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method enables the mobile robots and fixed sensors to 
coordinate their operations in order to improve the forecast 
accuracy of a particular event. The method also ensures that 
the assimilation occurs efficiently by managing the resources 
of the sensor network in response to dynamic events.  

II. RELATED WORK 
Adaptive sampling refers to the explicit control of sensor 

sampling rates in order to conserve system resources or to 
respond to changing environmental conditions. This 
approach has been applied to environmental sensor networks 
[4-9]. MPC has been used to solve specific problems arising 
in sensor networks. Bemporad et al. [10] consider a setting 
where MPC is used as a remote controller that acts on 
sensors using wireless communication. Arai et al. [11] use 
MPC to determine a sensor communication schedule in a 
network of mobile sensors. In environmental sensing 
applications, mobile sensing robots may have to be operated 
among a network of fixed sensors. Ogren et al. [12] use a 
gradient climbing approach to control mobile sensors. Zhang 
et al. [13] consider adaptive sampling of the environment 
being monitored using mobile sensors operating with fixed 
sensors. Paley et al. [14] describe feedback control to 
coordinate gliders in an ocean monitoring application. 

III. COASTAL MONITORING SYSTEM 
The New York Harbor Observation and Prediction System 

(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 New Jersey 
Atlantic Ocean shoreline [1]. The readings from the sensors 
are provided to the model of the environment, the 
ECOMSED/POM model [15]. ECOMSED is a 
hydrodynamic model that describes 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 transfer). The inputs to the model 
are ocean elevation, salinity and temperature at the open and 
coastal boundary of the model, and weather. The model 
outputs are elevation, salinity, temperature, and water 
velocity. The model is run daily and the predictions (along 
with hindcasts) are displayed as images on a webpage. 

IV. MODEL PREDICTIVE CONTROL FOR UUVS 
Physical sensors that comprise part of an embedded 

sensing network are limited in their energy and 
communication resources. If the sensors are always operated 
at their maximum rates while transmitting all the resulting 
data across the wireless network, then these resources may 
be exhausted too early. Therefore, it is important to develop 
a means of regulating the operation of both the fixed sensors 
and mobile boats in the network in order to maximize the 
expected utility of incorporating the sensor data into the 
system output while still ensuring that the physical 

limitations of the sensor network are not exceeded. 
We utilize a general mathematical control framework 

called Model Predictive Control (MPC) for regulating the 
operation of the sensors in the sensor network. MPC is an 
established technique for controlling complex continuous 
systems. MPC assumes that a model that describes how the 
system state responds to control inputs is available. At each 
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 are specified naturally as equality and 
inequality constraints in the optimization step. This 
flexibility in problem specification and the ability to derive 
optimal control are some of the advantages of this technique. 
In prior work, we have derived a statistical model to describe 
the utility of obtaining measurements from spatially 
separated but fixed sensors at different sampling rates [3]. 
This statistical model forms the basis for the MPC objective 
functions. We used the uncertainty in the estimate obtained 
after optimal fusion of sensor observations as a measure of 
the utility of the sensor measurements.  

 We use the formalism of Kalman filters to obtain the 
uncertainty in the estimate of the true value of the 
environmental parameter ݔ௣ after fusing sensor observations. 
We assume that the process model and the process noise 
variance are known a priori.  For simplicity of the notation, 
we assume that the sensors can directly observe the 
environmental variable, ۶ ൌ ሾ11 … ሿ். We assume that all 
the sensors can observe the environment variable but the 
accuracy of these measurements, as characterized in the 
covariance matrix ܀, varies with the sensor distance in 
addition to the intrinsic errors added by each sensor. 

We denote by ௧ܲିଵ  the a priori estimate variance. The 
residual variance is then given by ܁ ൌ ۶ ௧ܲିଵ۶் ൅  and the ܀
updated estimate variance is given by ௧ܲ ൌ ሺ1 െ ۹۶ሻ ௧ܲିଵ. 
Here ۹  is the Kalman gain given by ۹ ൌ ௧ܲିଵ۶்ି܁ଵ . If the 
a priori estimate variance is assumed to be infinite (no a 
priori knowledge), then the a posteriori estimate variance 
reduces to ௧ܲ ൌ ۶்ܴିଵ۶. This estimate variance is used as 
the objective function with respect to a single point ݌. Note 
that the error covariance matrix is a function of the sampling 
rates and locations of all the sensors. We extend the 
definition of the objective function with respect to a region 
(from a point) by calculating the mean uncertainty over all 
points in the region of interest ݌ א ܴ. ூ݂ሺܝ, ܴሻ ൌ ෍ ோא૚۶௣ି܀۶்  

We consider the case where multiple mobile sensors 
operate in the same area occupied by the static sensors. A 
constrained optimization problem is defined to provide a 
means of determining the paths of multiple mobile sensors 
such that the sensor observations will have a maximal 
impact on increasing the accuracy of the estimates provided 
by the integrated sensing system.  

