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Integrated Operational Control of Unattended
Distributed Coastal Sensor Web Systems With Mobile
Autonomous Robots
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Abstract—Unattended autonomous systems of the future will
involve groups of static and mobile sensors functioning in coor-
dination to achieve overall task objectives. Such systems can be
viewed as wirelessly networked unmanned heterogeneous sensor
networks. We discuss a distributed heterogeneous sensing system
with static sensors and mobile robots with novel adaptive control
optimization algorithms for dynamic adaptation, coordinated
control and end to end resource management of all sensors in
response to detected events to achieve overall system goals and
objectives. While our system design is applicable to a host of
domains, it has been applied to and tested offline on an existing,
functional maritime sensor web system, the New York Harbor
Observation and Prediction System (NYHOPS) comprised of a
host of maritime ocean and land sensors. Our goal is to enable
adaptive control technologies to make the NYHOPS sensor web
react faster and more effectively to threats or changing conditions,
and to further maritime homeland security for the New York
Harbor. Our contribution allows static sensors to work seamlessly
with unmanned vehicles that can be deployed autonomously in
response to detected events, and dynamically adjust operational
parameters of static and mobile assets in the sensor web. Results
for large area coastal monitoring are presented. Offline results
using actual modeled data from in situ sensory measurements from
the NYHOPS sensor web demonstrate how the sensor parameters
can be adapted to maximize observability of a freshwater plume
while ensuring that individual system components operate within
their physical limitations.

Index Terms—Adaptive control, autonomy, coastal sensor web,
resource management, unmanned vehicles.

I. INTRODUCTION

HILE many fields in automated sensing and sensors
have progressed based on rapid advances in sensing
technologies and computing and information systems, the field
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of distributed and cooperative sensing over wide areas has been
catalyzed in particular by new network and communications
technologies. In the context of distributed sensing over large
areas, the linkage of information systems by wired, wireless,
or optical channels and protocols combined with advanced con-
trol and resource management solutions facilitates interactions
that scale from a few (two to five) coordinating sensors to a
large set (tens to hundreds) of distributed sensors combined with
“swarms” of mobile robots demonstrating cooperative behav-
iors. Such systems, referred to as wireless sensor networks, have
potential in a number of applications, ranging from defense sys-
tems for battlefield monitoring, to homeland security to science
and commercial uses in environmental and habitat monitoring.
We use the terms sensor networks and sensor webs interchange-
ably in this paper.

Sensor networks have been deployed and operational in a few
applications over the past few years. Examples include the SEA-
MONSTER system [1], the NIMS sensor network on the San
Joaquin river system [2], and the New York Harbor Observa-
tion and Prediction system (NYHOPS) coastal sensor web [3].
The currently operational NYHOPS comprises of a network of
sensors to monitor coastal and ocean parameters in the densely
populated regions of the Hudson-Raritan Estuary and the New
Jersey Atlantic Ocean shoreline [3]. The readings from the sen-
sors are provided to a predictive model of the environment,
the ECOMSED/POM model [4]. The modeled area covered by
NYHOPS is shown in Fig. 1. The ECOMSED model describes
the physical properties of the entire water mass in the NY/NJ
harbor area using a set of differential equations. This model uses
the sensor readings as input and outputs predictions of environ-
mental parameters for the entire area. The NYHOPS coastal pre-
dictions are generated and released every 24 hours for a 48-hour
forecast period and are used by local and federal agencies in-
cluding NOAA, emergency first responder units along the east
coast of the United States, Department of Homeland Security,
local Departments of Health, harbor boat captains, and individ-
uals that engage in recreational boating.

The NYHOPS model outputs are used to detect and predict
events and regions of interest such as freshwater plumes, coastal
storm surges, or man-made events. One limitation of the initial
NYHOPS sensor web system was that all the sensor operational
parameters were pre-determined and fixed; the sensor web sam-
pled data at fixed, pre-set time intervals, and data communica-
tion occurred at pre-determined times. This limits the ability of
the sensor web to reliably detect fast evolving events, and dy-
namically react to rapidly changing conditions. Ideally, as these
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Fig. 1. (Left): MPC-based control framework within the NYHOPS system. (Right) Output area of the ECOMSED hydrodynamic model.

