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Abstract – A decentralized estimation architecture for de-
termining an object’s absolute position from relative po-
sition measurements, commonly called geolocation, is de-
veloped in this paper. Relative measurements are obtained
from a two unmanned aerial vehicle (UAV) team with elec-
tronic support measure (ESM) sensors on board. One team
combines their time of arrival (TOA) measurements forming
one time difference of arrival measurement (TDOA) from an
emitter’s signal. Using an Extended Kalman Filter (EKF),
pseudorange equations containing UAV positions and emit-
ter position estimates are sequentially estimated to solve for
absolute emitter positions. When N UAV teams are avail-
able, a decentralized EKF architecture is derived to opti-
mally fuse estimates from N filters at the global fusion node.
In addition, optimal trajectories for two UAVs are devel-
oped to minimize the covariance position errors. Weights
are placed on the UAV motions, so minimum and maximum
distances to the emitting object are restricted.

Keywords: decentralized geolocation, TDOA, estimation,
optimal control

1 Introduction
Geolocation has grown in popularity presently due to
the multi-disciplinary engineering topics it involves and
the need to efficiently locate friendly or hostile emitting
sources. Geolocation by TDOA consist primarily of distress
or hostile signals which may or may not cause electronic in-
terference [1–3]. Previous methods to estimate these source
locations relied on batch processing or rigorous analytical
solutions [1,4–7]. Those methods obviously require a num-
ber of sensors greater than the number of unknown posi-
tion state estimates. Recently [8–10] implemented recursive
estimation to solve the TDOA geolocation problem with
the EKF, Unsented Kalman Filter (UKF) and a hybrid in
conjunction with a Gaussian sum approximation. Specifi-
cally, [9–11] applied measurement association and showed
the two sensor case where location unknowns are equal to
the number of sensors, solutions are then recursively up-
dated. From this foundation using 2 UAVs to N UAVs and
N/2 UAV teams, a decentralized estimation architecture for
geolocation of emitters is derived here.

Because geolocation is implemented in a centralized ar-

chitecture it has the simplest approach (time correlation) and
is very useful to compare the decentralized architecture per-
formance. A centralized architecture has N−1 UAVs as the
sensors and the N th UAV as the only filter. This works well
for a straightforward implementation, but has severe disad-
vantages regardless of hostile or friendly environments. If
the master UAV (central filter) is lost due to terrain, hostile
actions, poor maintenance, etc., all geolocation processing
halts. Uploading filter software or pulling a UAV out of a
distant mission to physically upload software is unreason-
able, due to the evasiveness of a target and mission cost. In
addition, central processing requires the system engineer to
consider communication bandwidth and available process-
ing to produce a single estimate [12]. There is always a
tradeoff between bandwidth and processing power in order
to meet general system requirements. Using a decentral-
ized approach for geolocation we can avoid various failures,
distribute filtering tasks then add robustness to the overall
system architecture [13, 14]. Also we can focus on indi-
vidual UAV team control efforts and still achieve optimal
estimates.

From the TDOA measurement equation, it is known that
filter performance is a function of the emitter position and
individual UAV positions. Characteristics for performance
are noted by minimal (or maximum) time to convergence
and tolerable error bounds. Since the emitter’s position is
unknown the performance depends heavily on the UAV mo-
tion. With no UAV motion the emitter becomes unobserv-
able, especially when limiting the number of UAVs perform-
ing a geolocation task. Most UAVs fly pre-programmed
flight paths and are allowed limited flight path changes via
ground station controllers. However, ground station con-
trollers are not ideally suited for guiding UAVs to opti-
mize geolocation performance [15]. Implementing opti-
mal control techniques allows for compromise between pre-
programmed flight and the anticipated optimal guidance.

