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Abstract

This paper demonstrates the application of oc-
cupancy grid mapping to autonomous robotic
chemical plume source localization. We formu-
late the chemical plume tracing problem as one
of resolving an occupancy grid map of candi-
date plume source locations. Our method’s sig-
nificance is its applicability to scenarios with
multiple plume sources. We demonstrate the
method on hydrothermal tracer data collected
by an Autonomous Underwater Vehicle (AUV)
in the field. The resultant maps indicate both
coverage and likely vent locations.

1 Introduction

Potential robotic applications for chemical plume trac-
ing include [Russell, 2001] pollution and environmental
monitoring, chemical plant safety, search and rescue (fa-
cilitated by tracking carbon dioxide plumes emitted by
survivors), explosive ordinance removal, and deep sea
hydrothermal vent prospecting. Chemical plume trac-
ing algorithms that have been implemented on robots
or designed for them range from concentration gradient
ascent, to biologically inspired algorithms [Farrell et al.,
2005; Grasso et al., 2000; Kuwana et al., 1995; Naga-
sawa et al., 1999; Ishida et al., 2001; Consi et al., 1994;
Lilienthal and Duckett, 2003a; Balkovsky and Shraiman,
2002], to model-based strategies that estimate source
location along with other plume parameters [Ishida et
al., 1998; Christopoulos and Roumeliotis, 2005a] or that
build maps of probable source location [Pang and Far-
rell, 2006; Lilienthal and Duckett, 2003b], with some
work also exploring multi-agent cooperative approaches
either biologically-inspired [Hayes et al., 2002; Ferri et
al., 2006 or model-based but with the advantage of dis-
tributed sensing [Christopoulos and Roumeliotis, 2005b;
Zarzhitsky et al., 2004]. Kowadlo and Russell [2008] pro-
vide an extensive overview.

Existing solutions do not adequately address a key
aspect common to many real-world applications: an
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initially unknown number of potential plume sources.
When an unknown number of sources (possibly zero)
exist within a prescribed area, the task becomes one
of finding them all and, most importantly, confidently
declaring that no further unlocalized sources exist in the
environment. For instance, a robot monitoring a chemi-
cal plant for leaks should not only be able to rapidly lo-
calize a leak once detected, but should also actively avoid
resampling the same potential leak sites in order to con-
duct its patrol as efficiently as possible. For routine leak
monitoring, the most likely outcome is that no plume
sources exist—a conclusion that should be reported with
an associated notion of its certainty. Other scenarios in-
trinsically involve a search for multiple plume sources:
A navy may wish to be confident a harbor is completely
free of mines. Likewise, the search for survivors following
the collapse of a building should proceed until no reason-
able chance exists to find additional plumes of respired
carbon dioxide.

These examples illustrate that when an initially un-
known number of chemical sources might be present in
the survey domain, it is often important to find them all.
The aspect common to both inherently multi-source sce-
narios and scenarios like routine leak detection monitor-
ing, where zero or only a single source will typically exist,
is a requirement to assess coverage. Probabilistic assess-
ments of coverage are key to ascertaining what portion
of an environment has in fact been adequately searched.
Coverage, if computable in real time, also makes adap-
tive exploration possible and could yield many-fold im-
provements in survey time over dense regular sampling.

Hydrothermal vent prospecting, the chemical plume
tracing application studied here, consists of inferring the
location of sea floor vent sites from water-column mea-
surements of the emitted plumes. It is an inherently
exploratory task, and assessing coverage is therefore a
key component. Furthermore, multiple vent fields often
occur within hundreds of meters of one another on ge-
ologically active sections of sea floor rift valleys. Our
map-based approach to chemical plume source localiza-



tion was developed to satisfy both requirements.