events occur, the sensing system should be able to study the af-
fected regions in greater detail by increasing the sampling reso-
lution of sensors that are in that area. Thus, the goal of an adap-
tive sensor network control protocol is to dynamically regulate
the operation of the sensors so as to maximize the measurement
accuracy at all points in areas of interest while ensuring that the
physical limitations of the sensor network are not exceeded.
We introduce a general mathematical control framework
which will enable the resources of a sensor network to be
regulated to guarantee a certain system lifetime while con-
tinuing to capture and measure information according to the
needs of the application. As on-board computation in general
uses significantly lower energy resources compared to wireless
communication, it is beneficial to implement a sophisticated
controller if it brings about significant savings in the amount of
energy expended. A model-based controller is the most appro-
priate mechanism for this situation since the internal resources
of the sensor system can be parameterized in advance and the
expected changes in the environment are usually known for a
given application. Model Predictive Control (MPC) is an estab-
lished technique for controlling complex continuous systems
[5]. MPC assumes that a model that describes how the system
state responds to control inputs is available. At each control
iteration, the values of the controlled inputs are obtained by
solving an optimization problem that utilizes this state model.
Limits on the range of the control, and other domain-specific
requirements can be specified naturally as equality and in-
equality constraints in the optimization step. The relationship
between the optimal MPC-based control framework and the
modules in the NYHOPS system is shown in Fig. 1. This
flexibility in problem specification and the ability to derive
optimal control are some of the chief advantages of this control
technique. Successful applications of MPC include chemical
process control and resource management in the battlefield
[6]-[9]. We believe that this approach is sufficiently flexible
that it has the potential of assimilating both high-resolution in
situ measurements and large scale remote-sensed data from
controllable sensors into a predictive model of the physical
environment. We have demonstrated in prior work [10], [11]
that the MPC improves the lifetime and efficiency of a mobile
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sensor network system for health monitoring, where the data
is temporal in nature; in contrast the coastal monitoring sensor
network is spatiotemporal and involves larger number of nodes.

In addition, the sensors that are deployed along the coast or
in the NY/NJ harbor have to transmit their measurements to a
central data acquisition/control computer. We simulate the use
of dataloggers as intermediate relay stations situated between
the sensors and the central computer. The bandwidth across the
network can be optimized by intelligently assigning sensors to
dataloggers. If two high throughput sensors need to transmit si-
multaneously, they should be assigned to different dataloggers.
In other instances, the assignment should be such that total en-
ergy cost of transmission is reduced. We demonstrate how this
assignment can be computed within the MPC framework.

We first describe related work on adaptive control of sensor
webs. We then introduce the NYHOPS coastal monitoring net-
work. We next describe the model predictive controller frame-
work and how this framework can be applied to the NYHOPS
coastal monitoring network. We then present results from simu-
lated modeled data obtained from actual observations. Though
the adaptive MPC control method has not been implemented
on the NYHOPS sensor network, these results from model out-
puts for actual historical dynamic coastal events indicate that the
method is likely to improve the accuracy of system predictions
and enable faster responses to critical transient events as com-
pared to assimilating sensor data at a fixed rate.

II. RELATED WORK

Adaptive sampling has been applied to minimize energy
usage in a sensor network [12]-[15]. These approaches define
a stochastic model of the environment and minimize the re-
sources used to sample from this event model. These works
model the environment but not the dynamics of the sensing
system itself. Thus, though methods exist to explicitly control
resource utilization in specific sensor networks, there is no
general framework for optimal resource management that inte-
grates both the application-specific information demands from
the environment and the physical resource constraints imposed
by the network. In our approach, we assume that sensors can
be directly controlled by a central model predictive controller.
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However, distributed versions of MPC [16]-[18] have been
studied if our approach has to be extended to a completely
distributed scenario.

Optimization of sensing resources is studied by the wireless
sensor network community as this is critical to ensure that wire-
less embedded systems remain in operation long enough to be
useful in real-world applications. For example, Krause et al.
[19] describe a method of selecting sensor placement locations
in a water distribution network for optimal detection of contam-
inants. In our target applications, all the sensors are expected
to be operational and it is their relative sampling rates that are
adapted.

Data from a network of sensors is increasingly being directly
assimilated into a computational model of the environment to
improve forecast accuracy. Haupt ez al. [20] use a genetic algo-
rithm to assimilate sensor data into a dispersion model of air pol-
lutants. Gadgil et al. [21] describe a network of sensors to track
the release of airborne pollutants. Dolan et al. [22] and Howe
et al. [23] describe systems that coordinates multiple mobile
sensors to study the ocean surface and sub-surface. Researchers
have also assimilated data from remote-sensing satellites into
model outputs [24].