The paper is organized in the following manner, Sec-
tion 2 introduces the fundamental TDOA geolocation, a hy-
perbolic method which uses time differences of arrivals of
radio emissions. Section 3 presents an EKF specifically
for recursive geolocation estimation. Section 4 describes
a decentralized/distributed fusion architectures for multiple
UAV teams. Also within this section the Covariance Inter-



section algorithm used for information fusion in decentral-
ized geolocation is shown. Section 5 uses optimal control
techniques for minimizing error bounds on geolocation esti-
mates through a velocity control scheme. Section 6 presents
individual simulation results for Sections 4 and 5, which
are decentralized geolocation and optimal paths for a single
UAV team, respectively.

2 Limited Sensor TDOA Geolocation
When multiple sensors are not available, geolocating a po-
sition obviously becomes very difficult but not impossible.
If at least two sensors are available then positioning them
at multiple points in space to increase the observation of
the object is required. Now, consider two UAVs at known
location Xi

k = (xi
k, yi

k) and both are equipped with elec-
tronic support measures (ESM) and GPS. These sensors
are capable of intercepting discrete or signal transmissions
from an emitting object. Also consider an object at location
xe

k = (xk, yk) that emits an omni-directional signal at dis-
tinct time instant tk. If this signal is intercepted by UAV i at
time instant tk we have

tik = tk +
ri
k

c
(1)

where ri
k is the range from UAV i position to the emitting

object, given by

ri
k =

√
(xk − xi

k)2 + (yk − yi
k)2 (2)

and c the speed of propagation is 300,000 km/s for typical
radio emissions.

Since the object’s position and time of origin for the emit-
ted signal are not known, Eq. (1) has more unknowns than
equations to solve. However, we do know TOA’s to each
UAV because of the ESM observations. By choosing one
UAV as the reference sensor a TDOA from ESM sensors 1
and 2 gives a modified equation

ti1k = tik − t1k =
ri
k − r1

k

c
(3)

We can also relate the reference UAV-(1) to any other UAV-
(i) if they become present and capable, by pairing N UAV
measurements together where i = 2, 3, . . . N .

3 Extended Kalman Filter for Geolo-
cation

The unknown emitter is a continuous-time (constant veloc-
ity) differential truth model given by

ẋ(t) = Fx(t) + Gw(t) (4)

where w(t) is the process noise with covariance Q. In the
filter Q will be used as a tuning parameter for improving

state estimates. Since discrete time sampling is used the
state transition matrix transformation gives

Φ(t, t0) = I + F∆t =




1 ∆t 0 0
0 1 0 0
0 0 1 ∆t
0 0 0 1


 (5)

where ∆t = (t − t0) is the sampling interval for both truth
and measurement models. With Q = q, a scalar and G =[

0 1 0 1
]

the discrete-time process noise covariance
for model propagation becomes

ΥQΥT = q




∆3t/3 ∆2/2 0 0
∆2t/2 ∆t 0 0

0 0 ∆3t/3 ∆2t/2
0 0 ∆2t/2 ∆t


 (6)

This results in the discrete time truth-model with the state-
transition matrix

xk+1 = Φkxk + Υwk (7)

where wk has covariance Qk. Note that for small ∆t the
approximation ΥQΥT = ∆tGQG can be used [16].

The measurement model comes from the TDOA equa-
tion in Section 2, considering two UAVs. Measurements for
TDOAs are commonly converted to range difference of ar-
rival (RDOA) by multiplying the TDOA with the speed of
propagation c. This modified measurement is rewritten as

ỹk = c(t2k − t1k) = hk(xk) + vk (8)

where
hk(xk) = (r2

k − r1
k) (9)

and the range, ri
k, is written the same as in Eq. (2). The sen-

sor’s measurement noise vk is a zero-mean Gaussian white-
noise process with variance given by σ2

t . Since the measure-
ment is in the form of range, the clock variance is multiplied
by the speed of propagation squared, yielding Rk = c2σ2

t ,
where Rk is the measurement variance used for the EKF.

