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Coordinated Bayesian-Based Bioinspired Plume
Source Term Estimation and Source
Seeking for Mobile Robots

Joseph R. Bournédlember, |EEE, Eric R. Pardyjak”, and Kam K. Leang’, Member, IEEE

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.
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mobile sensor toward the source. In general, Osource localiza-
tionO can be accomplished by STE and/or SS techniques. More
specibcally, 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]D[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]D[10]. With re-
cent advances in mobile ground and aerial robot technology
(such as small low-cost unmanned autonomous systems [11])

S OURCE term estimation (STE) [1] refers to the process @hat can be quickly deployed for brst response and disaster re-
estimating the parameters of a gas plume and source se@kdiation [12], autonomous robotics-based algorithms for STE
ing (SS) [2] refers to the process of determining and/or Pndiggd SS can help direct humans out of harms way, minimize
the location of a plume source by navigating and moving gamage, and lower recovery costs and time.

This paper studies the problem of using a team of mobile
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Source seeking (SS) Second, a set of simulation studies is conducted to thoroughly

| Bio-inspired | X, |  Robot RObf:t sate study the performance of the algorithms, for both uncoordinated

ﬁ: actions IS T and coordinated efforts, and to compare them with standard
Posterior sensor-based, bioinspired SS algorithms. QuantibPable results
distribution | Source e est. (STE) | Seme J are presented to evaluate performance across different sizes of

p(oylz,,) Bayesian filter <% z(t) = ¢ (£.X) robot teams and initial starting conbgurations. 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 algorithmOs limitations and im-
where a Bayesian blter creates a posterior distribytijorfrom pact on STE and SS. Detailed conclusions and improvements
sensor measuremeres The posterionp(-), robot statex, and for future work are also discussed.
sensor measuremeniare then utilized by the SS algorithm to
control the robot. Compared with the state-of-the-art Bayesian- |I. SOURCETERM ESTIMATION AND SOURCE SEEKING
based STE and SS motion planners, e.g., approaches that have, .
focused on using a single robot, imposed assumptions to Iov@érgat'c and Mobile Sensor Networks for STE and S5
the dimensionality <3) of the STE parameter space, or sepa- The process for STE and SS can be accomplished using two
rately designed the motion plannerfor SS and STE processes f#§tinct approaches: static sensor network (SSN) and mobile
[13]P[16], the motion planner described herein takes advantagasor network (MSN) [5]. In SSN, an array of sensors are
of coordination and utilizes the estimated parameters from ttistributed spatially to detect a substance, followed by pro-
Bayesian-based STE for SS, rather than use direct or bltecedsing the measurements using Bayesian-based techniques or
sensor measurements. Thus, the source localization processpifmization [5]. For example, a least-square inversion algo-
more robust and effective compared to, for example, sensdthm [21] and a genetic algorithm using 25 static sensors [22]
based approaches which are sensitive to measurement ndisge been used for STE. If applied in and around a nuclear
disturbances, and unsteady atmospheric conditions [4]. In fgebwer plant, an SSN can serve as an early detection system.
simulations and experiments were conducted to test the hypdtfortunately, SSN can be costly and requires initial setup time
esis that SS using the coordinated bioinspired Bayesian-based a dense grid of sensors are needed to adequately cover a
algorithm is faster, more robust, and more effective than tradiite.
tional reactive, sensor-based SS methods. In MSN, a sensor is placed on a mobile platform, such as
This paper describes three novel advances. First, by explatground or aerial robot. Then, the mobile-sensor system tra-
ing the Bayesian blterOs estimate, the nonparametric STE peoses and explores the environment for STE and SS. Although
cess and the bioinspired source-seeking motion planner becdvtfeN can be more cost effective and has greater spatial cov-
coupled, i.e., the motion planner for SS depends on the S€Eage over challenging terrain, some drawbacks include being
process through feedback of the posterior distribution. In thééower (compared with SSN) for STE and SS, depending on the
sense, the SS process utilizes the posterior distributionOsnexaber of sensors used [5]. Examples of MSN include work on
pected value of the analytical concentration gradient and wifmrmation control using the Laplacian feedback for plume track-
direction for more effective chemotactic and anemotactic big [23], remote sensing using a tunable diode laser absorption
haviors, respectively. Thus, the source-seeking process handlesctroscopy (TDLAS) based sensor for gas distribution map-
sensor noise and measurement Ructuations caused by napirag [24], [25], bimodal sensing (both concentration and visual
turbulent and/or unsteady atmospheric conditions [17]D[1®Rsed) for SS [26], a neural network based regression algorithm
Second, the multimodal nature of the posterior distribution fer environmental concentration mapping [27], and a model-
utilized for coordinated motion planning, where robots systerbased gas source localization approach using gas concentration
atically work together to investigate likely plume estimategridmaps [28].
therefore, promoting informative joint observation for quickly The beld of MSN can be divided into two main subcategories:
verifying or eliminating plume hypotheses. Lastly, the algdsoundary tracking, where the mobile sensor moves along a
rithm is validated on a novel physical experiment where a reentour of interest [29], and SS, where the robot moves in the
alistic humid-air plume, which behaves similar to a gas plumdirection of the source location [5]. For example, in [30], a
is generated to test ground robots equipped with low-cost rsupport-vector learning-based Lyapunov vector beld was gen-
midity sensors for fast, robust, and effective STE and SS. Prienated for open-loop control of robots along a desired boundary
work has tested against a similar plume source [20]; howevegntour. Boundary mapping using a swarm of agents, based on
their approach was focused on a reactive plume-tracking mettgddwworm swarm optimization, was studied in [31]. Fluxotaxis,
based on combinatorial logic with no explicit state or menan approach based on computational Buid dynamics involving
ory being used. Furthermore, their process estimated a limitediltiple robots for SS, was studied in [32]. An SS method
number of source parameters. based on particle swarm optimization is described in [2].
There are four main contributions of this paper. First, thEhree-dimensional (3-D) bioinspired SS was investigated
details of the algorithm and its parameters, along with practit [33]. An interesting multirobot approach that also generates
cal implementation considerations, are presented and discussedine topological maps is described in [34]. Additionally,

