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Abstract— Floods are the most common natural disasters,
causing thousands of casualties every year in the world. In
particular, flash flood events are particularly deadly because
of the short timescales on which they occur. Unmanned air
vehicles equipped with mobile microsensors could be capable
of sensing flash floods in real time, saving lives and greatly
improving the efficiency of the emergency response. However,
of the main issues arising with sensing floods is the difficulty
of planning the path of the sensing agents in advance so as
to obtain meaningful data as fast as possible. In this particle,
we present a fast numerical scheme to quickly compute the
trajectories of a set of UAVs in order to maximize the accuracy
of model parameter estimation over a time horizon. Simulation
results are presented, a preliminary testbed is briefly described,
and future research directions and problems are discussed.

I. INTRODUCTION

Floods are one of the most commonly occurring natural
disasters, and caused more than 120,000 fatalities in the
world between 1991 and 2005 [1]. They are a major problem
in many areas in the world, and are expected to become
worse due to global warming, which causes more extreme
weather events around coastal areas. In 2010, floods were not
only responsible for more than 4000 deaths worldwide but
also caused considerable economic loss. The 2009 Jeddah
floods claimed hundreds of lives and caused hundreds of
millions of dollars of property damage, with for instance
more than 10,000 vehicles lost. While these natural disasters
are unavoidable, the loss of lives can be minimized by
a proper warning system, which can also give emergency
responders real time data to organize their operations.

Though rain monitoring systems have been used for flood
prediction and estimation before [4], flood caused by extreme
rains cannot be accurately predicted with these systems, as
flood propagation models require a large number of parame-
ters which are difficult to know beforehand. Similarly, fixed
water level sensors are only adapted to river monitoring, and
are unsuitable to desert environments in which the location
and the extent of a flood cannot be estimated reliably. In a
large scale coastal city such as Jeddah, the surface of the
hydrological basin to monitor is in the orders of thousands
of square kilometers, as illustrated in Figure 1, which makes
a fixed monitoring infrastructure economically infeasible.

A recent effort to directly measure water levels in a river
was investigated in [3], but this technology only applies to
rivers and cannot monitor large hydrological basins in which

new water channels that cannot be predicted in advance
are formed during floods. Other such efforts involve the
use of indirect measurements from rain stations or from
meteorological data, combined with flood propagation mod-
els that attempt to predict flood parameters such as the
extension of flooded areas, water velocities and levels. The
main drawback with this approach is the lack of accurate
model parameters. The inaccuracy of these model parameters
can drastically change the predicted flood behavior, leading
to a very unreliable flood warning system.

A new form of sensing known as Lagrangian sensing
makes the use of mobile (floating) sensors, and has been
recently investigated in the context of hydrological sensing
in [24]. Lagrangian sensing is very promising for large
scale sensing, or on demand sensing, as it requires minimal
infrastructure. While operating costs during sensing opera-
tions are higher in Lagrangian sensors than in their Eulerian
(fixed sensors) counterparts, the relatively rare occurrence of
floods makes the Lagrangian sensing very suitable to flood
monitoring. An added economic benefit is the possibility to
redeploy the mobile sensors on demand.

The latest advances in unmanned aerial vehicles (UAVs)
significantly improved their reliability and increased their
application range [19]. As a result, an abundance of UAV-
assisted projects has been witnessed recently. A Global Hawk
UAV was deployed in Japan to assess the damage inside a nu-
clear plant in the aftermath of an earthquake [6]. A European
project has been launched for the exploration and measure-
ment of volcanic activities [18]. Adams et al. [2] presented a
damage assessment-based UAV system for hurricane events.
All of these recent applications leave no doubt that UAVs
will play a major role in future remote sensing technology.
This article contributes to the efforts of developing reliable
real-time UAVs-based disaster monitoring systems.