The sensitivity matrix, H , is a Jacobian matrix for the
nonlinear measurement model equation, hk(x̂k). In discrete
time this function is evaluated at time tk using the estimated
state vector x̂k, resulting in

H(x̂−k ) =
∂h
∂x

∣∣∣∣
x̂−

=
[

∂h
∂x

∂h
∂ẋ

∂h
∂y

∂h
∂ẏ

]
(10a)

=
[

h11 . . . h14

]
(10b)

Of the four emitter states, only two position states appear in
the measurement function, thus partial velocities terms are

h12 = h14 =
∂h
∂ẋ

=
∂h
∂ẏ

= 0 (11a)



Solving all partial derivatives gives

∂h
∂x

= h11 =

(
x̂−k − x2

k

r̂2
k

− x̂−k − x1
k

r̂1
k

)
(11b)

∂h
∂y

= h13 =

(
ŷ−k − y2

k

r̂2
k

− ŷ−k − y1
k

r̂1
k

)
(11c)

with

r̂i
k =

√
(x̂−k − xi

k)2 + (ŷ−k − yi
k)2 (12)

This variable r̂i
k corresponds to the estimated emitter range,

unlike ri
k which is used to generate simulated measurements

with the true position for the EKF. Moreover we define ŷk

as the estimated RDOA:

ŷk = h(x̂−k ) = (r̂2
k − r̂1

k) (13)

to reduce any confusion in the EKF formulation. The EKF
equations are given by

Kk = P−k HT
k [HkP−k HT

k + Rk]−1 (14a)
x̂+

k = x̂−k + Kk(ỹk − ŷk) (14b)
P+

k = (I −KkHk)P−k (14c)
x̂−k+1 = Φkx̂+

k (14d)

P−k+1 = ΦkP+
k ΦT

k + ΥkQkΥT
k (14e)

Referring to above, the EKF is invoked first with initial val-
ues for our state and covariance, x̂−0 = x̂0 and P−0 = P0.
Then if a measurement is available, the state and covari-
ance are updated by Eqs. (14a)-(14c), the Kalman gain and
Kalman update equations, respectively, to x̂+

k and P+
k . Next

the propagation Eqs. (14d) and (14e) are used to carry the es-
timate and covariance to the next time-step, x̂+

k+1 and P+
k+1.

However if a measurement is not available then the esti-
mated state and covariance could be propagated until an-
other measurement is received. This EKF provides the first
local-node component for a decentralized architecture. In
the next section the required global node and overall scheme
are presented.

4 Decentralized Geolocation by Co-
variance Intersection

By designating a minimum of 2 UAVs as one team, their
sensor measurement (input) and state estimate and error co-
variance (output) create one Local-EKF (LKF). Both UAVs
contain sensors but only one UAV runs the “local-master
EKF,” thus locally we incorporate a centralized architecture.
This team now sends its output to any base of operations
where a Global-KF or Fusion Node (FN) processes incom-
ing information. With N teams available the FN now takes
all team outputs and fuses the estimate and error covariance
from each LFK.

4.1 Fusion Architecture Requirements
For decentralized geolocation two main requirements are
outlined within this section. The first is the number of teams
including team members and secondly the communication
constraints.

1. Number of Teams & Members: UAV teams must con-
tain a minimum of 2 two UAVs and a maximum of N
when implementing TDOA methods for geolocation.
The upper limit is based on overall system performance
and UAV availability. Increasing the number of teams
reduces other points of failure for this decentralized ar-
chitecture. Conversely, limiting team members reduces
the need for a high workload on a single LKF and dis-
tributes the workload on LKF teams.

2. Low Communication Bandwidth: System performance
is further increased by forcing low communication to
each node, globally or locally. Low communication
requirements are met by implementing a no feedback
constraint to UAV teams. Directing communications
in a single direction is applied in the hierarchical archi-
tecture.

The above requirements handles the minimum UAV case
and N case senerio, providing the previously mentioned ro-
bustness for geolocation systems. At the FN the Covariance
Intersection (CI) algorithm is implemented since it fulfills
requirements 1 and 2.

