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Abstract—This research is concerned with tracking moving
ground targets, in an urban domain, using autonomous un-
manned aerial vehicles (UAVs). The sharing of information
amongst the UAVs is constrained by communication radius.
A dynamic decentralized cooperative control strategy is imple-
mented, in order for the UAVs to autonomously plan (and re-plan)
their trajectories in response to (and in anticipation of) target
movement in the urban domain. In this decentralized approach,
each UAV plans its route through a dynamic feedback loop in
a receding horizon framework. We note that it is possible that
no UAV has a complete understanding of the region of interest,
which better models the real-world environment.

Keywords: Decentralized Cooperative Control, Kalman

Filtering, Urban Tracking, Dynamic Resource Allocation.

I. INTRODUCTION

There has been a strong push in recent years to reduce oper-

ator workload by integrating autonomous systems into military

missions [1]–[4]. Unmanned aerial vehicles (UAVs) have been

incorporated into different domains, including mission plan-

ning [5]–[7], dynamic mission re-planning [8], [9], and the

interaction of humans with the mission planning algorithms

[10]. Close-range maneuvering requires real-time dynamic

replanning and decision-making, as well as optimization of

many parameters (including taking into account the physical

constraints of the vehicle). The problem becomes even more

complex when the goal is to track moving targets in an urban

domain, for which the target dynamics (e.g., target kinematic

constraints, target route, etc.) are not known a priori.

While there has been research dealing with optimal

sensor placement and a priori UAV route-planning for

surveilling/tracking targets of interest [6], [11]–[14], there

has been little work on the dynamic, real-time replanning

of these sensors and UAVs. Cooperative control is the field

of autonomy whereby multiple agents (e.g., UAVs) work to

achieve a common goal, or set of goals. The agents can

explicitly work together, or their interaction can be more

implicit. In addition, the goals can all be aligned, or they might

be conflicting in nature. Cooperative control strategies can be

classified into three main categories: centralized, hierarchical,

and decentralized [5]. In centralized cooperative control, all

state information sensed or derived from the individual agents

is sent to a central node, this information is analyzed, decisions

are made based on this analysis, and the resulting decisions

are sent back out to the individual agents to implement. In

the hierarchical approach, the agents are typically organized

as a tree, with individual agents sending sensed information,

as well as individual objectives, up the tree. At any stage, an

agent, in conjunction with agents higher in the tree, can make

decisions for itself and agents lower in the tree. In this system

there is a notion of superiority, and some decisions might get

superseded by agents higher in the hierarchical structure. In

decentralized control, however, there is little communication

on a global scale, and limited communication even on a

local scale. Each agent is capable of making decisions based

on their current situational understanding, independent of the

other agents. No agent necessarily has a complete picture of

the space. In [15], the authors provide a good overview of

centralized versus decentralized cooperative control problems,

and the subtleties involved.

There has been much research dealing with centralized con-

trol [5], [16], [17], however little dealing with the decentralized

control problem. In [18] a decentralized model prediction

control approach was applied to the problem of UAV collision

avoidance, with the UAVs minimizing the time to reach goal

locations. In [8] the authors developed a decentralized coop-

erative control approach for UAVs with the goal of tracking

moving ground targets through an urban domain. Each UAV

was flying below the height of the buildings, and needed

to consider constraints dealing with communication to other

UAVs, line of sight to the targets (with respect to buildings and

sensor limitations), as well as collision avoidance with other

dynamic UAVs and static buildings. Each UAV implemented

its own dynamic feedback loop, solving a highly nonlinear

trajectory optimization problem at each time step. The authors

considered in [9] a second set of autonomous UAVs, flying

at a much higher altitude, whose goal was to maximize an

ad-hoc communications network to the lower flying UAVs.

These lower UAVs were now only concerned with tracking of

the targets in the urban domain. The higher flying UAVs were
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tasked with positioning themselves to keep in communication

with a maximal number of lower-flying UAVs, to facilitate

target information sharing between these lower UAVs. Both of

these papers demonstrated the efficacy of decentralized control

of the UAVs to perform target tracking. In this work, we build

off the research developed in [8], and provide a performance

analysis of the tracks generated on the targets of interest, as

a function of the number of UAVs. This paper is set up as

follows. In Section II, we briefly discuss the mathematical

programming formulation. The heuristic used by each UAV

(independently) is presented in Section III. Computational

results are analyzed in Section IV, and conclusions and on-

going research is summarized in Section V.

