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 Abstract—The paper describes the use of model predictive 
control (MPC) as a framework for optimal resource 
management in environmental monitoring sensor networks. 
The MPC formulation adapts sensor and network 
parameters (such as sensor sampling rates, and routing of 
data) that impact the utilization of the system resources 
(such as energy reserves at off-shore in-situ sensors, and 
wireless bandwidth). The control parameters are optimized 
so as to maximize a measure of the total information 
extracted from the system. This information measure takes 
into account the spatio-temporal events of interests that are 
detected in the environment. 
The approach is illustrated on a coastal monitoring and 
forecast system that is in operation in the New York harbor 
and surrounding area. Offline results using actual modeled 
data from in-situ sensory measurements 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. 1 2 
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1. INTRODUCTION 

Wireless sensor networks have been deployed for real-time 
monitoring in a variety of physical environments [1-3]. 
However, the limited resources available at a sensor node 
severely limit the lifetime and utility of such a system. The 
small size of a typical node restricts the battery size. On the 
other hand, wireless communication is an energy intensive 
process. This implies that if the communication and sensing 
1                                                           
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processes take place at a uniform rate, then either the system 
will have to restrict the information gathering rate to a low 
level to guarantee an extended lifetime, or sacrifice lifetime 
to ensure high resolution sensing. Ideally, we would like the 

system to be designed such that there is an intelligent trade-
off between the rate of energy utilization and the 
information output of the sensor network.  

The rate of resource utilization at a sensor node is 
dependent on certain controllable parameters. For instance, 
the sampling rate affects energy consumption due to the 
demands of operating the sensor (especially those sensors 
that have mechanical components) and the need to transmit 
the resulting data. If a critical event is detected, the sensors 
are expected to provide information at a high resolution 
(high sampling rate) while at other times the sensors can 
operate at a much lower rate, thus conserving energy for 
critical periods. Thus, if we explicitly control these 
parameters in response to the changing event criticality we 
can significantly extend the lifetime of the sensor network. 
In this work, we adapt these controllable parameters to the 
internal resources of the sensor system and the application 
requirements in a mathematical rigorous way. 
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Extent of Spatial Event  
Figure 1 - Sensors embedded in the environment. The 

spatial extent of the event at two control steps is shown. The 
vertical bars represent the sampling rates at these control 

steps. 
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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 
continuing 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 appropriate 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 
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 
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 inequality constraints in the 
optimization step. 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 [4-7]. 

We illustrate the application of MPC to sensor networks 
using an existing coastal monitoring network (the New 
York Harbor Observing and Predicting System, NYHOPS). 
Here, a “critical event” corresponds to a time varying spatial 
phenomena such as an expanding freshwater plume after 
heavy rainfall. The control parameters that will be adapted 
are the sampling rates of each sensor and the routes taken 
by data during wireless communication. 

We first describe related work on sensor network control 
mechanism. We then introduce the standard model 
predictive controller framework. We next describe how this 
framework can be applied to the NYHOPS coastal 
monitoring network. Offline resource management results 
of the MPC on sensor web parameters in response to actual 
coastal plume events captured by the NYHOPS sensor web 
system are then presented. 

2. RELATED WORK 

Resource conservation to prolong system lifetime is studied 
by the wireless sensor network community as this is critical 
to ensure that wireless embedded systems remain in 
operation long enough to be useful in real-world 
applications. Energy minimization has been incorporated 
into the deployment and coverage of sensor networks [8-
10]. One way to conserve energy while still ensuring that 
the area to be monitored is sufficiently covered is by 

scheduling sleep/wake cycles for the sensors [11, 12]. 
Another method is to enable sensors to adapt their radio 
range to maintain coverage while reducing the energy spent 
in transmissions [13, 14]. In these approaches, it is assumed 
that multiple sensors can cover the same area. In our target 
applications, all the sensors are expected to be operational 
and it is their relative sampling rates that are adapted. 
Rakhmatov and Vrudhula present a mathematical model 
that specifically describes battery lifetime and this model is 
used in designing energy efficient protocols [15]. 
Bandyopadhyay, Tian et al. study the effect of 
implementing energy conserving transmission schemes on 
the maximum spatial and temporal sampling rates possible 
from a sensor network [16]. A resource allocation scheme 
that is based on combinatorial auctions is described in [17]. 
This approach is similar to ours in that a centralized scheme 
is used, but the focus of that work is not on energy 
conservation. The energy expended in a multi-hop network 
can be reduced by implementing energy efficient routing 
schemes [18-21]. In our paper, we use a simple model for 
the energy required to transfer data over a wireless link. 

