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The paper presents an Extended Kalman Filter based framework for airborne target track-
ing using adaptive information fusion from multi-modal multi-rate distributed sensors net-
work. First, the tracking algorithm execution location is determined using an optimal data
migration strategy, which also computes the associated delays for each sensor data to arrive at
the computing location. Next, the fast (zero-delay) sensors information is dynamically fused in
the filter correction procedure at the arrival instance of each valid sensor reading. Finally, the
target estimation is updated based on the valid slow (delayed) data, which are grouped accord-
ing to the delay-time steps before application of the Larsen’s method. This approach is applied
to the synthetic sensor data generated by means of the ground based radar and camera models
for the simulated target flight in Reflection simulation environment.

I. Introduction
Obtaining accurate and in-time information about the air vehicles states and surrounding environment is crucial

for safe autonomous operations in air transportation systems for passengers and cargo in dense and highly dynamic
metropolitan areas. This is one of the focus areas of the NASA Advanced Air Mobility (AAM) Mission, which
is designed to support a variety of on-board, ground-piloted and increasingly autonomous flight operations by the
exploration of new sensing, perception, and collision avoidance technologies capable of replacing onboard pilot’s
functions [1–4].

Both ground based and airborne object detection and tracking are integral parts of many collision avoidance
solutions. Traditionally, ground based radars have been used to detect terrains and air vehicles for safe airspace
operations. Recently, they found widespread applications in autonomous driving and driver assistive systems along
with other type of sensors such as, visual, LIDAR or infrared. However, size, weight, power and cost limitations create
challenges in their onboard applications to unmanned aircraft systems [5].

In many target tracking and navigation applications, the problem is considered in a mixed continuous-discrete
time domain, where the target dynamics are in continuous-time and the measurements are in discrete-time. While the
target motion is commonly considered as a continuous time coordinate-uncoupled white-noise acceleration model for a
point-mass object [6], which is linear in states, the measurements are in discrete time domain, and are nonlinear in
majority of cases. Therefore the Extended Kalman Filter (EKF) or its variants make a suitable framework for target
tracking in Cartesian coordinates with measurements linearization [7].
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To improve the situational awareness, distributed homogeneous or heterogeneous sensors network is used in various
applications for airspace and ground transportation systems (see for example [8–10] and referenced therein), where the
information from all sensors are transmitted to a computing center for processing. However, because of the diverse
sensor sampling rates, different initial measurements processing times at sources and network communication delays,
sensor data from the same target arrive at the tracking center out-of-sequence, that is data acquired at earlier time arrives
at the fusion center after the tracks were already updated at the current time [11–13].

The existing literature on applications of the Kalman filter with delayed measurements can be classified into two
main methods: augmenting the current state with the appropriate past information and fusing the delayed measurements
on arrival [14]. The first group of methods achieve optimal estimates at the expense of increased system’s size, hence
the computational load [15, 16]. Therefore, they can be effectively applied to cases of small number sample time
delays or cases when computational burden is not an issue [17, 18]. The second group of methods can handle large and
variable delays with a reasonably low computational load, although sometimes achieve only sub-optimal estimates.
Some methods, such as the filter recalculation method, are optimal although have high computational load for nonlinear
systems [19, 20], some provide a trade-off between optimality and computational load [11, 21, 22]. In any case, they
can process interim measurements while incorporating the delayed ones, which makes them suitable for autonomous
navigation [23].

As airspace operations density increases, it becomes challenging to make rapid decisions that use geo-diverse and
dynamic data because of communication rate, bandwidth and execution hardware and power limitations. Therefore,
it is necessary to automatically learn where to execute the tracking algorithm to meet users’ latency, cost and power
consumption requirements. There are several computing models and platforms such as Edge Computing [24], Fog
Computing [25, 26], and Mobile Edge Computing (MEC) [27, 28] to meet these challenges. Some of these approaches
are devoted to substantially reducing the operational costs and satisfy the quality of service requirements in Internet of
Vehicles (IoV) or vehicular networks [29–31]. Utilizing edge computing infrastructure can be instrumental for safety
and reliability of increasingly autonomous aircraft operations. Therefore, migrating the data and estimation algorithm
between computing centers can play a critical role in in-time target tracking for airspace operations needs, such as
real-time trajectory re-planning for sense and avoid or other contingencies handling [32].