III. THE NEW YORK HARBOR OBSERVING AND PREDICTION
OCEAN SENSOR NETWORK SYSTEM (NYHOPS)

NYHOPS is comprised of a network of sensors and a model
of the ocean environment to monitor and predict coastal and
ocean conditions in the densely populated regions of the
Hudson-Raritan Estuary and the extended New York City
metropolitan area [3]. The readings from the sensors are pro-
vided to the model of the environment, the ECOMSED/POM
model [6]. ECOMSED is a hydrodynamic model that de-
scribes the physical properties of the entire water mass in
the NY/NJ harbor area using a set of differential equations
(representing conservation of mass and momentum, and heat
and salt transfer). The inputs to the model are ocean eleva-
tion (which depends on tides, offshore weather, cross-shelf
elevation change), salinity and temperature at the open and
coastal boundary of the model, and weather (air temperature,
humidity, pressure, wind speed, solar radiation, cloud cover
obtained from NOAA weather stations and forecasts). The
model outputs include elevation, salinity, temperature, and
water velocity. The model predictions are calculated over a
high resolution orthogonal but curvilinear three-dimensional
grid. The resolution is highest in the inland water bodies and
decreases toward the open ocean. The model is run daily and
the predictions (along with hindcasts) are displayed as images
on a webpage.

Boundary conditions for the model are available from
ground-based sensors and weather from NOAA. Further,
unmanned underwater vehicles (UUVs) may be deployed to
obtain additional information. Sensors may also be attached to
passing ships to collect oceanographic parameters along the
paths of these vessels referred to as mobile sensors.

In the NYHOPS system, sensors that are deployed along the
coast or in the NY/NJ Harbor have to transmit their measure-
ments to a central data acquisition/control computer. The dis-
tant location of the coastal sensors with respect to this central

computer requires that remote dataloggers act as an interme-
diate relay station. A datalogger (which is a PC) compresses data
files, establishes a connection to the Internet via a local ISP, and
pushes the data to the data acquisition server. Data transmission
to local sensors located in the harbor is through a line-of-sight
serial radio modem system. A sensor can establish a 1200 baud,
two-way simplex communication link with any of the remote
dataloggers. Mobile sensors utilize serial cellular modems for
data transmission to the remote logger. Currently, the data col-
lection schedule is adjusted based on the power source and sam-
pling requirements of the platform. Sites that are on the power
grid can collect and transmit data at a high frequency. Typical
sampling schedules consist of the measurement of up to 20 pa-
rameters that are retrieved every 5 minutes. Sensors that do not
have access to the power grid measure an average of 10 param-
eters every 15 minutes and data is retrieved every hour.

IV. MODEL PREDICTIVE CONTROL FOR RESOURCE
MANAGEMENT

We have designed a MPC controller that takes into account
the utility of operating the sensors and the limitations of the
NYHOPS network. Optimal controls are generated for (outputs
of the MPC controller):

1) sampling rates of fixed sensors;

2) positions of mobile sensors such as UUVs;

3) assignment of sensors to dataloggers.

The constraints in the optimization problem represent:

1) maximum sensor sampling rates;

2) physical limitations of the UUVs (such as speed, and en-

ergy capacity);

3) bandwidth of the wireless communication network.

A. Mathematical Formulation of the Objective Function and
System Constraints

The function to be optimized represents the sensing error and
the energy required for data transfer. The constraints represent
the physical limitations of the system such as bandwidth of the
wireless networks. Let S represent the set of sensors and let ps,
s € S, represent the position of a sensor s. We assume that
the errors in a sensor s’s measurements, are random, zero-mean
Gaussian with variance 2. Let the number of independent mea-
surements that are averaged to generate one sample (the sensor
sampling rate) be us. Then, the variance of error of the averaged
samples is 02 /us.

We assume that the sensor’s measurements at location p, are
correlated with values that would be obtained at location p and
that this correlation decreases linearly with the distance d(p, ps)
between p and p, (this is the case when the region around a
sensor is wide-sense stationary for short durations). This is il-
lustrated in Fig. 2(a). The variance of error at location p when
sensor s is used for measurements is (02 /us) + d(p, ps)oh
where o p is a constant of proportionality that quantifies the rate
at which the correlation decreases with distance. We selected a
value for op such that all points in the modeled region would
have more than one sensor that is significantly correlated to the
true value. Ideally, this value should be set based on the true
response of the sensor. We use the theory of Kalman filters to
optimally fuse multiple correlated sensor measurements. Then
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, error at a location p, is given
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= D (D
ap(u) ; % + d(ps,p)o,

where u = (us), s € S is the vector of sensor sampling rates.
Note that fusion using a Kalman filter can also include the case
when sensors have non-zero cross-correlation (in (1), the cross-
correlations were assumed to be zero). Equation (1) gives the
expected variance at one point. We next extend the definition to
include the case when the region of interest has a spatial extent.
Let R denote the entire expanse of the region being modeled.
As a measure of the overall accuracy of the sensor network for
a particular set of sensing rates, we will use the average of the
inverse variances of the expected error over all points in R:

