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Observability based Control for Cooperative Localization

Rajnikant Sharma

Abstract—In this paper, we focus on localizing a stationary
target in a GPS denied environment using a team of aerial
unmanned aerial vehicles equipped with bearing-only sensors.
The vehicles use cooperative localization to localize themselves
and the target. We develop an observability-based controller
that improves the overall localization accuracy of the team as
well as of the target. We use receding horizon control to plan
vehicle paths such that the nonlinear observability conditions
are satisfied while improving the localization accuracy and
maintaining minimum safe distance from each other and
the landmarks. The controller performance is verified using
simulation results.

I. INTRODUCTION

Over the last decade, the use of Unmanned Aerial Ve-
hicles (UAVs) have increased tremendously in both civil
and military applications. The size of UAVs has also de-
creased because of smaller autopilots and miniature sensor
technologies. Smaller UAVs offer several advantages over
bigger UAVs. One such advantage is that the smaller UAVs
can be operated in the tighter constraints of an urban
environment. Another advantage is that large number of
small UAVs can be operated together in a joint mission [1],
[2]. However, urban environments offer several challenges
in the operation of UAVs such as no or partial availability
of GPS signals for localization. Therefore, there is a need
of alternative methods to solve the localization problem.
One such method is known as Simultaneous Localization
and Mapping (SLAM) where the vehicle uses its external
sensors like camera, laser range finder, or Sonar with data
from Inertial Measurement Unit (IMU) to build a map and
localize itself at the same time [3]. Over the last decade,
SLAM has been extensively investigated in various forms
and has been successfully implemented on various platforms.
However SLAM process is computationally expensive, the
estimation accuracy deteriorate with time, and require fre-
quent loop closures, therefore, it is not suitable for multi-
vehicle coordination missions where precise relative position
is required.

An alternative method is to use abundantly available
sources which can provide localization information known
as Signals of Opportunity(SoOp). SoOp are those signals
that are not originally intended (designed) for positioning but
they are freely available all the time and everywhere (within
a certain range). Examples of SoOp include broadcast analog
and digital such as AM/FM radio and analog/digital TV
(transmission towers), wireless local area network (WLAN)
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signals such as WiFi and WiMax (access points), cellular
and mobile phone network base stations, radar sites, RFID
tags, RF beacons/transponders, and partially available GPS.
In a single vehicle localization problem, the vehicle uses
IMU data to predict its position when any SoOP is not in
its sensor range, and updates the position when a SoOp is in
its sensor range. However, due to limited sensor range and
occlusions the position update will not be frequent, resulting
less accurate position estimates.

As mentioned earlier multiple small UAVs can be used in
a cooperative setting to various control mission. Similar to
cooperative control mission multiple UAVs can also be used
for localization. In cooperative localization a group of robots
exchange relative position measurements (between robots
and between a robot and a SoOp) from their exteroceptive
sensors (e.g.,camera, laser, etc.) and their motion information
(velocity and turn rate) from interoceptive sensors (e.g.,
IMU, encoders, etc.) to collectively estimate their states.
Cooperative localization has been an active area of research
(e.g., [4], [5], [6], [7], [8], [9], [10], [11], [12], [13]) because
it provides several potential advantages, including increased
localization accuracy, sensor coverage, robustness, efficiency,
and flexibility.

Cooperative localization problem has been solved us-
ing Extended Kalman Filter (EKF) [14], Minimum Mean
Square Estimator (MMSE)[5], Maximum Likelihood Esti-
mation (MLE) [15], Particle Filter [16], and Maximum A
Posteriori (MAP) [17]. Furthermore the cooperative local-
ization problem have been solved either in a centralized [8]
or distributed manner [14], [S], [17]. The cooperative local-
ization algorithm, irrespective of type of filter (centralized
or distributed) will provide meaningful localization estimates
(consistent and bounded), if and only if the sensors provide
enough information for localization or in other words if the
system is observable.

Several authors have carried out observability analysis of
the cooperative localization problem [14], [18]. It has been
shown that two landmarks are needed for the observability
of a single vehicle [19], [20], [21] when using bearing-only
measurements. Sharma et al. [22] extends the observability
analysis from 2 to n robots, with bearing-only measurements.
They have shown that in n-robot cooperative localization
problem with bearing only measurements if in a given
relative position measurement graph (RPMG) each vehicle
node has path to two different landmarks then the system is
completely observable. These results were verified through
experimental results using a three robot platform equipped
with omni-directional cameras [23].