Fig. 2. Block diagram of the STE and SS motion planner.
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an analytical-based approach for optimal swarm formatidhe other hand, to enable practical estimation of a larger set of
was studied in [35] and [36]. Lastly, a multirobot-base@garameters, the proposed algorithm considers multiple robots
approach investigates spatial and temporal based bltering dod coordinates their respective actions such that robots move
gas distribution mapping [37]. Thorough surveys covering theong more informative trajectories for effective estimation of a

majority of the literature for both SSN and MSN can be fountirger set of parameters. In fact, the method described estimates

in [5], [9] and [18]. the full set of parameters of the Gaussian model with assumed
priors.
B. Bayesian-Based Approaches Although information-theoretic SS methods are coupled with

Probabilistic approaches that exploit Bayesian inference cotrr%—e STE process, the information-theoretic framework can be
. C appr b y computationally expensive [14]D[16], [38]D[41], [52], [53]. This
sider uncertainties in models and sensor measurements througB ) . . . ;
ecause information-theoretic approaches require solving

|
igh-dimensional integrals [54]. Furthermore, computation time

probability density functions (PDFs), resulting in estimates
the source terms, including source location [1], [4], [1319[16§;cales exponentially with longer time horizons and number of
robots [55].

[38]D[42]. The main advantages include producing estimal
with conbdence levels, and prior information can be incorpo- Herein, both the STE process and the control of the robots

rated into the algorithm through a PDF. Thus, modeling €36r ss are coupled, where the multimodal structure of the pos-

SEnsor noise, anq typical l_msteady atmospheric conditions ¥fior is exploited for coordination across the robot team. Such
be accounted for in Bayesian-based methods.

- tructure has received limited attention in the literature. This
The state-of-the-art approaches within the framework of S o . i

. . . orm of coordination depends on analytic forms; therefore, they

include a method that uses a particle pPlter and a weighted cen- . . . "
. . .“are less computationally expensive than coordinated cognitive
troid method for STE [43]. An STE process with progressive ; . 2
. . X . . X strategies, such as in [14]P[16], [38]D[41], and [52]. Similar
correction combined with a sequential Bayesian estimator.|S

described in [44]. Binary measurements from an SSN at an fypes of coordination have been studied [56], but the applica-

known threshold with a Bayesian blter is explored in [1] fo jon is for optimal self-localization and mapping, rather than
; ) . TE and SS as presented here.
STE. Approximate Bayesian computational methods are de-

scribed in [42] and tested against the Prairie Grass dataset. A: inally, validation and testing of STE and SS algorithms have

Bayesian-based method utilizing adaptive sampling is presenga ¢d under idealistic conditions, where the majority of re-
Y 9 P Pingisp sults have come from simulations [14], [16], [38], [40], [41],

in [45]. Dimension reduction by RaobBlackwell methods for agi% [52], using datasets [1], [5], [15]. [39], [42], or experiments

SSNis investigated in [46]. For MSNs, a hidden Markov mod ; . .
. . . . ve been conducted in well-controlled environments, such asin
is used for plume mapping as described in [47] and [48], ang”,

then tested on a REMUS autonomous underwater vehicle [4, pind tunngl [.23]’ [33], [571P[59] or enclosed space [3.5]’ [36], .
. : . 60], [61]. This is the case because safely creating spatial chemi-
In [4], a tracing-behavior-based motion planner was used

n
parallel with a particle blter for STE and SS. A nonparametric

cal distributions is challenging, and it is difcult to verify results
. . . ) . . hen ground truth information about the experimental chemical
mutual-information-based motion planner is described in [1 . . . .
. i : . release is not readily available [62], especially for dangerous
and [15]. Various cognitive strategies comparing the use of dif- ) ; . -
: A : : ubstances. Thus, many studies have involved simulations, or
ferent metrics quantifying information are presented in [16,

[38], [39], and [41]. A coordinated information-theoretic ap-he experiments have been conducted on a reduced scale in a

roach based on@yi divergence is considered in [50] Wheré/vell-controlled environment. In contrast, a novel experimental
b Y 9 ' aratus is described that generates a safe humid-air plume that

the robotOs optimal inputs are asynchronously computed, aﬁﬁ . Lo
: . . ehaves like a gas plume for conducting rigorous laboratory ex-
thus the infSuence of joint observations are not accounted for.