4.2 Covariance Intersection
This section summarizes the CI algorithm [17] which is used
to fuse redundant TOA information to produce consistent
estimates regardless of the actual correlations. Consider A
and B, two pieces of information which are fused together
to yield an output C. Due to the sensors we know that A and
B are corrupted by noise and as a result are random vari-
ables represented by their respective means a and b. Also
we assume that the true statistics of these random variables
are unknown but estimates of their statistics are available.
The estimates of their means and covariances, {a, Paa} and
{b, Pbb} are taken from the node outputs within the decen-
tralized architecture. True estimation errors are defined as
ã ≡ a − ā and b̃ ≡ b − b̄, and the true covariance and
cross-correlation are

P̄aa = E{ããT }, P̄bb = E{b̃b̃T },
P̄ab = E{ãb̃T } (15)

where the adorned symbols with a bar “−” denote the truth.
Even if the true values of P̄aa and P̄bb are not known the
only requirement is that

Paa − P̄aa ≥ 0 and Pbb − P̄bb ≥ 0 (16)

which assumes the estimates for a and b are consistent.
By assuring consistency, the covariance must be equal or



greater than the true covariance. For the geolocation prob-
lem studied here, local estimates may be provided by, for
example UAV-1 and 2 (Team 1) and UAV-3 and 2 (Team
2) where UAV-2 provides redundant information. Naively
combining these separate estimates, may result in an incon-
sistent estimate.

4.2.1 Covariance Intersection Algorithm
The CI algorithm takes a convex combination of the esti-
mate means and covariances in the information space, P−1.
This algorithm also exploits the geometric interpretation of
the Kalman filter equations [17]. From this interpretation,
we have the following approach: if Pcc is within the inter-
section of Paa and Pbb for any possible choice of Pab, then
an update strategy that finds a Pcc which encloses the inter-
section region must be consistent even if there is no knowl-
edge about Pab. If Pcc encompasses the intersected infor-
mation space very closely then the updated covariance uses
the greatest amount of information from the convex combi-
nation [17, 18], which motivates the CI algorithm:

P−1
cc = ωP−1

aa + (1− ω)P−1
bb (17a)

P−1
cc c = ωP−1

aa a + (1− ω)P−1
bb b (17b)

where ω ∈ [0, 1] is a tuning parameter.
In the CI algorithm, the tuning parameter, ω, usually is

chosen to minimize the trace of the covariance or the deter-
minant of Pcc. By selecting cost functions which are convex
with respect to ω, standard optimization tools can be used to
find the global optimum. With

∑n
i=1 ωi = 1, this method is

easily extended to the decentralized N UAV case by

P−1
cc = ω1P

−1
a1a1

+ . . . + ωNP−1
aN aN

(18a)

P−1
cc c = ω1P

−1
a1a1

a1 + . . . + ωNP−1
aN aN

aN (18b)

5 Optimal Guidance for Geolocation
Individual LKF performance is enhanced through a guid-
ance routine where its primary goal is to improve state es-
timates and lower estimate errors. As mentioned before
filter performance depends on emitter and UAV position-
ing which change over time. Section 2 and 3 discussed
the TDOA problem and recursive filter solution which pro-
vided a clear example for where to look to improve our filter
performance. By investigating the error covariance update
equation a specific performance index is minimized that will
provide a lower error covariance.

A common location fix, rho-rho (ρ− ρ) allows the use of
standard definitions with Dilution of Precision (DOP) quan-
tities for an indication “good” or “bad” geometries for a ge-
olocation fix [3, 19]. DOP is a function of the error covari-
ance matrix:

P = (HT R−1H)−1 (19)

where H comes from Eqs. (10a)-(12) and R is the measure-
ment variance. Also, defining the matrix A ≡ (HT H)−1

allows for the definition of other DOP quantities. The DOP
quantity used is the position DOP (PDOP) which is given
by

PDOP ≡
√

A11 + A22 + A33 (20)

When the geometry of the sensors is poor the estimate
on the emitter location may have a low level of confidence
and a high level of error (or diluted). Obtaining large val-
ues for Aii are favorable since it reduces the error associ-
ated with an estimate. Considering the hyperbolic fix which
arises from TDOA calculations we note that a larger differ-
ence between TOAs also increases the A matrix values. The
simplest way to increase a TDOA is by positioning one UAV
far from the estimated location and the second UAV closer
to the estimated location.

