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Abstract— The puff (or the pollutant puff) represents an
instantaneous pollution cloud released in the ambient atmo-
sphere. This paper describes, and validates a complete dynamic
data driven application system (DDDAS) for measuring and
simulating a puff in a dynamic, urban environment. Unmanned
aerial vehicles (UAVs) are used as mobile sensors to collect data
from the concentration field which is then assimilated into
a running advection diffusion simulation to predict the puff
motion. In turn, the running simulation is used to determine
desirable locations to place the sensors based on the previously
collected data. We directly compare the error achieved in a
real-time, low resolution simulation by using both static and
mobile sensors in a the DDDAS. The scenario investigated here
is analogous to a chemical puff that is released in an urban
environment and travels downstream according to the advection
diffusion equation. We find that a single mobile sensor in the
DDDAS outperforms an array of several static sensors in this
scenario. Additionally, groups of mobile sensors are able to
further decrease the error levels in the simulation.

I. INTRODUCTION

The possibility of using low cost miniature aerial robots
provides a very promising option for safe and cost-effective
data collection. The primary benefits of such a system
are the relatively low cost of individual vehicles and the
safety of using unmanned vehicles for missions involving
harsh atmospheric conditions or toxic environments that are
too dangerous to send humans. Unmanned aerial vehicles
(UAVs) are able to gather information over large areas and
have the ability to backtrack, allowing for more complete
data collection in a dynamic environment. Possibly the most
widely known mobile, in atmospheric sensing system is the
Aerosonde unmanned aerial vehicle [1]. The Aerosonde is
a UAV that can be equipped with atmospheric sensors and
flown through the environment to be measured. This has
the notable advantage over dropsondes of allowing maneu-
verability in the horizontal and vertical directions and, in
principle, the ability to react to the data being collected.
Despite the capabilities of the Aerosonde UAV, it is relatively
large (approximate wingspan of 3 meters) and its rather
high cost is not desirable for applications involving multiple
vehicles. A sample of the work that has been conducted in
the last few years using concepts similar to the Aerosonde
UAV but with smaller and lower cost vehicles can be found
in [2], [3]. In many sensing applications, it is more desirable
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to have many sensors spaced throughout a domain than only
a single sensor.

In any mobile sensor application, a key consideration that
must be addressed is how to position the sensors in order
to gain substantially useful information from their locations.
The framework of dynamic data-driven application systems
(DDDAS) is driven by the goal of dynamically incorporat-
ing data into a running application (e.g. an environmental
simulation) while simultaneously using the application to
steer measurement processes [4]. The DDDAS framework is
widely used in wildfire simulation [5], [6], identification of
airborne contaminants [7]–[9], and weather forecasting [10].
More applications of UAVs for the Puff mapping problems
can be found in [11], [12]. Rather than solving the inverse
problem to estimate the initial contaminant state, we use
a Kalman filter to update the current state. This leads to
an efficient method that is suitable for real-time dynamic
control of UAVs and miniature/micro-aerial vehicles (MAVs)
while implementing a full DDDAS simulation with vehicle
dynamics.

This paper builds upon the authors’ previous work demon-
strating the environmental volumetric monitoring capabilities
of a small team of unmanned aerial vehicles [13], [14]. The
primary contribution of this article is the implementation of
a full DDDAS coupled feedback loop, giving autonomous,
dynamic data-driven feedback to guide mobile sensors and
maximize the utility of data collected by the sensors. Mobile
sensors are guided by a running simulation of a concentration
plume using several different measurement strategies and
the measurements are fed back into the live simulation.
This leads to a rapidly adapting measurement strategy that
guides sensors to impactful areas of a dynamic environment
and quickly improves the running application to maximize
accuracy of current knowledge and future predictions.

The concentration puff measured in this paper is a simu-
lated two-dimensional puff initialized as a Gaussian concen-
tration field and propagating downwind past two building-
like obstacles. A high-resolution simulation was carried out
in advance and is treated as the true concentration field.
A mobile sensor moves through the environment, collecting
data on the puff concentration. Using a Kalman filter data
assimilation technique, this data is fed back into a low
resolution puff simulation running in real-time. The running
simulation is then used to steer the mobile sensors and the
measurement process.

The error in the running simulation is compared to the
error achieved without data assimilation and from using static
sensors rather than mobile sensors for data assimilation. We
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find that a single mobile sensor in the DDDAS outperforms
an array of nine static sensors in this scenario. The mobile
sensors decrease the initial error in the simulation more
quickly than static sensors and achieve a lower error level
overall.