2 Approach

Our approach to chemical plume source localization
utilizes occupancy grid (OG) mapping [Elfes, 1989;
Moravec and Elfes, 1985] to create maps of likely source
locations and, critically, also to indicate locations un-
likely to contain sources. The latter aspect enables maps
produced using our method to indicate coverage, a prop-
erty possessed by cellular decompositions of the environ-
ment, of which OGs are but one example [Choset, 2001].
We redefine the binary state of grid cells to denote the
presence or absence of an active chemical source. Be-
cause OG maps explicitly represent empty space with
a degree of confidence, maps can be used to assess not
only probable source locations but also whether a survey
area has been adequately searched, i.e. whether there are
likely to be any additional sources.

OG maps were originally developed to integrate suc-
cessive measurements from low-cost but noisy sonar
range finders' into a consistent map encapsulating the
robot’s uncertainty about its environment [Martin and
Moravec, 1996]. In our approach, the plumes them-
selves become the sensors used to infer the locations
of their sources. Plume detections imply nearby or up-
wind sources, but non-detections also serve to constrain
source location by reducing the likelihood that a source
lies nearby or upwind. Since the spatial relationship be-
tween where a plume is detected and the location of its
source is inherently uncertain, using plumes as noisy sen-
sors demands a stochastic mapping approach.

Both Pang et al. [Pang and Farrell, 2006] and Farrell
et al. [Farrell et al., 2003] use model-based probabilistic
reasoning to learn source location on a grid-based repre-
sentation of the environment akin to that employed here.
Our method owes its inspiration to Bayesian methodol-
ogy first described in Pang’s PhD work [Pang, 2004] for
learning the state of a binary random field of the possi-
ble locations for a plume source. Our work represents a
significant extension that applies to environments with
an unknown number of sources. The difference is sig-
nificant because assuming a single source represents a
powerful constraint on the state of the environment that
enables inferences to be made about the environment in
its entirety regardless of the portion of the environment
actually observed. Consequently, maps built assuming a
single source do not indicate coverage.

Our approach necessarily relies on a model for plume
behavior. Model-based approaches to robotic chemical
plume tracing that rely on measured concentration are

In fact, much of the “noise” in data from these sen-
sors can be attributed to deterministic physical phenomena
[Leonard and Durrant-Whyte, 1992].

prone to performance limitations that stem from the slow
convergence, in turbulent plumes, of statistics based on
mean concentration [Liao and Cowen, 2002]. Our ap-
proach does not attempt to infer anything from mea-
sured concentration, and instead relies exclusively on
binary detections and non-detections of plume effluent.
Following the work of Farrell and Pang et. al. [Farrell
et al., 2003; Pang and Farrell, 2006] we model the likeli-
hood of plume detection as a function of advection and
the relative location between the source and detector.
In isolation, such measurements are sufficient only to
constrain source location to lie at an unknown distance
upwind.? The OG map provides the mechanism for fus-
ing multiple measurements from different locations and
times into consistent estimates of source locations. We
note that while models are necessary to create maps,
mapping itself does not preclude the use of biomimetic
or other trajectories, and furthermore [Pang and Farrell,
2006] that maps are useful especially when other search
algorithms fail.

A defining characteristic of chemical plume source lo-
calization considered within the context of occupancy
grid mapping is the small number of cells expected to be
occupied by active plume sources. From a Bayesian per-
spective, the prior probability of occupancy associated
with each cell is much lower than is typical in OG maps
constructed from laser or sonar range-finder data (e.g.
[Thrun et al., 2005]). In this work we employ a map
update rule [Jakuba, 2007] different from the classical
Bayesian map update rule described in [Elfes, 1989]. The
maps produced by our algorithm, in the context of multi-
ple plume source localization, tend to identify cells likely
to contain sources more efficiently than the classical rule
and produce maps that are more consistent with the true
number of occupied cells.> The computational cost is
equivalent to the classical algorithm and suitable for real
time implementation.

