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Abstract—This paper describes an investigation into the
adaptive control of autonomous mobile sensor platforms for
providing oceanographic sampling. Mobile sensor platforns
provide an ability to rapidly sample oceanographic data of n-
terest for real-time input into ocean environmental modelswith
the goal of reducing the modeling uncertainty by introducirg
selected sampled data. The major objective of this paper isot
describe the autonomy architecture developed to support ap-
tive sampling. This architecture consists of an open-souecdis-
tributed autonomy architecture and an approach to behavior
based control of autonomous vehicles using multiple objeiste
functions that allows reactive control in complex environmets
with multiple constraints. Experimental results are provided
for an adaptive ocean thermal gradient tracking applicatin
performed by an autonomous surface craft in Monterey Bay.
These results highlight not only the suitability of autononous
sensor platforms for providing adaptive sampling of the ocan
environment but, also, the suitability of our behavior-bagd
autonomy approach and distributed autonomy architecture
for providing a simple, exible, and scalable method for
autonomous sensor platform control. The paper concludes wiit
an overview of future adaptive sampling experiments planne
with autonomous underwater sensor platforms using the same
methodology.

I. INTRODUCTION
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Fig. 1. The Adaptive Rapid Environmental Assessment (AREA) cdancep
was developed to minimize acoustic prediction uncertaingyadaptively
identifying an optimal deployment of in-situ measuremeggaurces, cap-
turing the uncertainty of the most critical and uncertairviemmental
parameters in terms of long term return taking into accouxistieg
operational constraints.

is usually not predetermined, the sensor platform must-adap

tively maneuver itself based on the real-time measurements

Once the sampling is complete, the sensor platform can
transmit back the raw or processed data. Feedback from the
updated ocean model can then be transmitted back to the
sensor platform.

In the uncertain ocean environment, conventional oceano- h ol . s f ¢ lat
graphic measurement systems can not capture environmenta]r € control requirements for an autonomous sensor plat-

uncertainties on short temporal scales or on very smalf? , ) ,
irpnly must such a platform contend with adaptively altering

spatial scales, creating the need for high resolution,

situ, measurements. Rapidly deployable in-situ measur
ment systems have long been recognized as an importamf'
requirement for capturing environmental uncertainties o

form performing this type of mission are quite severe. Not

ifs motion in response to real-time sensor measurements, it
st also contend with a number of harsh environmental
Iqonditions that could affect not only the quality of the

scales ranging from 10 to 1000 meters. The Adaptive Rapﬁjamp”ng but, also, the survivability of the platform itsel

Environmental Assessment (AREA) concept was develop
to minimize the sonar performance prediction in an area

e'l;pese conditions include wind, waves, currents, obstacles,
d}nd uncertain navigation in the case of underwater platform

ocean by adaptively identifying an optimal deployment of\N autonomous control system for such a platform must

in-situ measurement resources and capturing the uncgrtai
of the most critical and the most uncertain environment
parameters (Fig. 1) [1]. Moreover, the AREA concept canf’
also be applied to minimizing the prediction uncertainty fo
biologic, chemical, and other oceanic processes of interes

rliherefore be capable of reacting to multiple, sometimes
aﬁomplex, environmental conditions in real time in such a

ay as to maximize the sampling performance. It is also
desirable for such a system to be capable of joint control
with other cooperating sensor platforms.

We are motivated by the following scenario: an oceanogra- In this work we address these challenges by presenting

pher, having identi ed a general area of particular undatta a novel autonomy architecture and a set of sensor platform
with regards to an ocean process of interest, remotely deplopehaviors and present experimental validation of this work
an autonomous sensor platform (perhaps on patrol in thabtained in an adaptive sampling experiment in Monterey
area) to gather real-time sensor measurements. Since Bay by a fully autonomous surface craft equipped with an
optimum sampling path for reducing the model uncertaintappropriate oceanographic sensor.



