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Coordinated Bayesian-Based Bioinspired Plume
Source Term Estimation and Source

Seeking for Mobile Robots
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Abstract—A new nonparametric Bayesian-based motion
planning algorithm for autonomous plume source term estimation
(STE) and source seeking (SS) is presented in this paper. The
algorithm is designed for mobile robots equipped with gas
concentration sensors. Specifically, robots coordinate and utilize
a Gaussian-plume likelihood model in a Bayesian-based STE
process, then they simultaneously search for and navigate toward
the source through model based, bioinspired SS methods such as
biased-random-walk and surge-casting. Compared with the state-
of-the-art Bayesian- and sensor-based STE/SS motion planners, the
strategy described takes advantage of coordination between mul-
tiple robots and the estimated plume model for faster and more ro-
bust SS, rather than rely on direct or filtered sensor measurements.
A set of Monte Carlo simulation studies are conducted to compare
the performance between the uncoordinated and coordinated
algorithms for different robot team sizes and starting conditions.
Additionally, the algorithms are validated experimentally through
a laboratory-safe, realistic humid-air plume that behaves similar
to a gas plume, to test STE and SS using mobile ground robots
equipped with humidity sensors. Simulation and experimental
results show consistently that the algorithm involving coordination
outperforms traditional bioinspired SS algorithms and it is
approximately twice as fast as the uncoordinated case. Finally, the
plume source is distorted to study the algorithm’s limitations and
impact on STE and SS, where results show that even for distorted
plumes, useful source localization information can be obtained.

Index Terms—Bayesian estimation, mobile robots, plume-source
localization.

I. INTRODUCTION

SOURCE term estimation (STE) [1] refers to the process of
estimating the parameters of a gas plume and source seek-

ing (SS) [2] refers to the process of determining and/or Þnding
the location of a plume source by navigating and moving a
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Fig. 1. Gas source term estimation and source seeking using ground and aerial
robots.

mobile sensor toward the source. In general, Òsource localiza-
tionÓ can be accomplished by STE and/or SS techniques. More
speciÞcally, STE localizes the source through sensor-based es-
timation, whereas SS requires the robot to navigate toward the
source location. Fast, robust, and effective STE and SS are
needed to identify, isolate, monitor, and predict gas leaks or
the dispersion of harmful substances, especially following an
accident or natural disaster in highly populated areas [3]Ð[5].
Delayed response results in persisting chemical, biological, ra-
diological, or nuclear substances that can cause harm to humans,
physical infrastructure, and the environment [6]Ð[10]. With re-
cent advances in mobile ground and aerial robot technology
(such as small low-cost unmanned autonomous systems [11])
that can be quickly deployed for Þrst response and disaster re-
mediation [12], autonomous robotics-based algorithms for STE
and SS can help direct humans out of harms way, minimize
damage, and lower recovery costs and time.

This paper studies the problem of using a team of mobile
robots (e.g., ground or air vehicles as depicted in Fig. 1), each
equipped with a gas concentration sensor,1 for fast, robust, and
effective source localization via simultaneous STE and SS. The
algorithm described enables robots to coordinate and utilize
a Gaussian-plume likelihood model in a Bayesian-based STE
process, then simultaneously search for and navigate toward
the source through bioinspired, source-seeking methods such
as biased-random-walk (BRW) and surge-casting (SC). Fig. 2
shows a block diagram of the STE and SS motion planner,

1Such as metal oxide (MOX) gas sensors or MEMS-based sensors like the
NevadaNanoÕs Molecular Property Spectrometer (MPS), which enables the
identiÞcation and quantiÞcation of a wide range of dangerous gases.

1552-3098 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publicationsstandards/publications/rights/index.html for more information.



968 IEEE TRANSACTIONS ON ROBOTICS, VOL. 35, NO. 4, AUGUST 2019

Fig. 2. Block diagram of the STE and SS motion planner.

where a Bayesian Þlter creates a posterior distributionp(·) from
sensor measurementsz. The posteriorp(·), robot statex, and
sensor measurementz are then utilized by the SS algorithm to
control the robot. Compared with the state-of-the-art Bayesian-
based STE and SS motion planners, e.g., approaches that have
focused on using a single robot, imposed assumptions to lower
the dimensionality (<3) of the STE parameter space, or sepa-
rately designed the motion planner for SS and STE processes [4],
[13]Ð[16], the motion planner described herein takes advantage
of coordination and utilizes the estimated parameters from the
Bayesian-based STE for SS, rather than use direct or Þltered
sensor measurements. Thus, the source localization process is
more robust and effective compared to, for example, sensor-
based approaches which are sensitive to measurement noise,
disturbances, and unsteady atmospheric conditions [4]. In fact,
simulations and experiments were conducted to test the hypoth-
esis that SS using the coordinated bioinspired Bayesian-based
algorithm is faster, more robust, and more effective than tradi-
tional reactive, sensor-based SS methods.