3 Algorithm
3.1 The classical Bayesian Algorithm

Classical Bayesian OG mapping seeks to compute
the marginal posterior probabilities of occupancy
p(pe =1 ’ Z*) for each grid cell, where p. € {0,1} de-
notes the emptiness pu. = 0 or occupancy u. = 1 of cell
number ¢, and Z! = {z!,22,... 2!} denotes the set of
sensor measurements up to time ¢. For computational
and storage reasons,? the marginal posteriors are com-

2Wind history, rather than just instantaneous wind must
be taken into account in variable winds.
3Quantitative inter-algorithm comparisons appear in
[Jakuba, 2007; Ferri et al., 2007].
. 4The number of possible maps for a grid with C cells is
2%



puted instead of the full posterior over all possible maps,
p (1, pia, - e | ZY).

Unfortunately, it is not in general possible to arrive
at exact marginal posteriors without first computing the
full posterior and then carrying out the marginalization.
To avoid both the computational and storage burden
implied by this task, typical OG map update rules re-
quire assumptions that enable direct computation of the
marginal posteriors from the measurements. Most up-
date rules are also recursive, for the sake of real-time
operation.

The classical Bayesian update rule produces inexact
marginal posteriors but it is simple to implement and
popular (e.g. the numerous examples of successful ap-
plications in Ch. 9 of [Thrun et al., 2005]). To simplify
notation let m. and m. denote the events that cell ¢ is
occupied p. = 1 or empty p. = 0, respectively. The up-
date rule is applied following each sensor measurement
separately to each cell within the perceptual field of the
Sensor:
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terior odds of occupancy (the “odds ratio”), and from

which the posterior probability of occupancy can be triv-
ially recovered. All that is required to implement this al-
gorithm is a prior probability of occupancy for each cell
P [m.] and a means of computing a single-cell inverse
sensor model P [mc ‘ zt} based on sensor characteristics
and the relative position between each cell and the robot.

3.2 A Sensor Model for Plume Source
Localization

where rt £ P [mc } Zt] /P [mc } Zt} denotes the pos-

A characteristic common to all plume source localization
scenarios is that measurements fundamentally consist of
plume detections and non-detections. Ancillary infor-
mation like chemical concentration, wind direction, and
other measurements can constrain the likely origins of
detected plumes, or in the case of non-detections sug-
gest what regions of a map are likely to be empty. These
measurements are therefore important, but they are not
fundamental in the sense that the set of all measure-
ments can be classified into two non-intersecting sets,
one of detections and the other of non-detections. The
state space consists of plume source locations (here the
binary state of each grid cell) which does not include the
state of the actual plumes emitted from them. Conse-
quently, the plumes themselves (and the measurements
that observe their state) can be regarded as part of a
composite dynamic sensor analogous to whiskers that in-
dicate the presence or absence of an obstacle at locations
that depend on whisker orientation. In parallel with the
notation for the binary state of a grid cell, let d* and d*

denote the events of a detection z* = 1 or non-detection
2! = 0, respectively.

A simple model for the probability of not detecting
a plume given knowledge of the locations of all sources
(i.e. the true state of each grid cell in the map) is:
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where Pr denotes the probability of a false detection and
P! denotes the probability that sufficient signal from a
source in cell ¢ arrived at the detector at time ¢ to trigger
a detection. The probability of registering a detection
P [d" | pu, p2, ..., pc] is one minus this quantity.

The sensor model described by (2) is a forward model.
That is, it describes the likelihood of a measurement
given a known map. The parameters of forward models,
i.e. the P! and Pr in (2), are usually easy to acquire from
calibration data [Thrun, 2003] or in this case to predict
based on a plume model.

The classical OG mapping update rule requires the
marginalized inverse of the quantity given by (2). In
fact, (2) is both invertible and marginalizable. The result
[Jakuba, 2007] is

C
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Note that the large sums over possible maps {p : m.}
implied by direct application of Bayes Rule to (2) have
been replaced with products over the number of cells in
the map C. These equations also provide the key to the
alternative map update rule employed in this work.

3.3 An Alternative Map Update Rule

For plume source localization problems where sensor
models of the form (2) apply, and where the expected
number of sources (occupied cells) is small but unknown,
an alternative map update rule often produces consider-
ably better results than the classical update rule.