Adaptive sampling refers to the explicit control of sensor 
sampling rates and locations in order to conserve system 
resources or to respond to changing environmental 
conditions. This approach has been applied to minimize 
energy usage in a sensor network [22-27]. These approaches 
define a stochastic model of the environment and minimize 
the resources 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 integrates both the application-
specific information demands from the environment and the 
physical resource constraints imposed by the network. 

Optimization techniques developed specifically for use in  
sensor network applications have largely been restricted to 
discrete constraint satisfaction and optimization problems 
[28-30]. (In a constraint satisfaction problem, a set of 
variables is to be assigned values from a finite space such 
that the assignment does not violate any of a set of 
constraints specified as the allowable values of subsets of 
variables). However, formulations based on optimization of 
continuous functions (such as MPC presented in this paper) 
are more suited to the control of continuous parameters such 
as sampling rate at a sensor node. In our approach, we 
assume that sensors can be directly controlled by a central 
controller. However, distributed versions of MPC [31-33] 
have been studied if our approach has to be extended to a 
completely distributed scenario. 
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3. MODEL PREDICTIVE CONTROL 

Model Predictive Control (MPC) uses a process model that 
describes the dynamics of the open loop system. The goal of 
the controller is to determine the set of control inputs that 
when applied to the process model will cause the controlled 
outputs to most closely match a given set of desired outputs 
in the future. Let ( )X t denote the state of the system model 
at time t , and ( )U t  and ( )Y t  denote the corresponding 
inputs and outputs. Traditionally, the state model is assumed 
to be linear because of the computational efficiency 
associated with the solution of linear systems: 

( 1) ( ) ( )
( ) ( ) ( )

X t AX t BU t
Y t CX t DU t

+ = +
= +  

where , , ,A B C D  are constant matrices representing the 
coefficients of the linear model. The sequence of future 
control signals is computed to minimize a cost function F  

( )
{ }

( )
min ( ), ( )

where ( ) ( 1| ), , ( | )
U t

F X t Y t

Y t Y t t Y t T t= + +
 

such that 

( )
( )

( | ), ( | ), ( | ) 0
( | ), ( | ), ( | ) 0

: 0,1, , 1

G X t j t U t j t Z t j t
H X t j t U t j t Z t j t

j j T

+ + + ≤
+ + + =

∀ = −…
 

where G and H are linear functions denoting the inequality 
and equality constraints respectively. The constraints of 
many controllable systems are also affected by external 
factors which we represent by ( )Z t . The predicted future 

outputs { }( ) ( 1| ), , ( | )Y t Y t t Y t T t= + +  for the 

prediction horizon T are calculated at each instant t using 
the process model. This optimization problem is solved 
using a (computationally expensive) quadratic programming 
solver in standard MPC formulations. Only the current 
control signal ( | )U t t  is applied to the process (receding 
horizon). At the next sampling instant, ( 1)Y t +  is 
measured and the procedure is repeated to calculate 

( 1| 1)U t t+ + . 

The problem of managing system resources in a sensor 
network can be framed as a MPC problem. The general 
formulation takes the form of the following optimization 
problem: 

Determine the control inputs such that information 
extracted from the environment is proportional to event 
criticality 

Subject to: 

Resource constraints: None of the system’s resources run 
out before a pre-defined minimum lifetime  

Physical constraints:  the sensors stay within their 

operational bounds 

The details of the MPC for spatiotemporal sensor webs is 
provided next, where observed events  evolve over space 
and time.  

4. MPC FOR A COASTAL MONITORING SENSOR 

NETWORK 

The New York Harbor Prediction and Observation System 
(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 [34]. The modeled area is shown 
in Figure 2. The readings from the sensors are provided to a 
predictive model of the environment, the ECOMSED/POM 

 
Figure 2 - Location of sensors (red dots) and dataloggers 

(green dots) in NYHOPS simulation. 
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model [35]. 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 
environmental parameters for the entire area. The model 
outputs can be used to detect regions of interest such as 
freshwater plumes. These regions can be studied in greater 
detail by increasing the resolution of sensors that are close 
to that area. Thus, the goal of a sensor network optimization 
protocol is to 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. The relationship between 
the optimal MPC-based control framework and the modules 
in the NYHOPS system is shown in Figure 3. 

