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Abstract— We consider the control of two UAVs tracking an
evasive moving ground vehicle. The UAVs are small fixed-wing
aircraft equipped with gimbaled cameras and must coordinate
their control actions so that at least one UAV is always close
to the target. The control actions of the UAVs are computed
based on noisy measurements of the UAVs’ current state and
vision-based measurements of the target’s position corrupted by
state-dependent noise. We propose a novel approach for solving
this problem in which the state estimate and optimal control are
computed simultaneously online using model predictive control
with moving horizon estimation. The efficacy of this approach is
demonstrated in simulation results using realistic vision-based
measurements of the target’s position. These results show that
while using noisy, partial information about the target state,
the UAVs are able to coordinate their distances to the target
in the ideal case of constant target velocity as well as perform
robustly when the target becomes evasive.

I. INTRODUCTION

Small unmanned aerial vehicles (UAVs) are comparatively
inexpensive mobile sensing platforms that are becoming
ubiquitous due to their ability to autonomously perform
tasks that would be either too demanding, dangerous, or
mundane/repetitive for a human operator. Such tasks include
agricultural monitoring, exploration and mapping, search
and rescue, and surveillance and tracking, to name a few.
One particularly challenging problem of interest is that of
performing vision-based target tracking with a small fixed-
wing UAV traveling at a constant airspeed and fixed altitude.
In this problem, a camera-equipped UAV is responsible for
measuring and tracking the position of a vehicle moving
unpredictably in the ground plane.

In vision-based target tracking, image processing software
is responsible for determining the centroid pixel coordinates
of the ground target moving in the image frame. Using these
pixel coordinates, along with the intrinsic and extrinsic cam-
era parameters and terrain data, one can estimate the three-
dimensional location of the target in inertial coordinates and
compute the associated error covariance [1]. This vision-
based measurement of the target’s position is also referred
to as the geolocation estimate. The error associated with the
geolocation estimate is highly sensitive to the UAV’s position
relative to that of the target. As the UAV’s planar distance
from the target increases, the associated error covariance
grows and becomes significantly elongated in the viewing
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direction. When a UAV is directly above the target, the
measurement error is smallest, as the corresponding error
ellipse is circular. Thus, a UAV would ideally hover directly
above the target, but the relative dynamics between a fixed-
wing UAV and a moving ground target typically preclude
this viewing position from being maintained over a period
of time. To mitigate a single UAV’s inability to maintain
close proximity to the target, one can employ multiple UAVs
to gather measurements, which are then fused to obtain
an improved geolocation estimate. This is referred to as
cooperative (or coordinated) target tracking.

Considerable work has been done in the general area
of coordinated target tracking, with coordinated standoff
tracking comprising the greatest body of work in this area.
In standoff tracking, two UAVs orbit the target at a nomi-
nal standoff distance while maintaining orthogonal viewing
angles. This practice minimizes the joint/fused geolocation
error covariance at the fixed nominal standoff distance, as
the individual measurement error ellipses are orthogonal [2].
Standoff tracking with perfect knowledge of the target state
has been studied in [3] and [4] where the most prevalent con-
trol strategies involve the use of vector fields and nonlinear
feedback. Approaches with only partial information of the
target state are presented in [5], [6], and [7]. The authors of
these works utilize observers, adaptive control, and extended
Kalman filtering to estimate the full target state. Note that
[7] utilizes nonlinear model predictive control to achieve the
desired standoff configuration for a target that accelerates but
is not necessarily evasive.

The preceding works have designed UAV coordination
policies that attempt to improve the estimate of the target
state without directly solving a dynamic optimization that
minimizes some metric of the estimation error. However, a
number of works have employed optimal control to achieve
this objective. Miller et al. utilize the framework of partially
observable Markov decision processes (POMDPs) in [8] to
enable two UAVs to track a moving ground target and present
a new approximate solution, as nontrivial POMDP problems
are typically intractable to solve exactly [9]. Stachura et
al. [10] employ online receding horizon control to enable two
variable-airspeed UAVs to track a stochastic ground target
using bearing-only sensors in the presence of packet losses
when communicating with the base station where target state
estimation takes place. In [11], Ding et al. study the problem
of optimally controlling two Dubins vehicles and their pan-
tilt-zoom cameras to maximize the geolocation information
of a stochastic ground target and show that maintaining or-
thogonal viewing angles is essential in the case of terrestrial



pursuit vehicles and less pronounced for airborne vehicles.
While the preceding optimization-based methods consider
short planning horizons, e.g., 2 ´ 3 seconds, Quintero et
al. consider the optimal coordination of two Dubins vehicles
to gather the best joint vision-based measurements of a
constant-velocity target over long planning horizons of at
least one minute [12], where no restrictions are placed on
the vehicles other than kinematics. The results show that
coordination of the distances to target is more effective for
achieving the said goal than the traditional practice of solely
coordinating viewing angles.