We close the Introduction by noting that there has been a

lot of discussion on the importance of process refinement and

resource / sensor management within the Information Fusion

framework as part of a feedback loop. This paper is a realistic

representation of the way distributed platforms and sensors that

don’t have continuous net-centric communication connectivity

could work together in aiding the fusion process. Whether the

mission is focused on target tracking or based on reconnais-

sance and surveillance, the need for an analytically rigorous

process to manage the sensing platforms is critical. Most work

in this area assumes either static planning or constant and

perfect communications. The innovation of this paper is that

it takes into account the realism of the environment as well

as the constraints of the instruments being used. Finally, the

mathematical model is extendable both in the domain and to

the objectives of different applications. For example, a very

similar formulation could be used for unattended sensors,

manned-vehicles, and even virtual agents working in cyber

space. The value of this problem formulation and methodology

has immense application in all modes of process refinement

as an integral part of the fusion process.

II. MATHEMATICAL FORMULATION

In an urban area (i.e., an area defined by buildings and

street-ways) a set of known targets are moving with unknown

routes and unknown dynamics. A team of UAVs are tasked

with flying in and among the buildings (below the height of the

buildings) and given the goal of accurately tracking the targets.

Each UAV is able to communicate directly with the other

UAVs within its communication radius (which might be UAV

dependent), sharing information on both UAV dynamics (i.e.,

current state and trajectory), as well as the current targets being

tracked by their ‘neighbor’ UAVs. This produces a fused op-

erational picture for each UAV, determined through the fusion

of target tracks derived through organic sensing capabilities

and those received from neighbor UAVs. We note that each

UAV might have their own unique fused operational picture.

Each UAV then needs to independently dynamically determine

its trajectory over the planning horizon window to minimize

the tracking uncertainty over all targets in its operational

picture, taking into account extrapolated positional estimates

for each target, as well as potential computed trajectories of

neighbor UAVs, so that to the greatest extent possible the

UAV trajectories complement each other from a target tracking

perspective. This results in each UAV solving an highly

nonlinear optimization problem computing a trajectory for

itself, as well as the potential trajectories of its neighbor UAVs.

For each UAV i, the objective function can be formulated as

Fi = min

∫ tc+∆t

tc

J

∑
j=1

[

γ
(

Xi
j(τ)

)∣

∣Σi
j(τ)

∣

∣

]

dτ (1)

where the current time is tc, the planning horizon is of

length ∆t ,
[

Xi
j(t),Σ

i
j(t)

]

represents the fused track state and

covariance of target j from UAV i’s fused operational picture

at time t, J is the number of targets in the scenario (not

all will be present in UAV i’s fused operational picture), and

γ(·) defines an importance function (represented as a surface

over the urban scenario) and will be discussed more in the

experimental section.

While minimizing the objective function, each UAV needs

to take into account certain constraints, which can be grouped

into four classes: kinematic, fusion, line of sight, and bounds.

Constraints (2) – (9) capture the kinematic constraints of

each UAV, prescribing positional locations at the beginning

of the planning window, bounds on speed, minimum turning

radii (each UAV is modeled as a Dubin’s vehicle [19]), and

ensuring that the UAVs collide with neither the buildings nor

eachother. We note that Pı̂(t) is the position of UAV ı̂ at

time t, with Pı̂(t) = {xı̂(t),yı̂(t),Zı̂}, Sı̂(t) and θı̂(t) are the

speed and heading, respectively, of UAV ı̂ at time t. Also, in

Constraint (7), εmin
1 represents the closest distance two UAVs

are permitted to be, and this distance is much smaller than the

communication radius of any UAV. Thus, if two UAVs are not

in communication, there does not present the opportunity for

them to get closer than εmin
1 . We do not consider the case of

possible communication failure of one (or multiple) UAVs.