This paper describes three novel advances. First, by exploit-
ing the Bayesian ÞlterÕs estimate, the nonparametric STE pro-
cess and the bioinspired source-seeking motion planner become
coupled, i.e., the motion planner for SS depends on the STE
process through feedback of the posterior distribution. In this
sense, the SS process utilizes the posterior distributionÕs ex-
pected value of the analytical concentration gradient and wind
direction for more effective chemotactic and anemotactic be-
haviors, respectively. Thus, the source-seeking process handles
sensor noise and measurement ßuctuations caused by natural
turbulent and/or unsteady atmospheric conditions [17]Ð[19].
Second, the multimodal nature of the posterior distribution is
utilized for coordinated motion planning, where robots system-
atically work together to investigate likely plume estimates,
therefore, promoting informative joint observation for quickly
verifying or eliminating plume hypotheses. Lastly, the algo-
rithm is validated on a novel physical experiment where a re-
alistic humid-air plume, which behaves similar to a gas plume,
is generated to test ground robots equipped with low-cost hu-
midity sensors for fast, robust, and effective STE and SS. Prior
work has tested against a similar plume source [20]; however,
their approach was focused on a reactive plume-tracking method
based on combinatorial logic with no explicit state or mem-
ory being used. Furthermore, their process estimated a limited
number of source parameters.

There are four main contributions of this paper. First, the
details of the algorithm and its parameters, along with practi-
cal implementation considerations, are presented and discussed.

Second, a set of simulation studies is conducted to thoroughly
study the performance of the algorithms, for both uncoordinated
and coordinated efforts, and to compare them with standard
sensor-based, bioinspired SS algorithms. QuantiÞable results
are presented to evaluate performance across different sizes of
robot teams and initial starting conÞgurations. Third, physical
experiments, using the novel setup, are conducted to further test,
validate, and evaluate the effectiveness of the algorithms and to
compare them with traditional techniques. Finally, the plume
source is distorted to study the algorithmÕs limitations and im-
pact on STE and SS. Detailed conclusions and improvements
for future work are also discussed.

II. SOURCETERM ESTIMATION AND SOURCESEEKING

A. Static and Mobile Sensor Networks for STE and SS

The process for STE and SS can be accomplished using two
distinct approaches: static sensor network (SSN) and mobile
sensor network (MSN) [5]. In SSN, an array of sensors are
distributed spatially to detect a substance, followed by pro-
cessing the measurements using Bayesian-based techniques or
optimization [5]. For example, a least-square inversion algo-
rithm [21] and a genetic algorithm using 25 static sensors [22]
have been used for STE. If applied in and around a nuclear
power plant, an SSN can serve as an early detection system.
Unfortunately, SSN can be costly and requires initial setup time
and a dense grid of sensors are needed to adequately cover a
site.

In MSN, a sensor is placed on a mobile platform, such as
a ground or aerial robot. Then, the mobile-sensor system tra-
verses and explores the environment for STE and SS. Although
MSN can be more cost effective and has greater spatial cov-
erage over challenging terrain, some drawbacks include being
slower (compared with SSN) for STE and SS, depending on the
number of sensors used [5]. Examples of MSN include work on
formation control using the Laplacian feedback for plume track-
ing [23], remote sensing using a tunable diode laser absorption
spectroscopy (TDLAS) based sensor for gas distribution map-
ping [24], [25], bimodal sensing (both concentration and visual
based) for SS [26], a neural network based regression algorithm
for environmental concentration mapping [27], and a model-
based gas source localization approach using gas concentration
gridmaps [28].

The Þeld of MSN can be divided into two main subcategories:
boundary tracking, where the mobile sensor moves along a
contour of interest [29], and SS, where the robot moves in the
direction of the source location [5]. For example, in [30], a
support-vector learning-based Lyapunov vector Þeld was gen-
erated for open-loop control of robots along a desired boundary
contour. Boundary mapping using a swarm of agents, based on
glowworm swarm optimization, was studied in [31]. Fluxotaxis,
an approach based on computational ßuid dynamics involving
multiple robots for SS, was studied in [32]. An SS method
based on particle swarm optimization is described in [2].
Three-dimensional (3-D) bioinspired SS was investigated
in [33]. An interesting multirobot approach that also generates
online topological maps is described in [34]. Additionally,
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an analytical-based approach for optimal swarm formation
was studied in [35] and [36]. Lastly, a multirobot-based
approach investigates spatial and temporal based Þltering for
gas distribution mapping [37]. Thorough surveys covering the
majority of the literature for both SSN and MSN can be found
in [5], [9] and [18].

B. Bayesian-Based Approaches

Probabilistic approaches that exploit Bayesian inference con-
sider uncertainties in models and sensor measurements through
probability density functions (PDFs), resulting in estimates of
the source terms, including source location [1], [4], [13]Ð[16],
[38]Ð[42]. The main advantages include producing estimates
with conÞdence levels, and prior information can be incorpo-
rated into the algorithm through a PDF. Thus, modeling error,
sensor noise, and typical unsteady atmospheric conditions can
be accounted for in Bayesian-based methods.

