise, let ||z|| denote the Euclidean
norm of x € R2, or, equivalently, the distance from
point z to the origin. Then, for any two points z,y € R?,
there holds f(z) = f(y) if [[z[| = [ly]l, and f(z) < f(y)
if ||z|| < |ly||. Such an environment is consistent with
our experiment environment (see Section 5) and the
environment in (Berdahl et al., 2013).

Consider a group of n agents, labeled 1 through
n, moving in the plane. We use [n] to denote the set
{1,2,...,n}. Each agent ¢ can sense only those agents
which are currently within the sensing range of agent
1. We call those agents the neighbors of agent ¢ and use
N;(t) to denote the set of the neighbors of agent i at
time t. For simplicity, we assume that all agents have
the same sensing radii. Thus, this notion of a neigh-
bor induces a symmetric relation on the agent group.
Neighbor relationships among the n agents may change

over time and can be conveniently described by a time-
dependent, n-vertex, undirected graph.

Let 2;(t) € R? be the location of agent i in the plane
at time ¢. Inspired by the collective phenomena ob-
served in Golden Shiners as reported in (Berdahl et al.,
2013), we model the dynamics of each agent ¢ via the
following differential equation

%;(t) = env(z;(t)) - soc (xi(t), {z;(t)}, ] € M(t)),

in which the velocity of agent i is governed by an envi-
ronment factor env(x;(t)) and a social factor soc(x;(t),
{z;(t)},7 € N;(t)). It is worth emphasizing that the en-
vironment factor is real-valued and the social factor is
vector-valued. The environment factor is a function of
the light intensity at x;(t), which enables convergence
to an optimal point, and the social factor is a function
of neighbor proximity at z;(t), which enables collective
intelligence and expediting of convergence. Specifically,
we consider the following dynamics for each agent:

&i(t) =g (f(z:(1))) D (z5(t) —2i(t), ieln], (1)

JEN(t)

where g(-) is a real-valued function representing the
light sensitivity of agent i. We assume that all agents
have identical light sensitivity. From (1), the value of
g(f(z)) affects the speed of an agent when it is located
at . It has been observed in (Berdahl et al., 2013) that
Golden Shiners tend to swim slowly in dark regions and
fast in bright regions. To incorporate this observation
into our model, we impose the following assumption on
the function g, which holds throughout this section.

Assumption 1 The function g : Rt — R¥ is a strictly
increasing, bounded function such that g(0) = 0.

The following lemma captures an important local
behavior of a fully connected group of agents under
Assumption 1.

Lemma 1 Suppose that a group of agents contains at
least two agents. Suppose that the gradient of the light
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intensity V f is constant and nonzero, and that the neigh-
bor graph is a complete graph' for all time. Then, the
center of mass of all agents in the group moves toward

the direction of Vf.

Proof: Suppose that there are n > 2 agents in the
group. Since the neighbor graph is always a complete
graph, it follows that N;(t) = [n] for all ¢ € [n] and .
Since all n agents in the group are identical, the center
of mass, denoted by =z, is located at the average loca-
tion of the agents. Let v denote the unit vector in the
direction of V f. Then,

(Ze(t),u) = <71LZ:'ci(t),u>

- S S () ()~ 1) )
i=1 j=1

= % SO g (F@i®) (i (1), u) — (w(t),u))
i=1 j=1

= % {g (f(zi(2))) (25 (t), u) — (@i(t),u))

- {@umm»—wﬂ%mm
£
(50 mwmﬁ
<0

where (-) denotes inner product, and the last inequality
is a direct consequence of Assumption 1. [ |

In the case when a group of agents are located in
a small neighborhood, they will become neighbors of
each other, and the gradient of the light intensity can
then be approximated as constant. Lemma 1 implies
that the center of mass of such a fully connected group
of agents moves toward the direction of decreasing light
intensity.

From (1), it can be seen that the movement of agents
may change the neighbor relationships among the agents.
Simple examples show that a connected group of agents
may become disconnected, and vice versa. We call an
agent isolated at time ¢t if it is disconnected from all
other agents (i.e., it cannot sense any other agent) at
that time.

1

A complete graph is a simple undirected graph in which
every pair of distinct vertices is connected by an edge.

The following theorem describes a limiting behavior
of the system without isolated agents.

Theorem 1 Suppose that all n agents adhere to the
dynamics (1), and that no agent is isolated along the
trajectory. Then, all n agents will asymptotically enter
a small neighborhood around the origin, and their center
of mass will asymptotically converge to the origin.?