The manuscript is organized as follows. We begin with
an overview of the DDDAS, including the mobile sensor
control scheme, the numerical simulations used, the data
assimilation procedure, and the sensor placement algorithm.
We then discuss and present the numerical simulations used
to investigate the DDDAS. We demonstrate greatly improved
simulation accuracy when the full DDDAS is used with
mobile sensors rather than a more standard data assimila-
tion method using static sensors. Finally, we conclude with
some general comments and observations about the DDDAS
presented here as well as DDDAS’s in general.

II. DDDAS OVERVIEW

The methods used in this paper combine to form a com-
plete dynamic data-driven application system (DDDAS) [4].
The DDDAS is characterized by two coupled feedback loops
running in real-time to improve the accuracy of a running
simulation while simultaneously improving the effectiveness
of data collection strategies. A schematic of this system
is shown in figure 1. We refer to the first loop in the
DDDAS as the sensor guidance and control loop. The system
components in this loop are responsible for sensor control
and guidance including movement, collision avoidance, and
data collection. The second loop in the system is referred to
as the simulation loop. In this loop, a real time simulation
attempts to model the physical system of interest; in our case,
a concentration puff is modeled using the advection-diffusion
equation.

The key to the DDDAS is an effective, two-way coupling
between the simulation loop and the sensor guidance and
control loop. This is accomplished by using a Kalman filter
based data assimilation routine to assimilate data collected
in the guidance and control loop into the running simulation
loop, resulting in improved accuracy in the simulation.
Meanwhile, the simulation loop is used to steer the mobile
sensors to impactful measurement locations, improving the
data collection process. We first discuss the nondimension-
alization used in this paper, then move on to introduce the
mobile sensor control scheme that is used to ensure sensor
collision and obstacle avoidance while guiding sensors to
desired locations. We also describe the simulation loop used
to model the advection diffusion processes. We then describe
the data assimilation and sensor methods that are used to
couple these two loops.

A. Nondimensionalization

All variables, including time, length, and velocity, are giv-
en in nondimensional units unless otherwise specified. The
nondimensionalization is based on a dimensional velocity V0
and a length scale L. In the scenario presented below, V0 is
the inflow velocity into the domain and L is the size of the

buildings used. These two parameters lead to dimensionless
quantities as follows:

t =
t′ · V0
L

, x =
x′

L
, v =

v′

V0
(1)

where t, x, and v are the nondimensional time, length,
and velocity and the primed variables are their dimensional
counterparts.

B. Sensor mobility control

The sensor guidance and control element of the DDDAS
governs the motion and behavior of the mobile sensors.
While many options exist for the mobile sensor controller,
a scheme based on smoothed particle hydrodynamics (SPH)
is chosen as the basis to guide vehicles using a virtual at-
tractor particle [15] while also maintaining a safe separation
between vehicles for collision avoidance. The SPH control
algorithm distributes computations among vehicles and limits
vehicle-vehicle interactions to a finite radius, allowing for
future scalability to larger vehicle groups and more complex
control problems. Here, we describe only the most important
aspects of the SPH control scheme. For additional details, the
reader is referred to the references of this section.

The SPH method uses a particle-based (Lagrangian) dis-
cretization of the Navier-Stokes equations of fluid mo-
tion [16], [17]. This method has been recently used as a
vehicle control scheme with built in fluid-like motion and
collision avoidance [18]–[22]. The SPH discretization uses
Lagrangian particles to represent a fluid. The particles take
on all properties of the fluid, which may then be applied
through the use of a “smoothing kernel”. The relevant SPH
equations can be found in many resources such as [16] or
[17] and are summarized here. The smoothing kernel used
in this paper is given by

Wij =
2

3h2ij


1− 3

2s
2 + 3

4s
3 if 0 ≤ s ≤ 1

1
4 (2− s)3 if 1 < s ≤ 2

0 if s > 2

, (2)

where hij is the smoothing width of the kernel and s =
rij/hij where rij is the distance between particles i and j.
The Navier-Stokes equations for conservation of mass and
momentum are then discretized as

ρi =
∑
j

mjWij , (3)

Dvi

Dt
= −

∑
j

[
mj

(
Pi

ρ2i
+
Pj

ρ2j

)
∇iWij

]
+
∑
j

(
Πij

rij

∂Wij

∂rij

)
,

(4)
where subscripts denote particle identity, ∇i denotes the
gradient with respect to particle i, and Π is the viscous stress.
The pressure terms are computed using the equation of state