The state-of-the-art approaches within the framework of SSN
include a method that uses a particle Þlter and a weighted cen-
troid method for STE [43]. An STE process with progressive
correction combined with a sequential Bayesian estimator is
described in [44]. Binary measurements from an SSN at an un-
known threshold with a Bayesian Þlter is explored in [1] for
STE. Approximate Bayesian computational methods are de-
scribed in [42] and tested against the Prairie Grass dataset. A
Bayesian-based method utilizing adaptive sampling is presented
in [45]. Dimension reduction by RaoÐBlackwell methods for an
SSN is investigated in [46]. For MSNs, a hidden Markov model
is used for plume mapping as described in [47] and [48], and
then tested on a REMUS autonomous underwater vehicle [49].
In [4], a tracing-behavior-based motion planner was used in
parallel with a particle Þlter for STE and SS. A nonparametric
mutual-information-based motion planner is described in [14]
and [15]. Various cognitive strategies comparing the use of dif-
ferent metrics quantifying information are presented in [16],
[38], [39], and [41]. A coordinated information-theoretic ap-
proach based on R̀enyi divergence is considered in [50], where
the robotÕs optimal inputs are asynchronously computed, and
thus the inßuence of joint observations are not accounted for.
Information formation control was applied in [41]. Finally, a
pseudo-gradient-based motion planner (inspired by Braiten-
berg vehicles [51]) and particle-Þlter-based source declaration
method were used on a quadcopter platform as described in [13].

C. Advancements Above the State-of-the Art

The majority of existing methods estimate a subset of the
parameters for various plume models [4], [13]Ð[16], [42]Ð
[44], [48] while often assuming meteorological data or using
experimentally-determined parameters, to reduce the dimen-
sionality of the STE process. These methods yield good per-
formance when a single mobile sensor is used to localize the
source [4], [13]Ð[16], [39]. Also, in previous works, the design
of the estimation process and control algorithm for a robot team
is performed separately [4], [13], [48]. This may work well for
low-dimensional STE, but performance is limited in the gen-
eral case when the parameter space becomes large (>3). On

the other hand, to enable practical estimation of a larger set of
parameters, the proposed algorithm considers multiple robots
and coordinates their respective actions such that robots move
along more informative trajectories for effective estimation of a
larger set of parameters. In fact, the method described estimates
the full set of parameters of the Gaussian model with assumed
priors.

Although information-theoretic SS methods are coupled with
the STE process, the information-theoretic framework can be
computationally expensive [14]Ð[16], [38]Ð[41], [52], [53]. This
is because information-theoretic approaches require solving
high-dimensional integrals [54]. Furthermore, computation time
scales exponentially with longer time horizons and number of
robots [55].

Herein, both the STE process and the control of the robots
for SS are coupled, where the multimodal structure of the pos-
terior is exploited for coordination across the robot team. Such
a structure has received limited attention in the literature. This
form of coordination depends on analytic forms; therefore, they
are less computationally expensive than coordinated cognitive
strategies, such as in [14]Ð[16], [38]Ð[41], and [52]. Similar
types of coordination have been studied [56], but the applica-
tion is for optimal self-localization and mapping, rather than
STE and SS as presented here.

Finally, validation and testing of STE and SS algorithms have
occurred under idealistic conditions, where the majority of re-
sults have come from simulations [14], [16], [38], [40], [41],
[44], [52], using datasets [1], [5], [15], [39], [42], or experiments
have been conducted in well-controlled environments, such as in
a wind tunnel [23], [33], [57]Ð[59] or enclosed space [35], [36],
[60], [61]. This is the case because safely creating spatial chemi-
cal distributions is challenging, and it is difÞcult to verify results
when ground truth information about the experimental chemical
release is not readily available [62], especially for dangerous
substances. Thus, many studies have involved simulations, or
the experiments have been conducted on a reduced scale in a
well-controlled environment. In contrast, a novel experimental
apparatus is described that generates a safe humid-air plume that
behaves like a gas plume for conducting rigorous laboratory ex-
periments. In place of chemical concentration sensors, robots
are equipped with low-cost humidity sensors. Experiments are
conducted in a laboratory environment with typical unsteady
atmospheric conditions due to the building air-conditioning sys-
tem and the plume is also distorted using an obstruction and a fan
to study the algorithmsÕ limitations and impact on STE and SS.

III. ESTIMATION, MOTION PLANNING, AND CONTROL

A. Overview

This section describes the technical details of the coordinated
Bayesian-based STE process that is combined with bioinspired
actions for SS. Ultimately, the algorithm enables a team of
mobile robots with sensors to systematically explore an area of
interest for effective STE and SS. More speciÞcally, as robots
move, they estimate the parameters of a Gaussian plume model,
while at the same time, attempt to move toward the plume source
through bioinspired actions for SS that are informed by the
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model generated from the Bayesian-based STE process. What
is distinct and unique about this algorithm relative to the state
of the art is the use of coordination between robots for STE, and
the bioinspired motion planner uses the output of the Bayesian
estimator, rather than direct sensor measurements. As will be
shown in simulations and physical experiments, the results show
fast, robust, and effective STE and SS compared to traditional
bioinspired SS methods that rely on direct (or Þltered) sensor
feedback.

Fig. 2 shows the block diagram of the proposed STE and SS
motion planner. First, concentration measurements, which can
be modeled by the functioncα (t, x), are used by the particle
Þlter and bioinspired SS motion planner. SpeciÞcally, the for-
mer recursively updates the posterior distribution with the latest
sensory information from the robot team and the latter produces
a desired heading/location to move the robots. The particle Þlter
is initialized with a prior distribution that incorporates domain
knowledge before any observations are made. Domain knowl-
edge can be encoded as rough estimates of the location of the
chemical source within a prescribed search area.

A centralized fusion architecture is assumed with all-to-all
communication, similar to that in [41] and [50] and further
explained in [63]. It is pointed out that the robot dynamics are
not considered because the sensing model is designed around a
steady-state plume. Interestingly, it is shown that the approach
works well even when tested in simulation and experiments
against an unsteady and dynamic plume.