. . L . aperiments. In place of chemical concentration sensors, robots
Information formation control was applied in [41]. Finally, : . o :
are equipped with low-cost humidity sensors. Experiments are

pseudo-gradient-based motion planner (inspired by Braltecndnducted in a laboratory environment with typical unsteady

berg vehicles [51]) and particle-Plter-based source glecle_lratlon ospheric conditions due to the building air-conditioning sys-
method were used on a quadcopter platform as described in [@; and the plume is also distorted using an obstruction and a fan

C. Advancements Above the State-of-the Art to study the algorithmsO limitations and impact on STE and SS.
The majority of existing methods estimate a subset of the |II. ESTIMATION, MOTION PLANNING, AND CONTROL
parameters for various plume models [4], [13]D[16], [42]D
[44], [48] while often assuming meteorological data or using’
experimentally-determined parameters, to reduce the dimenThis section describes the technical details of the coordinated
sionality of the STE process. These methods yield good p&ayesian-based STE process that is combined with bioinspired
formance when a single mobile sensor is used to localize taetions for SS. Ultimately, the algorithm enables a team of
source [4], [13]D[16], [39]. Also, in previous works, the desigmobile robots with sensors to systematically explore an area of
of the estimation process and control algorithm for a robot teanterest for effective STE and SS. More specibcally, as robots
is performed separately [4], [13], [48]. This may work well formove, they estimate the parameters of a Gaussian plume model,
low-dimensional STE, but performance is limited in the gerwhile atthe same time, attempt to move toward the plume source
eral case when the parameter space becomes I8 On through bioinspired actions for SS that are informed by the

Overview
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model generated from the Bayesian-based STE process. What Zp Plume

is distinct and unique about this algorithm relative to the state Wind vclocit};\\ y/ S"“‘CZ ‘

of the art is the use of coordination between robots for STE, and - S L\ i Congentration profiles
the bioinspired motion planner uses the output of the Bayesian v

estimator, rather than direct sensor measurements. As will be e

shown in simulations and physical experiments, the results show™
fast, robust, and effective STE and SS compared to traditional Y%
bioinspired SS methods that rely on direct (or Pltered) 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 function, (¢,x), are used by the particle
plter and bioinspired SS motion planner. Specibcally, the fdrig- 3. Re[?resentation of a passive-scalar plume where the world frame is

. . L . . denoted by (zw , yw , zw ), the plume frame is denoted B(zp , v, zp ),
mer recursively updates the posterior distribution with the Iatqﬁe; source [located ai(, y,)] exits from stack of height.  the wind velocity
sensory information from the robot team and the latter produc@stor is denoted by, which is colinear to the:p, the anglef of which is
adesired heading/location to move the robots. The particle plfegasured from theyy -axis tox p . The time-averaged behavior of such plumes
is initialized with a prior distribution that incorporates domairt approximated by the Gaussian plume model.
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. techniques and are capable of handling nonlinear sensor mod-

A centralized fusion architecture is assumed with all-to-afilS @nd mulimodal distributions [68], and thus have been used
communication, similar to that in [41] and [50] and furthefor STE [3]. In this paper, both the concentration gradient and

explained in [63]. It is pointed out that the robot dynamics arHind d_irection are not directly observable, bgt are estimated by
not considered because the sensing model is designed arouidP&rticle Plter. In fact, only the concentration measurements
steady-state plume. Interestingly, it is shown that the approeﬁrl‘? used to estimate both the concentration gradient and wind

works well even when tested in simulation and experimerftdéction.
against an unsteady and dynamic plume. _
A proportional-derivative-integral (PID) feedback controlleB. Gaussian Plume Sensor Model
is utilized to drive the differential robots to the desired locations, The Gaussian plume model is used to represent the time-

which results in new measurements with respect to each rOb&!ierage spatial distribution of a plume. The STE process esti-
This process is repeated until robots converge onto the soufgtes the parameters of this model, and the bioinspired motion
or when sufbcient time has elapsed for the algorithm to run. pjanner utilizes this model. Fig. 3 shows a representation of a
Herein, chemotaxis (such as BRW) and anemotaxis (Suchfgsive-scalar plume, where gas exits from a stack (of height
SC) bioinspired methods are chosen because, brst, thesezgpand is transported downwind. The downwind velocity (in
proaches are simple and commonly applied, and the objectjy@ ;. ,, direction) is denoted by; and the wind anglé is mea-
is to enhance these commonly used approaches. Secondsfigd from thery;, -axis of the world frame to they-axis of the
BRW and SC are two fundamentally different bioinspired metrpﬂume frame. The diffusion terms in the andzp directions in
ods. Thus, it is desirable to study the enhancement of these g plume frame are given b, and D., respectively. Along
fundamentally different approaches. Thirdly, bioinspired mfatlfhe zp direction, the diffusion termD, is assumed to be
ods are chosen over raster-type scanning methods (e.g., Ol@#gtigible due to advection. The time-averaged behavior of
mowerO scanning [64]) because scanning methods do not t@l@y physically-observed plumes can be represented by this
advantage of the STE process and can be inefbcient in certgifgel [43], [69], [70], where concentration probles are shown
situations. Finally, the algorithm described can be incorporatﬁsg[:ig_ 3.
with other motion planners. The Gaussian plume model is obtained by solving a simplibed
Although traditional chemotaxis and anemotaxis bioinspirqpansport equation. Neglecting diffusion in the direction and