In the paper, we consider an an Extended Kalman Filter based framework for airborne target tracking using adaptive
information fusion from multi-modal multi-rate distributed sensors network. First, the tracking algorithm execution
location is determined using an optimal data migration strategy, which also computes the associated delays for each
sensor data to arrive at the computing location. Next, the fast (zero-delay) sensors information is dynamically fused
in the filter correction procedure at the arrival instance of each valid sensor reading, similar to approach in Ref. [33].
Finally, the target estimation is updated based on the valid slow (delayed) data, which are grouped according to
the delay-time steps before application of the Larsen’s method. This approach is applied to synthetic sensor data
generated by means of the ground based radar and camera models for the simulated target flight in Reflection simulation
environment.

II. Problem Formulation
We consider a target tracking problem using information from ground based distributed multi-modal multi-rate

sensors Si , i = 1, . . . ,Ns , using Extended Kalman Filter (EKF) framework. We assume that the sensors’ positions
psi , i = 1, . . . ,Ns in a Cartesian ENU (East-North-Up) frame F0 and the rotation matrices Ri , i = 1, . . . ,Ns from
sensor-attached frames Fi , i = 1, . . . ,Ns to F0 are known. Sensors transmit the target’s information over the wired
or wireless network as soon as it becomes available. This information can be in any form, partially or completely
processed, which may include data classification, compression, encryption, etc. depending on the type of sensor. For
example, in the case of radar, this processing may include obtaining target’s range, azimuth and elevation information
from the sensor’s raw readings. In any case, we assume that the sensors data include the time stamp of the readings,
validity flag indicating that the target is in the sensors field of view, the targets information in some form, and that the
size of data to be transmitted by each sensor is known.

We assume that the sensors are capable of transmitting data through an existing wired or wireless communication
infrastructure such as cell towers or internet connections, or portable transmitters, which are deployed on-demand
taking into account local specifics. In any case, we assume that the transmitter/receiver locations and communication
characteristics from sensors to network infrastructure and in the network are known. Let the transmitting towers
Ti , i = 1, . . . ,Nt be located at pti , i = 1, . . . ,Nt in the frame F0 and have transmit power of pti , i = 1, . . . ,Nt (in watts)
for wireless communication. Based on these powers and the adopted wireless communication model, a maximum
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transmit distance dm
i , i = 1, . . . ,Nt for each tower can be computed from the perspective of acceptable received signal

to noise ratio. Additionally, we assume that the sensors have transmit power of ps
i , i = 1, . . . ,Nt , which is enough to

reach the closest tower. All wired connection legs have a uniform rate of ω (in bits per second).
The data are received and processed at computing centers Ci , i = 1, . . . ,Nc using information fusion and target

tracking algorithms. It is assumed that the locations pci i = 1, . . . ,Nc in the frame F0 and computing capacities of these
centers are known. The computing centers are connected via wired or wireless network, depending on the available
infrastructure and the regional data processing demand. Since data sources have diverse locations, the information
fusion and target tracking algorithms have to deal with the latency in communications and processing.

The objective is to design algorithms for migrating data to computing centers with minimum end-to-end latency, for
fusion of information from all sensors as it becomes available, and for tracking the target based on dynamically resizing
observations.

III. Optimal Data Migration
We estimate the elapsed time based on the available best knowledge of the locations, data processing capabilities at

transmit towers, communication networks transmission rates and bandwidths, and execution capabilities at computing
centers.