A proportional-derivative-integral (PID) feedback controller
is utilized to drive the differential robots to the desired locations,
which results in new measurements with respect to each robot.
This process is repeated until robots converge onto the source
or when sufÞcient time has elapsed for the algorithm to run.

Herein, chemotaxis (such as BRW) and anemotaxis (such as
SC) bioinspired methods are chosen because, Þrst, these ap-
proaches are simple and commonly applied, and the objective
is to enhance these commonly used approaches. Second, the
BRW and SC are two fundamentally different bioinspired meth-
ods. Thus, it is desirable to study the enhancement of these two
fundamentally different approaches. Thirdly, bioinspired meth-
ods are chosen over raster-type scanning methods (e.g., Òlawn-
mowerÓ scanning [64]) because scanning methods do not take
advantage of the STE process and can be inefÞcient in certain
situations. Finally, the algorithm described can be incorporated
with other motion planners.

Although traditional chemotaxis and anemotaxis bioinspired
SS actions can be effective [13], [17], [18], [65]Ð[67], techniques
such as BRW rely on the ability to detect smooth concentration
gradients that reliably and consistently point toward the source
location [18]. Likewise, in SC wind direction measurements
(e.g., measured using anemometers) are needed for effective
surging. Sensor noise and the stochastic nature of chemical
and gas plumes (caused by turbulence and ßuctuations in atmo-
spheric conditions) can render BRW and SC methods inefÞcient,
or worse, ineffective [5], [18]. One approach to address this
challenge is to exploit a particle ÞlterÕs estimate rather than re-
lying on direct (or Þltered) sensor measurements. Particle Þlters
approximate Bayesian Þlters through sequential Monte Carlo

Fig. 3. Representation of a passive-scalar plume where the world frame is
denoted byW (xW , yW , zW ), the plume frame is denoted byP (xP , yp , zp ),
the source [located at (xs , ys )] exits from stack of heightzs , the wind velocity
vector is denoted byv, which is colinear to thexP , the angleθ of which is
measured from thexW -axis toxP . The time-averaged behavior of such plumes
is approximated by the Gaussian plume model.

techniques and are capable of handling nonlinear sensor mod-
els and multimodal distributions [68], and thus have been used
for STE [5]. In this paper, both the concentration gradient and
wind direction are not directly observable, but are estimated by
a particle Þlter. In fact, only the concentration measurements
are used to estimate both the concentration gradient and wind
direction.

B. Gaussian Plume Sensor Model

The Gaussian plume model is used to represent the time-
average spatial distribution of a plume. The STE process esti-
mates the parameters of this model, and the bioinspired motion
planner utilizes this model. Fig. 3 shows a representation of a
passive-scalar plume, where gas exits from a stack (of height
zs) and is transported downwind. The downwind velocity (in
thexP direction) is denoted byv; and the wind angleθ is mea-
sured from thexW -axis of the world frame to thexP -axis of the
plume frame. The diffusion terms in theyP andzP directions in
the plume frame are given byDy andDz , respectively. Along
the xP direction, the diffusion termDx is assumed to be
negligible due to advection. The time-averaged behavior of
many physically-observed plumes can be represented by this
model [43], [69], [70], where concentration proÞles are shown
in Fig. 3.

The Gaussian plume model is obtained by solving a simpliÞed
transport equation. Neglecting diffusion in thexP direction and
noting that advection dominates, the transport equation is given
by [71]

∂c

∂t
=

∂

∂yP
Dy

∂c

∂yP
+

∂

∂zP
Dz

∂c

∂zP
− v

∂c

∂xP
. (1)

Assuming steady-state conditions and assuming no degrada-
tion, it can be shown that the solution to (1) takes the Eulerian
form [71]

cα (xP , yP , zP )=
Q

4πxP
√
DyDz

exp
(
− v

4xP

(
y2
P

Dy
+
z2
P

Dz

))

(2)
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where the domain is the 3-D position of the robot as described
in the plume frame andQ represents the release rate. Although
this representation is slightly different than the Gaussian plume
model described in [72], both of these representations are essen-
tially the same, where they differ only in the parameterization
of diffusivity [72]. Here, the mappingcα : X → R+ , where
X ⊂ R3 is the domain of the robot(s) described in the plume
frame.

The Gaussian plume model assumes the following.
1) Emission of the source is at the origin; the source is con-

tinuous and constant.
2) The terrain is relatively ßat.
3) Homogeneous turbulence with constant mean velocity in

time and elevation.
4) InÞnite ßuid and stationary.
5) Diffusivities are constant.
6) Nonreacting and nonbuoyant plume.
7) Gas is reßected and not absorbed by the ground surface.
Like all STE methods, the goal is to estimate the unknown

parameters of the model given by (2), speciÞcally to Þnd the set
of constant parametersα = {xs, ys , zs ,Q, v, θ,Dy ,Dz} ∈
A ⊂ R8 . Note that the parameters that describe the position
of the source and the downwind direction, i.e.,xs , ys , zs , and
θ, respectively, are created by using the appropriate homoge-
neous transformationP TW from the world frame to the plume
frame [73] and through the principle of superposition as de-
scribed in [71]. Additionally, the proposed approach estimates
z-related components of the model (zs andDz ), even though
robots are restricted to move in a 2-D plane. It is believed that
allowing for 3-D traversal will help minimize ambiguity and
increases accuracy in the estimate.