This project proposes the use of UAVs as a platform for
Lagrangian flood sensing using microsensors [5]. In this
framework, a swarm of UAVs would drop small disposable
wireless sensors over the areas to monitor. These wireless
sensors would be buoyant, and would be carried away by
the flood. UAVs will receive signals from these sensors,
and will map the extent of the flood, transmitting back this
data in real time to a fixed ground station for processing
(in particular estimation, forecast or inverse modeling). This
direct measurement data will provide the authorities with
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Fig. 1. Satellite view of Jeddah hydrological basin. This picture represents a 70 km × 30 km area surrounding the city of Jeddah, Saudi Arabia (credit:
Google Earth).

a real-time flood map and accurate short term forecasts of
the flood propagation, allowing more efficient emergency
response and saving lives. In addition, this direct measure-
ment data will allow an accurate estimation of local flood
parameters (inverse modeling), which will in turn increase
the accuracy of flood prediction for future occurrences.

All real-time disaster monitoring and forecast systems
operate until severe real-time constraints. In the context of
UAV based sensing, the UAVs must fly as fast as possible to
the area to monitor (as soon as a severe rainfall is forecasted).
Once the location to monitor is reached, the UAVs need
to quickly plan a sensing strategy. The problem of optimal
sensor placement [17] has been extensively studied in the
literature using multiple approaches including MDPs [21]
in the context of ground target sensing, GPs in the context
of wireless sensor networks in [17], [16] or EnKF based
approaches in conjunction with machine learning in [15],
[9]. However, the latter methods (which would be best suited
to our system) can be very slow, as they require a large
amount of complex matrix computations for each possible
UAV trajectory. In the present case, we propose a different
approach to the problem based on linear least squares applied
to a polynomial chaos expansion of the ensembles. Using
a database of such expansions, the trajectory computations
could be done at the level of the UAV swarm itself for
practical problems, greatly simplifying the architecture and
improving the reliability of the system in case of temporary
loss of communication.

The rest of this article is organized as follows. Section II
introduces the concept of UAV-based Lagrangian sensing for
real-time flood monitoring, which is modeled in section III.
We then introduce the cooperative control scheme used
for planning the trajectories of the UAVs over some time
horizon, to minimize the uncertainty on the estimation of
the unknown model parameters (inverse modeling). Using
simulated flood data, we apply this cooperative control
scheme on a practical example to compute the optimal UAV
trajectories. An ongoing implementation of the concept using

autonomous UAVs is then briefly presented.

II. PROPOSED FLOOD SENSING SYSTEM

A. System overview and architecture

In our proposed system [5], a swarm of UAVs equipped
with an array of droppable (disposable) microsensors is sent
over the area to monitor, i.e. an hydrological basin on which
a flood could occur. The swarm of UAVs would only be
launched on the few days during which flooding could occur,
based on rain forecasts over the region, or based on other
direct measurements (for instance electronic rain gauges).
The microsensors, also known as Lagrangian microsensors
would emit a unique ID (similarly to an active RFID tag)
periodically as soon as they are released from the aircraft,
until battery exhaustion. After their fall, these microsensors
would settle on the ground, and can either remain static, or
be carried away by a flood. The microsensors are designed
to be relatively insensitive to wind, having a relatively high
mass to surface ratio. After dropping the transmitters, the
UAVs would track their evolutions using a passive receiving
antenna. Multiple UAVs can be used to collaboratively
monitor a given area, enabling a map of these transmitters
to be quickly established.

UAVs will also have radio links between themselves, and
between a ground control station. They will share sensor
location updates, as well as sensor drop events. UAVs will
also receive updates of the current flood estimates (water
level, water velocity, as well as uncertainty on both variables)
from the ground control station, which will enable them
to plan their response optimally, for instance by sensing in
areas in which the uncertainty is high. Obviously, the initial
sensing locations will be based on a map of probability of
flood occurrence, which can be generated using historical
flooding data. In return, UAVs will send to the ground station
the current microsensor map, which will be used as input data
(together with precipitation data) for the flood estimation and
forecast algorithms.
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Finally, the inter UAV communications will serve as a
backup communication to the base station should the direct
link fail. Note that this is expected to occur frequently as
UAVs will patrol over valleys, and will thus not necessarily
be in line of sight of the ground control station.