In this work, there are a number of real-world conditions
to which we wish to be explicitly robust. First, we assume
that the only information available for feedback is noisy
measurements of each full UAV state and noisy vision-based
measurements of the target’s position. Thus, the target’s
velocity is unmeasured and must be estimated. Second,
unlike any of the previous approaches on cooperative target
tracking, we consider evasive target motion. Since the UAVs
are fixed-wing aircraft, and are therefore subject to a mini-
mum turning radius, they must carefully consider the impact
of current control actions on future tracking performance in
light of state estimation error and evasive target maneuvers.
Moreover, robustness to both measurement noise and evasive
target motion is crucial to the success of vision-based target
tracking.

An output-feedback control approach that can be used to
achieve the desired robustness was recently introduced by
Copp and Hespanha in [13] and combines robust model
predictive control (MPC) with moving horizon estimation
(MHE). As described in [14] and [15], robust MPC involves
an online dynamic optimization aimed at minimizing a cost
function over a finite planning horizon in light of worst-
case disturbances on a dynamical system. MHE also involves
an online optimization problem but for the purpose of state
estimation of nonlinear systems, and it has been shown to
have advantages over state-of-the-art alternatives [16]. While
the two optimizations have traditionally been done sepa-
rately, in the framework of [13], the two are combined into
a single min-max optimization. More specifically, a desired
cost function is maximized with respect to disturbance and
measurement noise variables and minimized with respect to
control input variables. The min-max optimization provides
state estimates over a fixed, finite window into the past and
an optimal control input sequence into the future that is
simultaneously robust to worst-case estimates of the state as
well as worst-case disturbances to the plant. This combined
robust MPC/MHE approach is demonstrated here as a viable,
practical solution for the present particularly challenging
nonlinear problem of autonomous vehicle coordination.

The remainder of the paper is organized as follows.
Section II describes the dynamics and measurement model
that compose the problem of vision-based target tracking.
Section III discusses the cost function and the robust output-
feedback MPC/MHE solution. Section IV presents and dis-
cusses simulation results for multiple scenarios. Finally,
Section V provides conclusions and plans for future work.

II. PROBLEM FORMULATION

Consider two camera-equipped UAVs tasked with estimat-
ing the state of a target vehicle moving evasively in the
ground plane. The UAVs fly at a fixed airspeed and constant
altitude and are subject to a minimum turning radius. The
target vehicle moves in the ground plane and is subject to a
maximum acceleration and maximum speed that is less than
the UAVs’ groundspeed, which is the same as its airspeed in
the ideal case of no wind. Each UAV makes measurements of
the target’s position using a gimbaled video camera, and we
assume that the target is detected at all times and kept in the
center of the camera’s field of view by onboard software. We
first discuss the dynamical models for each type of vehicle
and then proceed to describe their measurement models.

A. UAV Dynamics

The Dubins vehicle is a planar vehicle that moves forward
at a fixed speed and has a bounded turning radius. It is
commonly used to provide a simple model for UAVs flying
at a fixed altitude. We assume that UAV j, where j P t1, 2u,
flies at a constant speed sj and at a fixed altitude hj , and
it has a bounded turning rate uj with maximum absolute
upper bound ū P Rą0, which we take to be the same for
both UAVs. Accordingly, u P U – r´ū, ūs ˆ r´ū, ūs. We
denote by ξpjq “ rξ

pjq
1 ξ

pjq
2 ξ

pjq
3 sJ P R3 the state of UAV

j, which comprises its planar position pj – pξ
pjq
1 , ξ

pjq
2 q and

its heading ψj – ξ
pjq
3 , all of which are measured in a local

East-North-Up coordinate frame. The kinematics of UAV j
are given by

dξpjqptq

dt
“ F pξpjq, ujq –

¨

˚

˝

sj cos ξ
pjq
3

sj sin ξ
pjq
3

uj ,

˛

‹

‚

. (1)