Pi = Kiρi

(
ρi
ρ0
− 1

)
. (5)

All spatial derivatives that are normally present in the Navier-
Stokes equations now manifest themselves as the ∇W terms
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Fig. 1. Schematic of the DDDAS. The two main components of the system are a sensor guidance and control loop and a simulation loop. In the first
loop, the UAVs are guided through the SPH algorithm to collect useful information and avoid collisions. In the second loop, a simulation is carried out to
estimate the evolution of puff evolution. Through data assimilation, dynamic data is injected into the puff simulation to improve the estimation accuracy.
Meanwhile, the simulation-based sensor placement algorithm can be used to determine the hot spots of puff evolution and improve the measurement
efficiency.

and the SPH equations form a system of ordinary differential
equations that may be integrated in time.

In the context of cooperative control, each vehicle is
associated with a particle in the SPH representation and the
vehicle positions are given by

ẍi =
Dvi

Dt
+

Fi

mi
. (6)

Often, an external force Fi is used to provide vehicle guid-
ance while the SPH forces provide for smooth motion with
obstacle and collision avoidance. To avoid the computational
cost of generating an appropriate external force, we use
reduced density virtual particles for vehicle guidance [15].
These reduced density particles create low pressure regions in
the domain and are used to attract the vehicles to their desired
locations. In this paper, a reduced density virtual particle will
be used as a target point to guide vehicles through the domain
to the desired measurement locations.

C. Simulation

The DDDAS approach is quite general and can be applied
to many phenomena for which good simulation models
are available. Here, we focus on measuring and tracking a
concentration puff from sparse observations in an advection-
diffusion system described by

∂ψ

∂t
+ v · ∇ψ =

1

Pe
∇2ψ; ψ(0, x) = ψ0(x), (7)

where v = v(t, x) is the background wind velocity, Pe is the
Péclet number which quantifies the relative strength of the
advection and diffusion terms, ψ(t, x) is the concentration
field, time t ∈ (0, T ), and x ∈ Ω. Since there is some
uncertainty or error in the values of ψ caused by background
noise as well as noise in v and ν, this may be treated as a
stochastic equation. We examine the case where an initial
Gaussian puff of concentration is advected under the action
of the velocity field v while also dispersing due to the
diffusion. After discretization in space and time, (7) yields

ψk = Aψk−1 + wk−1; ψ0 = f0 (8)

where ψk ∈ Rn is the concentration at time step k, A ∈
Rn×n is the discretized linear operator accounting for the
advection and diffusion effects and wk ∈ Rn is the noise in-
troduced by the uncertainty in the background velocity field,
the diffusion constant, and the concentration source. For
simplicity, the noise wk is assumed to follow a multivariate
normal distribution whose covariance matrix is c1I , where
I is an identity matrix and c1 is a constant. In an offline
computation, which simulates the real puff concentration,
the advection-diffusion equation is solved using a semi-
Lagrangian advection step and an implicit central difference
scheme for the diffusion term as described by Stam [23].
To limit the numerical diffusion and improve accuracy, a
second order midpoint method is used for particle advection
and cubic splines are used to interpolate from the grid to the
advection points. Since speed is crucial for the online com-
putation and control, a much lower resolution discretization
is used to maintain speed. Data assimilation will also be used
to improve accuracy of the online simulation.

D. Data assimilation

To assimilate measured data into the running simulation
(and couple the simulation loop to the control loop) we use
the standard Kalman Filter technique [24]. In contrast to
batch estimation techniques, the Kalman filter is a recursive
estimator and does not require a history of observations and
estimates. The state of the filter is represented by a state
estimate at time k and the error covariance matrix (a measure
of the estimated accuracy of the state estimate). The Kalman
filter is most often conceptualized as a prediction stage and
a correlation stage. The prediction stage uses a noiseless,
low resolution version of equation (8) to produce an updated
estimate of the state at the current time step. This predicted
state estimate does not include observation information from
the current time step. In the update phase, the current a priori
prediction is combined with current observation at selected
positions to refine the state estimate. This improved estimate
is termed the a posteriori state estimate. The initial state is
assumed to have an uncertainty whose covariance matrix is
set as ψ0ψ

T
0 . In the data collection stage, each sensor reads

564



the plume concentration at its location. Some measurement
noise is also added and is assumed to follow a multivariate
normal distribution whose covariance matrix is c2I , where
c2 is another constant.