Pı̂(tc) = Pc
ı̂ (2)

∂xı̂(t)

∂t
= Sı̂(t)cos [θı̂(t)] (3)

∂yı̂(t)

∂t
= Sı̂(t)sin [θı̂(t)] (4)

∣

∣

∣

∣

∂θı̂(t)

∂t

∣

∣

∣

∣

≤ Ωı̂ (5)

S min
ı̂ ≤ Sı̂(t)≤ S max

ı̂ (6)

‖Pı̂1(t)−Pı̂2(t)‖2 ≥ εmin
1 (7)

Pı̂(t) ·νh`+dh` ≥−µı̂h`(t)M (8)

5

∑
`=1

µı̂h`(t)≤ 4 (9)

Constraints (10) – (14) define the fusion constraints for each

UAV. Specifically, Constraints (10) – (11) determine the fused

covariance and state for target j at time t, from UAV i’s fused

operational picture perspective, based on those neighbors of

UAV i that have line of sight to target j. Constraints (12)

– (14) are the continuous time Kalman filter (Kalman-Bucy)

equations for the state of target j, as seen from UAV ı̂, where
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z̄ı̂ j(t) represents the measurement of target j by UAV ı̂, at time

t (N.B.: A detailed explanation of the Kalman filter equations

can be found in [20]–[22]). Ni(t) defines the neighbors of UAV

i, at time t, i.e., ı̂ ∈ Ni(t) =⇒ ‖Pi(t)−Pı̂(t)‖2 ≤ Ci, where Ci

represents the communication radius of UAV i. By default, i ∈
Ni(t). We note that Σi

j(t) and Xi
j(t) defined in Constraints (10)

and (11) are directly incorporated into the objective function

(1).

Σi
j(t) =



 ∑
ı̂∈Ni(t)

ψı̂ j(t)Σ
−1
ı̂ j (t)





−1

(10)

Xi
j(t) = Σi

j(t) ·



 ∑
ı̂∈Ni(t)

ψı̂ j(t)Σ
−1
ı̂ j (t)Xı̂ j(t)



 (11)

∂Xı̂ j(t)

∂t
= Fı̂(t)Xı̂ j(t)+Kı̂(t) [z̄ı̂ j(t)−Hı̂(t)Xı̂ j(t)] (12)

∂Σı̂ j(t)

∂t
= Fı̂(t)Σı̂ j(t)+Σı̂ j(T )F

T
ı̂ (t)+ Q̄ı̂(t)

−Kı̂(t)Rı̂(t)K
T
ı̂ (t) (13)

Kı̂(t) = Σı̂ j(t)H
T
ı̂ (t)R

−1
ı̂ (t) (14)

Constraints (15) – (25) determine whether UAV ı̂ has line

of sight to target j at time t. The buildings are represented

using Plüker coordinates [23], [24]. These constraints force

ψı̂ j(t) to equal 1 if UAV ı̂ has line of sight to target j at time

t, and 0 otherwise. ψı̂ j(t) is injected into Constraints (10) and

(11), incorporating tracking information on target j from UAV

ı̂ only if there is line of sight.

G(Λı̂ j(t), Λ̂h`u,u+1)≤ φ̄ı̂ jh`u,u+1(t)M (15)

−G(Λı̂ j(t), Λ̂h`u,u+1)<
(

1− φ̄ı̂ jh`u,u+1(t)
)

M (16)

φ̄ı̂ jh`(t) =
4

∑
u=1

φ̄ı̂ jh`u,u+1(t) (17)

βı̂ jh`(t)≤ 4− φ̄ı̂ jh`(t) (18)

βı̂ jh`(t)M ≥ 4− φ̄ı̂ jh`(t) (19)

β̄ı̂ jh(t) =
5

∑
`=1

βı̂ jh`(t) (20)

ψ̄ı̂ jh(t)≤ βı̂ jh`(t) (21)

1− ψ̄ı̂ jh(t)≤ 5− β̄ı̂ jh(t) (22)

ψ̂ı̂ j(t) =
H

∑
h=1

ψ̄ı̂ jh(t) (23)

ψı̂ j(t)≤ ψ̄ı̂ jh(t) (24)

1−ψı̂ j(t)≤ H − ψ̂ı̂ j(t) (25)

Lastly, Constraints (26) – (30) define bounds for all of the

decision variables in the optimization problem.