While the majority of work on target tracking treats the
problem in continuous time, this work addresses the problem
in discrete time since measurements of the target’s position
are available at discrete time instances t “ kTs seconds,
where k P Zě0 and Ts ą 0 is the measurement sampling
period. Accordingly, we assume a zero-order hold (ZOH) of
Ts seconds on each UAV’s control input. The discrete-time
equations of motion provided in [12] are given by

ξpjq
`
“ fapξ

pjq, ujq, (2)

where the subscript “a” refers to the fact that the discrete-
time dynamics are those of an air vehicle.

While the equations of motion for the Dubins vehicle in
discrete time are readily derived in [12], they involve a 1{uj
term that becomes problematic for numerical optimizations
and is hence avoided. Instead, we approximate the Dubins
vehicle model using a second order Lie series:

fapξ
pjq, ujq « ξpjq ` TsF pξ

pjq, ujq ` . . .

`
T 2
s

2

BF

Bξpjq
F pξpjq, ujq, (3)

where BF {Bξpjq denotes the Jacobian of (1) that does not
involve division by the control input. The Lie series is a



good approximation to the Dubins vehicle dynamics since
the heading dynamics are exact and, with the simulation
parameters considered in this work, the position error from
(3) corresponding to uj “ ū is less than 4% of the total
distance traveled. In what follows, the approximation of (3) is
used only in the numerical optimization of Section III while
the simulation results of Section IV utilize (2) to propagate
the discrete-time dynamics forward in time.

B. Target Dynamics and Overall State Space

We place no nonholonomic constraints on the ground
vehicle and simply model the target as a double integrator
moving in the ground plane. The state of the target is denoted
by η “ rη1 η2 η3 η4s

J P R4, where pg – pη1, η2q refers
to the target’s planar position in the same local East-North-
Up coordinate frame as the UAVs. The corresponding target
velocity is given by v – pη3, η4q, and the acceleration inputs
of the target are denoted by d P R2. We assume a Ts- second
ZOH on the target’s acceleration input synchronized with
that of both UAVs, yielding the straightforward discrete-time
linear dynamics

η` “ fgpη, dq “ Aη `Bd, (4)

where

A “

„

I2 TsI2
0 ¨ I2 I2



and B “
„

pT 2
s {2qI2
TsI2



.

Here, In is an n ˆ n identity matrix. To keep the problem
realistic and well-posed, we take the target’s acceleration
input d to belong to

D – td P R2|}v` dTs}2 ď v̄, }d}8 ď d̄u,

where v̄ is the maximum allowable target speed and d̄ is
the maximum absolute acceleration along either the East or
North directions. Typically, we take v̄ to be less than the
smaller of the two UAV airspeeds so that the problem is
well-posed.

Now that we have presented all vehicle models, we define
the overall state as x – pξp1q, ξp2q, ηq P R10. The overall
dynamics are thus given by

x` “ fpx, u, dq –

¨

˝

fapξ
p1q, u1q

fapξ
p2q, u2q

fgpη, dq

˛

‚.

C. Measurement Error Models

We turn our attention to the overall measurement model
in vision-based target tracking. The measurement vector
associated with the state of UAV j is denoted by ypjqa P R3

and is given by

ypjqa “ ξpjq ` wpjqa , wpjqa “ rw
pjq
a,1 w

pjq
a,2 w

pjq
a,3s

J, (5)

where pwpjqa,1, w
pjq
a,2q „ N p0, σ2

pI2q, w
pjq
a,3 „ N p0, σ2

ψq, σ
2
p is

the variance of the uncorrelated noise on the UAV’s North
and East position coordinates, and σ2

ψ is the variance on the
UAV’s heading angle.