SSactions can be effective [13], [17], [18], [65]P[67], techniqueting that advection dominates, the transport equation is given
such as BRW rely on the ability to detect smooth concentratigyy [71]

gradients that reliably and consistently point toward the source
location [18]. Likewise, in SC wind direction measurements dc _ 9 dc 9 ﬁ —w e _ (1)
(e.g., measured using anemometers) are needed for effective 9t  dyp 'Oyp  Ozp Ozp  Oxp

surging. Sensor noise and the stochastic nature of Chemi&'g‘kuming steady-state conditions and assuming no degrada-

and gas plumes (caused by turbulence and Buctuations in atfig; it can be shown that the solution to (1) takes the Eulerian
spheric conditions) can render BRW and SC methods inefbciggym, [71]

or worse, ineffective [5], [18]. One approach to address this

challenge is to exploit a particle blterOs estimate rather than re- 2p)= Q oxp [ — @ é
lying on direct (or bltered) sensor measurements. Particle pPltet poips=p dTxp \/m P dzp \D, D,
approximate Bayesian blters through sequential Monte Carlo (2)
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where the domain is the 3-D position of the robot as describedThe following assumptions are made.

in the plume frame an@ represents the release rate. Although 1) A single plume source exists in the search (parameter
this representation is slightly different than the Gaussian plume  domain.

model described in [72], both of these representations are esser) The state (position, velocity, etc.) of thith robot at time
tially the same, where they differ only in the parameterization  stepk, denoted by, € 27, is known.

of diffusivity [72]. Here, the mapping,, : Z" — R, , where 3) The unobserved variables are a Markov process with
2 C R3 is the domain of the robot(s) described in the plume  known prior distributionp(ag), which undergoes state

frame. transition described by the conditional probability
The Gaussian plume model assumes the following. p(ag|ai—1). However, for static parameter estimation,
1) Emission of the source is at the origin; the source is con-  an artibcial state transition (AST) is utilized, which is
tinuous and constant. common for constant parameter estimation [76].
2) The terrain is relatively Rat. 4) Both the state transition and likelihood models are
3) Homogeneous turbulence with constant mean velocity in ~ assumed to be stationary models.
time and elevation. 5) All parameters are stationary, henge = «; 1, Vk.
4) Inbnite Buid and stationary. 6) Sensor observations are conditionally independent given
5) Diffusivities are constant. the random variabley, .
6) Nonreacting and nonbuoyant plume. 7) Sensor observations and robot positions are available to

7) Gas is reBected and not absorbed by the ground surface. all mobile-sensor platforms for data fusion (ignoring time
Like all STE methods, the goal is to estimate the unknown  delays and bandwidth limitations, similar to the work
parameters of the model given by (2), specibcally to bnd the set in [41]).
of constant parameters = {xz;,ys,2s,Q,v,0,D,,D.} € The posterior density can be represented nonparametrically
o/ C RS. Note that the parameters that describe the positibly n,, particles through a generalized probability distribution
of the source and the downwind direction, ie,, v, z,, and function given by
0, respectively, are created by using the appropriate homoge- ",
neous transformatio 7}, from the world frame to the plume plag|zox) ~ Z wj,6(ou — ) (3
frame [73] and through the principle of superposition as de- =
scribed in [71]. Additionally, the proposed approach estimates ) ) . o
~-related components of the model (and D.), even though whered(-) is the Dlrac Delta functlpn. Therefore, the minimum
robots are restricted to move in a 2-D plane. It is believed th&€an squared estimate (MMSE) is depned as

allowing for 3-D traversal will help minimize ambiguity and o
increases accuracy in the estimate. Q= / aep(ag|zo.g ) doy, ~ Zw;a;. (4)
The dynamics of realistic plumes have been observed to ex- L i=1

hibit instantaneous Ructuations that can deviate from the Ga?ﬁ'rough the principle of importance sampling, the weights in
sian plume model [74]. However, this model is chosen becau@g are recursively described by [68]

of its simplicity and it is computationally efpcient [5]. _ o
i i p(z |y )p(ag ey, )
Wy, X Wy, _q ; 7
(o |y, 21)

®)
C. Particle Filter Design

Particle Plters are used to estimate unknown dynanfifherea(ailaj_,.z;) is the proposal distribution, which is
parameters and states based on prior knowledge and BB0Sen to b@(alaj ;) for simplicity. Thus, (5) becomes
servations [75]. These blters can handle nonlinear variable
evolution, non-Gaussian processes, and multimodal distribu-
tions [68]. Thus, they are well suited for estimating dynamighich is an update for the importance weights. It is pointed out
and constant variables, and therefore employed for STE that other types of Bayesian blters can be used.
this paper. Taking into account Assumption V, an AST is added to avoid

To begin, the following notation is used. The subscripiegeneration, aswell as other problems with particle blters (such
k € Z_ denotes discrete time instances whiere 1 represents as sample impoverishment) [77], [78]. The AST is implemented
the previous time instance. The measurement history is deno#da zero-mean multivariate normal distribution sampling pro-
by zg.; = {2...21 }, wherez] denotes thejth robotOs sensorcess debned ag’(0, %), whereX is ann, x n, covariance
concentration measurement value at time ste@he unob- matrix. More specibcally, it is chosen such thais dependent
served random variable is denoted dy € <7 C R"~, where on the standard deviation of the particle set, B&q,. ;).
</ is the parameter domain amg = 8. The observed random The likelihood model estimates how likely a concentration
variable isz, € % c R"+, with a likelihood model described measurement is for a given plume model estimgefor the
by p(zi|ay), wherez, = {z),z;,...,z.* }. The bnite set of ith particle) and is chosen as
n, € Z, weighted particles is represented fy. };*,, where .