To this end, we first map the sensors to communication towers based on highest data rate, which is equivalent
to the smallest distance for wireless connection. We will denote Si ∈ H (Tm ) to indicate that the i − th sensor has a
wired or wireless connection with the tower Tm . Likewise, we map the computing centers to closest towers and denote
Cj ∈ H (Tk ) to indicate that the j − th computing center has a wired or wireless connection with the tower Tk . To
streamline the derivations, we introduce quantities sim = 1, i = 1, . . . ,Ns to indicate that the sensor Si has a wired
connection with the associated tower Tm and sim = 0 otherwise; cjk = 1, j = 1, . . . ,Nc to indicate that the computing
center Cj has a wired connection with the associated tower Tk and cjk = 0 otherwise; wkm = 1, k,m = 1, . . . ,Nt to
indicate that the tower Tm has a wired connection with the tower Tk and wkm = 0 otherwise.

Let the data of size D(Si ) bits be transmitted from the i − th sensor Si ∈ H (Tm ) to the j − th computing center
Cj ∈ H (Tk ). If Si has a wired connection with Tm , then according the model introduced in Ref. [34] the average
communication latency of this data transmission is given by

τwr (Si ,Tm ) =
d(Si ,Tm )

c
+

D(Si )
ω

, (1)

where d(Si ,Tm ) = ‖psi − ptm ‖ is the Euclidean distance between Si and Tk , c is the propagation speed (in meter/second)
of electromagnetic waves. Otherwise, we assume a non-orthogonal multiple access (NOMA) protocol for the wireless
data transmission from Si to Tk [35, 36], which allows all users to simultaneously utilize the entire system bandwidth
with a multiple access interference inside the coverage area, but neglects the interference between adjacent coverage
areas, and compute the up-link transmission rate as follows

ρu (Si ,Tm ) = Bm
sys log2


1 +

ps
i g(si ,Tm )

σ2
a +

∑h=Nm

h=1, h,i,Sh∈H (Tm ) ps
h
g(Sh ,Tm )


 , (2)

where Nm is number of sensors in H (Tm ), Bm
sys is the network bandwidth associated with the tower Tm , ps

i is the i − th
sensor’s transmit power, σ2

a is the power of ambient white Gaussian noise at the receiver and g(si ,Tm ) is the channel
power gain, which depends on d(Si ,Tm ) as

g(si ,Tm ) =
g0

d2(Si ,Tm )
, (3)

where g0 is the reference gain [37]. Then corresponding up-link data transmission latency is computed for data volume
D(Si ) as

τu (D(Si ),Tm ) =
D(Si )

ρu (Si ,Tm )
. (4)

Thus the latency of i − th sensor’s data to reach the associated tower Tm can be expressed as

τ(D(Si ),Si ,Tm ) = simτwr (Si ,Tm ) + (1 − sim )τu (D(Si ),Tm ) . (5)
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We assume that the communication tower Tm processes data as they arrive trough a wireless channel with the rate of λT
in terms of CPU cycles per second. Then the processing latency is computed as

τpr (D(Si ),Tm ) =
D(·)

αTmλTm
, (6)

where αT stands for the number of bits processed per one CPU cycle.
Next, we consider transmission of data D(Si ) from Tm to Tk in the following cases.
Case 1. There is a wired connection between Tm and Tk .
In this case the communication latency is computed similar to equation (1) as

τ(D(Si ),Tm ,Tk ) =
d(Tm ,Tk )

c
+

D(Si )
ω

. (7)

Case 2. There is no wired connection between Tm and Tk and d(Tm ,Tk ) <= dt
m .