Il. TECHNICAL APPROACH responsible for coordinating the sampling. At each sampling

In this section we present our general autonomy architation, this sampling process lowers the sensor to the prope
tecture and how the particular components that re ect th#ePth and records the ocean temperature at that depth for
contribution of this work tinto that architecture. The dime  'ater use by the gradient calculation algorithm. After subse

for experimental validation is also discussed. guently raising the sensor, a ag is posted to the MOOSDB
_ indicating that sampling is nished. At the conclusion of
A. The MOOS-IvP Autonomy Architecture each sampling segment (see Fig. 5) the sampling process

This work uses the MOOS-IvP architecture for au-computes the 2D thermal gradient direction from the sampled
tonomous control. MOOS-IvP is composed of the Missiorflata and dynamically sets the mean bearing for the next
Oriented Operating Suite (MOOS), a open source softwagampling segment. When the maximum number of segments
project for coordinating software processes running on ahave been sampled, the sampling process posts a ag to
autonomous platform, typically under GNU/Linux. MOOS-the MOOSDB which deactivates the sampling behaviors
IvP also contains the IvP Helm, a behavior-based helm thand activates the behavior to return the surface craft to a
runs as a single MOOS process and uses multi-objectivsedetermined location.
optimization with the Interval Programming (lvP) model for
behavior coordination [2], [3]. See [4] [5], and [6] for othe
examples of MOOS-IVP on autonomous marine vehicles. Experimental validation of this work is presented using an

A MOOS community contains processes that communiutonomous surface craft specially developed to be a mobile
cate through a database process called the MOOSDB, @geanographic sampling platform. The use of surface craft
shown in Fig. 2(a). MOOS ensures a process executes f@y this type of oceanographic sampling has both advantages
“lterate” method at a speci ed frequency and handles ne@nd disadvantages versus using autonomous underwater ve-
mail on each iteration in a publish and subscribe manner. THicles (AUVs). The surface craft are able to maintain much
IvP Helm runs as the MOOS process pHelmlvP (Fig. 2(b)petter navigation and communications than an AUV could.

Each iteration of the helm contains the following steps: (1[However, the surface craft are at a disadvantage with respect
to sampling due to the time and power requirements needed

to raise and lower the sensor at each sampling station. The
5Hz 2Hz 20Hz .
(imicromodem | [(iePs ) (iPwmcontaller ) [ woosos | AUV, able to sample continuously (on the order of a sample
N | 1 pHelmivP per second) in 3D space, can provide a much higher sampling

C. Validation with Experimental Data

MOOSDB Action Information densrty
40Hz 4Hz lvPFunction 0T o c
ﬁvp ! . . HERMAL GRADIENT COMPUTATION
- IvPFuncllon
( Pl'\(‘;‘: J [PMOZjBndgej [pTr;cZker] vPFunction +—{ behavior}. The 2D thermal gradient can be dened in Cartesian
coordinates as
(@) A MOOS Community (b) The pHelmIvP process
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Fig. 2.  The IvP Helm runs as a process called pHelmlvP in a MOOS . . .
community. MOOS may be composed of processes for data loggin/Nere T is the ocean temperature at a po{xy) with

(pLogger), data fusion (pNav), actuation (iPWMControllexgnsing (iGPS), z xed. Of course,r T can also be expressed in three

communication (pMOOSBridge, iMicroModem), and much more.yiéen  gimensijons but, we will only concern ourselves with the 2D

all be run at different frequencies as shown. . . ' . .
case in this experiment because we are interested only in

mail is read from the MOOSDB, (2) information is updated?cO”OW_ing the hqrizontal tempergture gradient. The gra_tiien_
for consumption by behaviors, (3) behaviors produce als estimated using a stz_;mdard linear least squares esimnat_l
objective function if applicable, (4) the objective fursts method bas?dII on .|n-3|tu measurements on each sampling
are resolved to produce a single action, and (5) the actigipgment as follows:

is posted to the MOOSDB for consumption by Iovy—level D=(PTP) PTT 2)
control MOOS processes. The behaviors responsible for _ _ _ _ _
control in the oceanographic sampling platform used in thighereP is the (N x 2) matrix containg the vehicle sampling

work are discussed in Section IV. coordinates,T is the (N x 1) vector containg the sampled
) temperatures at each vehicle coordinate, and D is the (2 x
B. Autonomous Sampling 1) vector containing the twa andy directional components

In many applications, MOOS processes are used to procesfsr T. The gradient direction is resolved by taking the arc-
and abstract sensor data for use by the vehicle behavidiss. Tkangent of the two components Bf. This method does not
is especially true when computations can take longer thassume that the sampling points are equally spaced. However,
the individual vehicle control cycle. In this work, a MOOS problems can be encountered if not enough samples are taken
process provides the driver for interfacing with the phykicaor the spatial extent of the sampling in tkie y) plane is
sensor. This process posts sensor data to the MOOSDBt large enough to overcome the small-scale temperature
at a frequency of one Hertz. Another MOOS process isuctuations.