Proof: Note that the dynamics (1) can be viewed
as a continuous-time linear consensus process (Moreau,
2004)
B(t) = Y ay(t) (2;(t) — z:(t), i€ [n], (2)

JEN;(t)

in which a;;(t) = g(f(z:(t)). Since each agent is not a
point object, the agents cannot all rendezvous at the
origin. Recall that the light intensity environment is a
circular patch which is darkest at the origin and transi-
tioned to the brightest light levels. It follows from As-
sumption 1 that there exists a constant S such that
a;j(t) = g(f(xi(t)) > B for all t and ¢ € [n], except
for the case of one agent located exactly at the ori-
gin. Thus, the system (2) is “cut-balanced” (Hendrickx
and Tsitsiklis, 2013). By Theorem 1 in (Hendrickx and
Tsitsiklis, 2013), if we ignore the size of each agent, the
system (2) will asymptotically reach a steady state at
which all agents are partitioned into one or more differ-
ent subgroups, and each subgroup of agents rendezvous
at the same point. This implies that, in the case when
the size of each agent is taken into account, each sub-
group of agents will enter a small neighborhood, and
the neighbor graph will converge to one or more con-
nected components, with each component being a com-
plete graph. Since no agent is isolated along the tra-
jectory, each subgroup contains at least two agents. In
this case, the gradient of the light intensity within the
small neighborhood of each subgroup can be approxi-
mated as constant. From Lemma 1, the center of mass
of each subgroup of agents moves toward the direction
of decreasing light intensity, which is toward the origin.
Note that this argument will hold along the trajectory
of each subgroup until its center of mass reaches the ori-
gin.? Therefore, all subgroups will eventually enter in a
small neighborhood around the origin, and the center
of mass of all agents will converge to the origin. [ |

Theorem 1 implies that all agents will finally gather
together around the unique darkest point in the plane.

2 The agents will not rendezvous at the same point because
each agent represents a Shinerbot which is of size 40.6mm.

3 It is possible that two or more different subgroups become
connected before reaching the origin, and thus constitute a
new larger subgroup. The argument still applies to the new
subgroup.
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2.2 Improved Modeling with Added Randomness

If the assumptions of Theorem 1 do not all hold, some
undesired behavior of the agents may occur, which is
also observed in our experiments on Shinerbots. In this
section, we will discuss two types of undesired behavior.

First, it is possible that some agent becomes isolated
at some point. In this case, such an agent does not have
any neighbor, and its velocity becomes 0 according to
(1). Thus, it will become still unless some other agent
moves into its sensing radii. The occurrence of isolated
agents can be precluded by using some algorithm, such
as those in (Olfati-Saber, 2006; Lin et al., 2007), to
maintain connectivity among the agents. However, such
algorithms requires high computational complexity.

Second, if the strict inequality f(x) < f(y) does
not hold for all z,y € R? such that ||z| < |y, the
gradient of light intensity V f equals 0 in some small
neighborhood. Then, from the proof of Lemma 1, when
a subgroup of agents move into the neighborhood, its
center of mass will not move, and thus the subgroup of
agents will stay in the neighborhood. In this situation,
we say that the agents are stuck in the neighborhood.
Such scenarios are observed because the light intensity
environment in our experiments contains some circular
bands in which the light intensity is constant, and thus
Vf=0.

The above undesired behavior can be regarded as
limitations of the dynamics (1). To get around these
limitations, a stochastic term is added to the dynamics
to reduce the possibility of isolated and stuck agents.
Specifically, we consider the following modified dynam-
ics:

> (@it) —mt) + Zit) |

JEN(t)
ic[n], ()

where Z;(t) is an additive two-dimensional white Gaus-
sian noise (i.e., Z;(t) = [Z,(t) Z,(t)]" with Z,(t) and
Z,(t) being independent and of standard normal distri-
bution).

From (3), it can be seen that the system has a
unique equilibrium at which x;(t) = 0 for all ¢ € [n].

Lemma 2 Suppose that a group of agents contains at
least two agents. Suppose that the gradient of the light
intensity V f is constant and nonzero, and that the neigh-
bor graph is a complete graph for all time. Then, the
center of mass of all agents in the group moves toward
the direction of V f in expectation.