We use orthogonal frequency-division multiple access (OFDMA) protocol [38] for the wireless communication
between the towers. Then the data transmission latency is computed as follows

ρd (Tm ,Tk ) = Bk
sys log2

(
1 +

ptmg0

σ2
ad2(Si ,Tm )

)
(8)

τ(D(Si ),Tm ,Tk ) =
D(Si )

ρd (Tm ,Tk )
,

where pti is the m − th tower’s transmit power,.
Case 3. There is no wired connection between Tm and Tk and d(Tm ,Tk ) > dt

m .
In this case the data are transmitted from Tm to Tk using other towers in the network for relay. Our goal is to find

the optimal path, that is to find sequence of towers Tm = Tm1 ,Tm2 , . . . ,Tmh = Tk which provide the minimum latency
for data transmission. This is a variant of the Traveling Salesman Problem (TSP) [39] with the starting node at Tm ,
ending node at Tk and additional constraint on the wireless transmission legs length. For the simplicity of formulation
we introduce the nodes v1, . . . ,vn such that v1 = Tm , vn = Tk , n = Nt . The cost of travel cic between nodes vi and v j is
the latency of data transfer from vi to v j , which is computed according to equation (7) if there is a wired connection
from from vi to v j and according to equations (8) otherwise.

ci j = wi j

[
d(Tm ,Tk )

c
+

D(Si )
ω

]
+ (1 − wi j )

D(Si )
ρd (vi ,v j )

, (9)

where wi j = 0 if there is a a wired connection from from vi to v j and wi j = 1 otherwise. Then the TSP is formulated
as a mixed-integer linear program (MILP) for the following decision variables: binary variables xi j = 1 if a visit to
node i is followed by a visit to node j and xi j = 0 otherwise; integer variables ui , which are used to prevent sub-tours;
i, j = 1, . . . ,m. The optimization problem is formulated as:

minimize f =

n∑
i=1

n∑
j=1

xi j ti j (10)

subject to:
n∑
j=2

x1 j =

n−1∑
i=1

xin = 1 (11)

n∑
j=2

xi j ≤ 1, i = 2, . . . ,n − 1 (12)

n∑
j=2

x j i =

n−1∑
i=1

xi j , i = 2, . . . ,n − 1 (13)

n∑
j=1

xi j (1 − wi j )d(vi ,v j ) ≤ di
m , i = 1, . . . ,n (14)

2 ≤ ui ≤ n, i = 2, . . . ,n (15)
ui − u j + 1 ≤ (n − 1)(1 − xi j ), i, j = 1, . . . ,n , (16)
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where constraints (11) guarantee that each path starts at v1 and ends at vn , constraints (12) ensure that every node
is visited at most once, constraints (13) guarantee that, if a node is visited, it is preceded and followed by exactly
one other visit, constraints (14)) ensure the distance between two nodes with wireless connection on the path is
within the maximum allowable limits, and constraints (15) and (16) are necessary to prevent sub-tours according to
Miller–Tucker–Zemlin (MTZ) formulation for the traveling salesman problem (TSP) [34].

The solution of MILP (10) is a sequence of relay nodes vm1 ,vm2 , . . . ,vmh for the data transfer from Tm to Tk . The
corresponding elapsed time is computed as

τ(D(Si ),Tm ,Tk ) =

h−1∑
i=1

tmi,mi+1 , (17)

assuming that the data package is being transferred as is without any additional processing. However, it is being
processed at the destination tower Tk before transmitting to the computing center Cj . The processing time is computed
according to equation (6), replacing index m with k.

The last data transfer leg is from tower Tk to computing center Cj . It is computed similar to (5)

τ(D(Si ),Tk ,Cj ) = cjk τwr (Tk ,Cj ) + (1 − cjk )τd (D(Si ),Tk ) , (18)

where τwr (Tk ,Cj ) is computed according to equation (1) with understandable substitution of Tk , Cj for Si , Tm , and
τd (D(Si ),Tk ) is computed according to equation (8) with substitution of Tk , Cj for Tm , Tk .