IV. THEIVP HELM AND VEHICLE BEHAVIORS the adaptive sampling run shown in Fig. 5, the parameters
Here we describe the use of multi-objective optimizatiof°r the zigzag pattern were dynamically generated by the
with interval programming and the primary behaviors use§/OOS sampling process..

in this experiment. For further examples of this approachtS The StationKeep Behavior

although with different missions and behaviors, see [4], [6] i o ] ]
The StationKeep behavior is designed to keep the vehicle

A. Behavior-Based Control with Interval Programming at a given position by varying the speed to the station

By using multi-objective optimization in action selection,keeping point as a linear function of its distance to the
behaviors produce aabjective functiorrather than a single point. The parameters allow one to choose the two distances
preferred action ( [2], [7], [8]). The IvP model speci es bot between which the speed varies linearly, the range of linear
a scheme for representing functions of unlimited form aspeeds, and a default speed if the vehicle is outside the
well as a set of algorithms for nding the globally optimal outer radius. This station keeping behavior conservesggner
solution. All functions are piecewise linearly de ned, thusand aims to minimize propulsor use. The objective function
they are typically anapproximationof a behavior's true Produced by this behavior is de ned over the 2D action space
underlying utility function. Search is over the weighted sungiven by possible heading and speed choices and produces
of individual functions and uses branch and bound to searé®jective functions that favorably rank actions that resul
through the combination space of pieces rather than th@ smaller distances from the station point. An example of
decision space of actions. The only error introduced is ithe objective function for this behavior is shown in Fig. 3.
the discrepancy between a behavior's true underlying yitilitFor the adaptive sampling run shown in Fig. 5, the desired
function and the piecewise approximation produced to thgtation keeping point is dynamically generated by the MOOS
solver. This error is preferable compared with restricting t sampling process.
function form of behavior output to say linear or quadratic
functions. Furthermore, the search is much faster tharebru o
force evaluation of the decision space, as done in [8]. Th
decision regarding function approximation accuracy iscalo
decision to the behavior designer, who typically has insigh
into what is sufcient. The solver guarantees a globally
optimal solution and this work validates that such searcl
is feasible in a vehicle control loop of 4Hz on a 600MHz
computer. To enhance search speed, the initial decisic
provided to the branch and bound algorithm is the output o
the previous cycle, since typically the optimal prior antio
remains an excellent candidate in the present, until sanggth
changes in the world.

Although the use of objective functions is designed tc o
coordinate multiple simultaneously active behaviors,nmhel W
behaviors can be easily conditioned on variable-valuespail
in the MOOS database to run at the exclusion of Othq{ig. 3. Objective function for the StationKeep behavior. sThiot shows
behaviors. Likewise, behaviors can produce variable-valug example objective function for the StationKeep behawiithh the station
pairs upon reaching a conclusion or milestone of signi aancPoint being at a course of 10 degrees from the current velgoltion.

. . . The function is plotted in polar form with the theta directibeing course
to the behavior. In this way, a set of behaviors could be 'UBhg the radial direction being speed with darker colors miieg higher
in a plan-like sequence, or run in a layered relationship asiues.
originally described in [9].

B. The Waypoint Behavior D. The ConstantSpeed Behavior

The Waypoint behavior is designed for transiting to a set The ConstantSpeed behavior is designed to keep the
of speci ed waypoints. The objective function produced byvehicle moving at a constant speed. The objective function
this behavior is de ned over the 2D action space given byroduced by this behavior is de ned over the 1D action space
possible heading and speed choices and produces objectijreen by possible speed choices and produces objective func
functions that favorably rank actions with smaller detoutions that favorably rank actions with the smallest deviatio
distances along the shortest path to the next waypoint. Onfrem the desired speed.
the last waypoint in the set has been reached, the behavior , i
will set its completedag to true. Several prede ned regular E- The Timer Behavior
waypoint patterns have been de ned including orbits and the The Timer behavior is designed to be active for a xed
“zigzag” pattern that was used during the experimental runumber of seconds after activation after which it completes
shown in Fig. 5. For the zigzag pattern, the mean directiorand posts its end ags. This behavior produces no objective
amplitude, period and length of the pattern are speci ed. Fdunction.