The dynamics of realistic plumes have been observed to ex-
hibit instantaneous ßuctuations that can deviate from the Gaus-
sian plume model [74]. However, this model is chosen because
of its simplicity and it is computationally efÞcient [5].

C. Particle Filter Design

Particle Þlters are used to estimate unknown dynamic
parameters and states based on prior knowledge and ob-
servations [75]. These Þlters can handle nonlinear variable
evolution, non-Gaussian processes, and multimodal distribu-
tions [68]. Thus, they are well suited for estimating dynamic
and constant variables, and therefore employed for STE in
this paper.

To begin, the following notation is used. The subscript
k ∈ Z+ denotes discrete time instances wherek − 1 represents
the previous time instance. The measurement history is denoted
by z0:k = {z0 ...zk}, wherezjk denotes thejth robotÕs sensor
concentration measurement value at time stepk. The unob-
served random variable is denoted byαk ∈ A ⊂ Rnα , where
A is the parameter domain andnα = 8. The observed random
variable iszk ∈ Z ⊂ Rnz , with a likelihood model described
by p(zk |αk ), where zk = {z0

k , z
1
k , ..., z

nz
k }. The Þnite set of

np ∈ Z+ weighted particles is represented by{αik}npi=1 , where
αik ∈ A . The set of normalized importance weights is denoted
by {wi

k}npi=0 , where
∑

i w
i
k = 1 andwi

k ∈ [0, 1].

The following assumptions are made.
1) A single plume source exists in the search (parameterA )

domain.
2) The state (position, velocity, etc.) of thejth robot at time

stepk, denoted byx jk ∈ X , is known.
3) The unobserved variables are a Markov process with

known prior distributionp(α0), which undergoes state
transition described by the conditional probability
p(αk |αk−1). However, for static parameter estimation,
an artiÞcial state transition (AST) is utilized, which is
common for constant parameter estimation [76].

4) Both the state transition and likelihood models are
assumed to be stationary models.

5) All parameters are stationary, henceαk = αk−1 , ∀k.
6) Sensor observations are conditionally independent given

the random variableαik .
7) Sensor observations and robot positions are available to

all mobile-sensor platforms for data fusion (ignoring time
delays and bandwidth limitations, similar to the work
in [41]).

The posterior density can be represented nonparametrically
by np particles through a generalized probability distribution
function given by

p(αk |z0:k ) ≈
np∑

i=1

wi
kδ(αk − αik ) (3)

whereδ(·) is the Dirac Delta function. Therefore, the minimum
mean squared estimate (MMSE) is deÞned as

α̂k =
∫

αk ∈A
αkp(αk |z0:k )dαk ≈

np∑

i=1

wi
kα

i
k . (4)

Through the principle of importance sampling, the weights in
(3) are recursively described by [68]

wi
k ∝ wi

k−1
p(zk |αik )p(αik |αik−1)
q(αik |αik−1 , zk )

(5)

where q(αik |αik−1 , zk ) is the proposal distribution, which is
chosen to bep(αk |αik−1) for simplicity. Thus, (5) becomes

wi
k ∝ wi

k−1p(zk |αik ) (6)

which is an update for the importance weights. It is pointed out
that other types of Bayesian Þlters can be used.

Taking into account Assumption V, an AST is added to avoid
degeneration, as well as other problems with particle Þlters (such
as sample impoverishment) [77], [78]. The AST is implemented
as a zero-mean multivariate normal distribution sampling pro-
cess deÞned asN (0,Σ), whereΣ is annα × nα covariance
matrix. More speciÞcally, it is chosen such thatΣ is dependent
on the standard deviation of the particle set, i.e.,Σ(σ{αik }).

The likelihood model estimates how likely a concentration
measurement is for a given plume model estimateαik (for the
ith particle) and is chosen as

p(zk |αik ) =
nz∏

j

N

(
zjk ; cαik

(
P i

x jk
)
, r(σ(x,y ,θ),k )

)
(7)
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where a normal distributionN (x;μ, σ) is utilized, andx, μ,
and σ represent the random variable, mean, and standard
deviation, respectively. In (7), the term

cαik

(
P i

x jk
)

=

{
Eq. (2), if P i

xjk > 0
0, otherwise

(8)

represents thekth-time step predicted concentration measure-
ment, for the ith particle (αik ) and the jth robotÕs posi-

tion
(
W x jk ∈ X

)
described in the world frame, which is

then translated and rotated to theith particleÕs plume frame(
P i

x jk = P i
TW

W x jk
)

. Additionally, P
i
xjk is thex-position of

the jth robot deÞned in theith particleÕs plume frame. This
process is needed to account for the singularity of the Gaussian
plume model.