The complete system is illustrated in Figure 2.

Fig. 2. Proposed UAV sensing system architecture. This figure represents
the interactions between the UAVs and the ground control station during
flood monitoring operations.

B. UAV optimal path planning

One of the issues arising when operating multiple UAVs
for flood detection is the high-level path planning. In this
article, our focus is to develop a numerical scheme that is as
fast as possible, for multiple reasons:
• The set of all possible trajectories of all UAVs is

increasing exponentially, therefore the computational
power required to evaluate the cost of a set of trajecto-
ries (with respect to the optimization criterion chosen)
is critical.

• Trajectories may have to be recomputed on the spot
due to constraints such as wind changes affecting the
reachable sets of the UAVs or new weather updates.
Relying solely on a supercomputer for the computa-
tion of these trajectories could lead to system failures,
specially since the UAVs monitor catastrophic events
(floods) that could also affect the supercomputer (power
loss, communication loss).

The objective of the proposed path planning algorithm is
to rapidly compute the optimal trajectories using flood prop-
agation models. Specifically, we want to solve the inverse
modeling problem as quickly as possible, i.e. to estimate
the value of the unknown model parameters affecting the
solution within minutes. This will give a quick preliminary
overview of the current flood characteristics (amplitude, ap-
proximate location, terrain parameters) which can be used by
emergency responders instantly, even if the precise location
of flooded areas and their evolution are still uncertain.

III. FLOOD MODELING

Flooding is well modeled by the shallow water equations
(SWE) [8], which are obtained by integrating the Navier
Stokes equations in depth, assuming that the horizontal

scales are much larger than the vertical scales. This
assumption is valid during flood events, as the horizontal
scales are in the order of kilometers, while the vertical
scales are at most a few tens of centimeters.

The diffusive wave approximation to the shallow water
equations (DSW,[8], [7], [23]) is a simplification of the shal-
low water equations, used to model flows where the vertical
momentum is small relative to the horizontal. The strong
form is obtained by assumptions which simplify the shallow
water equations, leading to the following initial/boundary
value problem on the spatial domain Ω for times t ∈ [0, T ]

u̇−∇ · (κ(u,∇u)∇u) = f on Ω× (0, T ]

u = u0 on Ω× {t = 0}
(κ(u,∇u)∇u) · n = BN on ΓN × (0, T ]

u = BD on ΓD × (0, T ]

(1)

In the above equation, u denotes the water level relative
to a datum, u̇ represents its time derivative, f is a forcing
function such as rainfall acting as a source or infiltration in
the ground acting as a sink. The function u0(·) represents
the water level at the initial time, while BN and BD are
respectively the Neumann and Dirichlet conditions.

The PDE constitutes a nonlinear diffusion problem where
the diffusion coefficient κ is given by

κ(u,∇u) =
(u− z)αM

Cf |∇u|1−γM
.

In the above formula, the function z represents the elevation
of the terrain, and αM = 5

3 and γM = 1
2 are constants

which correspond to Manning’s formula, used in the
DSW derivation [10]. The constant function Cf = 0.009
represents Manning’s coefficient. See [10] for details on the
computational approach used.

IV. TRAJECTORY PLANNING FOR OPTIMAL FLOOD
SENSING

A. Motivations
One of the greatest challenges arising when operating the

UAV flood sensing system introduced before is the planning
of the UAV paths. One of the possibilities to solve such
a problem would be to start with the prior estimate of the
EnKF (or any other data assimilation scheme) and send the
UAVs in the areas for which the uncertainty is the largest.
However, since UAVs have limited capabilities (maximal
velocity, turning rate, etc), this strategy may not help much
in practice as the time spent by the UAV flying between
different locations with current maximal uncertainty could be
high. In addition, once an UAV picks a location and sense the
water velocity at this location, the location with the current
maximal uncertainty may change unpredictably, which could
be inefficient in terms of sensing.