From these results it is clear that a group of vehicles



can perform cooperative localization to navigate in a GPS
denied environment. The UAV paths and sensor orientation
should be determined such that the observability conditions
are satisfied and safe distance between vehicle is maintained.
Furthermore, the relative measurements like bearing-only
and range-only measurements are nonlinear therefore the
amount of observability also depend on the vehicle path
and the RPMG topology. Therefore, the vehicle paths can be
used not only to maintain observability conditions but also
improve the observability resulting in improved localization
accuracy. This is demonstrated by Yu ef al. in [24], [25],
where they design a controller to improve the observability
of obstacles in the field of view of the vehicle. They
also showed that the obstacle avoidance and improving
observability are complementary tasks. Zhang et al. [26],
developed a controller to improve the localization accuracy
of a team of robots performing cooperative localization using
bearing only measurements. The controller is designed for a
fixed sensing topology without considering the observability.
Furthermore, the cooperative localization was performed
without any source of absolute information (SoOp). In this
paper, we extend the work by Zhang et al. [26] by designing
a controller to improve the localization accuracy of team
of UAVs performing cooperative localization using bearing-
only measurements for a time time-varying sensing topology.
The main contributions of the paper are:

o We use cooperative localization to localize a target and
team of unmanned vehicles using bearing-only mea-
suremnts in presence of known SoOp (or landmarks).
We develop an observability-based controller for the
vehicles performing cooperative localization and local-
izing a target. The observability based controller gener-
ates vehicle paths such that the following objectives are
achieved.

— Vehicles maintain the overall observability by sat-
isfying the nonlinear conditions.

— Improves the overall localization accuracy of all the
vehicles and the target.

— Vehicles maintain the minimum distance between
each other, SoOps (landmarks), and the target.

II. PROBLEM FORMULATION

In this paper we focus on localizing a stationary obsta-
cle/target in a GPS denied environment using multiple aerial
robots flying at a constant altitude and constant speed. To
localize the obstacle successfully the UAVs should estimate
their own position and heading and at least one vehicle
should have the target in its field-of-view. We use bearing-
only cooperative localization [23] to estimate position and
heading of all the vehicles and to track the target. Coopera-
tive Localization is briefly discussed in next subsection.

Note 1: Inrest of the paper we will use "landmark’ instead
of ’SoOp’ and will use 'robot’ or ’vehicle’ instead of a UAV.

A. Bearing-only Cooperative Localization

Consider n vehicles moving in a horizontal plane perform-
ing cooperative localization. We can write the equations of
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motion for the it" vehicle as,

_ Vi cos i;
Xi = gi(Xiw) 2 | Visingy |, ()
Wi
where X; = [z; y; ¥]7 € R® is the robot state,

including robot location (x;, ;) and robot heading 1);,
and u; = [Vi,wi]—'— is the control input vector. We assume
that onboard introspective sensor IMU measure the linear
speed V; and angular speed w; of the robot. Without loss
of generality, we assume that robots cannot move backward
(V; > 0, ¢ = 1---n). Each vehicle has an exteroceptive
sensor to measure relative bearing to other vehicles and
landmark that are in the field-of-view of the sensor. Relative
bearing from the i*" robot to the j** robot or landmark can

be written as,
Nij = tan~! ( ) — ;.

For cooperative localization, each vehicle exchanges their
local sensor measurements (velocity, turn rate, and bearing
to landmarks and other robots) with their neighbors. Let
NM be the set of neighbors for which robot i can obtain
bearing measurements, and let Nl-c be the set of neighbors
with which robots ¢ can communicate. In this paper, we
assume that NM = N and we will therefore denote the
set of neighbors as V;. To represent the connection topology
of the robots we use a relative position measurement graph
(RPMG)[27] which is defined as follows.

Yi —Yi
l'jfi)j'i

2)

A Robot
* Landmark
—» Edge

Fig. 1. Relative position measurement graph (RPMG). The nodes of an
RPMG represent vehicle states and the edges represent bearing measure-
ments between nodes.