Proof: Let . denote the center of mass and u denote
the unit vector in the direction of Vf. From the proof

of Lemma 1,

(ie(t),u) = <;Zii(t),u>

+% 3" g (Fla(1) (Zi(t), u)
i=1

In the last equality, the first summation is strictly less
than 0 because of Assumption 1. Since Z;(t) is a zero-
mean circularly symmetric Gaussian random vector,
the expectation of the second summation equals zero.
Thus, E[(Z.(t),u)] < 0, which completes the proof. ®

Theorem 2 Suppose that alln agents adhere to the dy-
namics (3), and that no agent is isolated along the tra-
jectory. Then, in expectation, all n agents will asymp-
totically enter a small neighborhood around the origin,
and their center of mass will asymptotically converge to
the origin.

Proof: The theorem can be proved using arguments
similar to those in the proof of Theorem 1. [ |

Compared with (1), the added randomness removes
undesired equilibria. Since each agent cannot stay still
at any point except for the origin, random movement
of an isolated agent increases the possibility for it to
sense other agents. Also, random movement of a group
of stuck agents can help them move out of the zero
gradient neighborhood.

3 Simulation Results

To illustrate the behavior of the swarm navigation al-
gorithm (3), we present a simulation result in Fig. 1.
The target is the darkest spot shown in red. At initial
time ¢ = 0, 100 agents are randomly distributed on the
right side of the darkest spot. We use a green circle to
track the center of mass of all agents by setting the cen-
ter of circle as the darkest spot and the radius as the
distance from the center of mass to the darkest spot. It
can been seen from the figure that the nodes gradually
diverge into three subgroups (see subfigures for ¢t = 15
sec and t = 30 sec). Each subgroup of nodes then move
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Fig. 1: Snapshots from a simulation video demonstrating the Shinerbot swarm navigation algorithm (3). The
target desitnation is marked in red; and the radius of the green circle shows the distance from the center of mass
of Shinerbots to the target. It it observed that several clusters are formed, and then merged into one cluster. At
the end, the Shinerbots are able to collectively navigate to the target area.

toward the darkest spot. Along this process, two nodes
becomes isolated (see subfigure ¢ = 50 sec), one of which
gets connected again with other nodes by its own ran-
dom movement caused by the added randomness in the
algorithm (see subfigure ¢ = 80 sec). Finally, all agents,
except for one, enter in a small neighborhood around
the origin (see subfigures ¢t = 100 sec, ¢ = 180 sec,
and t = 296 sec). Therefore, the simulation validates
the analysis and result of the algorithm (see Theorem
2 and its proof).

4 Design and Build Shinerbot Platform

We design and build a robotic swarm system that will
be able to perform the algorithm described in the previ-
ous section. Each robot must have the ability to move,
detect distance and orientation of neighbors, and de-
tect light intensity of its current location. Eighty-five
individual robots were built to comprise the swarm. To
simply building and management of such a swarm, fac-
tors including cost, size, and scalability are also taken
into account as additional design requirements.

The design of a single Shinerbot consists of submod-
ules for mobility, communications and neighbor sensing,
ambient light sensing, LED indicator, and power. Each
robot runs on a MSP430 microcontroller, which was
chosen for its low power consumption. The nature of
the swarm algorithm does not require much process-
ing power. The block diagram of a single Shinerbot is
shown in Fig. 2.

Light intensity sensing Left vibration motor

]
Photodiode | { H-Bridge T— Motor

Microprocessor

Neighbor sensing
messaging

Right vibration motor

: TX < H-Bridge [+ Motor

| RX | =
1 analog

L RX T circuitry . Power i

. RX - | management

~ Battery

‘ Charging

Fig. 2: Block diagram of a single Shinerbot showing
various hardware components

4.1 Mobility

To achieve both lower cost and smaller form, the Shiner-
bots were designed to move using legs rather than wheels
(Vartholomeos and Papadopoulos, 2006). Two Eccen-
tric Rotating Mass (ERM) vibration motors are placed
one on each side of the robot, which are driven with
Pulse Width Modulated (PWM) signals via an H-bridge
circuit, allowing both forward and backward movements.
Rotating both motors in the same direction causes the
robot to move either forward or backward, whereas
rotating the motors in opposite directions causes the
robot to rotate left or right. The challenge in this setup
is that the speed of the robots are fixed, whereas the
swarm algorithm needs the robots to have varying speeds.
The direction of the robot can only be consistently con-
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trolled at a certain power output to the motors due to
the fact that the rotation of the eccentric mass in the
motor has to be matched with the frequency at which
the robot vibrates vertically. This allows the correct
interaction of the forces from the eccentric mass and
friction between the legs and the floor. However, this
challenge can be overcome by duty cycling. Specifically,
the robot will move and pause in varying time steps to
achieve the desired average speed over time.