TS {a%.nThe set of normalized impprtance weights is denoted p(z;.|al) = H’/V(zi?ca;; (P'X,i) 774(0(1’%0)11{)) @)
by {w}. },”,, where}", w;, = 1 andwj, € [0,1]. I

wi, o wh_1p(Zk|at) 6)
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where a normal distribution”(z; i, o) is utilized, andz, p,
and o represent the random variable, mean, and standa

Adgorithm 1: Particle Filter Algorithm.

deviation, respectively. In (7), the term 1 Initialize particles and weights
_ 2 begin
o (Pij) _ Eq (2), if"2z, >0 ®) 3 Move robots: Section III-D
Y k 0, otherwise 4 Take measurements: z;
5

_ _ _ Inflate particles: o | ~ z/V(a,i,Z(G{a;;}))

represents théth-time _step predicted concentration Measurg- | Update and normalize weights: Eq. (6)

ment, for theith particle ;) and the jth robotOs posi- , Resample particles: Systematic resampler

tion (WxJ € 2°) described in the world frame, which iss | Repeat

then translated and rotated to tith particleOs plume frame
Pixl =P Ty Wx{;,). Additionally, 7" 2] is thez-position of

the jth robot debned in théth particle®s plume frame. Thiglanner to move the robots to change their location (for sensing)

process is needed to account for the singularity of the Gausstgfe Algorithm 1, Line 3). Bioinspired motion planners mimic

plume model. the way insects and other animals localize food, predators, and
The simple normal likelihood model given in (7) with a conpotential mates [18]. Common strategies for these movements

stant noise standard deviation is commonly used in related wotkglude surging, casting or gradient-based traversal, which are

with success [42], [43], [79]. It is noted that the approach is ngs follows.

specibc to any likelihood model. In fact, performance increasel) Gradient-based traversal: Move in the direction of the

is expected when choosing a long-tailed distribution [42]. The  steepest gradient (similar to Braitenberg vehicle [51]).

majority of likelihood models have design parameters and for2) Surging: Move upwind in the presence of a plume.

this paper, the normal likelihood®s deviation must be chosen of) Casting: After losing the plume, translate side-to-side or

estimated. For example, in [79], a piecewise deviation model  Zig-zag (perpendicular to the wind direction) to reacquire

was used that includes interferences with obstructions such as the plume.

walls. Also, in [80], a piecewise deviation model was used to The particle blter STE algorithm is combined with the myopic

incorporate sonar and IR-based range sensor behavior for sefosor-based BRW and SC algorithms with bxed traveling steps

localization in a crowded museum. Likewise in the STE domaifi€noted by!.

one can imagine that the likelihood model is dependent on thel he uncoordinated and coordinated BRW and SC algorithms

level of concentration or wind probles. However, this is likely tgre described as follows.

be dependent on the type of sensor used and is out of the scopp Uncoordinated BRW Algorithm: BRW is a gradient-

of this paper. Thus, the likelihood deviation is chosen only fased (chemotaxis) strategy, inspired by bacteria [81]. For ex-
be a function of the posterior. Specibcallyy ... ,. 4).1), With ample, the mobile robotic sensor traverses in a bxed direction

r:R3 — R, is given by until lower concentrations are detected, at which point the robot
proceeds in a new and random direction with bx distahse0.
However, plumes with turbulent behavior result in dynamic
gradients [5], and therefore, following this OpseudogradientO
] ) can often be misleading in nonsteady-state and turbulent condi-
whereo (.., . 0).x = 10z, k> 0y, k> 06,k } IS the vector of (Circu- ions [18], [19].

lar) standard deviations, artic R is aninitial noise standard 14 gyercome this issue, the BRW algorithm is modibed to uti-
deviation value. Hereg) denotes the standard deviation of thg e g analytical gradient computed from the Gaussian plume

n

parameter(-) across the particle ensemble, i.€(;);.};”y. It model informed by the STE results. However, initially the ana-

is noted that- is dependent on theth (circular) standard de- ytical gradient can still be misleading if the MMSE has an error,
viation of a particle-setOs source position and wind directiQyally due to multimodal posteriors or initial uncertain priors.
Equation (9) allows the particle plter to be less conservative ggyhile following a misleading MMSE gradient and robots do
the particlesNspecibcallyz,, y;, )Nbecome more clustered. not obtain informative sensor measurements, then the particle
The particle-plter algorithm is outlined in Algorithm 1, wherester®s posterior and MMSE will remain relatively unchanged.
a systematic resampling method is used (see line 7) becausgniérefore, robots can get stuck at the highest concentration of
is a low variance sampler and has linear comple#ityV) [68].  the MMSE, even though sensor measurements are relatively
Also, resampling depends on how degenerate the particle §@fall. To overcome this issue, the algorithm begins by utilizing
is, l.e., if Neyy = m < Ni, then the particle set is traditional BRW methods until more precise estimates of the
resampled. ‘ wind direction @) are obtained by the particle blter. The esti-
mated is considered precise if the particle (circular) standard
deviation (denoted asy, for the parameter of intere#), is
D. Bioinspired Motion Planner Design within a predebned valug,,..,, where this value is referred to
gas the switching threshold, i.e., behaviors switch when