Our idea is to work on inverse modeling (model parameter
estimation) rather than data assimilation, as the area is typi-
cally not flooded when the UAVs are first deployed, therefore
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the initial conditions (initial water level) have no uncertainty.
The uncertainty is thus only in the model parameters: terrain
properties, rain rates and locations. For all these parameters,
the system starts with a prior:
• The terrain properties (friction coefficients, runoff co-

efficients...) are tabulated. Their value is however not
precisely known, with standard deviations on the order
of half of the mean value of more [13] depending on
the surface subtype.

• The rain parameters (rain rate as a function of time and
space). The value of these parameters is inferred from
short-term weather forecasts, obtained just before the
UAVs are launched.

While technically an infinite of number of the above
parameters is necessary to describe the evolution of the flood,
in practice the friction and runoff coefficients can be taken as
piecewise constant over large areas of the hydrological maps.
Similarly, the rain rate dependency over time can be inferred
from precipitation models, and the spatial rain distribution
can be modeled for instance as a sum of Gaussians (whose
centers correspond to the peak activity areas as detected by
satellites or weather radars). Thus, the main features of the
flood can be captured with a limited number of parameters.
While the ultimate goal is to estimate the state of the system
(water levels and velocities), our objective is first to estimate
the flood parameters as early as possible. This data will help
simulating a realistic scenario of the current flood, which can
be sent to the public or to emergency responders.

B. Problem definition

Let us consider a discrete spatial domain

D = [0, . . . , ngridδx]× [0, ngridδy]

on which we compute the solution to the diffusive shal-
low water equation (1). We assume that the solution to
the diffusive shallow water equation depends on a finite
number of parameters (α1, ..., αk). These parameters can for
instance represent friction coefficients or runoff coefficients
of some areas of the terrain, or parameters of the rain rate
(dependency with space and time).

Let us assume that a set of UAVs {UAV1, . . . , UAVj} is
initially located at the respective initial positions
(x1(0), y1(0)), . . . , (xj(0), yj(0)). For simplicity, we assume
a constant time step δT , and assume that each UAV drops a
microsensor at each time step and measure its velocity with
uncertainty (δvx(k), δvy(k)) during a sensing period τ .

Our objective is to determine the trajectories of each
UAV so as to minimize the uncertainty of model parameter
estimation at the time horizon hδT . Specifically, if P is a
positive definite matrix, we want to minimize δ(α)TPδ(α)
at the final time. In all subsequent simulations we considered
P = I for simplicity.

C. First order polynomial chaos expansion

To quantify the variations of the velocities due to uncer-
tainties in the system parameters, we employ the polyno-
mial chaos expansion (PCE). In this technique, the spectral

representation of varying parameters is based on the decom-
position of a random function (or variable) into separable
deterministic and stochastic components [22], [14]. Here, for
example, any generic variable α∗ is expressed as:

α∗(x, t, ξ) '
P∑
i=0

αi(x, t)Ψi(ξ) (2)

where P +1 = (n+p)!
n!p! is the number of output modes, which

is a function of the order of the polynomial chaos p and the
number of random parameters n. αi(t, x) is the deterministic
component which is the amplitude of ith fluctuation and
Ψi(ξ) is the random basis function corresponding to the ith

mode. It is worth pointing out that α∗ is taken as a function
of independent deterministic variables x and t, and the n-
dimensional random variable vector ξ = (ξ1, ..., ξn) which
has a specific probability distribution.