E. Sensor placement

To maximize the measurement efficiency and improve
sensor placement we also couple the control loop back to
the running simulation loop by using the simulated data to
steer the mobile sensors. The sensor locations are chosen
using several vehicle guidance strategies to investigate their
effectiveness at decreasing the total simulation error. Fuel
usage and the ability of mobile sensors to reach their goal
points are of primary concern in the guidance strategy. To
efficiently choose measurement locations, we use a series
of 2D weighting functions to determine the desirability of
measuring points in the simulation domain. The desirability
is quantified by the function

W (x) = W1 ·W2 · · ·Wn−1 ·Wn, (9)

where the Wi’s represent various effects that may increase or
decrease the desirability of traveling to and measuring points
in the domain. For this study, we consider three different
effects:
1) Simulated concentration field:

W1 = ψ(x).

We wish to focus the sensor measurements near the con-
centration puff so the suitability of a measurement location
is chosen to be proportional to the simulated concentration
field.
2) Distance from the vehicle:

W2 = exp

(
−||x− x∗||22

2R2
1

)
.

Since it is less costly to measure points near the current
vehicle locations, we use a Gaussian function to weight
nearby points more strongly than those far away from the
sensors. In this representation x∗ is the sensor location and
R1 is a range parameter.
3) Vehicle orientation:

W3 = cos2
(
θ − θ∗

2

)
+

(
1− exp

(
−||x− x∗||22

2R2
2

))
sin2

(
θ − θ∗

2

)
.

In the case of vehicles with non-negligible momentum (par-
ticularly aerial vehicles), it is much more costly to measure
points immediately behind the vehicle than those in front of
it. In fact, aerial vehicles must perform a complete circular
turn to reach a point immediately behind their starting
location. W3 considers the sensors’ headings and decreases
the weight of points directly behind the sensors. In this
representation, θ∗ is the vehicle heading and θ is the direction
to the point of interest.

In section III, we consider two possible sensor placement
strategies. First, we let W = W1, placing sensors based

−5 0 5
−5

0

5

Weighting functions W
1
 and W

2

Fig. 2. The combined effect of W1 and W2 for R1 = 2 and R2 = 3.
The shading level shows the product W = W1W2 which corresponds to
the “desirability” of measuring points in the domain. The mobile sensor
heading is shown with a black arrow. W2 decays with distance and W3

creates a blind spot behind the sensor.

solely on the simulated concentration field. This results in
all sensors being guided toward the same location and there
is a unique point of maximum concentration in the domain.
Secondly, we consider W = W1 · W2 · W3. This sensor
placement strategy considers the location and heading of the
mobile sensors and allows different sensors to be steered
toward different points in the domain. The combined effect
of W1 and W2 is shown in figure 2. We expect that this will
improve the measurement effectiveness. Once sensor place-
ment locations have been chosen based on the value of W ,
the sensor mobility scheme described in section II-B is used
to guide the mobile sensors toward these desired locations
by placing attracting particles at the desired measurement
locations.

III. NUMERICAL SIMULATION RESULTS

In this section, the DDDAS described above is shown to
successfully monitor and characterize a simulated concen-
tration puff that is analogous to the release of a puff of
toxic chemicals in an urban environment. The puff motion is
governed by the advection diffusion equation given in II-C.
However, in this test, neither the precise location nor the
extent of the puff is initially known. As time progresses
the DDDAS is able to identify, follow, and update the
initial model of the puff by guiding the mobile sensors to
measurement hot spots while assimilating the data measured
along the sensor paths.

A. Numerical puff simulation

As a source of data, we first complete an offline, high-
resolution puff simulation. For the remainder of our tests,
the data resulting from this high resolution simulation is
treated as being exactly correct. A coupled, non-dimensional
Navier-Stokes and advection diffusion system is solved si-
multaneously on the spatial domain Ω = [0, 30] × [0, 10].
A Reynolds number of 10, 000 and a Peclet number of
5,000 were used to provide a reasonable velocity field with
a mildly diffusive puff. The velocity boundary conditions
are set as u = 1, v = 0 at the left and right boundaries
with free-slip wall conditions at the top and bottom of the
domain. Additionally, two square obstacles are placed within
the domain to simulate buildings in an urban environment.
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Fig. 3. The initial conditions for the results discussed here. The puff is
detected and initialized at (2, 4) (top), but the actual puff is much larger
and centered at (2, 5) (middle). The velocity field (at t = 0) is shown at
bottom.