The marginal posteriors given by the inverse sen-
sor model (3) are exact. Therefore, if the set of all
measurements consists of a single measurement, i.e.
if Zt = {z'}, then (3) can be used to compute
the exact marginal posteriors. Now suppose these
one-step marginal posteriors are regarded as indepen-
dent, i.e., p (,ul,,ug, co e | Zl) = Hle(P [,uc | Zl]).
This same requirement is typically placed on the prior
p (1, f2, - - ., pic), thus posteriors satisfying this prop-
erty can be regarded as specifying a new, “revised,”
prior. Furthermore, if at ¢ = 2 the priors P [m.] in
(3) are replaced by the single-step marginal posteriors



P [mc ‘ Z 1}, and if these are independent, then the re-
sultant marginal posteriors P [mc ‘ Z2] produced will re-
main exact.

Replacing the priors in (3) with the revised priors ]55 =
P [mc ‘ Zt’l] at each time step defines an alternative
map update rule. The new rule expressed in terms of
the odds ratio r! is:
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where the revised prior can be computed from the odds
ratio as P! = 1:_% . Unlike (1), this alternative update
rule cannot be written as a single equality because its
simple multiplicative structure depends on the partic-
ular form of the inverse sensor model (3). Because OG
algorithms intrinsically involve conditional independence
assumptions, we have named our algorithm after its par-
ticular assumption: Independence of Posteriors (IP).

In principle, independence of the posteriors could be
assumed in conjunction with any sensor model; how-
ever, the forward model (2) is special because the pri-
ors P? £ P[m,] enter explicitly into the inverse sen-
sor model generated from it, thereby providing a mecha-
nism for interpreting the current measurement in terms
of the present belief in the states of the cells in the
map. Like other “context-sensitive” OG methods spe-
cific to sonar range finders [Moravec and Cho, 1989;
Lim and Cho, 1992], the IP algorithm interprets new
measurements in light of the present state of the map.

4 Field Results: Hydrothermal Vent
Localization

OG mapping is applied in this section to field data from-
deep sea hydrothermal vent prospecting missions car-
ried out by an autonomous underwater vehicle (AUV).
OG mapping represents a powerful data processing tech-
nique for condensing multi-modal sensory data into a
simple representation of likely sea floor vent locations.
The maps produced indicate both coverage and likely
vent field locations. As such they are valuable tools for
humans planning follow-on surveys, but the simplicity
of the representation holds out the promise of fully au-
tonomous interpretation and retasking.

4.1 Hydrothermal Vent Prospecting

Deep sea hydrothermal vent fields occur throughout the
60,000 km length of the worldwide subsea mountain
chain known as the Mid-Ocean Ridge. They occur where
volcanic and tectonic processes induce the circulation of
sea water through young oceanic crust. Hot, chemically
altered sea water is persistently discharged, or vented,

as a turbulent, buoyant plume that rises above the sea
floor to heights of 100 m to 400 m in typical hydrographic
settings [Speer and Rona, 1989], and then spreads later-
ally along isopycnals in essentially a smog layer known
as the non-buoyant plume. This structure suggests a
natural strategy for homing on the source of venting:
Establish contact with the large spatial signature of the
non-buoyant plume; find the buoyant stems within, and
finally follow these to the sea floor.

Recent expeditions utilizing the Autonomous Benthic
Explorer (ABE) AUV [Yoerger et al., 1991] have demon-
strated the effectiveness of an AUV for vent localiza-
tion [German et al., 2008]. On these expeditions, the
AUV (Fig. 1) performed three successive nested survey
dives at each site, according to the methodology detailed
in [German et al., 2008]. Each stage was executed at
progressively lower altitudes and finer trackline spacing
based on the results of the previous stage and any avail-
able ancillary data, a process that broadly reflects the
physical structure of hydrothermal plumes themselves.