For the execution time estimation, we assume that the computing center Cj has a data processing capability of λC j

cycles per second and αC j bits per one CPU cycle. Then the center Cj will spend

τpr (D(Si ),Cj ) =
D(Si )
αC jλC j

(19)

seconds to process a data of size D(Si ), which may include for example image processing in case of raw camera data,
and

τ(A,Cj ) =
f (A)
λCi

(20)

second to execute the estimation algorithm, which is assumed to have a size of f (A) in terms of CPU cycles. Then the
total elapsed time for the Si sensor’s data D(Si ) to reach to the computing center Cj and to ready for the estimation
algorithm can be estimated as

τ(Si ,Cj ) = τ(D(Si ),Si ,Tm ) + (1 − sim )τpr (D(Si ),Tm ) + τ(D(Si ),Tm ,Tk ) (21)
+ (1 − cjk )τpr (D(Si ),Tk ) + τ(D(Si ),Tk ,Cj ) + τpr (D(Si ),Cj ) .

Let the data package of the estimation algorithm of size D(A) be originally stored at computing center Cl . The
elapsed time of its transfer to Cj is computed similar to any sensor data as

τ(A,Cj ) = τ(D(A),Cl ,Tm ) + (1 − clm )τpr (D(A,Tm ) + τ(D(A),Tm ,Tk ) (22)
+ (1 − cjk )τpr (D(A),Tk ) + τ(D(A),Tk ,Cj ) + τpr (D(A),Cj ) .

Obviously τ(A,Cj ) = 0 if j = l.
The estimation algorithm will be executed if all available sensor data and the algorithm data reach to the computing

center Cj . That is the total time of the algorithm execution at Cj with all input data is

τ(Cj ) = max
[
τ(S1,Cj ), . . . , τ(SNc ,Cj )

]
+ τ(A,Cj ) . (23)

We notice that data compression, encoding and decoding or other type of processing can be computed as in (6).
Now we formulate an optimization problem to determine the data and estimation algorithm migration policy. Our

goal is to design a decision making algorithm to send the data and estimation algorithm itself to the computing center
while minimizing the latency τ(Cj ), j = 1, . . . ,Nc as estimated in (23). To this end, we introduce binary variables
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xi , i = 1, . . . ,Nc , which take on value x j = 1 when the target tracking is placed in the computing center Cj for execution
and zero otherwise. To make sure that only on location can be selected, we impose a constraint

Nc∑
i=1

xi = 1 (24)

on the binary variables xi . The cost function to be minimized is expressed as

f =

Nc∑
i=1

xiτ(Ci ) . (25)

The user imposed latency upper limit, if any, is enforced via equation

Nc∑
i=1

xiτ(Ci ) ≤ τmax . (26)

The optimization problem is a mixed-integer linear program

minimize f (27)
subject to: 0 ≤ xi ≤ 1, i = 1, ...,Nc , and (24), (26) .

with possible additional constraints on available computational, storage and power resources, which are not detailed
here. It determines the optimal execution computing center Cj . Therefore, equation (21) represents the data transfer
latency for each sensor Si , i = 1, . . . ,Ns .

IV. Extended Kalman Filter Framework

A. Filter State Description.
We use a conventional continuous time coordinate-uncoupled white-noise acceleration model for a point-mass

object to describe the target’s motion in Cartesian frame F0 [6]

ẍ(t) = nx (t)
ÿ(t) = ny (t)
z̈(t) = nz (t) , (28)

where nx (t), ny (t), nz (t) are zero-mean, Gaussian distributed, and uncorrelated processes with variances σ2
x , σ

2
y , σ

2
z .

To apply EKF, we discretize the target dynamics with a time step δt. Then the filter’s state is described by the equation

s(k) = Φ(k − 1)s(k − 1) + G(k − 1)w(k − 1) , (29)

where the vector s(k) = [x̂(k) ŷ(k) ẑ(k) ˙̂x(k) ˙̂y(k) ˙̂z(k)]> represents the target’s states estimate, w(k) =

[nx (k) ny (k) nz (k)]> represents the process noise vector, and

Φ(k) =




I3×3 O3×3

O3×3 δtI3×3



, G(k) =




1/2δt2I3×3

δtI3×3




are the state transition and noise input matrices.