- W S .

eRP

fu, R

The extent of the region can change over time. For instance, the
region may represent a freshwater plume that changes shape and
location, assumed predictable by the ECOMSED/POM model.
The MPC framework can use a predictive model of the system
to optimize control not just for a single control step, but also for
a finite number of control steps in the future. Denote by Ry (%)
the extent of the region at time ¢ as predicted by the spatial
event detection model, M. A new objective function can then
be defined that sums the objective functions for every control
step.

T (u(t+ 1), u(t+2),...,u(t+T))

Here, ¢ denotes the current time and 7' the number of future
control steps to be optimized. Note that in this formulation, no
distinction is made between the sampling rates of static and mo-
bile sensors. When the paths of mobile sensors have to be opti-
mized, the sequence of positions of the mobile sensor is treated
as a time-varying independent variable in the optimization step.

We now present the formulation that models the limitations
of the data links between dataloggers and sensors. When this
is incorporated into an optimization framework, then the data
transfer schedule that maximizes throughput can be determined.
Let b, denote the total data generated by sensor s (bs is an in-
teger multiple of its sampling rate u). Let there be M datalog-
gers. Each sensor can establish a connection with exactly one
datalogger at a time. Denote by binary variable a; ,, if sensor
s is connected to the mth datalogger, i.e., a5, = 1 if they are
connected and a, ,,, = O if they are not. This is illustrated in
Fig. 2(b). Let D,,, denote the bandwidth of the data link to the
mth datalogger (for example, 1200 baud). Then, the network
limitations can be expressed by the following constraints:

Zb Asm < Dp,
Z asm =1,
m=1

asm €{0,1}, Vm=1,2,...,

Vse S

M,VseS. (4

In practice, some of the a; ,,, will be preset to 0 indicating that it
is physically impossible to establish a communication link be-
tween sensor s and datalogger m. The above constraints lead
to an integer programming formulation as the a, ,, are inte-
gers. A given assignment of sensors to dataloggers determines
the energy expended while transmitting data over wireless links
from the sensors to the dataloggers. We assume that the energy
expenditure is proportional to the volume of data (the sampling
rate) and the square of the distance between the transmitter and
receiver (an assumption that is valid for radio transmission).
Then the total energy expenditure is proportional to the func-
tion fyy:

M
a)= Z Zusa&mdQ(s,m) 5)

m=1seS

fw(u

with d(s, m) here being the distance between sensor s and dat-
alogger m.

A single objective function cannot model all the system com-
ponents that are to be optimized. Hence, the optimal control
is obtained as the solution to a series of objective functions
(multi-objective optimization):

1) maximize the utility of measurements from fixed sensors;

2) maximize the utility of measurements from mobile sen-

SOrs;
3) minimize the energy expended in moving mobile sensors;
4) minimize the energy expended in wireless data transmis-
sion.

We integrate the components related to dynamic regions
and constraints imposed by remote dataloggers. The objectives
to be minimized are the sampling variance (fy; = f 1) and
the energy expended during wireless data transfer (fu ). We
use the lexicographic approach to multi-objective optimization
[25]. The lexicographic approach optimizes the functions in
decreasing order of importance. For the NYHOPS system, we
presume it is more important to minimize the sensor sampling
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error than to minimize the energy expenditure. In this case, we
can solve the optimization problem in the following two steps.