The AUV was recovered between each stage in order to
analyze sensor data and plan the next stage. It is a testa-
ment to the expertise of the scientific staff on these expe-
ditions that this process was largely successful; however,
it also was often contentious and potentially much less ef-
ficient than in situ autonomous retasking. Autonomous
retasking would eliminate the need for vehicle recovery
and redeployment between stages. OG mapping pro-
vides a mechanism to condense multi-modal sensor data
via encapsulated expert knowledge in the form of models
for plume behavior into a map of the sea floor colored by
information ideal for planning follow-on surveys. Maps
show likely vent field locations along with coverage—an
indication of whether other, undetected vent fields are
likely to be found in the survey area. This is impor-
tant information as it is common for several vent fields
to exist on the same ridge segment within hundreds of
meters of one another. The maps are already valuable to
human mission planners, but because they can be com-
puted and interpreted autonomously in real time, they
promise to enable AUVs to carry out hydrothermal vent
prospecting autonomously.

4.2 Implementation

The OG maps presented in the next section were gener-
ated from automatic classification of plume tracer data
into binary detections and non-detections of buoyant
plume effluent. Buoyant hydrothermal plumes occupy
smaller spatial and temporal scales than occupied by
non-buoyant hydrothermal plumes and buoyant plume
detections are consequently easier to interpret in terms
of likely source location.



Figure 1: The ABE AUV being deployed on a hydro-
thermal vent prospecting mission in 2005 on the South-
ern Mid-Atlantic Ridge near Ascension Island. Various
acoustic sensors in the lower pod measure vehicle veloc-
ity over ground and through water, collect soundings of
sea floor depth, and collect rangings to fixed acoustic
beacons. Hydrographic sensors located near the nose of
the starboard and lower pods collect physical oceano-
graphic data and record the concentration of various
hydrothermal tracers.

Buoyant plume dynamics The dynamics of typical
buoyant hydrothermal plumes are dominated by turbu-
lent entrainment [Turner, 1986] of the surrounding sea
water. This process dilutes vented hydrothermal efflu-
ent by a factor of 10*-10° by the time the density of
the mixed fluid matches that of the surrounding fluid at
its terminal rise height [Lupton et al., 1985]. Turbulent
entrainment of ambient waters makes regional hydrog-
raphy an important influence on the trajectory followed
by an ascending buoyant plume (BP), and acts directly
to obscure source location by expanding plume diameter
during ascent. Ambient crossflows also influence plume
trajectory by bending the plume centerline in the direc-
tion of flow [Middleton and Thomson, 1986].

Forward sensor model In our approach, the physics
of plume dispersal are encapsulated within the factor P!
from (2) that describes the likelihood of encountering
effluent from a hypothetical source in cell ¢ at a time-

dependent robot location. To generate an analytical
form for P!, we employed field data from over 10 deep-
sea deployments where both groundtruth vent locations
and water-column hydrothermal tracer data were avail-
able. Jakuba [2007] contains the details; what follows is
an overview.

Buoyant hydrothermal plumes are three-dimensional
structures, with motion in the vertical dimension driven
by the buoyancy of the plume itself. Self-generated
turbulence (the energy being supplied by the plume’s
own buoyancy) results in relatively well mixed plumes
compared to those typically studied in robotic chemical
plume tracing applications. Nevertheless, synoptic con-
centration profiles still deviate strongly from empirically
observed time-averaged profiles [Lupton, 1995]. Individ-
ual vents tend to be clustered in fields so that a vent
field as a whole produces a collection of plumes, some of
which coalesce into larger plumes.

Our model relates the probability of encountering
hydrothermal effluent near a vent field to vehicle position
X,, vent position x,, and vent-vehicle vertical separation

h’US:
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where by and o encode characteristic source sizes for
individual vents and entire vent fields respectively, , Uy
denotes the average horizontal water velocity over the
course of plume rise to survey height, a encapsulates
the effect of plume growth via turbulent entrainment,
and () denotes the number of discrete plumes emanating
from a field.?> The effect of buoyancy is accommodated
by a deterministic rise rate of Wy = 0.1 m/s, the depth-
averaged value suggested in [Speer and Rona, 1989]. The
localization performed applies to entire vent fields rather
than to individual vents.