Each UAV’s camera makes image-plane measurements of
the target. The dominant source of geolocation error arises

from the error in the sensor attitude matrix TTS pθjq that
relates the coordinates of the line-of-sight vector uSj from
the UAV to the target in the North-East-Down sensor frame
(centered at UAV j’s position) to the coordinates of the same
vector in the local East-North-Up topographic coordinate
frame. This transformation is a nonlinear function of the
3-2-1 Euler-angle sequence of yaw, pitch, and roll denoted
by θj P R3. Image tracking software controls the camera’s
gimbal platform to keep the target in the center of the
camera’s field of view and reports the Euler angles of the
camera sensor as well as the line-of-sight vector uSj . Here, a
superscript “S” denotes a quantity in the sensor coordinate
frame while the absence thereof indicates a quantity in the
topographic coordinate frame.

The 3-dimensional target position measured by UAV j
with 3D position sj “ rpJj , hjs

J is denoted by oj . Its
estimate is given by

ôj “ ŝj ` r̂jT
T
S pθ̂jqu

S
j “ ŝj ` r̂j ûj ,

where

ŝj “ sj ` s̃, s̃ „ N p0,diagpσ2
pI2, σ

2
aqq,

θ̂j “ θj ` θ̃, θ̃ „ N p0, σ2
ψI3q,

(6)

and σ2
a denotes the variance of the measurement noise on

the UAVs’ altitude hj . Also, the 3D distance from UAV j
to the target is denoted by rj “ }oj ´ sj}2, and its estimate
r̂j is provided by the flat-Earth approximation r̂j “ ph0 ´
ŝj,3q{ûj,3, where h0 is the height of the ground plane in the
topographic coordinate frame and is taken to be zero in this
work without loss of generality. Since all camera angles are
measured with respect to the UAV attitude, we take the noise
on the estimate of the camera’s attitude to be the same as
that on the estimate of the UAV’s attitude. Thus, the noise
on the estimate of UAV j’s heading angle is the same as
that on the estimate of its camera’s yaw angle, i.e., the first
element of θj .

From the preceding measurement equation, one can show
that the covariance Po,j P R3ˆ3 associated with the error
õj – ôj ´ oj in the three dimensional position of the target
is proportional to the product of r2j and the covariance of
the Euler-angle sequence estimate θ̂j given in (6). The exact
analytic expression for Po,j is derived in [12] and is omitted
here for brevity. Since we are tracking in the ground plane,
only the upper left 2 ˆ 2 submatrix of Po,j is relevant and
is denoted by Pj .

Since the UAVs collect independent measurements of
the target, the fused measurement yg of the target’s true
position pg can be computed using the best linear unbiased
estimate, which is as follows:

yg “ PpP´1
1 p̂p1qg ` P´1

2 p̂p2qg q (7)

“ rI2 02ˆ2sη ` wg “ pg ` wg ,

where P “ pP´1
1 ` P´1

2 q´1, wg „ N p0,Pq, p̂
pjq
g “

rI2 02ˆ1sôj , and 0mˆn denotes the mˆn zeros matrix. The
confidence ellipse corresponding to the fused geolocation



error covariance (GEC) P has the property that it is small
when at least one UAV is close to the target and only
slightly less when both aircraft are directly above the target.
Therefore, it is advantageous for at least one UAV to be near
the target at any given time.

Finally, the measurement model corresponding to the
overall state x is given by combining (5) and (7) as follows:

y – pyp1qa , yp2qa , ygq “ Cx` w,

where w – pw
p1q
a , w

p2q
a , wgq and C – rI8 08ˆ2s. Since the

target velocity is not measured directly, the control law used
in this framework will be based on output feedback.

III. ROBUST OUTPUT-FEEDBACK MPC/MHE

When considering only one UAV, the target tracking prob-
lem can be regarded as a two-player zero-sum game in which
the UAV tries to minimize its 3D distance to the target, r,
and the target tries to maximize r. In the two-UAV case, the
UAVs ideally coordinate their movements in order to ensure
that at least one UAV is close to the target to keep the fused
GEC comparatively low. Additionally, the UAVs should keep
their individual distances to the target sufficiently small to
maintain adequate resolution of the target in the camera’s
image plane for effective visual detection. This motivates us
to choose the following criterion

gpxq – β1
r21r

2
2

r21 ` r
2
2

` β2pr
2
1 ` r

2
2q, (8)

where β1 and β2 are positive weighting constants, that the
UAVs (Player 1) would like to minimize and the target
(Player 2) would like to maximize. The first term in (8)
is motivated by noting that the size of the confidence
ellipse associated with Pj is proportional to r2j and that the
fused GEC has the form P “ pP´1