V. EXPERIMENT SETUP starting location for the experiment. Upon reaching the de-
Experimental validation of the architecture and algoSired location, the Waypoint behavior completes and atets/a

rithms for autonomous adaptive sampling was conducted'other Waypoint behavior which controls the zigzag motion
using an autonomous surface craft carrying a conductivityRattern. For this run, an amplitude and period of 150 meters
temperature-depth (CTD) sensor which could be auand a (_jlstance_z of 300 meters were used for the zigzag pattern.
tonomously raised and lowered to take measurements of tA& initial bearing of 270 degrees was chosen a priori for the
ocean temperature pro le. The experiment was conducted offSt [€g. A ConstantSpeed behavior was used to provide a
of the R.V. Point Sur operating in Monterey Bay, Californiadesired speed of 3 meters per second. _

on August 29, 2006. The scenario called for the CTD- Simultaneously active with the Waypoint and Con-
equipped surface craft to sample the water temperature gfantSpeed behaviors is the Timer behavior. This behavior
a constant depth of 20 meters in a regular interval in is used to time the interval between CTD casts and was set
zigzag spatial pattern for a predetermined distance. Oné@r @ duration of 60 seconds. When the timer completes, the
this distance was reached, the compute the direction ¥yaypoint and ConstantSpeed behaviors are deactivated and
the thermal gradient and would then sample another zigzde StationKeep behavior is activated. During this period,
pattern in that direction. The plan called for this samplingh® MOOS sampling process lowers the CTD, takes its
to continue until the surface craft was low on power. Sincéeasurement, and then raises the CTD. When the CTD is

wind, waves, and current can all act to push a surface crafilly raised, the sampling process sets the SRATION ag

was implemented that was designed to keep the surface cra@din activates the Waypoint and ConstantSpeed behaviors

close to its intended sampling location. to continue to the next sampling station. When sampling
_ _ is complete for the current segment, the sampling process
A. Marine Vehicle Platforms computes the bearing for the next sampling segment and dy-

The autonomous surface crafts used in this experiment anamically updates the Waypoint behavior. When a maximum
based on a kayak platform (Fig. 4). Each is equipped withumber of segments are completed, the_ SMTION ag
a Garmin 18 GPS unit providing position and trajectory upis set to DONE. This activates another Waypoint behavior
dates at 5 Hz. The vehicles are also equipped with a compge®grammed to return the kayak to a pickup location.
but the GPS provides more accurate heading information, and .
is preferred, at speeds greater than 0.2 meters per seco d'ExpenmentaI Results
Each vehicle is powered by 5 lead-acid batteries and a Minn Fig. 5(a) through 5(d) show the four segments of the
autonomous surface craft experiment launched from the
R.V. Point Sur with the goal of adaptively following the
ocean thermal gradient. The rst segment was run in a pre-
determined mean direction of 270 degrees while the direc-
tions for the other three segmentss were chosen adaptively.
Each segment is shown separately for clarity due to overlap
in the vehicle track. Each red circle indicates a point where a
CTD cast was performed. As can be seen, the vehicle exhibits
a small amount of drift at each sampling station. The amount
of drift can be seen to steadily increase as the weather
worsened during this run, eventually reaching sea statethr
by the nal segment where the station-keeping behavior is
having a more dif cult time keeping the kayak within the 20

and portable platforms are not only suitable proxies for thech larger

autonomous underwater vehicles but also show the sutiabfliautonomous . . ) .
surface craft for oceanographic sampling. The left photowshan au- Meter outer station keeping radius. Only four segments ef thi

tonomous kayak on station in Monterey Bay while the right phettows  experimental run were accomplished due to limitations on the

details of the autonomously controlled winch used to raise lawer the

Seabird Electronics SBE 49 FastCAT CTD sensor. amount of power available on the surface craft. In roughly

two days of experimentation, over 300 CTD casts were
Kota motor providing both propulsion and steerage. Theerformed with this platform, showing the robustness and
vehicles have a top speed of roughly 2.5 meters per secorfditability of this type of craft for oceanographic samplin
See [10] for more details on this platform. The kayak used Fig. 6 shows the thermal prole of the ocean obtained
in this experiment was equipped with a Seabird Electronicéom one of the 20 meter autonomous CTD casts performed
SBE 49 FastCAT CTD sensor, a DC powered, pumped, cTpuring the adaptive surface craft run shown in Fig. 5. A well-

sensor commonly used on small ROVs and AUVs. mixed layer of nearly constant temperature can be seen in the
) ) rst 8 meters of depth with a major thermocline occurring
B. Behavior Con gurations between 8 meters and 10 meters. The thermocline is an area

A total of six behaviors were used for the adaptive samef relatively rapid temperature change and is an important
pling experiment shown in Fig. 5. Upon startup, a Waypointeature for analyzing the sound velocity pro le of the ocean
behavior is active in order to get the vehicle to the propen a given area.