In practice, the series will be approximated by the finite-
term summation in which the highest order terms of the poly-
nomials are set according to the accuracy requirement. For
the basis function, multi-dimensional Hermite polynomials
are taken to span the n-dimensional random space which
follows Gaussian probability distribution. It is well known
that Hermite polynomials form an orthogonal set of basis
functions in terms of Gaussian distribution [11]. Many other
choices are possible for basis functions depending on the
type of the probability distribution selected for the represen-
tation of variations in input parameters [25], [12], [20]. Any
Hermite polynomial in the n-th dimensional random space
is given by [11]

Hp(ξ1, ..., ξn) = (−1)pe
1
2 ξ

T ξ ∂p

∂(ξ1)c1 . . . ∂(ξn)cn
e−

1
2 ξ

T ξ (3)

where
∑n
k=1 ck = p, and cks are integers. These polynomials

form a complete orthogonal set of basis functions in the
random space.

An alternative way to obtain the coefficients of the poly-
nomial expansion α(x, t) has been presented by Hosder et al.
[14]. Such method is based on the following matrix equation


α∗0
α∗1
...
α∗N

 =


Ψ1(ξ0) Ψ2(ξ0) · · · ΨP (ξ0)
Ψ1(ξ1) Ψ2(ξ1) · · · ΨP (ξ1)

...
...

. . .
...

Ψ1(ξN ) Ψ2(ξN ) · · · ΨP (ξN )




α0

α1

...
αP


(4)

which represents the discretised form of equation (2). If
the number of samples N is selected to be equal to the
number, P + 1, of polynomials in the expansion, the matrix
in equation (4) is square, and can be inverted to obtain the
expansion coefficients αi from the outputs α∗i . However, as
pointed out in [14], the solution obtained, when following
this approach, is not unique due to the arbitrariness in the
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choice of the sampling vector. This fact might lead to errors
in the estimation of the PCE coefficients αis. Because in the
present work, the number of samples N is higher than the
number of polynomials in the expansion P + 1, the system
of equations (4) is solved by minimising the errors in the
least squares sense.

Using a first order polynomial chaos expansion, we then
write the quantities vx(iδx, jδy, kδT ) and
vx(iδx, jδy, kδT ) as linear functions of α for all (i, j, k) ∈
[1, ngrid]× [1, ngrid]× [1, h]:

vx(iδx, jδy, kδT ) = vx,0(i, j, k) + cx(i, j, k)Tα
vy(iδx, jδy, kδT ) = vy,0(i, j, k) + cy(i, j, k)Tα

(5)

This description of vx and vy allows us to capture the main
effects of the unknown model parameters on the solution.
While a higher order chaos expansion could be used, our
algorithm leverages the existence of explicit solutions to lin-
ear least squares problems, which reduces the computational
complexity of the optimization problem.

D. Formulation as combinatorial optimization

Let us now denote by T the set of possible trajectories
of the UAVs. T is a subset of {0, . . . , ngrid}2·h·j , and
can be computed from the dynamical models of the UAVs,
using classical reachability algorithms. Assuming that the
trajectories (traj1, . . . , trajj) ∈ T are given, we obtain
2·h·j velocity measurements. From equation 5, and assuming
that the measurements are known, the parameters α are
solution to the following linear system:

cx(itraj1(1), jtraj1(1), 1)T

cy(itraj1(1), jtraj1(1), 1)T

. . .

. . .
cx(itrajj(h), jtrajj(h), h)T

cy(itrajj(h), jtrajj(h), h)T


 α1

. . .
αk



=


vx(itraj1(1), jtraj1(1), 1)meas

vy(itraj1(1), jtraj1(1), 1)meas

. . .

. . .
vx(itrajj(h), jtrajj(h), h)meas

vy(itrajj(h), jtrajj(h), h)meas



(6)

The above equation is overdetermined whenever 2j·h > k.
In this situation, the vector of parameters [α1, . . . , αk] can
be obtained by an approximate solution to this linear system,
for instance using linear least squares.

