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Abstract This paper presents a motion-planning strat-
egy for multiple, mobile sensor platforms using visual
sensors with a finite field of view. Visual sensors are
used to collect position measurements of potential tar-
gets within the search domain. Measurements are as-
similated into a multi-target Bayesian likelihood ratio
tracker that recursively produces a probability density
function over the possible target positions. Vehicles are
dynamically routed using a controller based on a con-
cept from artificial physics, where vehicle motion de-
pends on the target probability at their location as well
as the distance to nearby agents. In this paradigm, the
inverse log-likelihood ratio represents temperature, i.e.,
high likelihood corresponds to cold temperature and
low likelihood corresponds to high temperature. Vehi-
cles move at a temperature-dependent speed along the
negative gradient of the temperature surface while in-
teracting locally with other agents via a Lennard-Jones
potential in order to emergently transition between the
three states of matter — solid, liquid, and gas. We show
that the gradient-following behavior corresponds to lo-
cally maximizing the mutual information between the
measurements and the target state. The performance
of the algorithm is experimentally demonstrated for vi-
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sual measurements in a motion capture facility using
quadrotor sensor platforms equipped with downward
facing cameras.

1 Introduction

Ground target tracking is now readily available us-
ing low-cost aerial vehicles equipped with visual sen-
sors. Example applications include search-and-rescue
[1] and aerial surveillance [28]. The use of mobile plat-
forms for aerial tracking involves several challenges, in-
cluding bandwidth limitations of the communication
network and intelligent routing of the vehicles to gain
information. This paper describes a physics-inspired mo-
tion planning strategy based on the output of a Bayesian
likelihood ratio tracker that collects noisy measurements
of potential targets. The proposed motion planner has
the advantage that vehicle motion is coupled to target
detection in such a way that the mutual information
between the target state and the measurements is lo-
cally maximized, while also maintaining a complexity
that is linear in the number for agents. The algorithm
represents a manifestation of the Dynamic Data-Driven
Application Systems (DDDAS) [8] paradigm, in which
sensor measurements are used to guide subsequent col-
lection of more data.

There are many approaches to multiple target track-
ing in the literature. Probabilistic approaches such as
[3,6,12,26,27] use Bayesian inference combined with
maximum likelihood or multiple-hypothesis trackers to
track multiple (moving) targets. Although the above
approaches address how to combine sensor measure-
ments to track and detect targets, only a few techniques
[14,20,22] effectively move the mobile platforms to find
targets and most of these techniques focus on the use of
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a single sensor platform. Other approaches [5,13] focus
on mapping or optimal sensor selection. Recently, sev-
eral authors, e.g., [11,15], have used information-based
approaches to design optimal sensor placement/control,
but it is difficult to scale these approaches to a large
number of vehicles due to the complexity in calculating
mutual information [4,10]. In particular, [4] presents
work that approximates the mutual information over
a finite time horizon for which vehicle paths are opti-
mized to find a single moving target. While similar to
our approach, the control used in [4] is better suited for
tracking single vehicles, as opposed to the multi-target
scenario considered here. Most similar to the work pre-
sented here are physics-inspired swarm controllers [2,
7,25], where vehicles switch behaviors based on their
“temperature” to improve the speed and quality of in-
formation gathering. However, the behavior in these ap-
proaches is explicitly imposed, leading to a large num-
ber of tuning parameters. Additionally, these strategies
tend to be heuristic, and hence may not have perfor-
mance guarantees.

In this paper, we describe a potential-based motion-
planning strategy for multiple mobile sensor platforms
to collaboratively search for multiple mobile targets us-
ing visual sensors with a finite field of view. The sen-
sors give a noisy scalar measurement of target pres-
ence, e.g., the measurement signal increases if a tar-
get is within the sensor field of view. Sensor measure-
ment data are assimilated by a Bayesian likelihood ra-
tio tracker (LRT) that uses a recursive formulation to
produce a probability density function over the set of
possible target positions. In the LRT formulation, the
probability builds in locations near potential targets
until a predetermined threshold is reached and a de-
tection is called. Multiple targets may be present; the
LRT fuses all measurements into a single state space.
The inverse of the state-space posterior, analogous to
temperature, triggers emergent search behaviors cor-
responding to the states of matter: solid, liquid, and
gas. The physics-inspired approach results in emergent
behaviors that are intuitively plausible and therefore
more amenable to human interaction with or control of
the multi-vehicle team. An inverse log-likelihood formu-
lation is used so that a higher target likelihood corre-
sponds to a lower temperatures and measurements with
a target present add likelihood, whereas measurements
with no target present subtract likelihood.