550

500

400

350

s s s s s s s s s s s s
4.095 4.1 4.105 411 4.115 4.12 4.075 4.08 4.085 4.09 4.095 4.1 4.105
X (m) x 10" X (m) x10

(a) Segment 1 (b) Segment 2

550F
550

500

450F

Y (m)
Y (m)

350

300

300
250F

405 4055 406 4065 407 4075 408 4.085 250

4.05 4.(?‘!55 4.:)6 4.(?:65 4.07 4.0‘75 4 ;)B 4 [;85 4,:]9
X (m) x10* X (m) x10°*
(c) Segment 3 (d) Segment 4

Fig. 5. Autonomous thermal gradient following experiment d¢h Rugust, 2006 in Monterey Bay, California. Fig. 5(a) througtu)5show the four

segments of the autonomous surface craft experiment ladntbm the R.V. Point Sur with the goal of adaptively followirtgetocean thermal gradient.
The rst segment was run in a pre-programmed mean directioilewthe directions for the other three segments were chosaptigdly. Each red circle

indicates a point where a CTD cast was performed. The thernosdedrom a representative CTD cast from this run is shown iig.Fo.

Fig. 7 shows the mean direction of each of the four VI. CONCLUSIONS
segments of the adaptive sampling mission. The bearingsln this work we have demonstrated a method for sensor-

fﬁr sEgmenlts 2dt.hrough 4 were tjh% es:]'mat%dogrecuoq,%Idaptive control of autonomous marine vehicles in an au-
the t ermah grah |ent. asbcomputef yht f M h Samplingnomous oceanographic sampling scenario and shown its
p:}ocessr; T ?]C anging earlr;_gs ort % %Stbt rer:e Segrr?eg[ﬁtability for controlling autonomous sensor platfornms i

S OVY t_at the sparse sampling provided by the surfa mplex conditions where environmental conditions can
craft's winch-lowered sensor is inadequate. As the number(i‘ﬁ1pact sampling performance. The results show that our
samples increases, the thermal gradient direction is géper roposed method combining a behavior-based, multiple ob-
compgted to be to th? sout_hwest, In agreement with othgl ive function control model with a distributed autonomy
sampling runs. AUV simulations using real ocean data an rchitecture is a viable and robust method for adaptive
a sensor which can sample about every second (about jsémpling of ocean phenomena. In complex environments

meters at the AUV's typice_ll speed) do not show the S&MGhere such vehicles may have to contend with unknown
problem, with the AUV being able to pick up the correct

. ) . . situations like obstacle avoidance, waves, current, uncer
gradient in the same area in about two sampling legs.

tain communications, and uncertain navigation while still
maintaining sensing performance, the state space for the
vehicle control is much too large for a world-model approach
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Representative 20 meter CTD cast on 29 August, 200& e shows the thermal pro le of the ocean obtained from afieghe 20 meter

autonomous CTD casts performed during the adaptive sudeafe run shown in Fig. 5. A well-mixed layer of nearly constaamperature can be seen
in the rst 8 meters of depth with a major thermocline occugrinetween 8 meters and 10 meters.

Segment| Bearing
1 270.0
2 181.6
3 296.6
4 142.4

Fig. 7. Segment bearings. This gure shows the mean dirediorthe
four segments of the autonomous gradient following expeamnuzpicted
in Fig. 5. The bearing of the rst segment was determined arpend the
bearings of the nal three segments were determined addptivging the
sampled data.

“PLUSNET: Persistent Littoral Undersea Surveillance Net-
work”, Grant NO0014-05-1-0255, “Integrated, Adaptive Au-
tonomous Acoustic Sensing Systems”, and Grant NO0014-
04-1-534, “Adaptive Sampling and Prediction MURI".

(1]

(2]

(3]

(4]

and a behavior-based approach is indicated. Current plans
call for using both autonomous surface craft and AUVs for
adaptive thermal gradient following, thermocline tracking 5
and front detection using both single sensor platforms and
multiple, cooperating platforms. Based on the results of thi
experiment we can conclude that a surface craft with limitedg
power (and available time) is more suited to spot sampling of
ocean phenomenon than it is for applications which require
faster and more spatially dense sampling. A system for ary,
email-activated remote sampling capability is also in the
design stage which will allow an oceanographer to remotel)lsl
deploy the surface craft via email to an area of interest and
have a le of either raw or processed data sent back in real9]

time.
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