4.2 Neighbor Sensing

Shinerbots sense neighbors via infrared (IR) communi-
cations. Each robot transmits a packet at regular inter-
vals, and neighboring robots will receive the packet and
estimate the inter-robot distance using received signal
strength indicator (RSSI). Using 3 receivers placed 120
degrees apart (see Fig. 3) on the perimeter of the robot,
3 distances are obtained which are used to calculate the
neighbor’s orientation. The transmitter is placed in the
middle of the bottom of the robot. This allows the IR
signal to bounce off the floor and spread in 360 de-
grees around the robot before reaching a receiver at
the bottom of a neighboring robot, which is illustrated
in Fig. 4.

/ \\\
| 3
E’

e

Fig. 3: Placement of 3 infrared (IR) receivers and 1 IR
transmitter on the underside of the Shinerbot

IR receiver

]

IR transmitter

52 N
<] <]
h h: Shinerbot height

- white/ reflective surface
I distance

Fig. 4: Geometry that affects RSSI of the IR signal
between two neighboring Shinerbots

To estimate distances from RSSI, the cosine func-
tion was used to model the gain of the transmitter and
receiver due to departure and arrival angles. This was
chosen based on the beam pattern plot obtained from

the datasheet shown in Fig. 5. The cosine model cov-
ers the factor that influence RSSI in the z direction,
1/r factors in the spread of the signal in the 2D plane,
where r is the distance between the transmitter and
a receiver of a neighboring robot, and constant k fac-
tors in all the gains combined from the transmit power,
receiver gain, and Analog to Digital Converter (ADC)
quantization range. Thus, the final theoretical RSSI is
given by the following equation:

RSSI = é - (cos 9)?
_k 4h?
v 4h2 412

where r is the distance between two neighboring Shiner-
bots, h is the height of a Shinerbot, and 6 is the angle
between the signal path and the vertical. The coeffi-
cient k is a scaling factor selected for curve-fitting of
RSSI measurements; however, this did not get accu-
rate results due to manufacturing variations, as shown
in Fig. 6.

1.0

09

08

@ - Angular Displacement

07

o, ot - Relative Radiant Sensitivity

\
Zz2un

06 04 02 o

Fig. 5: IR beam pattern (Semiconductors, 2011)

measured RSSI
theoretical RSSI
1/r bound
1/? bound

800
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30 a0 50 50 70 30 %0 00

distance (mm)

Fig. 6: RSSI measurements against distances

To get accurate results, a calibration based method
is used to estimate distance from RSSI. A calibration
routine will have to be run once after the robot is fully
assembled. This routine consists of moving a transmit-
ting robot away from the calibrating robot in steps of
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5mm, and the procedure is repeated for all three re-
ceivers in one robot. Linear interpolation is then used
to compute the distance in steps of 64 ADC units.
Fig. 7 shows the measured RSSI in steps of 5mm dis-
tances, and also the estimated distance in steps of 64
RSSI ADC units. These distances are then stored as a
lookup table in flash memory. When a robot needs to
convert RSSI to distance, a simple bit shift and mask
are performed to obtain the nearest two distances and
a linear interpolation is operated to estimate the actual
distance.

1000

measured distance
estimated distance

900

800 \
700
600 L

500 N

400 ~—

300 W

distance (0.1 mm)

200

IODO 200 400 600 800 1000

RSSI
Fig. 7: Distance estimation from RSSI measurements
The three distances are then used to trilaterate the

position of a neighboring robot given by equations be-
low:

2 .2
r— ' A""B
213
y = T%—TQD l1—l2
2(l1 +12) 2

2

2 _7“124+7"123*173

DT Ty

where x and y are the distances to a neighboring Shiner-
bot in the z-direction and y-direction, respectively, 7 4,
rg, rc are distances from the IR transmitter (TX) to
the IR receivers (RX 4, RXp, RX¢), rp is the distance
from TX to the midpoint between RX, and RXp,
and [y,ls,l3 are geometrical lengths on the Shinerbot.
The coordinate reference and the parameters are given
in Fig. 8.

The actual transmissions are fixed length packets
consisting of destination ID, RSSI byte, source ID, 5
data bytes, and a CRC. The RSSI byte is a fixed value
of 0x55 which allows the RSSI module to switch ADC
channels and record RSSI values for all three receivers.
The physical signal uses the Infrared Data Association
(IrDA) standard (Group et al., 1997). A Carrier Sense
Multiple Access with Collision Avoidance (CSMA-CA)
algorithm is used to enable multiple robots to transmit
in the same area. Although a generic communication

RX

Shinerbot
neighbour

RX

Fig. 8: Direction estimation using three IR distance
measurements

system is implemented in Shinerbots, the data bytes are
not used to communicate any intelligible information in
regards to performing the swarm algorithm as presented
in this paper.