The novelty of this target detection strategy lies in
the following architecture. There are two main compo-
nents to the target detection: (1) the LRT for detection,
and (2) a potential-based, physics-inspired motion plan-
ner that guides vehicles to areas where the probability
of detection is higher. Unlike other potential-based con-

trol strategies, the proposed motion planner avoids local
minima by coupling the planner to the LRT detector.
Vehicle motion is guided by the temperature surface ac-
cording to artificial forces. The first force is along the
negative gradient of the temperature surface; the speed
along the gradient is proportional to the temperature.
The second force is a spring-like interaction between
vehicles via a Lennard-Jones potential [16], which is
commonly used to model molecular dynamics between
energetic particles. We show that the gradient-following
behavior corresponds to locally maximizing the mutual
information between the sensor measurements and the
target state. The combination of these forces leads to
three distinct behaviors corresponding to three states
of physical matter: (a) a solid state, in which vehicles
coalesce into a lattice structure around likely target lo-
cations; (b) a liquid state, in which the vehicles mi-
grate towards colder regions likely to a harbor target;
and (c) a gas state, in which solitary vehicles move
quickly through hotter regions where targets are un-
likely to be found. One key difference between this al-
gorithm and other physics-inspired approaches is that
the three states of matter are emergent, so that there
are fewer tuning parameters. The presented algorithm,
though implemented in a centralized system, is inher-
ently decentralized under an all-to-all communication
architecture, and thereby amenable to distributed com-
putation.

There are several papers in the literature, e.g. [9,24],
that use potential-based approaches similar to the kind
used in this work, however, they suffer from several
shortcomings. The primary shortcoming of potential-
based algorithms is that vehicles may fall into local
minima of the potential. In [9], the authors decrease the
probability of remaining in a local minima by introduc-
ing an excitation factor, which is a heuristic method for
hill climbing. One of the main benefits of the algorithm
presented in this paper is that it avoids local minima
by coupling vehicle control to target detection via the
evolving LRT surface. Another advantage is that the
LRT surface generated on-the-fly (and recursively up-
dated) doesn’t incur the excessive computational bur-
den imposed by explicit calculation of the mutual in-
formation, which usually scales exponentially.

We demonstrate the proposed cooperative detector
first in simulation, and then in a motion-capture ex-
perimental testbed, utilizing the Laboratory for Au-
tonomous Systems Research at the Naval Research Lab-
oratory in Washington, D.C. The experimental testbed

is composed of two Ascending Technologies Pelican quadro-

tors with downward facing Point Grey Chameleon cam-

eras and three Sphero robots—rolling targets programmed

to perform a random walk. Although visual sensors are
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described here, any sensor characterized by its proba-
bility of detection and probability of false alarm may
be employed in this algorithm.

The primary contribution of this paper is a physics-
based motion planner for a multi-vehicle, aerial sensor
network that uses a Bayesian likelihood ratio tracker
incorporating position information from onboard cam-
eras to track multiple moving targets. One of the nov-
elties of the DDDAS paradigm is that it directly cou-
ples the motion planning to the estimation scheme, so
gathered information directly influences the subsequent
movement of the platforms. As a secondary contribu-
tion, we show that the gradient-following behavior of
the planner locally maximizes the mutual information
between the measurement and the target state. Unlike
other information-based techniques, the algorithm de-
veloped in this paper scales linearly with the number of
agents as a result of the rapid drop-off of the Lennard-
Jones potential. Additionally, the three states of mat-
ter are emergent, based on a combination of the speed
control, Lennard-Jones potential, and gradient-descent
behaviors. Vehicles are deployed to detect an unknown
number of moving targets in a computationally efficient
manner that locally maximizes the probability of de-
tecting targets.