As a result of the previous investigation the PDOP is se-
lected to minimize our error covariance matrix through a
modified Kalman updated equation given by

P+
k = P−k + HT

k R−1
k Hk (21)

where the information matrix is P ≡ P−1. To minimize
P+

k specifically, then HT
k R−1

k Hk must be maximized as we
noted before, P−k is a priori information. Previously we saw
the PDOP defined in Eq. (20), however we can rewrite it as

PDOP ≡
{

Tr
[
(HT

k R−1
k Hk)

]−1}1/2

(22)

Now the focus will be on minimizing one element of the er-
ror covariance, specifically the h11 element from Eq. (11b).
Assuming the Y -locations of the UAVs are pre-selected,
then omitting Z-locations for simplicity results in the de-
termination of the optimal X-trajectories. In addition the
control inputs to the system will be weighted to reduce un-
necessary UAV motions. The following section formally in-
troduces the full performance index.

5.1 Formal Problem Statement
To improve local filter performance we pose the following

cost function:

min J [x(t),u(t), t] =
∫ tf

0

φ(x(t),u(t), t)dt (23)

with
u(t) ≡ [

u1(t) u2(t)
]

(24)

and

φ = −
[

x̂(t)− x(2)(t)
r̂(2)(t)

− x̂(t)− x(1)(t)
r̂(1)(t)

]2

+w1[u1(t)]2 + w2[u2(t)]2 (25)

subject to:

State Inputs:

{
ẋ(1)(t) = u1(t)
ẋ(2)(t) = u2(t)

(26)



where w1 and w2 are weights on the square of the velocity
control input and u1(t) and u2(t) are velocity control inputs.
Squaring ui(t) corresponds to the expended power/energy
of the overall UAV system.

5.2 Velocity Control
From optimal control theory [20], the Hamiltonian is con-

structed with the following change of variables, si ≡ x(i)

and r̂i ≡ r̂(i):

H = −
[

x̂− s2

r̂2
− x̂− s1

r̂1

]2

+w1[u1]2 + w2[u2]2 + λ1u1 + λ2u2 (27)

Euler-Lagrange equations partial derivatives,
(

∂H
∂s

) ≡ −λ̇

and
(

∂H
∂λ

)
=

[
ṡ(1) ṡ(2)

]
are given by,

−λ̇1 = 2

(
x̂− s2

r̂2
− x̂− s1

r̂1

)(
1
r̂1
− (x̂− s1)2

(r̂1)3

)
(28)

−λ̇2 = 2

(
x̂− s2

r̂2
− x̂− s1

r̂1

)(
1
r̂2
− (x̂− s1)2

(r̂2)3

)
(29)

Equations (28) and (29) are the co-state differential equa-
tions and the state differential equations are given by fol-
lowing:

ṡ1 = u1 (30)

ṡ2 = u2 (31)

Next we solve
(

∂H
∂u

)
= 0 so we can eliminate ui(t) from

Eqs. (30) and (31) which gives
(

∂H
∂u1

)
= 2w1u1 + λ1 = 0 (32)

(
∂H
∂u2

)
= 2w2u2 + λ2 = 0 (33)

Solving for the control vector ui(t) components yields

u1 =
−λ1

2w1
(34)

u2 =
−λ2

2w2
(35)

Now substituting in Eqs. (34) and (35) and rewriting the
state Eqs. (30) and (31) gives

ṡ1 =
−λ1

2w1
(36)

ṡ2 =
−λ2

2w2
(37)