4.3 Swarm Charging

Individually charging every robot via a power cable
would be tedious, time consuming, and not scalable as
the size of a swarm becomes large. In order to have a
scalable charging system, we designed a charging pad
that can charge 49 robots simultaneously. The charg-
ing pad is a copper-clad fiberglass plate, with alter-
nating strips of copper as shown in Fig. 9. Each robot
is charged via its legs, which are connected to a Li-
ion charge management IC via H-bridges. This allows
charging at 6V supplied at any polarity to the legs.
The width and gaps of the alternating strips are de-
signed such that each robot is guaranteed to have any
2 legs on an alternating strip when placed randomly.
The copper is also tin coated to prevent oxidization.
Status from the charge management IC is fed to the
microcontroller so that the robot can go to sleep when
it is placed on the charging plate. This prevents robots
from vibrating and causing unreliable charging.

4.4 Other Hardware Submodules

The robot uses a photodiode for sensing ambient light.
The photodiode is raised to the height of the battery so
as not to be blocked by the side shadow of the battery.
An RGB LED, powered by PWM signals from the mi-
crocontroller, is included as a general purpose indicator.
There is also a separate smaller red LED for charging
status indication.
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Fig. 9: Shinerbots charging on the charging plate

4.5 PCB Design

A 40mm diameter circular PCB designed in KiCad con-
stitutes the foundation of each Shinerbot. This 4-layer
board has been designed such that all digital circuits are
mounted on the top of the board and all analog circuits
are mounted on the bottom of the board. All digital
circuits are placed at the top of the board, while the
analog circuits are placed at the bottom. We choose to
separate analog and digital circuits by layers instead of
by 2D location because the analog signals have to span
across the board, given that the 3 infrared receivers are
placed 120 degrees apart around the perimeter of the
robot. In addition, analog and digital ground planes in
the middle layers shield the signals from crosstalk.

Fig. 10: Shinerbot PCB (a) top view; (b) bottom view.

4.6 Firmware Implementation

The firmware is structured in a layered approach as
shown in Fig. 11. Starting with the MSP430 header

from Texas Instruments, #define’s are provided to all
low-level registers in the microcontroller. I/O drivers
provide an abstraction for reading and writing data to
various hardware peripherals. The System Layer pro-
vides a higher level API that translates raw data from
the sensors into sensible information, as well as some
background tasks needed for the entire system. Lastly,
the Application Layer is where the high-level behavior
of the robot is programmed.

Athcatlon User Program ‘ ‘RSSI Calibration Test ‘
ayer
Shinerbot .
System Layer ‘ Light ‘ | RSSI ‘ ’ Sys Msg ’ Scheduler Power | | Math ‘
/0 Drivers ‘ADC ‘ ‘ Flash ‘ Comm H Motor ‘RGBLed ‘ Timer
Layer

MSP430

Fig. 11: Shinerbots firmware block diagram

There are three types of application code in the ap-
plication layer. The User Program is the main loop that
reads sensor information, and sends movement com-
mands accordingly to perform the swarm navigation
algorithm. The RSSI Calibration application is a rou-
tine that will read the raw Infrared RSSI values at ex-
pected distances and save calibration data to flash. This
data is needed for computing neighbor distances, and
only needs to be run once right after the robot is assem-
bled. Test is an application that runs a fixed sequence of
behaviors such as a color sequence on the LED, move-
ment sequence, and responses to light and neighbors.
The purpose of this application is to verify that the
hardware assembly is done correctly and we get a fully
functioning robot. At any one time, the robot is only
programmed with one of the three applications due to
RAM size constraints.

The I/O Drivers Layer consists of various drivers
that map a peripheral command into a sequence of
low-level register read and writes to achieve the de-
sired function. Each driver has initialization, sleep, and
wake routines. Initialization is done on boot. Sleep and
wake routines are called when the robot is brought to
a low power state, and back to a normal run state.
Other driver functions are peripheral specific. ADC has
channel selection, triggering, and reading values for sin-
gle or a multi-channel sequence. Flash provides erase
and write functions to specific segments. Comm trans-
mits and receives packets. It translates packets into
stream of bytes and vice versa, checks the checksum,
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and performs the CSMA-CA algorithm. Both motor
and RGBLed output desired power to respective motors
or color channels via pulse-width modulation (PWM).
Timer provides a 1ms systick to the system, as well as a
delay API for the application layer to go to CPU sleep
for a certain amount of time.