(uf,a]) = argmin [far(u, Ras)]

u€U|S‘
M
us >1, V565;2a57m217 Vse S
m=1
> bitom <Dp, ¥m=1,2,..., M. (6)
s€S
The second step in the multi-objective optimization is
a5 = argmin [fy (uj,a)]
u€U|S‘
M
Z asm =1, Vs €S,
m=1
stasngm, Vm=1,2,...,M. (7)
s€S

The optimal control parameters are then obtained as uj (sam-
pling rates) and a3 (assignment of sensors to dataloggers). The
actual transmission schedule [such as the transmission slots in a
Time Division Multiple Access (TDMA) scheme] can be calcu-
lated analytically after the datalogger assignment is completed.
This optimization problem is computationally difficult to
solve as it is nonlinear and non-convex, with the presence of
local minima. We therefore implemented the following approx-
imations to enable real-time operation. We used the gradient
descent algorithm as a fast solver for the optimization problems.
However, this does not guarantee a globally optimal solution.
The parameters of 50 static sensors could be optimized in less
than 10 seconds using a PC with a 2.8GHz CPU. In order to
solve for larger number of sensors, we clustered sensors into
groups to reduce the problem size (every sensor in a group
would then be assigned the same operational parameters).
We used the k-means clustering algorithm for this step. This
algorithm requires the positions of the initial clusters to be
specified. We chose the initial clusters from sensor locations so
as to maximize inter-cluster distance. Fig. 3 shows the results
of the clustering step. Clustering to reduce the problem size
of the assignment problem has been suggested for multiple
target tracking [26] and stochastic matching [27] and found
to improve performance in large problem sizes by reducing
computational time without compromising quality of results.
In addition, the datalogger assignment involves mixed integer
optimization. The assignment problem (*“bin packing”) is known
to be NP-complete and hence algorithms to determine optimal
assignment scale exponentially. Hence, we use a suboptimal
“greedy” assignment of sensors to dataloggers—assign a sensor
to nearest datalogger if bandwidth is available; else repeat with
next farthest datalogger. This process is suboptimal since it does
not consider the total energy expenditure (a global measure).

V. RESULTS

True ground truth sensor observations are not available at the
required resolutions throughout the modeled area. Hence, we
studied the end-to-end performance of the proposed approach
to improving model prediction accuracy using model output as
ground-truth. Sensor data was simulated by subsampling from
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high resolution ECOMSED model output (NYHOPS forecasts
and hindcasts). The base model predictions were obtained by
intentionally “compromising” the ECOMSED model, i.e., cer-
tain model parameters were set to historic values instead of
real-time observations in order to increase the divergence from
true observations.

We evaluate our system by computing the root mean square
error (RMSE) between the base (compromised) model outputs
to which the sensor measurements have been assimilated and
the uncompromised model (ground-truth) outputs. The squared
error of a model output variable is calculated at every point of
the model grid. The mean of the squared errors is computed over
all grid points. The evaluation framework is shown in Fig. 4.

The locations of local universities, and a few coastal spots
were chosen as positions of dataloggers for this simulation
study. A few of the dataloggers were also situated in the open
ocean in order to keep the maximum data transmission distance
between sensors and dataloggers within practical radio range.
We assumed that UUVs could navigate freely in the Lower New
York Bay and along the New Jersey coast. The paths of ships
that regularly ply in the area was available and we simulated
sensor measurements along these paths.

During the week of April 15, 2007 unusually heavy rainfall
welled the rivers flowing into the Hudson-Raritan Estuary (“Tax
day flood”). A freshwater plume formed in the NY/NJ Harbor
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tion) at one time instant. Bottom: Locations of detected events.

and spread out along New Jersey’s coastal waters. Such events
may carry pathogens from overwhelmed metropolitan treatment
plants into the coastal ocean, Atlantic Seashore beaches, and
back bays. For this study, we set the inflow rates of freshwater
in the ECOMSED model to their historic median rates. This
compromised “base” ECOMSED model did not predict the
freshwater plume but the simulated sensors observed the plume
(as these were obtained by subsampling the uncompromised
“ground-truth” ECOMSED model output from the NYHOPS
forecasts and hindcasts).

We implemented an event detection algorithm to determine
those (time varying) regions in the modeled area that would
benefit the most from assimilation of sensor observations in in-
dentifying the freshwater plume. To demarcate the extent of the
plume we used the difference in surface salinity from historic
expected levels. Sensors observing salinity values that were be-
yond one standard deviation from the historic mean were desig-
nated to be in the critical region (Fig. 5).