1 ` P´1
2 q´1. Moreover,

the previous matrix expression is simplified to one that is
scalar and more compatible with numerical optimization
by replacing the individual covariances with the respective
3D distances. This term enforces distance coordination so
that one UAV is always close to the target to improve
measurement quality, just as in [12]. The second term in
(8) penalizes the individual UAV distances to the target to
ensure that the size of the target in each UAV’s image plane
is sufficiently large for reliable detection by image processing
software. While other optimality criterion may be considered,
we aim to utilize a simpler expression than those found in
[11] and [12] that achieves similar behavior and lends itself
to efficient numerical computation. We shall see that the
distance coordination of [12] is indeed induced by choosing
the criterion (8).

For our control approach, we use the output-feedback
MPC with MHE approach described in [13]. This requires
us to solve a finite-horizon online optimization problem at
each time k. Solving this online optimization problem uses
output measurements from the last L steps into the past in
order to give us an estimate of the current state at time k
(the MHE problem), and from that, give us policies for both

Players 1 and 2 to use for the next K steps into the future
(the MPC problem).

Specifically, the control objective is to select the control
signal uk P U , @k P Zě0 so as to minimize a criterion of
the form

k`K
ÿ

`“k

gpx`q ´
k
ÿ

`“k´L

λn}w`}
2
2, (9)

where gpxq is given by (8) and λn is a positive scalar, for
worst-case values of dk P D and measurement noise wk P
Rnw , @k P Zě0.

Given a discrete-time signal z : Zě0 Ñ Rn and two times
k0, k P Zě0 with k0 ď k, we denote by zk0:k the sequence
tzk0 , zk0`1, ..., zku. This notation allows us to re-write (9)
and define our cost function as

Jkpxk´L, uk´L:k`K´1, dk´L:k`K´1, yk´L:kq –

k`K
ÿ

`“k

gpx`q ´
k
ÿ

`“k´L

λn}y` ´ Cx`}
2
2 (10)

which emphasizes the dependence of (9) on the unknown
initial state xk´L, the unknown input sequence for the target
dk´L:k`K´1, the measured output sequence yk´L:k, and
the control input sequence uk´L:k`K´1. This control input
sequence uk´L:k`K´1 comprises two distinct sequences: the
(known) past inputs uk´L:k´1 that have already been applied
and the future inputs uk:k`K´1 that still need to be selected.

At a given time k P Zě0, we do not know the values xk´L
and dk´L:k`K´1 on which the criterion (10) depends, so
we optimize this criterion under worst-case assumptions on
these variables, leading to the following finite-dimensional
min-max optimization

min
ûk:k`K´1|kPU

max
x̂k´L|kPX ,d̂k´L:k`K´1|kPD

Jkpx̂k´L|k, uk´L:k´1, ûk:k`K´1|k, d̂k´L:k`K´1|k, yk´L:kq,
(11)

where the arguments uk´L:k´1, ûk:k`K´1|k correspond to
the sequence uk´L:k`K´1 in the definition of Jkp¨q in (10).
The subscript ¨|k in the (dummy) optimization variables
in (11) emphasizes that this optimization is repeated at
each time step k P Zě0. At different time steps, these
optimizations typically lead to different solutions, which
generally do not coincide with the real control input, target
input, and noise. We can view the optimization variables
x̂k´L|k and d̂k´L:k`K´1|k as (worst-case) estimates of the
initial state and target input, respectively, based on the past
inputs uk´L:k´1 and outputs yk´L:k available at time k.

Inspired by model predictive control, at each time k, we
use as the control input the first element of the sequence

û˚k:k`K´1|k “ tû
˚
k|k, û

˚
k`1|k, û

˚
k`2|k, . . . , û

˚
k`K´1|ku P U

that minimizes (11), leading to the following control law:

uk “ û˚k|k, @k ě 0.