The System Layer provides high level functionality.
Light provides a simple abstraction to ADC for read-
ing current light intensity values. It also prevents ADC
channel contention when RSSI needs to use the ADC
as well. RSSI provides the coordinate of the neighbor of
an associated incoming received packet. It does this by
reading ADC values on 3 different channels, launching a
background task to calculate 3 distances using the cal-
ibration data, and then computing the x-y coordinate
of the neighbor. The Scheduler provides a simple multi-
tasking environment. It allows system tasks to be done
behind the scenes without the application layer’s knowl-
edge, and also brings the application layer’s thread to
sleep when Delays or other blocking system APIs are
called. RSSI works closely with Comm. Comm triggers
the RSSI background task on an incoming packet, and
by the time a packet is fully received, the position val-
ues are ready. The position is then stored as part of
the receive packet into the receiver queue, such that
when the application program calls a read(), it gets
both the data and position in an API call. This API
provides generic robot-to-robot communication func-
tionality. The swarm navigation algorithm presented
in this paper does not use the data bytes in packets
to communicate any intelligible information. Only the
position of neighbors is used in this case. SysMsg is
a library that will respond when an incoming packet
is a system message. It also relays the same message
to the neighboring robots, thus enabling control of the
whole swarm. The messages include sleep, wake, run,
and reset, and allows for simple control of starting and
stopping the swarm experiment. The Power library per-
forms the necessary sequence needed to bring the robot
to a deep sleep mode, and to wake it back up. In deep
sleep, most clocks and all peripherals are turned off.
Only a lower power timer remains running. This allows
the robot to get to a semi-awake mode where only the
Comm peripheral is brought back up occasionally to
listen for any wake system messages. The Math library
provides a pseudo random number generator and a fast
integer square root function.

4.7 System Messages

To control the swarm system, it would be impractical
to have physical switches or buttons on each Shiner-
bot for turning them on or off. To achieve scalability in

control of the overall experiment, system messages are
implemented. System messages are packets that send
a specific command, which allows remote control of
the whole swarm. There are 4 commands: Sleep, Wake,
Run, and Reset. Sleep brings the robot to a deep sleep,
or low power state, essentially turning off the Shiner-
bot. Wake brings the robot back up to a semi-low power
state. Run resumes the user program on the robot. Re-
set causes a software reset, which essentially reboots the
microcontroller. Upon receiving a system message, each
robot will relay that message 3 times. This allows all
the robots in the swarm to receive the same command.
This is illustrated in Fig. 12.

/ / 7 /'/‘ N I
f‘—f | ' / \ Gslem\“
/ ‘ / — — T/; \ N\ \,j
[~ <~ | N )
J A ) N4 ) !
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Fig. 12: Tllustration of system messages being relayed
throughout the swarm of Shinerbots

4.8 Power States

There are 4 levels of power states. Power State 0 (PS0)
is where all subsystems of the robot are powered up,
and the user program is running. Power State 1 (PS1)
is where only the CPU sleeps while the rest of the pe-
ripherals are running. This occurs whenever the delay
function is called. The delay funtion would put the user
thread to sleep, and the scheduler would switch to the
idle thread which essentially sleeps the CPU. Upon the
corresponding timer interrupt, the scheduler would re-
sume the user thread again. Power State 2 (PS2) is
a semi-sleep state where the user thread, LEDs, mo-
tors are brought to sleep. The analog voltage supply,
and communications system is left on to enable recep-
tion of messages. This allows the robot to respond to
the wake system message. Power State 3 (PS3) is the
deep sleep state where the robot is placed in the lowest
power mode. Communications is put to sleep, the ana-
log voltage powered off, the internal phase lock loops
(PLL) and main clocks are turned off, and the timer is
switched to a low frequency auxilary clock.
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As the Shinerbots are running, whenever a Sleep
system message is received, it would transition to PS2,
relay the Sleep system message 3 times, and transi-
tion to PS3. It would stay in deep sleep for 30 seconds,
and wakes to PS2 for 400ms. This enables communica-
tions to listen to possible system messages. If nothing
is heard, it would go back to PS3 and the cycle repeats.
To wake the Shinerbots, a Wake system message has to
be sent continously over a period of more than 30 sec-
onds. This ensures the reception of a Shinerbot when it
is in PS3. As a Shinerbot receives the Wake message, it
stays in PS2 and relays the Wake message over a dura-
tion of more than 30 seconds, so the rest of the Shiner-
bots would be awaken too. Because all robots are not
synced in their deep sleep cycles, this stage would take
some time. Once this awakening phase is done, a Run
message can then be sent. Upon reception to the Run
message, all Shinerbots relay that message 3 times, and
transition to PS0. Since all Shinerbots are already in
PS2, the response to the Run system message happens
instantaneously unlike the Wake message. This power
state transition sequence is illustrated in Fig. 13. The
purpose of this design enables turning on and off of the
robot remotely. Upon charging, the Shinerbot detects
the charging state and transits to PS3 automatically
without the need of system messages. This prevents
unwanted movements on the charging plate. Upon re-
moval from the charging plate, the charge management
IC sends an interrupt which wakes the robot back up
to PSO.