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 requires. A 
datalogger compresses data files, establishes a connection to 
the Internet via a local ISP, and pushes the data to the data 
acquisition server. The data transmission to the remote 
datalogger 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. The bandwidth across the network can be 
optimized by intelligently assigning sensors to dataloggers. 
If two high throughput sensors need to transmit 
simultaneously, they should be assigned to different 
dataloggers. In other instances, the assignment should be 
such that total energy cost of transmission is reduced. The 
actual transmission schedule (such as the transmission slots 
in a Time Division Multiple Access (TDMA) scheme) can 
be calculated analytically after the datalogger assignment is 
completed. 

Mathematical Model 

We now describe how a MPC formulation can be used to 
regulate the operation of the sensors and their 
communications in the NYHOPS network. 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 

,sp 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

sσ . Let the 
number of independent measurements that are averaged to 
generate one sample (the sensor sampling rate) be su . 

Then, the variance of error of the averaged samples is 
2
s

su
σ

. 

We assume that the sensor’s measurements at location sp  
are correlated with values that would be obtained at location 
p . This correlation decreases linearly with the distance 

( ), sd p p between p and sp . The variance of error at 

location p when sensor s is used for measurements is 

( )
2

2,s
s D

s

d p p
u
σ σ+  where Dσ is a constant of 

proportionality that quantifies the rate at which the 
correlation decreases with distance. If measurements from 
multiple sensors are optimally fused (as in the temporal 
model) to determine the value at a location p , then the 

variance of error, 2
pσ , is given by 

( ) 22
2

1 1

( , )s S sp
s D

s

d p p
u
σσ σ∈

=
+

∑u
 

where ( ) ,su s S= ∈u is the vector of sensor sampling 

rates. 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 
mean variance of error over all points in R : 
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Figure 3 – Integrating sensor network control into a coastal monitoring application. 
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( ) ( )2

1 1,
| | p R p

f R
R σ∈

= ∑u
u

 

The extent of the region can change over time. For instance, 
the region may represent a freshwater plume that changes 
shape and location which this can be predicted 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 ( )MR t the extent of 

the region at time t  as predicted by the spatial model, M . 
A new objective function can then be defined that sums the 
objective functions for every control step that has to be 
modeled. 

( ) ( ) ( )( )
( ) ( )( )

' 1

1 , 2 , ,

' , '

T

t T

M
t t

f u t u t u t T

f t R t
+

= +

+ + + =

∑ u

…
 

Here, t  denotes the current time and T the number of 
future control steps to be optimized. 

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 throughout can be 
determined. Let sb (proportional to its sampling rate su ) 
denote the total data generated by sensor s . Let there be 
M dataloggers. Each sensor can establish a connection 
with exactly one datalogger. Denote by binary variable 

,s ma if sensor s is connected to the m-th datalogger, i.e., 

, 1s ma = if they are connected and , 0s ma =  if they are not. 

Let mD denote the bandwidth of the data link to the m-th 
datalogger (for example, 1200 baud). Then, the network 
limitations can be expressed by the following constraints. 

,

,
1

,

, 1, 2, ,

1,

{0,1}, 1,2, , ,

s s m m
s S
M

s m
m

s m

b a D m M

a s S

a m M s S

∈

=

≤ ∀ =

= ∀ ∈

∈ ∀ = ∀ ∈

∑

∑

…

…

 

In practice, some of the ,s ma will be preset to 0 indicating 

that it is physically impossible to establish a communication 
link between sensor s and datalogger m . The above 
constraints lead to an integer programming formulation as 
the ,s ma  are integers. 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 
function Wf : 

( ) ( )2
,

1
, ,

M

W s s m
m s S

f u a d s m
= ∈

=∑∑u a  

where is the distance between sensor s and datalogger m .  