\|U<z. Ys 0).kH2
| ~R 9
roenns) =R e e ©

The patrticle plter algorithm (Algorithm 1) is used for ST
and the results of the STE are used by a bioinspired motion 9 < Bires. (10)
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= ~ % ([a,b]) denotes that variabis sampled from a uniform
distribution within the limitsa, b].

Algorithm 2: Particle Filter Biased-Random-Walk.

1 begin 2) Uncoordinated Surge-Cast (SC) Algorithm: The second

2 for j <n. do bioinspired algorithm considered is based on an SC approach,
3 if 09 < O/pyes then which is inspired by the movement of male moths Rying in
4 t WW]{:Eq_ (11) windy and turbulent plumes [82]D[84]. These insects mea-
s else sure the wind direction and chemical concentration for moving

through the environment. This method is an anemotaxis-based

¢ if g > Zﬁ’{—l the.n approach that generally takes advantage of sensed local wind

7 vi= v, direction [17], [81]. However, local wind measurements can be

3 else sporadic, thus misleading. Furthermore, instead of adding more

0 L W‘lfj ~([0,27]) sensors, which in_greases weight and power c_onsg[nption, this
k ’ motion planner utilizes the MMSE of the wind directi@ppro-

L vided by the particle blter STE. Note that the particle Plter can
Result: {Vx/ | Wy ) = (V! +deos(" wi). Wyl +dsin(” wi)} 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

Algorithm 3: Particle Filter Surge- Cast Algorithm, direction, d,.. Afterward, when the robot can detect the plume

above a desired threshold concentration, the robot surges up-

1 begin wind. If at any point during the surging process, the robotOs

2 for j <n. do concentration measurement drops below the threshold value,

3 if 09 < O;pres then the robot casts perpendicularly to the wind directién to

4 | run Alg. 2 reacquire the plume. The MMSE estimatg is exploited to

5 else determine which direction to cast, i. é’yk can be used to de-

6 if zk > Zihres then termine the robotOs position relative to the MMSE of the plume.

; t vl — 6, The proposed combined Bayesian-based STE and enhanced SC

k algorithm is described in Algorithm 3.

8 elsew ' . Although the uncoordinated bioinspired methods are ex-

9 t vl = ék—sign(”y,{)g pected to outperform traditional bioinspired methods, some
L challenges still remain. First, these algorithms require tuning as

to when to trust the particle PlterOs MMSE through the threshold

Result: {Vx/ Wy g = ij-i-dcosw j7W j+dsinW J . L.
5tsrder Vinae} = T3 (i) 0 C v} of the standard deviation of the parameitgr..s. Second, mov-

ing robots with respect to the MMSE estimdig often leads
to redundant spatiotemporal measurements. Thus, the coordina-
The switching thresholé, .. is utilized by the BRW and SC tion process described next aims to address these issues.
algorithms (Line 3 in Algorithms 2 and 3) presented ahead. ~ 3) Coordinated BRW and SC Algorithms: One often disre-
Once an estimate is deemed Oprecise,O the headifiy 2] garded advantage of the particle Plter is its ability to express
(in the world frame) along the gradient of the particle blter@giltimodal posterior, where the MMSE can be misleading,
MMSE, G, is calculated by (11) shown at the bottom of thise., &y is inaccurate. Multiple modes can often occur due to

page where ) ( denotes the partial derivative withthe nonlinearity of the likelihood model, especially if the sen-
sor model is not injective or one-to-one. Modes of the particle

respect to thfép ) vanable (in the MMSEOGs plume frame) angter represent likely, but distinct, models that reRect the sensor
is dependent on the position of each robot. measurement history, similar to the MMSE.

The direction of this gradient tends to lead to higher con- Coordinated bioinspired motion planning between multiple
centration measurements (when the estimate of the wind gihots is achieved by enabling each robot to investigate a dif-
rectiond, is accurate) which can be benebcial for the particgrent hypothesis (mode) so that they can either be ruled out or
blter estimator. For the partial derlvatwp to be considered more thoroughly. More specibcally, moving along
bounded (i.e., not equal t&cc), the z- posmon of the robot the modal estimated concentration gradient and the modal wind

relative to the plume frame must be nonnegative. The propogétgction promotes informative measurements  that reduce the
combined Bayesian-based STE and BRW algorithm using tpesteriorOs uncertainty. It is believed that optimal information-
ana'y“ca' grad|ent is presented in A|gor|thm 2.1n A|gor|thm 2‘;he0ret|c methods result in similar behavior Compared to the