5 Experimental Results

We built each Shinerbot to have a compact form fac-
tor of 40.64 mm in diameter with a low part cost of
USD $20, as shown in Fig. 14. We performed an ex-
periment using 85 Shinerbots. We created the exper-
imental environment using a digital projector placed
overhead, projecting a pattern onto a white horizontal
surface, and call it the experiment platform. The pat-
tern was a circular light gradient, bright in the center
fading to dark at the edge. We initialized our exper-
iment with Shinerbots placed in random positions on
the experiment platform. Opposite to Golden Shiner
fish, the target was the bright spot.

5.1 Intermediate Cluster Stage

In the experiments, the Shinerbots sometimes formed
small clusters shortly after starting as discussed in Sec-
tion 3 and seen experimentally in Fig. 15. In this ex-
periment, at time ¢ = 1 min, the Shinerbots formed

Initialize » Run State j

Sleep System
Message Received

Gowered Off )—>

y

Reéa);t(selriep Sleep User Thread, Sleep
4 LED and Motor Modules
Message

CPU Sleep, Turn

Sleep Comms, off main clocks. Turn on

Turn off Timed sleep (Timer Analog Supply,
Analog Supply running on slow Wake Comms
T clock)
No
Idle for
400ms
¢—Yes
Relay Wake Relay Run
System Yes—» System
Message Message
No.
Wake Motor
and LED
Modules,
Wake User
Thread

Fig. 13: Power state transition diagram in response to
system messages

b

Fig. 14: Shinerbot: our bio-inspired collective robot
swarm navigation platform.
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t=0min

t=36 min

t=1 min

t=9.5min

t =48 min

Fig. 15: In between initialization and convergence, the Shinerbots can form intermediate clusters.

small clusters of two to six Shinerbots; at time t = 9.5
min, they formed two larger clusters and a small clus-
ter containing two Shinerbots; and at time ¢ = 36 min,
the Shinerbots formed three clusters, two of which are
larger and the other is smaller. They then continue to
converge to one group at time ¢t = 48 min.

5.2 Social Swarm Navigation with Centered Light
Source

The experiment shown in Fig. 16 had the light area
centered among the Shinerbots, which emphasized the
social aspect of the Shinerbots.

At time ¢ = 0 min, the Shinerbots were initialized in
random locations, distributed fairly evenly around the
experimental platform. The light area was placed in the
center of the experimental platform. By time ¢t = 1 min,
the Shinerbots have started to form small clusters and
move closer to the center of the experimental platform.
At time t = 2.5 min, the Shinerbots have formed one
large cluster around the light area that includes most
of the Shinerbots, and meanwhile there are a few small
clusters still in the dark area. At time t = 6 min, the
small clusters in the dark areas have broken up, and
some of the Shinerbots joined the large cluster in the
light area. The large cluster is then in the light area
instead of around it. At time ¢ = 12 min, the large
cluster has become tighter and includes most of the
Shinerbots. At time ¢ = 20 min, the large cluster has
conformed to the shape of the light area and includes
most of the Shinerbots. For the remaining 5 minutes of
the experiment, the large cluster stays in the light and a

few Shinerbots leave and join. The stable configuration
shows the Shinerbots have converged.

5.3 Sensory and Social Swarm Navigation with
Off-Centered Light Source

The experiment shown in Fig. 17 had the light gradi-
ent off-centered among the Shinerbots. The Shinerbots
were distributed more heavily on the left side of the
experimental platform, while the light gradient was on
the right side. This emphasized the sensing aspect while
also demonstrating the social aspect of the Shinerbots.