The model encapsulates two important effects: (1) ad-
vection by background crossflows, and (2) rise-height de-
pendence. Plumes emanating from a vent field are more
likely to be detected at a given altitude near their time-
averaged centerline, i.e. when |x; + Uy %g — X, is small.
Increased vertical vent-vehicle separation creates wider
plumes that are more likely to be intercepted by a pass-
ing vehicle but that also contain less information about
their sources’ locations. That tradeoff is encapsulated by
the height-dependent factors, bg + %ahl,s (plume width)

(5)

)

and (%ahq,s)2 + 02 (random-walk scale).

5This information is obviously unavailable a priori. We
have attained satisfactory results with Q = 5 in a variety of
geological settings in both the Atlantic and Pacific oceans.



Buoyant plume detection Hydrothermal effluent
contains a wide variety of chemical species that react at
varying rates with sea water [Lilley et al., 1995]. In our
approach, detecting buoyant plume effluent depended on
measurements of non-conservative tracers, tracers whose
concentrations decayed rapidly away from plume sources
due to chemical reactions or biological processes in ad-
dition to passive advection and diffusion. The relatively
small spacial signature of buoyant plumes in compar-
ison to the survey area makes outlier detection meth-
ods a good fit for detection. In our experiments we
decorrelated each data stream by downsampling, then
batch-processed each data stream with a Hampel Iden-
tifier [Davies and Gather, 1993] followed by a consensus
vote between tracers suited to detection at survey height
[Jakuba, 2007].

In addition to measuring hydrographic tracers, the
ABE AUV makes two other measurements in support
of hydrothermal vent prospecting operations: (1) its po-
sition within an acoustic transponder net, and (2) wa-
ter current velocity. Position measurements allow plume
data to be georegistered, an essential requirement for
building a consistent OG map. Water current velocity
measurements allow the locations of samples to be back-
propagated to their origin on the sea floor.

Grid parameters The sea floor defines the surface
on which vent fields must lie. Because rise height af-
fects the information content of buoyant plume detec-
tions, accurate knowledge of vehicle-sea floor separation
is required. In practice, bathymetry acquired acousti-
cally from a surface ship with order 100 m horizontal
resolution is adequate. Our forward model applies to
the locations of entire vent fields. Grid cell size should
be small relative to the characteristic uncertainty asso-
ciated with source location (about 25 m in the data sets
studied) to avoid discretization artifacts. For high al-
titude surveys, a lower resolution is sufficient and also
desirable because these dives typically span a larger area
and computational load grows quadratically with survey
area (linearly with the number of grid cells).

An appropriate cell prior reflects the expected number
of vent fields in the survey area scaled by grid resolu-
tion. Let py denote the expected the vent field density
(vents/unit area). For the expected number of occupied
cells to match the prior probability of occupancy, P [m.],
is set to

P m] = A%p; (6)

where A denotes grid cell dimension. The OG maps
presented in the next section were initialized with an as-
sumed vent field density of py =1 /km?, yielding priors
between 10~° and 10~2 depending on grid cell size.
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Figure 2: OG Map produced from dive ABE-128 (250 m
altitude). The vehicle registered detections near two of
the three vent fields ultimately localized in addition to a
detection near the southern end of the survey, the source
location of which remains unknown.

4.3 Results

Figures 2 and 3 show OG maps generated by the IP
OG algorithm from data collected on two separate dives,
ABE-128 (250 m altitude) and ABE-136 (the subsequent
50 m altitude dive). Regions with relatively high poste-
rior odds of occupancy (hot/light shading) agree well
with clusters of groundtruth vent locations. Regions
with relatively low posterior odds (cool/dark shading)
indicate coverage over regions where no buoyant plumes
were encountered.®

Lowered posterior odds in Fig. 2 trace out an image of
the AUV’s track on sea floor with a relative spacing de-
pendent on the direction and magnitude of water current
velocity at the sampling time. The trace indicates track-
line spacing was insufficiently dense by at least a factor of
two. A subsequent survey designed purely based upon
this map would have discovered two of the three vent