The rest of the paper is organized as follows. Section
IT summarizes the likelihood-ratio detection and track-
ing calculations and the model used for the quadrotors’
visual sensors. Section IIT presents the physics-based
motion-planning algorithm for a team of mobile sen-
sors. Section IV shows experimental results from the
quadrotor testbed. Section V summarizes the paper and
ongoing work.

2 Likelihood-ratio detection and tracking

This section reviews the likelihood ratio tracker [26]
and formulates sensor and motion models for the vehi-
cles and targets, respectively. The output of the tracker
is used in the physics-inspired motion planner presented
in Section 3.

2.1 Likelihood-ratio tracking

A likelihood ratio tracker is used to estimate the po-
sitions of possibly multiple targets. This framework is
sometimes called “track-before-detect” [26], because it
is based on recursive Bayesian estimation. A Bayesian
filter is a probabilistic approach for assimilating noisy
measurements into a probability density function over

the target state space, in this case is their two-dimensional

position. The filter implementation comprises the dis-
crete steps of predicting and updating. Let 6y, = (z, yx) €
{2 denote the target position (state) at time step k and
21 denote the measurement at time k. The predict step
involves computing the conditional probability [26]

P(ulzer) = /Q p(OLl0e PO |z )bt (1)

The measurement update is proportional to the prod-
uct of the measurement likelihood p(zk|0)) and the pre-
dicted state [26]:

(2 10%)p (O |21—1)
p(Zk |Zk—1)

p(Oklz) = L , 2)

where
pelznot) = / (10Ol 1) O
0

is the integral of the numerator. Note that measure-
ments from multiple sensors are assimilated by execut-
ing multiple, independent update steps.

A likelihood-ratio tracker replaces the measurement
likelihood with the measurement likelihood ratio, i.e.,
the ratio of two likelihood functions. The numerator of
the likelihood ratio represents the conditional probabil-
ity of the measurement given that the target is present
(6;), whereas the denominator represents the condi-
tional probability of the measurement given that the
target is not present (6, ). Thus, the log-likelihood ra-
tio is

o (2 o p(z|0})
log L(zp|0k) = 1 gpi(zkw,j)
= log(p(2x|60;)) — log(p(zx|6;))- (3)

Let P = log(p). The update step in the log-likelihood
ratio tracker becomes

L(2|0k)p(Ok|21-1)
p(2k|2k-1)
= P(21,10)) = P (2110, ) +P(Ok|z—1) = P(zr|21-1). (4)

P(0|z1) = log

The first term in (4) represents the new, positive infor-
mation (likelihood the target is present), whereas the
second term represents the new, negative information
(likelihood the target is not present). The third term
represents the prior information and the fourth term is
a normalization constant. When the log-likelihood ratio
surpasses a pre-defined threshold, the target is declared
detected; otherwise, the sub-threshold target probabil-
ities are maintained as hypotheses. Note, the inverse
log-likelihood-ratio posterior represented by tempera-
ture is —P(0x|zk)-
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2.2 Predict step: Integrating the diffusion equation

The predict step (2) involves updating the likelihood
ratio in the absence of measurements. We allow targets
to move randomly; we do not estimate their velocities.
The target motion model is a random walk, which can
be described mathematically by the diffusion equation
with constant diffusivity, also called the heat equation.

Consider the two-dimensional heat equation with
diffusivity «, i.e.,

or_ (#p #p
ot~ “\ 0a2 oy? )

The alternating direction implicit (ADI) method [18] is
a fractional-step method for numerically integrating the
heat equation. ADI employs the difference operators A,
and A, representing the spatial derivatives in the z and
y directions, respectively. For example, if probability P
is discretized over m x n grid points, then A, P is a
vector of length n x n with elements

Pi1;—2P;+ P
Ax? ’

=1,...,n,

Let I be the n x n identity matrix. The solution is
obtained from P(fy_1|zx—1) using matrix inversion to
solve the following equation for P(0|zx—1):

(1 81A,) (1 - 28 0,) P(Oufzscn) =

(I + 254 A0) (I + 284 Ay) PBima]eim).