Definition 1: An RPMG for n robots performing cooper-
ative localization with [ different known landmarks is a di-
rected graph GY, £ {V,, 1, &1}, where V,, ; = {1, ,n,n+
1,--+,n + 1} is the node set consisting of n robot nodes
and [ landmark nodes and &, ;(t) C {Vho X Vn i} =
{ni;}, ie{l,---,n}, je{l,--- ,n,n+1,--- ,n+1}is
the edge set representing the availability of a relative bearing
measurement. We use m to denote the number of edges in
the RPMG. An example RPMG (Gg with m = 7) is shown
in Fig. 1.

We assume that the robot sensors have limited sensor



range Rgensor and limited field-of-view. Therefore, agents
can only measure the bearing of those robots and landmarks
that are located within the footprint of the sensor. Therefore,
the graph G!, will likely have a time varying topology.

B. Cooperative localization implementation

The objective of the cooperative localization is to esti-
mate the combined state X (k) (X1 (k) , X (k)]T.
We use an extended information filter (EIF) to implement
the bearing-only cooperative localization. In the information
filter instead of state X and covariance P(k) the information
vector §(k) and information matrix Y'(k) is updated. The
information matrix and information vector can be computed
as

Y (k) = P(k)~,
j(k) =Y (k)X (k).

Similar to an extended kalman filter (EKF) the EIF has two
steps. The first is the prediction step, which is given below.

Y(k+1[k) = (F(k)Y(klk)’1 (F)" +B(k)Q(Kk)B(k) "),
g(k+ 11k) =Y (k+ 1]k) X (k—i—l\k)
X(k+1[k) = X (k|k) + T, f(X (k|k), u(k)),
where T is the sampling time, Fj =
FF 0 - 0 B
0 5 0 !
. , B(k) = : , and
: 0 B
0o 0 - F, n
Qi(k) 0 0
Qk) = 0 . 0 is covariance of noise
0 0 Qn(k)

in the control input. The matrix F; and B; are the system
jacobian with respect to state X; and control w;, which are
given below

of, 1 0 —ViT,siny(k)
Fi=L+Tox > x=x,= | 0 1 ViTscosp(k) |,
0X;
0 0 1
of; Tscosr, O
Bi =T “ D, luimuiry | Tosingy 0|,
0 Ts
o2 0
and Q;(k) = 6“ o2 ) where o, and o, are the

wi /o .
standard deviation in velocity input and turn rate input

respectively.
The measurement update step is given as

Y(k+1k+1) =Y(k+1k) + > Hij(k) o, 2Hij(k),
gk+1k+1)=g(k+ 1|k

+ZHU Mw + JX(k+1|k))'
The scalar p;; represents the innovation
pig = 1mij = hij(x(k + 1]k)), 3)
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and oy, is standard deviation of the noise in the bearing
measurement. The row vector H,; is the measurement jaco-
bian

%b{:xw)- 4)
The EIF is dual of the EKF and the EKF is a quasi-
local asymptotic observer for nonlinear systems and its
convergence and boundedness are achieved when the system
is fully observable [28]. In our previous work [22], we
performed nonlinear analysis of the bearing-only cooperative
localization problem. The following theorem summarizes the
conditions required for the complete observability of the
system.

Theorem 1: Given a proper RPMG G',, if for each robot
there exists a path to at least two landmarks and 7;; #
Ni2,V 1 = 1,--- ,n, then the system is completely observ-
able, i.e., the rank of the observability matrix is 3n.

These observability conditions are very important from a
robot’s path planning perspective. These conditions dictate
how each vehicle’s path should be planned such that the re-
quired sensing topology with required number of landmarks
is maintained.

H;j(k) =

C. Control Objective

In this subsection we discuss the control objectives based
on the conditions obtained from the observability analysis of
the cooperative localization. The main objective is plan path
for robots such that the system remains observable and the
accuracy of target tracking as well the accuracy of position
and heading estimate of all of the robots increases with time.
The path planner should achieve following objectives.

1) To maintain the observability, the RPMG including
two landmarks and the target should be connected.
The connectivity of a graph is directly connected to
the algebraic connectivity A2(L) of the graph. The
algebraic connectivity Ao(L) is the second smallest
eigen-value of the Laplacian of the graph [29].