TABLE I
SIMULATION PARAMETERS

Parameter Description Value Units
ū Max UAV turn rate 0.46 rad./s

ps1, s2q UAV speeds p15, 15q m/s
d̄ Max target accel. 3{

?
2 m/s2

v̄ Max target speed 10 m/s
σ2
p N/E position variance 2.52 m2

σ2
p Altitude variance 42 m2

σ2
ψ Euler angle variance 32 deg.2

ph1, h2q UAV altitudes p40, 45q m
β1 Coord. coefficient 4 ¨ 10´2 -
β2 Dist. coefficient 4 ¨ 10´3 -
λn Noise coefficient 10 -
Ts Sampling period 1 s
L Backward horizon 7 -
K Forward horizon 7 -

IV. SIMULATION RESULTS

We now demonstrate the effectiveness of the proposed
robust MPC/MHE control approach to the problem of vision-
based target tracking with two UAVs. In particular, we
simulate two scenarios with realistic levels of noise in the
models presented in Section II. Firstly, we quantify the
performance of the proposed approach in an ideal scenario
wherein the target is traveling at a constant velocity and
secondly in a scenario in which the target follows its worst-
case strategy determined by (11).

The parameters pertaining to both simulation scenarios
are provided in Table I. Given the maximum UAV turn
rate, the total time it takes a UAV to make a full loop
is 2π{ū « 13.66 seconds, and hence the future planning
horizon of KTs “ 7 seconds allows the UAVs to consider the
impact of beginning to loop around the target. Additionally,
in the cost function (8), the coefficients β1 and β2 were
chosen to place a greater emphasis on distance coordination
than on keeping individual distances small.

To solve the min-max optimization problem (11), we use
a primal-dual-like interior point method that is designed
specifically for this MPC/MHE approach and is described
in [17]. Typical execution times for solving the optimization
problem at each time step using the C programming language
on a laptop with a 2.3 GHz Intel R© CoreTM i7 processor
are near 5 milliseconds with a maximum execution time
not exceeding 20 milliseconds. Since these execution times
are much less than the Ts “ 1 second sampling period,
the approach presented here is suitable for online real-world
implementation.

Because the simulations incorporate stochastic measure-
ment noise, we quantify performance based on M “

1, 000 Monte Carlo simulations to determine the steady-state
tracking performance of each scenario. More specifically, 3
minutes of steady-state behavior are considered, where the
effects of initial conditions have been removed by discarding
30 seconds of initial data. We initialize the problem with the
UAVs circling a stationary target until the past measurement
buffer is filled. Figure 1 depicts an instance of the output of
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Fig. 1. The output of the robust MPC/MHE optimization. Red and blue
markers depict quantities related to the UAVs while black markers indicate
quantities related to the target. The “`” markers illustrate the vehicles’
noisy position measurements while the “˚” markers depict ground truth. The
“˝” markers indicate state estimates from the min-max optimization while
“˛” markers illustrate future positions corresponding to the optimal control
sequence determined by the same optimization. A “¨” marker indicates the
estimate of each vehicle’s current position. The target trajectory begins near
the center of the plot and ends heading Northwest while the leftmost UAV
markers indicate their starting positions.

the optimization (11) at time k for the parameters given in
Table I. This plot illustrates the past positions, measurements,
and estimates of the UAVs and target as well as the planned
future trajectory for each agent generated at the current time
k. In this instance, we see that the target just executed a
sharp turn in order to take advantage of the UAVs’ minimum
turning radius of r « 32.6 [m].

We first consider a constant-velocity target, i.e., dk ” 0
in equation (4), and the target travels at just over one third
of the UAVs’ fixed speed. The UAVs are still performing
the min-max optimization of (11) and hence are planning
for an evasive target. The results for one of the Monte Carlo
simulations are provided in Figures 2 and 3. In Figure 2,
one can see how the UAVs make loops and “S” turns so
that their average speed matches that of the target. Figure 3
indicates that this is done in a coordinated fashion so that
at least one UAV is never very far from the target, as indi-
cated by the dashed cyan curve depicting mintr1, r2u. We
shall soon verify that coordination is consistently achieved
across all runs for a constant-velocity target using the robust
MPC/MHE approach with the given stage cost.