Endpoint constraints values for states equations are selected
from predetermined linear trajectories for both UAVs and
co-states values are free. At t0 we use

s1(t0) = [5000 m ] s2(t0) = [2900 m ]
λ1(t0) = [ Free ] λ2(t0) = [ Free ] (38)

0 5 10
−1000

−500

0

500

1000

U
A

V
T

ea
m

−
1

 E
rr

or
s 

(m
)

3 σ Bounds and X−Errors

 

 

0 5 10
−1000

−500

0

500

1000
3 σ Bounds and Y−Errors

0 5 10
−1000

−500

0

500

1000

U
A

V
T

ea
m

−
2

E
rr

or
s 

(m
)

0 5 10
−1000

−500

0

500

1000

0 5 10
−1000

−500

0

500

1000

Time (min)

F
us

io
n 

N
od

e 
C

I
 E

rr
or

s 
(m

)

0 5 10
−1000

−500

0

500

1000

Time (min)

Errors

3σ Bound

3σ Bound

Figure 1: Simulation 1 Team-1, Team-2 and CI Comparison

and weights for the control input are

w1 = 0.02 and w2 = 0.01 (39)

There are now four coupled differential equations (2 co-
states and 2 states equations) which are solved using nu-
merical integration.

6 Simulation Results
6.1 Covariance Intersection
Two simulations are performed using different measurement
clock standard deviation values,

√
σ2

t = 1.0 × 10−6 and
1.0 × 10−7 (sec). The initial state estimates are x̂0 =[

0 0 0 0
]T (m) and the true emitter position is x0 =[

300 0 200 0
]T (m). The simulation time duration is

10 minutes with a sampling time of ∆t = 0.6 seconds. The
trajectories for all three UAVs are fixed to elliptical shapes
given by

UAV1:
[

x(t)
y(t)

]
=

[
1450 sin(t/50)
2150 cos(t/50)

]
(m) (40a)

UAV2:
[

x(t)
y(t)

]
=

[
2050 sin(t/40)
1550 cos(t/40)

]
(m) (40b)

UAV3:
[

x(t)
y(t)

]
=

[
4050 sin(t/45)
2750 cos(t/45)

]
(m) (40c)

The two teams contain the following members

TEAM-1:
{

UAV-1
UAV-2

}
& TEAM-2:

{
UAV-1
UAV-3

}

Each team’s 3σ error bounds are plotted together in Fig-
ure 1 revealing the overall geolocation accuracies, where
Team-2 has an inferior accuracy. This results in the FN
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completely weighting the Team-2 inputs as zero, ω2 = 0
and weighting Team-1 inputs as, ω1 = 1 (where ω ≡ ω1

and 1 − ω ≡ ω2). This is visually confirmed in Figures 2
where Team-1 and the FN has identically positive x and y
location error-bounds and Figure 3 where the optimum of
Pcc(ω) is plotted with the optimal value of 1.

For simulation 2, node-to-node comparison seen in Fig-
ure 4 contains the familiar error bound convergence proper-
ties, with some error outside the bounds before the 4 minute
mark. However at the FN the CI algorithm no longer elim-
inates Team-2 inputs but optimally weights Team-1 with
ω1 = 0.4014 and Team-2 with ω2 = 0.5986 (see Fig-
ure 6). This comes from the fact that Team-2 error bounds
still are larger, so that at the FN the CI algorithm fits the
tightest Pcc ellipse possible around both Paa (Team-1) and
Pbb (Team-2) error ellipses. Figure 5 agrees with this ex-
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Figure 4: Simulation 2 Team-1, Team-2 and CI Comparison
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Figure 5: Simulation 2 Team-1 and Team-2 vs. CI Geoloca-
tion 3σ Bounds

plaination since the FN error bounds for half the portion of
the simulation (t ≈ 5 mins) are in between the Team-1 and 2
error bounds. Once the error bounds settle, the geolocation
accuracy is within 50 meters for each position state estimate.
The FN accuracy considered is from the maximum heights
seen from the oscillating 3σ error bounds in Figure 5, not
the minimal values.