W, o (Pyi o (Pyi if P i
W atan2< Tp {cm“] ( xk)  Clag P y] ( xk)} ), if “a; >0 (1)

Head toward{Z; i, Js.}, otherwise
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proposed coordinated approach, but with the distinct advan Izorithm 4 Coordinated Biased-Random-Walk
tage of not having to optimize over the posterior, which can bégerithm 4: Coordinated Biased-Random-Walk.
computationally expensive especially for nonparametric poste-begin

riors [85]. In fact, the computational complexity increases as te | run K-means algorithm
robot team and time horizon increases [85]. Result: {¢4}}%,
In comparison to uncoordinated methods, insteagkoach 3 | run Hungarian algorithm
robot is assigned a mod&, from the posterior distribution. Result: {&; "},
This strategy can then provide differentNwith respecatopN 4 | for i <n_ do
analytical gradients and wind direction estimates to follov, t Wy/]i =Eq. (12) (with optimal assignment)

using the same algorithmic structure as presented before in
Sections 111-D1 and 111-D2. For example, (11) becomes (12) Result: ("} 00"yt o} = (¥ +dcos(" ). Wy +dsin(" y))
shown at the bottom of this page,
wherei denotes the index assignment from initial mode order-
ing. Itis emphasized that' and P’ denote theéth mode and this _Algorithm 5: Coordinated Surge-Cast Algorithm.
notation should not be confused with and P?, which refers 1 begin
to theith particle, as described in Section I1I-C. 2 run K-means algorithm
Optimal mode assignment is achieved by a Hungarian algo- | Result: {d,ﬁ}l’.’;o
rithm [86], in terms of the sum of relative distances from each | run Hungarian algorithm

robotOs position to the source location of each mode, i.e., Result: {&/ ()%
4 for i <n; do
n. , 5 if 72 > 7505 then
. ) i —J1i] k thres * ™
J' = argmmlepern({(),1....,71;}) (Z ||X;€ -y |> (13) 6 t Wl,lf;c = 9,{ (i
i=0
l 7 else
_ Wi — 671 _ gon(P 0 iy
- o o =6/l z
where ak]m = {20/ %t = {ai,4i}, and J and J* : s t Vi =% sign(" 3)2

Z. — Z. denote a single permutation of all possible mode Wi W W W W W

. ) : .~ Result: {Wxi,, Wy ={"xi+d Dy tds :
assignments and the optimal mode assignment, respectively " T rder Viernaed = T eosC w). Ty dsinC v
Therefore, optimal assignment of (12) simply becor‘ﬁe@,’ Uy

In this case, optimal mode assignment is needed to preven . . L .
o P ASSIgNM 10 prev Irhe coordinated versions of the bioinspired algorithms shown
switching of the mode ordering, which can cause indecisive

robot trajectories and inefbcient coordination. in Algorithms 2 and 3 are presented in Algorithms 4 and 5,

Unfortunately, expressing the modes of a continuous posterfg?pecuve'y'

distribution analytically, let alone the nonparametric forms, can
be difbcult. Therefore, d(-means cluster algorithm is used
to approximate the modes of the posterior, with respect to theTo study the performance of the proposed STE and SS algo-
number of robots, which must be known beforehand [56], [87ithms and to test the hypothesis that the proposed algorithms
Herein, it is assumed that the number of clusters is equal to the faster and more robust and effective compared to traditional
size of the robot team. Although it is possible for the posteritnioinspired approaches, simulations and experiments involving
to have more modes than the number of robots, this assumptignto eight mobile robots are conducted.

compresses the posterior distribution into likely estimates.

Future work will study the problem when this assumption i&. Smulation Details

relaxed. . . Two plume simulators were developed to test the proposed
The clustered particles represent an approximatenodes.

Itis emphasized that there is no need for the switching thresth%proaCh' The b_rst usesa cla}ssmal steady—stgte Gaussian plume
(Binres) for the modes(6?, 6}, ..., 07 } (as opposed to Uncoor. model, as described in Section 1ll-B, which is referred to as

dinated methods for the MMSE), because having each rokgg? Gaussian enwr_onment. Then, to fu_rther study the perfor
) . ; mance of the algorithms on a more realistic plume, the second
investigate spatially separated plume hypotheses (modes) en- . . .

. . . >’ simulator uses the quick urban and industrial complex (GYIC
courages exploration, which helps the particle blter to elimina & persion modeling tool [88]P[91]. QUIC is an easy to use
or promote modes of the posterior. Overall, coordinated methoda’ g ' 4

do not require traditional bioinspired methods and the switching
threshold. 2QUIC is available upon request.