The squares are of size 1 and are centered at (5.5, 4) and
(7.5, 6). These obstacles were applied using no-slip boundary
conditions. All concentration boundary conditions were set
to ψ = 0 for simplicity. The simulation is run from t = −40
to t = 0 with no concentration field in order to allow the
velocity field to spin up. A time t = 0, the concentration
field is initialized to ψ(0) = exp(−||x − x∗||22) where
x∗ = (2, 5). This corresponds to a puff centered at (2, 5).
For our purposes, the physical accuracy of the simulation is
not as important as having a reasonable puff data set to use.

The DDDAS described in previous sections is then applied
to this data set. Beginning with the assumption that the puff
has been detected by a sensor located at x0 = (2, 4), a
low resolution simulation is initialized with the concentration
field ψ(0) = exp(−1) exp(−10||x − x0||22). This initial
configuration is shown in figure 3 and corresponds to a
small puff with the correct concentration value at (2, 4).
This simulation uses a grid spacing of ∆x = 0.2 and a
time step of ∆t = 0.2. This resolution is much too low to
accurately capture the small scale details that develop in the
concentration puff due to the high Reynolds number velocity
field.

The mobile sensors are then guided toward the puff using
the scheme described in section II-E. If the size of mobile
sensors (∼ 0.1m) is significantly smaller than radius of the
puff (∼ 100m), we may assume that the UAVs will not
significantly alter the puff motion. The sensors begin near
the origin (0, 0) and quickly move toward the simulated puff
to begin data collection. The sensors “measure” the data that
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Fig. 4. The true concentration field at time t = 7 and t = 15. Most of
the initial puff passes between the buildings, but some passes above the top
building, splitting the original puff in two.

was pre-computed offline for assimilation into the running
simulation. In turn, the running simulation is used to steer the
sensors to new measurement locations. As the concentration
field evolves, the puff interacts with the buildings in the
domain, passing between and around them as shown in figure
4.

B. Results

In this section, we focus on the effect of varying two
parameters in the DDDAS simulation: the number of mobile
sensors and the type of control scheme. In all cases, the
simulation component of the DDDAS system was initialized
as shown in figure 3. The mobile sensors were released
near the origin (0, 0) and travel at a dimensionless speed
of about 10 (compared to the incoming windspeed of 1).
Each mobile sensor measures the true concentration value at
its location and data assimilation was performed using these
values at a frequency of ∆t = 0.2. To increase realism,
Gaussian noise with standard deviation of 0.01 was added to
the data before assimilation into the running simulation. As
a baseline case, the DDDAS results from the mobile sensors
are compared to the results obtained using a single static
sensor located at (2, 4) (where the puff was initially detected)
and the results obtained using 5 or 9 static sensors spaced
around a circle of radius 3 centered at (6.5, 5) (the point
between the buildings). We also compared with the results
of the low resolution simulation simulation starting with
exactly correct initial conditions to demonstrate the error
level caused solely by using a low resolution simulation. Our
metric for comparison is the percent error in the simulated
concentration puff as a function of time. This error is
computed using the `2 norm.

Figure 5 shows the results we will discuss in this section.
We first examine the importance of the number of mobile
sensors used in the DDDAS. As expected, performing data
assimilation with the static sensors decreases the error, but
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Fig. 5. Percent error v. time for the DDDAS. The black curves correspond
to static sensors, the blue correspond to mobile sensors guided solely by the
simulated concentration, and the red correspond to mobile sensors guided by
the weighting functions described in section II-E. The green curve represents
the low resolution simulation without data assimilation, but starting from
exactly correct initial conditions. The results show that a low number of
mobile sensors are able to decrease the error between the estimated and
actual concentration fields faster and to lower levels than a higher number of
static sensors. Specifically, we find that a single mobile sensor outperforms
an array of nine static sensors for this scenario.

not nearly as much as when a DDDAS is used with mobile
sensors. In fact, a single mobile sensor outperforms the nine
static sensors in this scenario. The static sensors reach final
error levels of 85.6, 87.2, and 68.2 percent error for one, five,
and nine sensors while the simulation with exactly correct
initial conditions has a final error level of 41.4 percent.

We first focus on the blue curves of figure 5 which
correspond to mobile sensors using a simple guidance system
that drives all sensors toward the location of highest simu-
lated concentration. In this case, the sensors require a small
amount of time to first reach the puff and start collecting
useful data. After that, the error decreases very rapidly as
the sensors quickly collect and assimilate data in and around
the puff. The final error levels for one, five, and nine mobile
sensors are 42.9, 35.7, and 36.8 percent, respectively.