The simple normal likelihood model given in (7) with a con-
stant noise standard deviation is commonly used in related works
with success [42], [43], [79]. It is noted that the approach is not
speciÞc to any likelihood model. In fact, performance increase
is expected when choosing a long-tailed distribution [42]. The
majority of likelihood models have design parameters and for
this paper, the normal likelihoodÕs deviation must be chosen or
estimated. For example, in [79], a piecewise deviation model
was used that includes interferences with obstructions such as
walls. Also, in [80], a piecewise deviation model was used to
incorporate sonar and IR-based range sensor behavior for self-
localization in a crowded museum. Likewise in the STE domain,
one can imagine that the likelihood model is dependent on the
level of concentration or wind proÞles. However, this is likely to
be dependent on the type of sensor used and is out of the scope
of this paper. Thus, the likelihood deviation is chosen only to
be a function of the posterior. SpeciÞcally,r(σ(xs ,ys ,θ),k ), with
r : R3

+ → R+ , is given by

r
(
σ(x,y ,θ),k

)
= R

||σ(xs ,ys ,θ),k ||2
maxk (||σ(xs ,ys ,θ),k ||2)

(9)

whereσ(xs ,ys ,θ),k = {σxs ,k , σys ,k , σθ,k} is the vector of (circu-
lar) standard deviations, andR ∈ R+ is an initial noise standard
deviation value. Here,σ(·) denotes the standard deviation of the
parameter(·) across the particle ensemble, i.e.,{(·)ik}npi=0 . It
is noted thatr is dependent on thekth (circular) standard de-
viation of a particle-setÕs source position and wind direction.
Equation (9) allows the particle Þlter to be less conservative as
the particlesÑspeciÞcally(xs, ys , θ)Ñbecome more clustered.

The particle-Þlter algorithm is outlined in Algorithm 1, where
a systematic resampling method is used (see line 7) because it
is a low variance sampler and has linear complexityO(N) [68].
Also, resampling depends on how degenerate the particle set
is, i.e., if Nef f = 1∑ n p

i= 1 (wi
k )2 ≤ Nt , then the particle set is

resampled.

D. Bioinspired Motion Planner Design

The particle Þlter algorithm (Algorithm 1) is used for STE,
and the results of the STE are used by a bioinspired motion

planner to move the robots to change their location (for sensing)
(see Algorithm 1, Line 3). Bioinspired motion planners mimic
the way insects and other animals localize food, predators, and
potential mates [18]. Common strategies for these movements
include surging, casting or gradient-based traversal, which are
as follows.

1) Gradient-based traversal: Move in the direction of the
steepest gradient (similar to Braitenberg vehicle [51]).

2) Surging: Move upwind in the presence of a plume.
3) Casting: After losing the plume, translate side-to-side or

zig-zag (perpendicular to the wind direction) to reacquire
the plume.

The particle Þlter STE algorithm is combined with the myopic
sensor-based BRW and SC algorithms with Þxed traveling steps
denoted byd.

The uncoordinated and coordinated BRW and SC algorithms
are described as follows.

1) Uncoordinated BRW Algorithm: BRW is a gradient-
based (chemotaxis) strategy, inspired by bacteria [81]. For ex-
ample, the mobile robotic sensor traverses in a Þxed direction
until lower concentrations are detected, at which point the robot
proceeds in a new and random direction with Þx distanced > 0.
However, plumes with turbulent behavior result in dynamic
gradients [5], and therefore, following this ÒpseudogradientÓ
can often be misleading in nonsteady-state and turbulent condi-
tions [18], [19].

To overcome this issue, the BRW algorithm is modiÞed to uti-
lize an analytical gradient computed from the Gaussian plume
model informed by the STE results. However, initially the ana-
lytical gradient can still be misleading if the MMSE has an error,
usually due to multimodal posteriors or initial uncertain priors.
If while following a misleading MMSE gradient and robots do
not obtain informative sensor measurements, then the particle
ÞlterÕs posterior and MMSE will remain relatively unchanged.
Therefore, robots can get stuck at the highest concentration of
the MMSE, even though sensor measurements are relatively
small. To overcome this issue, the algorithm begins by utilizing
traditional BRW methods until more precise estimates of the
wind direction (θ) are obtained by the particle Þlter. The esti-
mateθ is considered precise if the particle (circular) standard
deviation (denoted asσθ , for the parameter of interestθ), is
within a predeÞned valueθthres , where this value is referred to
as the switching threshold, i.e., behaviors switch when

σθ ≤ θthres . (10)
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The switching thresholdθthres is utilized by the BRW and SC
algorithms (Line 3 in Algorithms 2 and 3) presented ahead.

Once an estimate is deemed Òprecise,Ó the headingψ ∈ [0, 2π]
(in the world frame) along the gradient of the particle ÞlterÕs
MMSE, α̂k , is calculated by (11) shown at the bottom of this

page wherec[α̂k ,(P̂ ·)]
(
P̂ x jk

)
denotes the partial derivative with

respect to the(P̂ ·) variable (in the MMSEÕs plume frame) and
is dependent on the position of each robot.

The direction of this gradient tends to lead to higher con-
centration measurements (when the estimate of the wind di-
rection θ̂k is accurate) which can be beneÞcial for the particle

Þlter estimator. For the partial derivativec[α̂k ,(P̂ ·)]
(
P̂ x jk

)
to be

bounded (i.e., not equal to±∞), the x-position of the robot
relative to the plume frame must be nonnegative. The proposed
combined Bayesian-based STE and BRW algorithm using the
analytical gradient is presented in Algorithm 2. In Algorithm 2,

Ξ ∼ U ([a, b]) denotes that variableΞ is sampled from a uniform
distribution within the limits[a, b].