2) The path should be planned such that there is an
increase in the information available from sensors. The
information matrix is given by

Zwu “1H;(t) (5)
where Hij():%|X—X t) = [OO —yﬁ :;:j 000]
where w;; denote the probablllty of detection j'"
vehicle in the field-of-view of i*" vehicle, which is

1 if in field-of-view and 0 otherwise.
3) The robots should maintain safe distance from each

other, from landmarks, and from the target.

These control objectives can be summarized as following
receding horizon control problem.

wa R™'Hy(t)  (6)

u* (7 :t) = max det
uP(Tt



subject to

X2 (L(t)) > 0, Vt

Pij = Pmin, Vl,j € [Ln]

Yij cosy; — i sine; # 0,V 4,5 € [1,n]
where Tijg = Ty — Tj, Yig = Yi — Y5, Pij = 1‘12]» + yin, and
Pmin 18 minimum allowable distance between two vehicles
or a vehicle and a landmark.

Note 2: The third condition ensures that vehicles do not

move on the line between two vehicles, vehicle and land-
mark, and vehicle and the target to avoid singularity in the
observability matrix.
We use a distributed receding horizon control [30] to maxi-
mize the information gain, each vehicle optimizes only for its
own control at each update, and exchanges information only
with neighboring subsystems. We assume that neighboring
subsystems can directly communicate with one another.

Every vehicle solves its own optimal control using its
current state and that of its neighbors. Each i*" vehicle
predicts some trajectories for over each prediction horizon
and prior to each update, each " vehicle receives an
assumed control trajectory from each neighbor to compute
the cost function.

IIT. RESULTS

In this section, we present initial simulation results for
the observability-based cooperative control approach dis-
cussed in this paper. For the simulation, we consider five
robots performing cooperative localization in presence of
two known landmarks while localizing a single stationary
obstacle. Following are the different simulation parameters
of a robot used in the simulation results presented in this
paper.

o Sensing range of the bearing-only sensor (Rsensor =
120m).

Linear velocity of the robot (V =5 m/s).

Sampling time period 75 = 0.1 s.
Initial pose uncertainty [o0
[5m 5m 0.2rad)).

Standard deviations of process noise in velocity and turn
rate [0, 0,]7 =[0.2m/s 0.2rad/s]".

Standard deviation of measurement noise oy,
0.1rad.

Minimum distance between two vehicles or a vehicle
and a landmark d,,;,, = 20m.

Actual and estimated trajectories generated by the
observability-based control are shown in Fig. 2. It can
be seen that the actual and estimated trajectories are very
close to each other and the RPMG, including two landmarks
and a stationary target, is connected meaning that the system
is observable. It can also be seen that vehicles maintain the
minimum distance of 20m between each other and with
the landmarks as shown in Fig. 3. The Fig. 4 shows how
the determinant of the overall combined covariance matrix
decreases with time. This shows that how the observability-
based controller improves the overall localization accuracy

0y0 0-1!)0}
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Fig. 3. This figure shows the minimum distance from the set of all the
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Fig. 4. Determinant of the overall covariance matrix

while maintaining the overall observability and minimum
distance between vehicles and landmarks. This is also
visible in Fig. 5 and Fig. 6. Fig. 5 shows the error plots
(position and attitude) for vehicle 5. Similarly Fig. 6 shows
the position error plots for the stationary target. Both the
figures show that the observability-based controller reduces
the uncertainty in the position and heading estimates.

IV. CONCLUSION

In this paper, we present initial results for a observability-
based controller intended to improve the localization accu-
racy of a team of unmanned vehicles performing cooperative
localization. We have used a receding horizon control to
chose vehicle paths such that the observability conditions
obtained in [22] are satisfied while improving the localization
accuracy and maintaining minimum safe distance from each
other and the landmarks. The simulation results show that
using the observability based control for a time varying
relative position measurement graph, the vehicles are able
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to maintain the connected RPMG, improve their localization
accuracy, and maintain the minimum safe distance.

In future, we will derive conditions that guarantee ob-
servability and minimum severation. These conditions should
dictate the initial sensing topology and separation between
landmarks. We will extend these results for tracking mul-
tiple moving targets in a GPS denied area and remove the
constraint of constant altitude and velocity.
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