To ensure that no information crosses the boundary
of the search domain, we enforce Neumann boundary
conditions around the perimeter of {2 by specifying that
the normal component of the gradient is zero.

This motion model diffuses likelihood into locations
that are not visited. It promotes visitation of areas of
low likelihood to ensure that a target has not moved to
that location. Note that while a random walk motion
model is used in this paper, it is not necessary for the
use of the proposed control strategy; any motion model
for updating target position may be used.

2.3 Update step: The sensor measurement model

Consider a measurement data model based on an
imperfect sensor with finite field of view. Suppose the
criterion location for a positive response is chosen such
that targets within range piarget are detected with prob-
ability P; and false alarms occur with probability P
per time step. The sensitivity m of each sensor is [17]

m = z(Pg) — z(Ps), (5)

where z(-) represents the z-transformation into stan-
dard deviation units given by the quantile function [17]

2(p) = V2erf 1 (2p — 1).

For example, Py = 0.95 and Py = 0.1 yields m =
2.92. Let wy, represent unit-normal measurement noise
in standard deviation units at time step k. When the
target is absent, the measurement data is zp = wy,
whereas when the target is present the measurement
data is z = m + wy. Assuming a zero-mean Gaussian
sensor model [23] yields

52

penlt) = e () ©
2 —m)?

p(zk|9;) = \/%exp (—(k2)> . (7)

(The sensor noise variance is absent because z; and m
are already assumed to be in standard deviation units.)
The log-likelihood ratio (3) becomes

N2 2
log £(21]0k) = —M +E=m(x-F), ®

where m is a function of the sensor P; and Py given by
(5).

While the methodology above would apply to any
sensor characterized by its Py and Py, in this paper the
sensor is a camera with a known field of view (FOV)
and resolution. Using standard image processing tech-
niques [19], the camera places a bounding box around
targets within the FOV. When there is a target present,
(8) with z = m + wy, is applied to the prior uniformly
inside a disc of radius pearget located at the center of
the bounding box. In areas of the FOV where there is
no target, (8) with z; = wy, is applied to the prior uni-
formly. P; and Py for a camera are complicated func-
tions of the camera resolution, the size of the object in
the FOV, and the quality of the image processing al-
gorithm. For the experiments presented in this paper,
P; and Py were treated as tuning parameters for the
tracker and were chosen to improve the performance of
the estimation and control strategy.

3 Physics-Inspired Motion Planning

The agent motion is driven by a combination of two
artificial forces. The first force guides the vehicle down
the gradient of the inverse log-likelihood surface, i.e.,
the temperature surface, in a manner that resembles a
flowing liquid. The speed of movement down the gra-
dient is determined by the temperature at the vehi-
cle location: colder temperatures correspond to slower
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speeds. The second force is the gradient of a Lennard-
Jones potential [16] between the agents. The Lennard-
Jones potential is a common approximation used in
physical chemistry to model molecular gas dynamics.
Figure 1 shows the vehicles moving like gas molecules
in areas where there are no targets and gathering like
solid molecules with other agents where there are likely
to be targets. In this algorithm, as opposed to other
physics-inspired swarm controllers, the transitions be-
tween states of matter (solid, liquid, gas) are emergent.

Fig. 1 Diagram depicting the three emergent behaviors of
the proposed algorithm. Vehicles in cold areas near a target
form a crystalline formation with nearby agents. Vehicles flow
like a liquid from warm areas to cold areas. Since speed is pro-
portional to temperature, vehicles in hot areas travel quickly
like gas molecules.

Let 7} denote the position of agent j € {1,..., N}
at time step k. The Lennard-Jones potential is [16]

N
Vi =3 e (ol = rill 72 = 0¥l 7kl 76) . (9)
i#£]

where € is the depth of the well and o is the distance
at which the potential between two agents is zero. An
example of the Lennard-Jones potential between two
agents is shown in Figure 2. Note that the strength of
the potential drops quickly to zero for large distances.
Thus, the interaction between two agents only happens
when they are close to one another.