At time t = 0 min, the experiment begins. The light
area was placed on the right side of the experimen-
tal platform. At time ¢ = 1 min, the Shinerbots have
formed small clusters in the dark areas of the experi-
mental platform. At time ¢ = 3 min, two main clusters
have formed, with one near the light area and one in
the dark area. There are still other small clusters of
Shinerbots in the dark area as well as a few Shiner-
bots on their own. At time ¢ = 4.5 min, the two main
clusters have joined and formed one large cluster in the
dark area. At time ¢ = 8 min, more Shinerbots have
joined the cluster in the dark area, but new small clus-
ters have formed on the right side of the experimental
platform. At time ¢ = 14 min, the cluster in the dark
area has tightened, and two smaller clusters in the light
area have formed. At time ¢t = 18 min, the two clusters
in the light area merge, and the large cluster in the dark
area remains tight. At time ¢ = 20 min, there are two
distinct clusters of Shinerbots, one in the dark area and
one in the light area. At time ¢ = 26 min, there is one
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t=0min t=1min

t=12 min t =20 min

t=2.5min t =6 min

t =22 min t=25min

Fig. 16: Snapshots from an experiment video demonstrating successful autonomous social swarm navigation to a
centered light area and achieving convergence among the majority of Shinerbots.

t =0 min t=1min

t=8 min t = 14 min

t=31min

t=26 min

t=3min t=4.5 min

t=18 min t=20min

t=42 min

t=36 min

Fig. 17: Snapshots from an experiment video demonstrating successful autonomous sensory and social swarm
navigation to an off-centered light area and achieving convergence among the majority of Shinerbots.

main cluster of the Shinerbots; however, only about half
of them are in the light area, while the other half remain
in the dark area. At time ¢ = 31 min, the Shinerbots
in the light area of the main cluster have spread out,
while the Shinerbots in the dark area of the main clus-
ter have tightened. At time ¢ = 36 min, the main cluster

has tightened and now includes most of the Shinerbots.
However, only half are in the light area. For the re-
maining 7 minutes of the experiment, the main cluster
contains most of the Shinerbots and remains half in the
light area and half in the dark area. The stable config-
uration shows the Shinerbots have converged.
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In both experiments, a few Shinerbots remain iso-
lated. This occurs at the beginning more frequently be-
cause the Shinerbots have not converged yet and the
random motion can leave them alone. However, occa-
sionally there are isolated Shinerbots once the rest have
converged. These isolated Shinerbots usually do not
move much and remain isolated due to the variability in
manufacturing or a lower battery power. Since all the
Shinerbots have the same motor output, a variance in
manufacturing can cause one Shinerbot not to move as
well as the others. If the experiment runs a long time,
the battery power can also drain causing a similarly in-
hibited motion in the isolated Shinerbot. In both cases,
the isolated Shinerbots have restricted mobility and do
not converge with the other Shinerbots. This could be
fixed in future experiments by calibrating each motor
output specifically to each Shinerbot and compensating
for battery drain in long experiments.

Some Shinerbots also get “lost”, which means that
they have moved out of the experimental area. This oc-
curs mainly at the beginning of the experiment, when
the Shinerbots are not yet tightened around the cen-
ter. Because of the heightened random motion at the
beginning, a few Shinerbots on the edge may move off
the experimental platform and are unable to return.

6 Conclusion

In this paper, we have designed and built a collec-
tive robot swarm navigation platform. The robots are
named “Shinerbots” due to their inspiration drawn from
the Golden Shiner fish. We have proposed a simple
and compelling algorithm which mimics the sensing and
navigation strategy of Golden Shiners. We have proved
that leads to a desired swarm navigation objective un-
der some technical assumptions. We have built 85 Shiner-
bots, each of size 40.6mm and of cost USD $20, and de-
signed our Shinerbot swarm navigation platform to im-
plement our algorithm. We have also designed a swarm
messaging system and a swarm charging plate for large-
scale swarm operations. Our experiments have demon-
strated that our Shinerbots collectively navigate toward
to an optimal region using minimal sensing and control.
There are a number of opportunities for future work.
First, it is of interest to see whether our model in Sec-
tion II can be enriched to reflect real aspects of Shiner-
bots. Our current point mass model ignores the physical
size of the Shinerbot. More complicated models, such as
nonholonomic cart model, will be considered in future
work. Second, the current algorithm and its analysis do
not take collision avoidance into account. Performance
could be enhanced by an algorithm which can avoid col-
lision between Shinerbots, or by analyzing the effects of

collision on the swarm navigation. Third, it would be
of interest to extend the functions of our Shinerbots for
better control.
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