For trajectory planning considerations, we are interested in
minimizing the uncertainty on parameter vector estimation.
For this, we assume for simplification that the polyno-
mial chaos expansion has no uncertainty, and therefore that
cx(i, j, k) and cy(i, j, k) are perfectly determined for all
(i, j, k).

Owing to the linear relationship between parameters and
measurements in (6), one can explicitly write the least
squares solution to this problem as:

 α1

. . .
αk

 =
(


cx(itraj1(1), jtraj1(1), 1)
T

cy(itraj1(1), jtraj1(1), 1)
T

. . .

. . .
cx(itrajj(h), jtrajj(h), h)

T

cy(itrajj(h), jtrajj(h), h)
T



T

×



cx(itraj1(1), jtraj1(1), 1)
T

cy(itraj1(1), jtraj1(1), 1)
T

. . .

. . .
cx(itrajj(h), jtrajj(h), h)

T

cy(itrajj(h), jtrajj(h), h)
T


)−1



cx(itraj1(1), jtraj1(1), 1)
T

cy(itraj1(1), jtraj1(1), 1)
T

. . .

. . .
cx(itrajj(h), jtrajj(h), h)

T

cy(itrajj(h), jtrajj(h), h)
T



×


vx(itraj1(1), jtraj1(1), 1)

meas

vy(itraj1(1), jtraj1(1), 1)
meas

. . .

. . .
vx(itrajj(h), jtrajj(h), h)

meas

vy(itrajj(h), jtrajj(h), h)
meas


(7)

Since the right hand side of equation (6) is uncertain, the
set of least squares solution to (6) for all values of vmeas

within the uncertainty bound

bmin ≤


vx(itraj1(1), jtraj1(1), 1)meas

vy(itraj1(1), jtraj1(1), 1)meas

. . .

. . .
vx(itrajj(h), jtrajj(h), h)meas

vy(itrajj(h), jtrajj(h), h)meas

 ≤ bmax

is the polyhedron:

{x ∈ Rk|(ATA)−1ATx ≤ bmax}
∩{x ∈ Rk|(ATA)−1ATx ≥ bmin}

(8)

where A =


cx(itraj1(1), jtraj1(1), 1)T

cy(itraj1(1), jtraj1(1), 1)T

. . .

. . .
cx(itrajj(h), jtrajj(h), h)T

cy(itrajj(h), jtrajj(h), h)T


To quantify the uncertainty on the model parameters
[α1, . . . , αk], we choose to use the weighted norm of
(ATA)−1AT (bmax − bmin), though other functions of the
size of (8) could be utilized. Note that bmax−bmin is usually
known beforehand (even if b is not), as it corresponds to the
vector of uncertainties in the velocity measurements. The
error range when measuring a velocity is assumed to be
absolute, i.e. it is not a function of the measured velocity.

The trajectory optimization problem can therefore be for-
mulated as:

min
(traj1,...,trajk)∈T

||
(
A(traj1, . . . , trajk)

T
A(traj1, . . . , trajk)

)−1

×A(traj1, . . . , trajk)
T (bmax − bmin)||

(9)

In practice, the implementation follows the procedure de-
scribed in Figure 3 below.

E. Simulation

We now simulate the performance of the proposed al-
gorithm on a practical flooding scenario over the terrain
described in Section III. We assume that a single cloud is
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Fig. 3. Trajectory planning principle. This figure summarizes the method used by the trajectory planner.

located above the simulated area, with some uncertainty on
its position and its corresponding rain rate, and study the
flooding problem over a period of 30 minutes. The flood
propagation model is described by four main parameters:

• rain rate (average value 290 mm/hour, with standard
deviation of 15 %)

• x position of the cloud (average value of 1000 meters,
with standard deviation of 15 %)

• y position of the cloud (average value of 750 meters,
with standard deviation of 15 %)

• Manning’s coefficient (average value of 0.03, with stan-
dard deviation of 15 %)

To reduce the computational complexity, we describe the
domain by 2500 grid points (uniform 50 × 50 rectangular
grid) and 20 ensembles. We assume that the UAVs can reach
any location in a circle of radius v(δT − τ), where v =
10m/s, δT = 90s and τ = 60s. The parameter τ physically
represents the duration required by the UAV to estimate the
velocity of the Lagrangian sensor before moving to the next
sensing location. Note that more complex reachable sets
could be used (for instance to take into account the wind
effects) without adversely affecting the computational time,
which only depends upon the number of points that can be
reached by the UAV within a time step.