Let T,z = —P(0k|zr,7) in (4) be the temperature at
vehicle 7 at time k£ and ij be the Lennard-Jones po-
tential (9) for the jth vehicle. We prescribe the desired

velocity for each vehicle by a feedback controller. The
desired velocity for the jth vehicle is

# = —min(1 + €%, vyaa ) kp VT — ky YV, (10)

where kp and ky are control gains and vy, is the max-
imum speed of the agent (the same for all agents). The
dependence on temperature causes the vehicles to slow
down when they are near a possible target in order to
collect more measurements in that area. This behav-
ior, along with the sensor aggregation caused by the
Lennard-Jones potential, seeks to increase the chances
that a target will be detected. The algorithm works
well in simulations when the gain on the Lennard-Jones
potential is one order of magnitude smaller than the
gradient-following gain. Additionally, o is set to ensure
that the vehicles do not collide with each other, which
depends on the scale of the vehicle. Consequently, there
are only three parameters to tune: either kp or ky, €
(the well depth), and Ty (the detection threshold).

As seen in equation (10), we multiply the gradient of
the temperature potential by a heuristic scaling factor.
This scaling factor, in combination with the Lennard-
Jones potential, is what causes the states-of-matter be-
havior to be emergent. In the scaling factor, the speed
of the vehicle is scaled by the temperature such that
the speed increases when the temperature is high, and
decreases when the temperature is slow. This causes ve-
hicles to “freeze” in place when they are near an area of
high probability and, conversely, to speed up when they
are in areas of low probability. The full architecture (in
pseudocode form) is shown in Algorithm 1.

Unlike other works in the field, the architecture shown
in Algorithm 1 avoids local minima in an informative,
non-heuristic fashion. A vehicle may fall into a local
minima if it is surrounded by hills of low target like-
lihood. However, if there is no target present under-

Pot ent i al
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Fig. 2 Example of Lennard-Jones potential; e = ¢ = 1.0.
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Algorithm 1 Physics-Inspired Target Search and De-
tection Algorithm
Require: N e, 0, kp, ky

1: Initialize log-likelihood ratio Py (6]z)

2: for k =1 till end of task do

3: for j=1,...,Ndo

4: Get measurement zj,

5: Calculate likelihood ratio log E(zi\@k) using (8)

6: Update: Py (0|z) = Pr—1 + log L(z1,|0k)

7 end for

8: Normalize likelihood ratio: Py(0|z) = Pr(0]z) —
sum (P (0]2)))

9: Get 1y for every vehicle

10: for j=1...N do

11: Compute VV/ (ry) and VP(0x|z1)

12: Calculate desired velocity fﬁ

13: Apply control input to platform to achieve fi

14: end for

15: end for

neath the vehicle, the temperature will increase (from
negative information) to the point where the vehicle
is pushed away from its location. While this does not
guarantee convergence to a global minimum, it does en-
sure that vehicles to not remain in areas of high target
probability when a target has moved out of the region.
Note, this behavior is completely emergent and is pro-
vided inherently by connecting the detection scheme to
the vehicle control. In addition to informatively han-
dling local minima, we have the following theorem.

Theorem 1 The mutual information between sensor
measurement z and target location 6 using the sen-
sor model given by (6)—(7) is locally mazimized when
the vehicle moves along the gradient of the prior target
distribution p(0y).

Proof Let & = (xk,yr) be the position of the kth
quadrotor. For readability we drop the temporal sub-
script on all the variables in this proof. The mutual
information between z and 6 is

- / / p(6, 2[€) log(p(219, €)dBdz
zt,z— 2

- / p([€) log p(2]€)d=

(11)
zt,z

where p(z|¢) is the marginal probability density func-
tion of the observation in observation space. Since the
sensor model is Gaussian, the logarithm in the first term
on the right hand side of (11) evaluates to a constant.
Hence, the double integral is independent of £. Thus,
the mutual information is maximized by maximizing
the second term, which is the entropy of the observa-
tion, H(z|¢), given the vehicle location. The marginal
probability p(z|¢) can be written as

sl = [ plelo,plo)ae (12)
0eD
Therefore, H(z|¢) can be expressed as
H(zl6) = / / 210, )p(6)d8 x
- 6eD
tog | [ p(e16,€)p(6)d8 | . (13)
eD
Evaluating the integral over z yields
HEAO =~ [ plt16.6)p(0)d8
6eD
log ([ p(=*16. )p(6)as
eD
- / p(==16,€)p(0)d0
0eD
log / p(=19, )p(60)do (14)