We now consider an evasive target, i.e., it is using the
optimal worst-case d˚k computed from the min-max optimiza-
tion (11). Results for one of the Monte Carlo simulations
are provided in Figures 4 and 5. By observing the vehicle
trajectories in Figure 4, one can see that the optimal trajec-
tory for the target is quite erratic. Indeed, the target takes
advantage of the UAVs’ kinematic constraints by making
sharp turns and forcing the UAVs to make loops at their
maximum allowable turn rate. This is corroborated by the
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Fig. 2. Actual trajectories of two UAVs tracking a constant-velocity target
over a 3-minute window. The starting positions of all vehicles are denoted
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Fig. 3. 3D distances rj and stage cost gpxq for two UAVs tracking a
constant velocity target.

fact that over the 1, 000 runs, the modes of the sample
distributions (not shown) of the absolute control input values
for all vehicles are concentrated at their maximum allowable
values. From Figure 5, one can see that distance coordination
has diminished, and the stage cost peaks over 300 [m2] twice,
whereas it never exceeded 200 [m2] in the case of a constant-
velocity target.

A quantitative summary of the M “ 1, 000 Monte Carlo
runs is provided in Table II, where sample statistics are
computed over both time and samples. From the data, one
should notice the detrimental effect that adversarial target
motion has on the coordination effort of the UAVs. This is
indicated by the sample Pearson correlation coefficient % for
the UAV distance pairs r1 and r2, where % is in general
a measure of the linear correlation between two random
variables and belongs to the interval r´1, 1s. A more negative
value for % indicates stronger anti-correlation, which in the
present setting implies that when one UAV is relatively far
from the target, the other is likely to be rather close. Thus,
one can see that the constant velocity scenario has substantial
distance coordination across all simulation runs; however,
the evasive target is able to disrupt the UAV coordination
and induce positive correlation. Nonetheless, the average cost
sees only a moderate increase of nearly 18% when the target
becomes evasive while the maximum value of the individual
UAV distances from the target only experiences an increase
of about 10%.

Concerning estimation of the target ’s position, one should
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Fig. 4. Actual trajectories of two UAVs tracking an evasive target over a
3-minute window. The same notation as Figure 2 is employed here.
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Fig. 5. 3D distances rj and stage cost gpxq for two UAVs tracking an
evasive target.

TABLE II
STATISTICS FOR 1,000 3-MINUTE MONTE CARLO SIMULATIONS

Statistic Const.Vel. Evasive Units
avg gpxq 118.4 139.3 m2

var gpxq 1, 163.8 3, 439.4 m4

maxtr1, r2u 154.2 169.7 m
avg }pg ´ p̂g} 4.92 4.66 m

avg }wg} 4.72 5.24 m
% ´0.307 0.206 N/A

first observe that average measurement error (wg) on the
target’s position increases when the target is evasive, as the
fused error covariance increases with the UAVs’ inability
to keep at least one aircraft close at all times. However,
the estimation error becomes smaller, which shows that the
target’s deviation from its optimal worst-case evasion leads to
a smaller cost for (10). This means that in the evasive case,
the first term of (10) that quantifies tracking performance
has increased and the magnitude of the second (negative)
term regarding state estimation has decreased, which can be
observed in the first and fourth rows of Table II.

Overall, the target’s evasive maneuvers hinder UAV co-
ordination efforts and thereby increase measurement noise.
Nonetheless, the UAVs are still able to robustly track the
target in the sense that their maximum 3D distance from the



target is not only bounded, but also only slightly larger than
in the case of constant target velocity.

V. CONCLUSION AND FUTURE WORK

We considered two UAVs performing vision-based target
tracking of a moving ground vehicle. We showed that a novel
approach based on min-max MPC combined with MHE is
viable for solving this high-dimensional, very nonlinear (non
convex) problem. Using this approach with the commonly
assumed case of having a constant-velocity target, the UAVs
coordinate their distances from the target and achieve very
small tracking cost, even though only noisy, partial informa-
tion about the target state is available. In practice, not only is
the full state of the target and UAVs not precisely known, but
sharp changes in target velocity occur when the target vehicle
makes turns and moves erratically or evasively. Though past
work on UAV target tracking does not often consider this
case, we have shown that our approach is robust not only to
evasive target motion, but also to noisy measurements in the
output-feedback setting of vision-based target tracking.

Future work involves utilizing a slightly more realistic
UAV model that addresses roll dynamics. With more realistic
aircraft dynamics in place, we plan to verify the proposed
approach in a high fidelity flight simulator for the UAVs with
actual target trajectories captured from real-world tracking
experiments.
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