Let ܲ denote the number of mobile sensors and let 



  

ሻݐPሺܠ ൌ ቀݔଵPሺݐሻ, ,ሻݐଵPሺݔ … ,  ሻቁ denote the state vector ofݐଵPሺݔ
mobile sensor positions at time ݐ. The elements of the sensor 
covariance matrix, ܀, will change with mobile sensor 
positions. The variance of a sensor at location ݔ with respect 
to a local region around ݌ is given by ܴሺݔሻ ൌ ௦ଶߪ ൅ ݇ଵ݀ሺ݌, ெݑሻݔ  

Here ߪ௦ଶ  is a measure of the (constant) intrinsic noise in 
the sensor, ݑெ the constant sampling rate of a mobile sensor, ݇ଵ  is a constant of proportionality, and ݀ሺ·,·ሻ is the distance 
function. Similarly, the sensor cross-covariance between two 
sensors at positions, ݔ௜,ݔ௝, is given by ܴ൫ݔ௜, ௝൯ݔ ൌ 1݇ଶ݀൫ݔ௜,  ௝൯ݔ

Let ܀௉ሺܠPሻ denote the covariance matrix of the mobile 
sensors with elements as defined above. The objective 
function with respect to a region of interest ܴ (set of points) 
is defined as ௉݂ሺܠP, ܴሻ ൌ ෍ ோאPሻି૚۶௣ܠ௣ሺ܀۶்  

The objective function is extended to the entire prediction 
horizon, ܶ. ௉݂൫ܠPሺݐሻ, ݐPሺܠ ൅ 1ሻ, … , ݐPሺܠ ൅ ܶሻ൯ൌ ෍ ݂൫ܠPሺݐԢሻ, ܴா௩௘௡௧ሺݐԢሻ൯௧ା்

௧ᇲୀ௧ାଵ  

The maximum speed of the mobile sensors and navigable 
areas are modeled as constraints in the optimization 
problem. ݀ ቀݔ௣Pሺݐ ൅ ݇ ൅ ,ሻݐ|1 ݐ௣Pሺݔ ൅ ሻቁݐ|݇ ൑ ݌׊ ெ஺௑ݒ ൌ 1,2, … , ܲ, 0൑ ݇ ൑ ݐ௣Pሺݔ  ܶ ൅ ሻݐ|݇ א ܵ௣݌׊ ൌ 1,2, … , ܲ, 0 ൑ ݇ ൑ ܶ  

where ݒெ஺௑is the maximum velocity of a mobile sensor, 
and sensor ݌ remains within the region defined by ܵ௣. 

V. RESULTS 
During the week of April 15, 2007 unusually heavy 

rainfall caused a freshwater flooding event in the New York 
harbor and surrounding ocean (“Tax day flood”). This 
caused a freshwater plume to form in the New York Bay and 
spread out into the open ocean. We simulated the presence 
of 250 sensors in the modeled area. The locations of the 
simulated sensors are shown in Figure 2. True ground truth 
sensor observations are not available at the required 
resolutions throughout the modeled area. Hence we 
simulated static and mobile sensor data by subsampling 
from a high resolution ECOMSED model output. This high 
resolution model was instantiated with the heavy rainfall 
parameters. The base model predictions were obtained by 
intentionally “compromising” the ECOMSED model, i.e., 
model parameters were set to their historic values instead of 
real-time observations in order to mimic a model that does 
not respond to unexpected events. Specifically, we set the 
flow rates of freshwater into the ocean in the ECOMSED 
model to their historic median rates. Thus, this compromised 
ECOMSED model did not predict the freshwater plume but 
the simulated sensors observed the plume. Event detection 
was implemented by designating sensors observing surface 
salinity values that were beyond one standard deviation from 
the historic mean to be in the region of interest. 

We modeled the operation of 4 robotic boats on the ocean 
surface in the modeled area. In order to reflect the real-life 
limitation that boats may be deployed close to the coast 
only, two of the boats were confined to navigate in the 
Lower New York Bay and the other two along the New 
Jersey coast. These areas are shown in Figure 2. Figure 3 
shows the computed path of the 4 boats. The MPC controller 
was executed every six hours to plan the paths for all the 
robotic boats for the following control interval. 

 The effect of controlling the paths of boats on increasing 
the accuracy of the ECOMSED model predictions is shown 
in Figure 4. The plot shows the proportional increase in 
model accuracy using the model error without sensor data 
assimilation (RMS error of sea surface salinity of the 
compromised ECOMSED prediction) as the baseline. 

Figure 2: Top:  Locations of 250 fixed sensors. Bottom: Navigable areas of 
the robotic boats and their starting locations. 
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