The red curves in figure 5 show the error for mobile
sensors using the guidance scheme described in section II-E.
In this case, the final error levels for one, five, and nine
sensors are 43.1, 36.8, and 35.3 percent respectively. At
shorter times (i.e. t < 10), this more advanced guidance
scheme typically achieves better results than the simple
guidance scheme that considers only the concentration field.
However, the final error levels for both schemes are very
similar. On the other hand, the multi-vehicle data collection
scenarios outperform the single vehicle scenarios in both
cases. This indicates that the amount of data being collected
may be more important than the specific guidance scheme.
Finally, all the DDDAS scenarios quickly approach the error
levels achieved by the low resolution simulation that was
initialized with the exactly correct initial conditions. The

Fig. 6. Top: the simulated concentration obtained from the DDDAS using
nine mobile sensors for data collection at time t = 15. Center: the actual
concentration field at this same time. Bottom: the spatial distribution of the
error in the simulation.

multi-vehicle schemes outperform this simulation for later
times since the data assimilation process is able to correct
some of the error caused by the low resolution.

Finally, we address the spatial distribution of the error
within the simulation domain. This is shown in figure 6. Note
that even though the puff location and magnitude appears to
be essentially correct, errors (on the order of the grid spacing)
in the location or size of the puff show up as relatively large
errors in concentration, especially in regions where large
concentration gradients are present.

IV. CONCLUSIONS

We have demonstrated the feasibility and accuracy of a
dynamic data-driven application system (DDDAS) for data
collection and simulation of a puff of concentration in a two-
dimensional velocity field. The method is computationally
inexpensive enough to be implemented in real time on a
standard laptop and onboard current generation UAVs. This
DDDAS uses a simple advection-diffusion solver to simulate
the evolution of a concentration field while simultaneously
using mobile sensors to measure the actual concentration.
These two processes are coupled together by assimilating
the mobile sensor data into the running simulation using
a Kalman filter and by using the simulated concentration
field to steer the mobile sensors to desirable measurement
locations. It should be noted that the DDDAS techniques
used here also apply to any general situation where a
model exists to simulate a process that can be dynamically
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measured. More advanced data assimilation techniques or
sensor steering may be required, but the general framework
is applicable.

The results shown here clearly demonstrate the capability
of a simple DDDAS for environmental monitoring and
concentration puff detection and simulation. The accuracy
of the simulation rapidly increases with the use of mobile
sensors in the DDDAS. Even a single mobile sensor DDDAS
outperforms data assimilation using nine static sensors for
this sensor arrangement. As the number of mobile sensors
increases, so does the measurement capability and the accu-
racy for the DDDAS. Using multiple mobile sensors, final
error levels as low as 35 percent are achieved for this example
of a concentration puff moving between buildings.

The numerical simulations presented above were run
in near real-time on a several year old laptop computer.
Additionally, field tests of this DDDAS using two small,
resource constrained unmanned aerial vehicles further verify
the feasibility of the system. Future work will also focus on
the importance of the vehicle guidance procedure and possi-
ble application of more advanced path planning techniques.
Additionally, more field tests are planned using a physical
plume rather than a simulated concentration field.

The results suggest a hybrid approach for applications
requiring a combination of cost effective, always-on environ-
mental monitoring as well as high accuracy event simulation
and forecasting. A collection of cheap, low power static
sensors may be used for continuous monitoring. If these
sensors detect a contaminant, a small group of mobile
sensors can be released as part of a DDDAS to quickly and
efficiently collect and assimilate detailed information about
the environment.

The primary limitation in this setup is the low resolution of
the running simulation. The limited grid size simply prevents
accurately capturing small scale phenomena, even with the
use of data assimilation techniques. Additionally, the field
tests have revealed minor difficulties with GPS blackouts,
limited vehicle speeds, and communication delays. However,
the effective error reduction seen in this investigation indi-
cates that these effects are relatively minor. Many additional
limitations of the current setup, including the restriction to
linear problems (due to the use of the Kalman filter), and
possible path planning issues could be overcome by using
more advanced components in the DDDAS.

Despite the inherent complexities of a DDDAS, we have
shown that such systems can provide a significant advantage
in data collection and assimilation in the right setting. In
many situations, the initial investment required to develop
such a system may be worth the dramatic increase in accu-
racy of the results. As mobile sensing capabilities continue
to improve, we expect DDDAS’s to play a growing role in
real-time data collection and simulation.
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