6.2 Velocity Control Results
For this simulation, the first EKF is executed forward in time
and the geolocation data, such as error covariance, 3σ error
bounds geolocation state estimates and UAV trajectories, are
stored for use in an optimal guidance routine. The truth can-
not be used within the routine, only state estimates, since the
emitter location is unknown. Then a second EKF with the
same parameters, except for the replaced x(t) UAV path,
is executed again forward in time to observe any improve-



0 0.2 0.4 0.6 0.8 1
50

100

150

Parameter ω

T
ra

ce
(P

cc
) 

(m
)2

0.3 0.35 0.4 0.45 0.5
50

55

60

65

70

Parameter ω

T
ra

ce
(P

cc
) 

(m
)2

 Z
oo

m
ed

 V
ei

w

Figure 6: Simulation 2 Pcc(ω) vs. Parameter ω and Opti-
mum

−6000 −4000 −2000 0 2000 4000 6000
−4000

−2000

0

2000

X Coordinate (m)

Y
 C

oo
rd

in
at

e 
(m

)

UAV
x
 & UAV

y
 Trajectory

 

 

−6000 −4000 −2000 0 2000 4000 6000
−4000

−2000

0

2000

X Coordinate (m)

Y
 C

oo
rd

in
at

e 
(m

)

New Trajectory w/ Postion−x(t) Optimized

UAV
1

UAV
2

Estimate
Emitter

(x0,y0)

Figure 7: Velocity Control Simulation: UAV Trajectories

ments in filter performance. Original UAV trajectories, 3σ
bounds and velocities are seen in Figures 7, 8 and 9 (top
plots) for the first routine using the EKF. The original lin-
ear paths give satisfactory observability between both UAVs
and the EKF converges at t ≈ 3 once the UAVs positions
begin to separate from each other. This agrees with Section
5 investigations for cost function choice. By first manually
increasing the geometric spacing of the UAVs the original
filter converges.

Now, the stored EKF data is sent to the optimal guidance
routine, then back to the EKF to estimate a new geolocation.
In the bottom plots in Figures 7, 8 and 9 the guidance rou-
tine increases the separation between the two UAVs in or-
der to maximize the (HT R−1H) DOP quantity in Eqs. (19)
and (20). Specifically the velocity control input to the UAV
causes the separation distance to increase as seen in Fig-
ure 7. The weights on the control input are not equal to
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Figure 8: Velocity Control Simulation: Geolocation Errors
and 3σ Bounds
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Figure 9: Velocity Control Simulation: ẋi(t) Control Input
Profiles

purposely aid in varying velocity control inputs. Yet, in Fig-
ure 9 the control inputs do not force improper motions but
small variations to achieve quicker filter convergence. If the
velocity differences are larger than a fewer meters per sec-
ond then concern would be expressed for the UAV control
system and structural components. The result on filter per-
formance is lower geolocation error bounds for early seg-
ments of the simulation seen in Figure 8 and overall im-
proved geolocation accuracy.

7 Conclusions
In this paper a suitable decentralized fusion architecture was
described and developed for geolocation purposes. A hierar-
chical no-feedback decentralized architecture was selected
as the best structure for a global geolocation. This structure



contains the simplest communication, team and team mem-
ber requirements set forth, especially for UAVs. Then the CI
algorithm proved useful to handle the sharing of redundant
sensor information. For the two UAV case the CI provided
fused information of equal or higher quality than each team
individually.

In addition optimal control theory was applied to find im-
proved UAV paths for enhance filter performance. In terms
of geolocation a performance index was selected to mini-
mize a particular DOP component of the error covariance of
the KF update equation. The results in Section 6.2 showed
that proper geometric space before and after running the
guidance routine are necessary for the EKF to converge
quicker. Also the routine eliminated the need to manually
search for the proper velocity control inputs for each UAV.
Last, geolocating for short periods of time allows for the
propagation of co-states forward in time to find an accept-
able minimum locally or globally based on the constraints
to the system.
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