We integrate the components related to dynamic regions 
and constraints imposed by remote dataloggers. This leads 
to a multiobjective optimization problem where the two 
objectives are minimizing the sampling variance ( Mf ) and 

the energy expended during wireless data transfer ( Wf ). 
We use the lexicographic approach to multiobjective 
optimization. The lexicographic approach optimizes the 
functions in decreasing order of importance. We assume for 
the NYHOPS system, it is more important to minimize the 
sensor sampling error than to minimize the energy 
expenditure. In this case, we can solve the optimization 
problem in the following two steps. 

( ) ( )
| |

1 1

,
1

,

, arg min ,

1, ; 1,

, 1,2, ,

S
M M

U
M

s s m
m

s s m m
s S

f R

u s S a s S

b a D m M

∈

=

∈

⎡ ⎤= ⎣ ⎦

> ∀ ∈ = ∀ ∈

≤ ∀ =

∑

∑

u
u a u

…

 

MR denotes the extent of the region of interest as predicted 

by the spatial model, M . Note that this is a mixed integer 
programming problem. The second step in the 
multiobjective optimization is 

( )
| |

2 1

, ,
1

arg min ,

1, ; , 1, 2, ,

S
W

U
M

s m s s m m
m s S

f

a s S b a D m M

∈

= ∈

⎡ ⎤= ⎣ ⎦

= ∀ ∈ ≤ ∀ =∑ ∑
u

a u a

…
 

The optimal control parameters are then obtained as 

1u (sampling rates) and 2a (assignment of sensors to 
dataloggers). 
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5. RESULTS 

We now present results from executing the MPC on a 
simulation of the NYHOPS system. We restrict the area to 
the NY/NJ harbor area. There are 606 locations within this 
area which are included in the grid model of the ECOMSED 
model. We identified the location of 21 sensors from the 
NYHOPS website for use in our simulation (Figure 2). We 
model these sensors as having the same variance with 
respect to the monitored phenomena. We simulate a 
freshwater plume that moves out of the mouth of the Raritan 
River into the open ocean. This plume constitutes the region 
of interest that has to be monitored with high fidelity using 
the NYHOPS sensor network. In addition, we chose 5 
points on the coastline to represent the locations of the 
dataloggers. Figure 4 shows the sampling rates and 
assignments of sensors to dataloggers at one specific time 
point as the plume expands. The points used to approximate 
the plume are shown by small red dots. As expected, the 
sampling rates of sensors close to the plume are high. As the 
dataloggers close to the plume are also able to associate 
with only a few of these sensors because of their high 
sampling rates, the dataloggers that are farther away from 
the plume accommodate the remaining sensors. 

6. EXTENSIONS OF THE MPC MODEL 

The MPC controller that was described for the NYHOPS 
system considered critical regions that were determined by 
an event detection module (Figure 3). The event detection 
used the forecast provided by the predictive ECOMSED 
model. However, the event detection can incorporate other 
data sources such as satellite imagery to provide a more 
accurate prediction of regions of interest. In addition, if 
these data sources are controllable, then these control 
parameters can be included in the optimization framework. 
For instance, the paths of relevant remote sensing satellites 
can be modeled as part of the optimization step. The optimal 
control can then include desired remote sensing tasks for the 
satellite. 

7. CONCLUSIONS 

The paper demonstrated the use of model predictive control 
as a general framework for resource management in sensor 
networks. The technique adapts the system parameters that 
affect the resolution of the sensed data (sampling rates of 
the sensors) and the rate of system resource utilization (data 
routes in wireless transmission) such that these two 
competing factors are optimized taking into account the 
detection of interesting events. This optimization uses the 
established mathematical framework of model predictive 
control. We illustrated the approach on a coastal 
environment monitoring system. The sensor sampling rates 
and effective network throughput were varied in response to 

a geographically defined area of interest that varied over 
time. The simulation results indicate that our proposed 
control algorithm can be effective in a variety of sensor 
network applications. The technique can also be extended to 
take into account data sources such as satellite images and 
generate scheduling controls for remote sensing satellites. 
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Figure 4 - Sampling rates of sensors as determined by the 

MPC controller. Size of dots representing sensors is 
proportional to sensor sampling rate. Small red dots indicate 
the extent of the plume. Datalogger locations are indicated 
by unfilled squares. Colors are used to indicate assignment 

of a sensor to a datalogger. 
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