IV. SIMULATION AND PHYSICAL EXPERIMENT DETAILS

i

w Piyi Piyi if P
w w; _ atan< TP’ [c[di Ll ( ij) ’ C[d;‘, Ly ( X;f)]) ’ if m}q >0 (12)
Head toward” z. ,, "' 4. ,, otherwise
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TABLE |
PARAMETERS FOR THEQUIC SMULATION

Wind Profile: Logarithmic, Wind Angle: 180°, U,y =2.67 m/s, Z, = 0.0l m, Z,y =1 m, 1/L =0, Agent: Ideal Gas, Source Type: Basic, Release Type: Continuous
Start=0 s, Source Strength=830 mg/s, Source Geometry: spherical shell, Radius=0.076 m, x;, =2.5m, y,=0, z,=1m
Collecting Box lower and upper limits: X=2.5 m-7.5 m, Y=2.5 m-7.5 m, Z=0 m-5 m, Collecting Box Resolution: X=0.025 m/cell, Y=0.025 m/cell, Z=0.05 m/cell,
# of Particles=7500000, Time Step=0.1 s, Duration=75 s, Conc. Avg Time=0.5 s, Wall Z_0=0.01, Height AGL=2 m, Temperature=293 K, Relative Humidity=0.3

TABLE Il
SIMULATION DETAILS: PARAMETERS
Si ion parameters
o = x, € [0,100], y, € [0,100], z, € [:25,2.5], O € [.100,.250],v € [4,10], 6 € [0,27], D, € [40,65], D; € [0, 1.0]
Max time step = 150, p(at) = % (), n, = 10000, N; = n,/2, R=0.15, U = 0.15, W =60, d =5 m
¥ = diag({0.10,,,0.10,,,0.10,,0.0509,0.055,,0.164,0.020p,,0.10p.})
e = {50 m,8.5 m,0.35 m,0.225 kg/s,5.5 m/s,90°,60 m*/s,0.01 m~/s}
UC BRW:[Bpres = 0.95, Zuirey = N/A), C BRW:[Orres = N/A, Zunres = N/A)
UC SC:[Bhres = 0.95, Zrhyes = 0.35], C SC:lByhres = N/A, Zthres = 0.35]

uninformative uniform prior is used. The number of particlgs

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 threshdig is chosen to bey, /2

as in [4]. The initial likelihood covarianc® is dependent on
o4 Simulat ) ilustrating th o iterest bl the measurement domain. Choosing this parameter affects how
Sotrce, simulated plume concentration contours, and two starting conpguraipead out the normal likelihood model is. Letting this param-
for the robot teams: (1) side conbguration and (2) downwind conbguration. €ter be large makes the particle Plter more conservative, i.e.,

slower to converge and more immune to noise. In the prediction

step of the patrticle blter, the AST paramefeimfZuences how

far the particle plter should explore the parameter state space
tool that computes 3-D turbulent atmospheric boundary-layleetween time steps. This essentially inBuences how fast the par-
wind Pelds using a mass-consistent wind model and solveticke Plter forgets likely particles. Hereirt; is chosen to be
simpliped form of the Langevin equations to compute the ashdependent of other parameters, but dependent on the specibc
vection and diffusion of passive scalars in a Lagrangian refarameterOs standard deviation from the particle set to encour-
erence frame [88]D[91]. QUIC can compute complicated 3-&ye large exploration, whereas the particle Plter is uncertain and
dispersion belds in urban environments, but it is used hereléss exploration when particles have become more clustered.
produce a more realistic time-dependent plume over Rat terrairiThe guidelines for choosing the parameters of the bioinspired
by modeling the stochastic nature of real plumes. This secomation planner are described as follows. The switching thresh-
case is referred to as the QUIC environment, and the values &dt 6,,,,.; is set to be the same across all motion planners for
the parameters used in the simulation are shown in Table I. fair comparisons between all simulations and experiments. In

Both simulators were developed using Python and the rolmrticular, this parameter inffuences when the robots trust the
operating system (ROS) [92]), on a computer with 64-bit UbunposteriorOs MMSE to follow. Therefore, by setting this value
16.04 LTS install and AMD FX(tm)-8320 eight-core processohigh may result in robots following and converging to an incor-
The number of robots varied between one to eight. The simutact MMSE, which is the major cause of failure of the uncoor-
tion environment is an obstacle-free 10400 nt area, where dinated approach. On the other hand, by setting this value low,
robots start equally spaced apart (at a distdfycas depicted robots never satisfy this threshold and, therefore, never follow
in Fig. 4. The bgure also shows two example starting conbiffe MMSE and only rely on traditional bioinspired actions. The
urations of interest: brst, side conbguration where robots gr@ametee,,,.s should be chosen based on sensor characteris-
arranged in a line parallel to the wind direction and major axtecs and the contaminant to be sensed, e.g,.s iS set to be
of the plume and second, downwind conbguration where robatsthe maximum base humidity level of the experiment envi-
line up downwind of the plume source, but perpendicular to thenment with no humidity (see Fig. 5). Lastly,describes the
wind direction. The two conbgurations approximate challendistance step length between observations. This value should be
ing (side conbguration) and simple (downwind conbgurationhosen such that the robot is given enough spatial separation
scenarios for the robots. between the previous measurements.

The particle blter and bioinspired motion plannerOs parameThe parameters for the simulated (unknown) plume are also
ters for the simulation can be found in Table Il. Herei,and given in Table Il asy,... Each robotOs simulated observations
its prior p(ap) can be chosen based on prior knowledge, fare sampled independent and identically distributed (i.i.d.) from
example, knowing the source is located inside of a prescribad unknown Gaussian plume model with an additive zero-mean
boundary. If the unknown release is completely uncertain, th&aussian noise and a standard deviatioli ¢§ee Table I1). The
an uninformative prior [93] should be chosen. For this paper, &ikelihood modelOs noise standard deviation is giveR ltgee
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