2) Uncoordinated Surge-Cast (SC) Algorithm: The second
bioinspired algorithm considered is based on an SC approach,
which is inspired by the movement of male moths ßying in
windy and turbulent plumes [82]Ð[84]. These insects mea-
sure the wind direction and chemical concentration for moving
through the environment. This method is an anemotaxis-based
approach that generally takes advantage of sensed local wind
direction [17], [81]. However, local wind measurements can be
sporadic, thus misleading. Furthermore, instead of adding more
sensors, which increases weight and power consumption, this
motion planner utilizes the MMSE of the wind directionθ̂k pro-
vided by the particle Þlter STE. Note that the particle Þlter can
incorporate wind sensors for direct measurements, if available.

The SC motion planner initially uses the BRW algorithm to
explore the environment to obtain a precise estimate of the wind
direction,θ̂k . Afterward, when the robot can detect the plume
above a desired threshold concentration, the robot surges up-
wind. If at any point during the surging process, the robotÕs
concentration measurement drops below the threshold value,
the robot casts perpendicularly to the wind directionθ̂k to
reacquire the plume. The MMSE estimateα̂k is exploited to
determine which direction to cast, i.e.,P̂ yjk can be used to de-
termine the robotÕs position relative to the MMSE of the plume.
The proposed combined Bayesian-based STE and enhanced SC
algorithm is described in Algorithm 3.

Although the uncoordinated bioinspired methods are ex-
pected to outperform traditional bioinspired methods, some
challenges still remain. First, these algorithms require tuning as
to when to trust the particle ÞlterÕs MMSE through the threshold
of the standard deviation of the parameterθthres . Second, mov-
ing robots with respect to the MMSE estimateα̂k often leads
to redundant spatiotemporal measurements. Thus, the coordina-
tion process described next aims to address these issues.

3) Coordinated BRW and SC Algorithms: One often disre-
garded advantage of the particle Þlter is its ability to express
multimodal posterior, where the MMSE can be misleading,
i.e., α̂k is inaccurate. Multiple modes can often occur due to
the nonlinearity of the likelihood model, especially if the sen-
sor model is not injective or one-to-one. Modes of the particle
Þlter represent likely, but distinct, models that reßect the sensor
measurement history, similar to the MMSE.

Coordinated bioinspired motion planning between multiple
robots is achieved by enabling each robot to investigate a dif-
ferent hypothesis (mode) so that they can either be ruled out or
considered more thoroughly. More speciÞcally, moving along
the modal estimated concentration gradient and the modal wind
direction promotes informative measurements that reduce the
posteriorÕs uncertainty. It is believed that optimal information-
theoretic methods result in similar behavior compared to the

W ψjk =

⎧
⎨

⎩
atan2

(
W TP̂

[
c[α̂k ,P̂ x]

(
P̂ x jk

)
, c[α̂k ,P̂ y ]

(
P̂ x jk

)] )
, if P̂ xjk > 0

Head toward{x̂s,k , ŷs,k}, otherwise
(11)
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proposed coordinated approach, but with the distinct advan-
tage of not having to optimize over the posterior, which can be
computationally expensive especially for nonparametric poste-
riors [85]. In fact, the computational complexity increases as the
robot team and time horizon increases [85].

In comparison to uncoordinated methods, instead ofα̂k , each
robot is assigned a modêαik from the posterior distribution.
This strategy can then provide differentÑwith respect toα̂ikÑ
analytical gradients and wind direction estimates to follow,
using the same algorithmic structure as presented before in
Sections III-D1 and III-D2. For example, (11) becomes (12)
shown at the bottom of this page,
wherei denotes the index assignment from initial mode order-
ing. It is emphasized that̂αi andP̂ i denote theith mode and this
notation should not be confused withαi andP i , which refers
to theith particle, as described in Section III-C.

Optimal mode assignment is achieved by a Hungarian algo-
rithm [86], in terms of the sum of relative distances from each
robotÕs position to the source location of each mode, i.e.,

J∗ = argminJ∈perm({0,1,...,nz })

( nz∑

i=0

||x ik − α̂
J [i]
k ||

)
(13)

where α̂
J [i]
k = {xJ [i]

s,k , y
J [i]
s,k }, x ik = {xik , yik}, and J and J∗ :

Z+ → Z+ denote a single permutation of all possible mode
assignments and the optimal mode assignment, respectively.
Therefore, optimal assignment of (12) simply becomesW ψJ

∗[i]
k .

In this case, optimal mode assignment is needed to prevent
switching of the mode ordering, which can cause indecisive
robot trajectories and inefÞcient coordination.

Unfortunately, expressing the modes of a continuous posterior
distribution analytically, let alone the nonparametric forms, can
be difÞcult. Therefore, aK-means cluster algorithm is used
to approximate the modes of the posterior, with respect to the
number of robots, which must be known beforehand [56], [87].
Herein, it is assumed that the number of clusters is equal to the
size of the robot team. Although it is possible for the posterior
to have more modes than the number of robots, this assumption
compresses the posterior distribution intonz likely estimates.
Future work will study the problem when this assumption is
relaxed.

The clustered particles represent an approximatenz modes.
It is emphasized that there is no need for the switching threshold
(θthres) for the modes{θ̂0

k , θ̂
1
k , ..., θ̂

nz
k } (as opposed to uncoor-

dinated methods for the MMSE), because having each robot
investigate spatially separated plume hypotheses (modes) en-
courages exploration, which helps the particle Þlter to eliminate
or promote modes of the posterior. Overall, coordinated methods
do not require traditional bioinspired methods and the switching
threshold.