€D

Both terms on the right hand side of (14) have the form
f(z) = zlog(1/x), which is an increasing function of x
as long as © < 1/e = 0.36. In (14), the argument is the
integral of p(#) scaled by either p(z71|6, ) or p(z~|6, ).
Since these are both less than 1/e (see (6)—(7)) and the
integral of p(#) is less than one in domain D, H(z|£) is
guaranteed to be an increasing function of the integral
of p(h).

Because the mutual information is an increasing func-
tion of the integral of p(6), moving along the gradient
of the integral will maximize the mutual information
at the next time step. As a first-order approximation,
assume that p(f) is given by the first-order Taylor ex-
pansion

p(0) = ap + azx + ayy, (15)

where it is assumed that coordinates in D are given by
the pair (z,y). Then we have

Tpt3 Yty

/ p(0)dd ~ / / (ao + azzx + ayy)dyde,

6eD xk—gyk—g

(16)

where we have assumed that D is a square region with
side length s for simplicity. The gradient of (16) yields

\Y /p(@)d& A a,8°8, + aysé,, (17)

eD
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where é, and é, are unit vectors in the z and y direc-
tions respectively. Taking the gradient of p(6) directly
shows that

Q

Vp(0) = azéz + ayéy (18)
:S%v / p(0)d0 | | (19)

eD

Thus, moving along the gradient of p(#) is locally the
same as moving along the gradient of its integral, which
completes the proof.

Theorem 1 shows that the sensor model coupled
with a gradient control allows each vehicle to greed-
ily maximize the expected gain in information with-
out explicitly having to calculate it. This property has
significant benefit on the ability of the search strategy
to scale with numbers of vehicles and targets, as com-
pared to the calculation of mutual information, which
generally scales exponentially. (Note, Theorem 1 only
holds locally.) Since the Lennard-Jones potential drops
off dramatically with distance, each vehicle need only
consider the position of other nearby agents. The first
term in (10) scales with the calculation of the temper-
ature surface, which scales linearly with the number
of vehicles. The second term, the Lennard-Jones po-
tential, also scales linearly with the number of vehicles.
Therefore, since the two terms add in the controller, the
algorithm scales linearly with the number of vehicles.
Note that if the algorithm was distributed, the com-
plexity would be fixed by local vehicle density under a
distance-based communication topology.

Algorithm performance is evaluated via simulation
in the operating domain 2 = [-5 5] x [-5 5] m.
Agents and targets are constrained to remain in {2 at
all times. Parameter definitions and values used in the
simulation are provided in Figure 3. The local temper-
atures of the agents and targets are obtained via linear
interpolation between the grid points. The overall tem-
perature surface is normalized by subtracting its mean
every time step. To avoid overheating in the tempera-
ture surface, the individual sensor updates are scaled
by N, i.e., the number of agents. This scaling has the
effect of making the collective detection performance
in terms of the cumulative number of targets detected
over time roughly independent of V.

Figure 4 shows the results of the simulation. Fig-
ures 4(a) and 4(b) depict snapshots of the vehicles, tar-
gets, and temperature (inverse log-likelihood) surface
at time steps k = 125 and 425 respectively. Vehicles
are shown as red circles, undiscovered targets as white
crosses, and discovered targets as red crosses. At any
moment, there are only three undiscovered targets in

Parameter | Value | Definition
N 10 number of agents
M 3 instantaneous number of targets
«@ 0.5 target diffusivity
o 1.5m repulsive threshold
€ 0.2 Lennard-Jones potential depth
To -15° target detection threshold
Kp 5 gradient-following gain
Ky 0.05 Lennard-Jones gain
VUmax 0.3 m/s | maximum agent speed
Py 0.95 probability of detection
Py 0.10 probability of false alarm
Ptarget o Sensor detection range
n 50 number of grid points
in each dimension
Ax 2/n grid spacing
At 0.03 s time step

Fig. 3 Parameter values and definitions

the domain. Once a target is detected, it turns red and
another target appears with uniform probability some-
where in the domain. The heat map, which describes
the temperature, is blue in areas of low temperature
(high likelihood) and red in areas of high temperature
(low likelihood).