The number of simulated sensors in the sensor network is 250.
The locations of the sensors were computed by clustering all
the points in the model grid (using the k-means clustering al-
gorithm). Note that the sensor locations are calculated indepen-

Sampling rates: April 13, 2007 1:6Z

Fig. 6. Location of sensors (filled red/dark circles) and the detected critical
region (unfilled circles). The size of the filled circles is proportional to the sam-
pling rates.

dently of the event detection step. The locations of the simulated
sensor nodes are shown in Fig. 6. ECOMSED model outputs
were available at one hour intervals. Each control step was set
to cover 6 hours, so that the MPC controller could determine
an optimal (sub-) sampling rate from simulated ground-truth
samples per sensor (later assimilated into the compromised base
model). At the maximum sampling rate, the simulated sensor net
data included all 6 hours of available data; at the minimum sam-
pling rate only data from one hour of the available six hours was
used. In order to directly compare the adaptive sampling method
with uniform sampling, the total amount of data generated was
held fixed: individual sensors sampled at optimized rates con-
strained by the total intra-sensor sum. The uniform sampling
rate was this fixed number divided by the number of sensors. In
our adaptive sampling system, this was accomplished by setting
this total data limit in the datalogger constraint of the optimiza-
tion problem. In Fig. 6, the size of each dot is proportional to that
sensor’s relative sampling rate as computed by the constrained
multi-objective optimization step focusing on the event.

The decrease in RMSE of the sea surface salinity output
variable using our adaptive sampling approach is compared
with that achieved with uniform sampling in Fig. 7. The
RMSE shown is the mean over one day (four control steps
each assimilating six hours of data). The uncompromised
ECOMSED predictions which correctly modeled the plume
were used as ground truth. Fig. 7 compares the errors after
assimilating surface salinity simulated sensor measurements
into the ECOMSED model output. The sensor node sampling
rates were computed using our MPC technique (adaptive sam-
pling) and are compared to the equivalent fixed rate (uniform
sampling). The surface salinity after assimilation matches the
ground truth closely since the MPC dynamically adapted the
sampling rates of the sensors that are close to the flooding event
while reducing sampling rates of sensors at other locations to
ensure that the power consumption or overall bandwidth used
by the system does not overwhelm the sensor network and
violate physical constraints of the system.
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Fig. 7. Root mean square error (psu) between ground-truth and compromised
model output of sea surface salinity with assimilations from sensor data on a
moving coastal plume event on 4/26/2007. Top: Sensors without adaptive con-
trol. Bottom: Sampling rates are adapted using MPC. Bright red indicates high
error rates as evidenced in fixed sampling, and blue indicates low error as ob-
tained with adaptive sampling.

The effect of assimilating sensor data from four available
UUVs (whose paths are optimized by our MPC controller) and
three passing ships is shown in Fig. 8. The “model output”
case shows the RMSE of the compromised ECOMSED pre-
diction over the entire model domain. The other cases include
assimilation of the different available sensor observations. As
expected, increasing the number of sensor observations that
are assimilated decreases the RMSE. However, the relative
benefit of using a mobile asset depends on its location. For in-
stance, one of the ships equipped with sensors (mobile sensor
web node) moves in the Upper New York Bay, an area where
there are few static sensors and no UUVs. Hence, assimilating
data from this ship (mobile node) leads to a large decrease in
RMSE.
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Fig. 8. Decrease in RMS error (psu) with assimilation of data from static sen-
sors, four UUVs, and cruise ships.
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Fig.9. Potential integration of remote-sensed and in sifu measurements into an
ocean prediction model. Solid lines indicate flow of data. Dashed lines indicate
flow of control.

VI. CONCLUSION AND FUTURE WORK

We demonstrated a framework for resource management in
ocean observation sensor networks. The technique is general
enough that it can produce control for static sensors, optimal
paths of mobile sensors, and wireless transfer of sensor data.
The control technique adapts these sensor and communication
resources to changes in the ocean environment. The changes
in the environment can be calculated from a variety of data
sources. We demonstrated how static sensor measurements, and
data from UUVs and passing ships can be assimilated into the
outputs of a hydrodynamic ocean model to increase the predic-
tion accuracy of the system forecasts.

This approach can also be generalized to accept data from re-
mote sensing satellites and to dynamically generate observation
tasks for satellites that could be re-tasked on demand. The con-
cept is illustrated in Fig. 9. In particular, in the future, we intend
to assimilate remote-sensed sea surface temperature (from on-
going AMSR, GOES missions and the Decadal Survey PATH
mission) and ocean surface vector winds measurements (from
the existing QuikSCAT mission and planned Decadal Survey
XOVWM mission) into the ECOMSED ocean model along with
in situ sensor measurements in order to improve prediction ac-
curacy and provide more accurate estimates of coastal and mar-
itime events. Satellites such as EO-1 could be re-tasked to pro-
vide better measurements and models of critical tracked events.
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