Pı̂(t) ∈ R
3 (26)

Sı̂(t) ∈ R+ (27)

θı̂(t) ∈ [−π,π] (28)

φ̄ı̂ jh`(t), ψ̂ı̂ j(t), β̄ı̂ jh(t) ∈ Z
+ (29)

φ̄ı̂ jh`u,u+1(t),ψı̂ j(t),βı̂ jh`(t), ,µhl(t), ψ̄ı̂ jh(t) ∈ {0,1} (30)

Figure 1. Pictorial representation of the current simplex and the four
possible manipulations to the current simplex, in the search for the minimum.
While this figure shows 3−D simplices, problem (1) – (30) has many more
dimensions.

III. HEURISTIC ALGORITHM

It can easily be shown that the classical Vehicle Routing

Problem (VRP), which is a well known NP-Hard problem

[25], polynomially reduces to our problem presented in the

previous section. Not only does this demonstrate that our

problem is NP-Hard, but we have the additional complicating

factor of a number of nonlinear functions in the objective

function and constraints. There does not exist an algorithm

that will guarantee optimality to the problem (1) – (30), in

polynomial-time. Hence the need to develop efficient heuristics

that will find good-quality solutions, efficiently. To do so,

we made use of a multi-start simplex downhill method [26].

Each solution is a set of trajectories for both UAV i, as

well the neighbors of UAV i. Each iteration of the multi-

start algorithm runs one complete sequence of the simplex

downhill method. The simplex downhill method begins by

defining a random non-degenerate n-dimensional simplex, of

n+1 points. Each point of the simplex is a complete solution

to the optimization problem. The simplex algorithm takes a

series of steps, manipulating the current simplex in each step,

eventually converging to a local, if not global, minimum to the

problem. For three-dimensional problems, Figure 1 displays

a representation of the current simplex, as well as the four

possible manipulations that can be done to the current simplex

at each step of the algorithm. The goal of the multi-start

approach is to overcome the local minimum and converge to

the global minimum of the optimization problem.

IV. EXPERIMENTAL ANALYSIS

The formulation and heuristic described in Sections II and

III was studied by varying the number of available UAVs

in a scenario consisting of six targets operating in an urban
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Figure 2. Simulated Scenario - building placement, γ function, and ground
target trajectories. Tj is placed near the starting position of target j.

Table I
γ FUNCTION GAUSSIAN PARAMETERS.

Gaussian Mean

µx µy

1 174 358

2 620 251

3 620 412

4 273 466

5 694 501

6 347 573

7 322 680

domain. These ground targets were simulated with minimum

and maximum speeds of 0 and 30 miles per hour, respectively.

Eight buildings, each with a height of 150 meters, represented

the urban domain. Figure 2 displays a top-down view of

the buildings and the paths the targets take throughout the

simulation. This figure shows the buildings represented as grey

rectangles and the target trajectories presented as various lines.

The starting location for target j is denoted in the figure as Tj.

Equation (31) defines the importance function defining part of

the objective function, Equation (1). The importance function

is modeled as a sum of Gaussian probability density functions,

with means listed in Table I, and circular covariances with

1−σ values of 250 meters. The importance function defines

regions in the domain for which it is more important to have

accurate positional information on a ground target.

γ(~x) =
q

∑
k=1

1
√

(2π)n |Σ|
e−(~x−~µ)Σ−1(~x−~µ)T

(31)

This study involved having 1 to 5 UAVs tracking the

moving ground targets in the scenario. A ‘case’ partitions the

experiments by the number of UAVs in the scenario. Each

UAV was modeled as a Dubins vehicle, and turning radius was

limited to 30 degrees. In addition, each UAV had minimum
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Figure 3. Average minimum determinant of the fused covariance for Target
1.