5Because the perceptual fields associated with detections
from disparate vent fields in these maps do not intersect
and are few in number, it is possible to compute the exact
marginal posteriors. The result [Jakuba, 2007] is similar to
the results shown here but is much more expensive to com-
pute.



fields shown and possibly a third site to the south that
was never groundtruthed. The survey would have missed
the field centered at (7.8,7.8); however, that is consis-
tent with the field’s location outside the region indicated
as covered in the OG map.

For nested surveys, the finished OG map from one
stage can be used to initialize a higher resolution OG
map for the subsequent stage. Figure 3 illustrates the re-
sult of using the posterior from a previous dive as a prior.
ABE-128 and ABE-136 were conducted at ~ 250 m and
50 m above bottom respectively. Because of this differ-
ence in height, the grid cell sizes chosen were different:
20 m and 5 m on a side respectively. Each cell in the map
shown in Fig. 2 was split into sixteen descendant cells,
each of which was initialized with a probability of occu-
pancy 1/16 that of the posterior in the original parent
cell.” To do so requires regarding the final posteriors of
the original map as independent, an assumption which
is false but consistent with the assumption required by
the IP algorithm.

Detections at the southern edge of the survey shown
in Fig. 3 corroborate evidence from the high-altitude
(250 m) dive at this site (Fig. 2 for a southern vent field;
however, this southern site was never groundtruthed.
Comparing low altitude (5 m) coverage (shown as white
boxes in Fig. 3) with the OG map provides a likely ex-
planation. The map indicates the southern 5 m altitude
survey was misplaced, and should have been centered
some 200 m to the south. The 5 m altitude survey was
designed while at sea on the original expedition, and be-
fore we had applied OG mapping to hydrothermal vent
prospecting. Likewise the central portion of the OG map
indicates that better coverage over likely vent sites could
have been attained by decreasing the north-south ex-
tent of the northern survey in favor of extending it to
the west. The three western groundtruth vent locations
that lie outside the bounds of the 5 m altitude survey
were discovered by a remotely operated vehicle (ROV)
several months after the completion of ABE operations
at this site but lie within the areas indicated in the OG
map as likely to contain vents.

5 Conclusion

In this work, we redefined the binary state of grid cells in
an OG map to denote either the presence (occupancy) or
absence (vacancy) of an active plume source. The result
is an algorithm capable of localizing plume sources in
environments where the number of sources is unknown
a priori. OG mapping applied to plume source localiza-
tion enables both plume detections and plume absence
to inform the estimated state of the map. The result

"Kraetzschmar et al. [Kraetzschmar et al., 2004] use this
same “probabilistic mean” to propagate probabilities of oc-
cupancy through a multi-resolution probabilistic quad tree.

indicates probable source locations and explicitly repre-
sents explored but empty portions of the domain. The
latter property indicates coverage, which is important in
multiple-source scenarios, for example to direct search
or declare search within an area complete.

Application to hydrothermal plume data collected by
the ABE AUV during hydrothermal vent prospecting op-
erations in the deep ocean demonstrated the applicabil-
ity of our methods to real-world scientific exploration.
The automatically generated OG maps condense multi-
modal sensory data into easily interpreted maps useful
for planning nested surveys. The OG maps can also be
computed in real time, potentially facilitating the au-
tonomous design of nested surveys or more general sur-
vey trajectories and obviating the need for human data

5 m altitude
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Figure 3: OG Map produced from dive ABE-136 (50 m
altitude) using the map of Fig. 2 to define the prior.
The locations of all vent fields ultimately confirmed agree
well with the regions of the map populated by cells with
high posterior odds (hot/light shading). Regions with
low posterior odds (cool/dark shading) indicate fairly
uniform coverage over most of the survey extent, though
with some patchiness particularly in the southern half of
the survey area.



review and low-level survey design.
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