In Figure 4(a), one target has been detected. There
are several vehicles scanning the warmer regions like
gas molecules, while others are clustering around po-
tential targets in a semi-solid configuration. Figure 4(c)
shows the cumulative number of targets captured dur-
ing the simulation (solid line) and the amount of time
it takes for the vehicles to fully cover the domain once
(dashed line). The vertical red lines indicate the times
the snapshots were taken. This algorithm follows a typ-
ical coverage curve, with approximately linear growth
in coverage early on, followed by slower asymptotic con-
vergence to full coverage. Also note the target capture
rate is approximately linear.

4 Experimental Results

As a demonstration of the proposed technique we
implemented the algorithm in hardware using a quadro-
tor testbed at the Laboratory for Autonomous Sys-
tems Research located at the Naval Research Labora-
tory. Note that the experiments conducted in this paper
are for proof-of-concept and not intended to serve as a
rigorous verification of the algorithm. The testbed is
composed of Ascending Technologies Pelican quadro-
tors operated in a facility with 115 Vicon motion cap-
ture cameras. Figure 5 shows the prototyping high bay
where the experiments were conducted. The quadrotors
are equipped with active LED motion capture markers
in order to be seen by the Vicon cameras.
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Fig. 4 (a)(b) Snapshot of the simulation; (c) The number of targets captured throughout the simulation and the amount of
time taken to cover the entire domain once. Vehicles cluster like solid molecules in cold regions near the target and explore
randomly like gas particles in hot regions, while flowing down the temperature gradient from hot to cold.

The quadrotors each have a downward facing Point
Grey Chameleon 1.3 megapixel camera with a resolu-
tion of 1296 x 964 pixels. The camera is equipped with
a Tamron CCTV manual lens to adjust zoom and focus.
The camera has a global shutter to minimize motion
blur and adjustable white balance and shutter speed.
The quadrotors have an onboard Linux computer that
processes camera frames at 15 Hz, which is limited by
how fast images can be captured by the camera. A bi-
nary measurement signal sent to the LRT represents
whether or not a blob of a predetermined color is in the
image. For the experiments, the targets were Sphero
robots, a spherical rolling toy with an orange cover.
Figure 6 shows an example of the blob-tracking soft-
ware used to detect two Spheros in the field of view of
the Point Grey camera.

Pose and target information from each vehicle is
sent to a laptop that uses the Robot Operating System
(ROS) [21] to process the data and compute control
commands in a control node. ROS is an open-source
software architecture that contains software libraries
and tools to build robotic applications. The binary sig-
nal is generated by using a standard blob segmentation
algorithm [19] in a camera processing ROS node on-
board the vehicle. The vehicle also has a ROS node
to handle passing measurements to the control node
running on a laptop as well as receiving position and
control commands from the external laptop and motion
capture system. Control commands are sent to the vehi-
cle through a WiFi connection to the message process-
ing node at approximately 30 Hz. The full architecture
for the experiment is shown in Figure 7.

Fig. 5 Prototyping high bay in the Laboratory for Au-
tonomous Systems Research at the Naval Research Labora-

tory.

Fig. 6 Processed camera image showing two orange Spheros
identified using a color blob detector.

4.1 Single-Vehicle, Single-Target Experiment

To verify the algorithm using the hardware testbed,
experiments were first conducted with a single vehi-
cle and a single moving target. The Sphero served as
an ideal target once covered with a protective colored
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Fig. 7 Hardware architecture for the experiments. The
quadrotors run two ROS nodes to process camera data and
handle incoming position measurements and desired velocity.
An offboard laptop receives position and blob detection mea-
surements to compute the temperature surface and calculate
the desired velocity.

cover, since a color-blob detection algorithm reliably lo-
cated it within the image frame of the camera. We com-
manded the Sphero speed but not its direction, yielding
a random walk behavior due to the cover’s bumpiness.