and maximum speed constraints of 50 and 85 miles per hour,

respectively. The altitude of the UAVs was fixed at 100 meters,

flying below the height of the buildings. The UAVs were

homogeneous and assumed to be small enough to maneuver

among the buildings. The sensor on each UAV was modeled

as an omni-directional radar, measuring range and bearing to

the targets. Conversions of the measurement and measurement

uncertainty from spherical to Cartesian coordinates were done

utilizing standard transformations [27]. For each case, 10

independent runs of the simulation were performed, where

the initial position and velocity of the UAVs was determined

randomly. For each target and each time-step, we computed

the average, over the 10 runs, of the minimum of the fused

covariance matrix determinant for this target, as seen by the

UAVs. Figures 3 - 8 display the described average for each

target at each time step in the simulation. When computing

this average for a target at a particular time step τ, covariance

information from a particular UAV i was only incorporated

into the average if information about the target was received

at time step τ from UAV i, or at any time step prior to τ.

Moreover, given the dynamics of both the targets and the

UAVs in the simulation, a UAV may lose line of sight to a

detected target. The position and covariance of such a target

is extrapolated and reported for a given period of time (3

time steps in the simulation). If no information is obtained

on the target (via an on-board sensor detection or reported

by a neighbor UAV) within that period of time, it is removed

from the UAV’s knowledge base. In the analysis of the results,

however, when a detected target was no longer reported, a

covariance matrix indicating a large uncertainty on the position

of that target was assumed.

It is noted from Figures 3 - 8, in general as the number

of available UAVs is increased, the average of the minimum

determinant of the fused covariance matrix decreases, repre-
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Figure 4. Average minimum determinant of the fused covariance for Target
2.
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Figure 5. Average minimum determinant of the fused covariance for Target
3.

senting an improvement in track quality of the respective target

(as expected by Equations (12) – (14)). However, there were

time intervals where having more UAVs did not necessarily

result in a decrease in the tracking uncertainty of all targets

in the scenario. Our formulation defines flight trajectories for

all UAVs in the scenario such that the tracking uncertainty

(i.e., location error) of all targets is minimized, with particular

emphasis to targets near high importance regions (refer to

Equation (1)). The weighting factor introduced by the value

of the importance function at a given location will result

in the definition of flight trajectories in which targets closer

to high importance areas are represented as accurately as
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Figure 6. Average minimum determinant of the fused covariance for Target
4.
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Figure 7. Average minimum determinant of the fused covariance for Target
5.

possible, taking into account all of the constraints in the

formulation, to the potential detriment of location errors for

targets in areas that are not deemed as important. The effect

of this spatial prioritization is particularly evident when only

a single UAV is present in the scenario since, by not having

the measurements from other UAVs on the targets, getting a

more accurate representation of a target will result, most likely,

in deteriorating the track accuracy on other targets. Consider,

for example, Figure 7 in which the average of the minimum

determinant of the covariance matrix between time steps 10 –

20 for Target 5 is worse when 2 and 3 UAVs are present in the

scenario than for the case of a single UAV. However, during
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Figure 8. Average minimum determinant of the fused covariance for Target
6.

the same time interval, Figures 3 – 6 and 8 show the average

of the minimum determinant of the covariance matrix for the

other targets when only a single UAV is present in the scenario

is worse, compared with the 2 and 3 UAV cases. This shows

that our decentralized cooperative control approach exploits

the availability of multiple UAVs for cooperative tracking

by defining flight trajectories that result in improved track

accuracy of the targets in the scenario. Figure 9 shows the

average of the minimum determinant of the covariance matrix

of all the targets for the cases under study. We note that, once

all targets in the scenario were detected (after time step 21), a

diminishing rate of return in the track accuracy of the targets

is obtained when more UAVs are present in the scenario.

V. CONCLUSIONS

Autonomous systems will continue to play a larger and

larger role in performing tasks that require split-second

decision-making. In this research, we have examined the

research of [8], which showed the efficacy of autonomous

UAVs in a decentralized cooperative control framework for

tracking moving ground targets in an urban domain. Our study

looked at the effect of cooperative tracking as a function of

the number of UAVs in the scenario. Experimental analysis

shows that our decentralized approach exploits the availability

of multiple UAVs for cooperative tracking by defining flight

trajectories that result in accurate representation of targets

in an urban environment. Future research will investigate

heterogeneous UAV sensor capabilities, and how that affects

cooperative tracking performance.
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