The coordinated versions of the bioinspired algorithms shown
in Algorithms 2 and 3 are presented in Algorithms 4 and 5,
respectively.

IV. SIMULATION AND PHYSICAL EXPERIMENT DETAILS

To study the performance of the proposed STE and SS algo-
rithms and to test the hypothesis that the proposed algorithms
are faster and more robust and effective compared to traditional
bioinspired approaches, simulations and experiments involving
up to eight mobile robots are conducted.

A. Simulation Details

Two plume simulators were developed to test the proposed
approach. The Þrst uses a classical steady-state Gaussian plume
model, as described in Section III-B, which is referred to as
the Gaussian environment. Then, to further study the perfor-
mance of the algorithms on a more realistic plume, the second
simulator uses the quick urban and industrial complex (QUIC2)
dispersion modeling tool [88]Ð[91]. QUIC is an easy to use

2QUIC is available upon request.

W ψik =

⎧
⎨

⎩
atan2

(
W TP̂ i

[
c[α̂ ik ,P̂

i x]

(
P̂ i

x ik
)
, c[α̂ ik ,P̂

i y ]

(
P̂ i

x ik
)])

, if P̂ i
xik > 0

Head towardW x̂is,k ,
W ŷis,k , otherwise

(12)
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TABLE I
PARAMETERS FOR THEQUIC SIMULATION

Fig. 4. Simulation environment illustrating the search area of interest, plume
source, simulated plume concentration contours, and two starting conÞgurations
for the robot teams: (1) side conÞguration and (2) downwind conÞguration.

tool that computes 3-D turbulent atmospheric boundary-layer
wind Þelds using a mass-consistent wind model and solves a
simpliÞed form of the Langevin equations to compute the ad-
vection and diffusion of passive scalars in a Lagrangian ref-
erence frame [88]Ð[91]. QUIC can compute complicated 3-D
dispersion Þelds in urban environments, but it is used here to
produce a more realistic time-dependent plume over ßat terrain
by modeling the stochastic nature of real plumes. This second
case is referred to as the QUIC environment, and the values for
the parameters used in the simulation are shown in Table I.

Both simulators were developed using Python and the robot
operating system (ROS) [92]), on a computer with 64-bit Ubuntu
16.04 LTS install and AMD FX(tm)-8320 eight-core processor.
The number of robots varied between one to eight. The simula-
tion environment is an obstacle-free 100× 100 m2 area, where
robots start equally spaced apart (at a distanceb), as depicted
in Fig. 4. The Þgure also shows two example starting conÞg-
urations of interest: Þrst, side conÞguration where robots are
arranged in a line parallel to the wind direction and major axis
of the plume and second, downwind conÞguration where robots
line up downwind of the plume source, but perpendicular to the
wind direction. The two conÞgurations approximate challeng-
ing (side conÞguration) and simple (downwind conÞguration)
scenarios for the robots.

The particle Þlter and bioinspired motion plannerÕs parame-
ters for the simulation can be found in Table II. Herein,A and
its prior p(α0) can be chosen based on prior knowledge, for
example, knowing the source is located inside of a prescribed
boundary. If the unknown release is completely uncertain, then
an uninformative prior [93] should be chosen. For this paper, an

TABLE II
SIMULATION DETAILS: PARAMETERS

uninformative uniform prior is used. The number of particlesnp
should be chosen to be as large as possible; however, in prac-
tice, this is more often chosen with respect to computational
constraints. The resampling thresholdNt is chosen to benp/2
as in [4]. The initial likelihood covarianceR is dependent on
the measurement domain. Choosing this parameter affects how
spread out the normal likelihood model is. Letting this param-
eter be large makes the particle Þlter more conservative, i.e.,
slower to converge and more immune to noise. In the prediction
step of the particle Þlter, the AST parameterΣ inßuences how
far the particle Þlter should explore the parameter state space
between time steps. This essentially inßuences how fast the par-
ticle Þlter forgets likely particles. Herein,Σ is chosen to be
independent of other parameters, but dependent on the speciÞc
parameterÕs standard deviation from the particle set to encour-
age large exploration, whereas the particle Þlter is uncertain and
less exploration when particles have become more clustered.

The guidelines for choosing the parameters of the bioinspired
motion planner are described as follows. The switching thresh-
old θthres is set to be the same across all motion planners for
fair comparisons between all simulations and experiments. In
particular, this parameter inßuences when the robots trust the
posteriorÕs MMSE to follow. Therefore, by setting this value
high may result in robots following and converging to an incor-
rect MMSE, which is the major cause of failure of the uncoor-
dinated approach. On the other hand, by setting this value low,
robots never satisfy this threshold and, therefore, never follow
the MMSE and only rely on traditional bioinspired actions. The
parameterzthres should be chosen based on sensor characteris-
tics and the contaminant to be sensed, e.g.,zthres is set to be
at the maximum base humidity level of the experiment envi-
ronment with no humidity (see Fig. 5). Lastly,d describes the
distance step length between observations. This value should be
chosen such that the robot is given enough spatial separation
between the previous measurements.

The parameters for the simulated (unknown) plume are also
given in Table II asαtrue . Each robotÕs simulated observations
are sampled independent and identically distributed (i.i.d.) from
an unknown Gaussian plume model with an additive zero-mean
Gaussian noise and a standard deviation ofU (see Table II). The
likelihood modelÕs noise standard deviation is given byR (see
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