Figure 8 shows a snapshot of an experiment. The
targets are surveilled using the Point Grey camera; color
blobs (and false alarms) were found in each image frame.
The blob detections are fed into the LRT to calculate
the inverse log-likelihood surface, from which the de-
sired control is calculated. Once a target is detected,
any blob within a 0.5 m radius of the detected-target
location is ignored by the LRT tracker. The Sphero was
commanded to move in a random walk, so multiple de-
tections of the same Sphero were possible.

In this experiment, the moving Sphero was detected
three times as it performed the random walk. The loca-
tions where the target was detected are indicated by the
red crosses. Figures 8(a) and 8(b) show snapshots of the
experiment at time steps k = 120 after the first detec-
tion and k = 220 after the third detection. The number
of detections over time is shown in Figure 8(c), where
the vertical red lines indicate the times of the snap-
shot shown in Figures 8(a) and 8(b). In a real target-
tracking application, once the target is detected using
Algorithm 1 the vehicle would switch to another con-
troller to maintain a line-of-sight track of the detected
target such that multiple detections are unnecessary.
For illustrative purposes, the vehicle in this experiment
continued using Algorithm 1 even after a detection was
called. The single-vehicle experiments used the same

gains that were used in simulation; the Lennard-Jones
potential was omitted, as it is pertinent only in the
multi-vehicle experiment described next.

4.2 Multi-Vehicle, Multi-Target Experiment

A multi-vehicle experiment was also conducted with
stationary targets located at (-0.25, -0.35), (1.60, 0.40),
and (1.90, -1.00) meters. Figures 9(a) and 9(b) show
snapshots of the inverse log-likelihood surface at time
steps £ = 60 and 155 with the position of the unde-
tected targets shown as black crosses and detected tar-
gets shown as red crosses. At the depicted time step,
there is one target that has been recently detected, one
that has yet to be discovered, and a third that in the
process of being detected. Figure 9(c) shows the num-
ber of targets captured and the area covered over time.
With two vehicles, all targets were captured within 200
time steps and the vehicles covered the full domain in
approximately 400 time steps, which corresponds to 40
seconds.

Comparing Figure 4(c) to Figure 9(c), we see that
the coverage rate in the experiment follows the same
patterns as the simulated experiments, i.e., initial lin-
ear growth followed by asymptotic convergence. It was
also determined that, in general, the vehicles must have
lower gains than in simulation. As observed by com-
paring Figure 4(c) to Figure 9(c), lower gains result in
a slower capture rate. With higher gains, the vehicles
tended to overshoot the targets before the temperature
was cool enough to slow them down. The discrepancy
between simulation and experiment can be explained
by observing that the dynamics of the quadrotors are
inherently second-order, whereas the desired velocity
stated in (10) is for vehicles with first-order dynamics.
The Pelicans approximate this control by treating the
output of (10) as a desired velocity to be achieved by
the onboard flight controller.

5 Conclusion

We present a physics-inspired target search algo-
rithm for multiple agents and multiple moving targets.
The agents assimilate noisy measurements from onboard
sensors to produce log-likelihood ratio estimates of tar-
get positions over the operating domain. The inverse
log-likelihood surface plays the role of temperature so
that agents speed up and slow down along the temper-
ature (information) gradient. Additionally, vehicles are
influenced by a Lennard-Jones potential between other
local vehicles. The Lennard-Jones potential provides
collision avoidance as well as local collaboration with
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Fig. 9 a)(b) Snapshot of the multi-vehicle experiment; (¢) The number of targets captured throughout the experiment and

the amount of time taken to cover the entire domain once.

other vehicles. The approach is amenable to heteroge-
neous agents and to distributing the computation of
the log-likelihood surface over the agents. Multi-vehicle
experiments verify the vehicle routing algorithm. In on-
going work, we are conducting experiments with more
quadrotors and moving targets. We are also modifying
the proposed algorithm for distributed computation.
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