The results were simulated on a Macbook Pro with
Intel i5 2.5 GHz processor in Matlab. The compu-
tation of each ensemble took 15 minutes in average, while
the polynomial chaos expansion of the resulting ensembles
took 18 minutes. We simulated multiple scenarios for single
and multiple agent problems, outlined in Figures 4 and 5
below.

In the case described in Figure 5, the weighted norm of
the model parameter decreases from 0.071 (left) to 0.027
(center), and then to 0.011 (right), illustrating the fact that the
estimation of the model parameters improves with additional
sensing. The computed trajectories of the UAVs are also
within the flood prone area (canyon), since the upper areas
are not likely to be flooded.

V. CURRENT IMPLEMENTATION

A. UAV system overview

We chose for this project a Tiansheng C-17 Globemaster
remote controlled aircraft, with four electric ducted fans
illustrated in Figure 6. We equipped this airframe with
an Ardupilot Mega (APM) 2.0 microcontroller, as well
as different sensors: Pitot tube, barometer, magnetometer,
inertial measurement unit (IMU) and ultrasound ground
proximity sensor. To enable more advanced computations,
we also equipped the airframe with a Gumstix Overo
Earth computer on module, connected to the APM 2.0
using USB.

The sensor release system is currently implemented using
3D printing, and the microsensors themselves are 3D printed
to accelerate the prototyping phase. Based on the simula-
tions in Matlab described above, the Gumstix Overo
Earth should be capable of determining the optimal tra-
jectories of a set of two UAVs on a 3 minute horizon in
real time. Since the cost if inverting a matrix is polynomial
in its size, the complete trajectory planning algorithm is
polynomial in the number of parameters of the model, which
should enable the resolution of more complex problems
involving a large number of model parameters (for instance
the runoff coefficients of multiple areas of the computational
domain and/or the size of multiple clouds) in real time on
commercial embedded platforms.

VI. CONCLUSION

In this article, we presented a fast inverse modeling
method applicable to UAV-based flood sensing. Using a flood
propagation model with a finite set of unknown parameters,
we first computed the evolution of a set of ensembles, and
applied first order polynomial chaos expansion to compute
the dependency of the solution with respect to the parameters
at each point and for all time steps. We then show that the
trajectory optimization problems for the multi-agent system
boils down to solving a linear least squares problem for
each possible trajectory. This algorithm is then validated on
simulated flood data. Preliminary results show that practical
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Fig. 4. Trajectory computation for a single agent. This figure shows the optimal trajectory for a single UAV starting at location (25,30) (left) and time
t=22.5 min, and a single UAV starting at location (40,30) (right) at t=22.5 min.

Fig. 5. Trajectory computation for two agents. This figure show the trajectories of two UAVs sensing the area collaboratively. Each trajectory is
computed at every time step (90s) over a two time step horizon (180s). The two step optimization problem can be computed in real time (3 minutes) on
a Macbook Pro laptop.

problems can be solved almost in real time on regular
laptops, which implies that the UAVs themselves could carry
out the computations, greatly enhancing the reliability of the
system in case of server, communication or power failures.
Future work will deal with the full use of the Lagrangian
sensing capabilities of the system, in which previously de-
ployed sensors are re-tracked along their path as part of the
sensing activities. This would greatly speed up the estimation
process, though it would require the position of the deployed
sensors to be inferred based on the currently available flood
parameter estimates.
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