B. Observation Description.
The observation models are sensor specific and have variable sizes. In the case of sensor Si is a radar, the observation

model is given in 3D spherical coordinate system {r, θ, φ} as

rmi = ri + biri + nr i
θmi = θi + nθi
φmi = φi + nφi , (30)
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where superscript m indicates the measured values of the corresponding quantities, nr i , nθi nφi are assumed to be
zero-mean, Gaussian distributed, and uncorrelated processes with variances σ2

r i , σ
2
θi , σ

2
φi , and bi is assumed to be an

unknown constant [41]. This measurements relate to the target’s coordinates in the sensor frame Fi as

ri =

√
x2
i + y2

i + z2
i

θi = tan−1
(
yi

xi

)
φi = tan−1

(
zi

rih

)
, rih =

√
x2
i + y2

i , (31)

and [xi yi zi]> = R>i
(
[x y z]> − psi

)
. To take into account the effects of unknown constants bi , i = 1, . . . ,Nr in

the case of radar sensors, the vector b̂(k) = [b̂1(k) . . . b̂Nr (k)]> representing the unknown constants estimates is
appended to the filter’s state s(k) as [s> (k) b̂

>
(k)]>. The process noise vector w(k) is augmented accordingly with a

vector [nb1 (k) . . . nbNr
(k)]> representing the driving noises for the estimates of the unknown constants, which are

assumed to be zero-mean, Gaussian distributed, and uncorrelated processes with variances σ2
b1
, . . . , σ2

bNr
. The state

and noise input matrices are augmented by diagonal blocks INr ×Nr and δtINr ×Nr , thus resetting the filter’s dimension
to n = 6 + Nr . With a slight abuse of notations we denote the filter’s augmented state and process noise vectors by
s(k) and w(k), and state and noise matrices by Φ(k) and G(k) respectively. With this augmentation the process noise
covariance matrix is defined as

Γ = diag
(
σ2

x , σ
2
y , σ

2
z , σ

2
b1
, . . . , σ2

bNr

)
.

In the case of camera sensor Si , the observation model is given in 2D image coordinate system {xp , yp } as pixel
measurements

xmpi = xpi + npxi

ympi = ypi + npyi , (32)

where superscript m indicates the measured values of the corresponding quantities, npxi , npyi are assumed to be
zero-mean, Gaussian distributed, and uncorrelated processes with variances σ2

pxi , σ
2
pyi . This pixel coordinates relate

to the target’s position in the sensor frame Fi as

xpi = −
xi
zi

f i
dpi

+
Wi

2

ypi = −
yi

zi

f i
dpi

+
Hi

2
, (33)

where f i , dpi , Wi , Hi are the camera focal length, pixel size, camera width and camera height in pixels respectively,
and [xi yi zi]> = R>i

(
[x y z]> − psi

)
.

The rest of the paper will discuss target tracking using only radar and camera sensors data. The cases of other
sensors such as LIDAR, sonar, etc. can be handled similarly. Since the sensor models (30) - (31) and (32) - (33) are
nonlinear in target’s position, we linearize them using the best available estimate at each time instance these sensor’s
data arrive to the selected by migration algorithm computing center.

C. Measurements Grouping.
Let at time instance k the data of n(k) sensors Si1 , . . . ,Sin (k ) become available to the estimator, first n f (k) of which

are fast data, and ns (k) = n(k) − n f (k) are slow data with latencies computed according to the previous section. Here
we emphasize that the number of available sensor data sets is dynamically changing by furnishing it with time argument.
Let nv

f
(k) stets of available fast data are valid, that is contain useful information about the target’s position. Without loss

of generality we assume that first nv
r (k) sets are valid radar measurements and next nv

c (k) = nv
f
(k)− nv

r (k) sets are valid

camera measurements, and compose an observation vector h f (k, x, y, z) stacking up the valid in-time measurements,
that is

h f (k, x, y, z) =
[
y>1 (k) . . . y>n f v (k ) (k)

]>
(34)

y>i =
[
rmi (k) θmi (k) φmi (k)

]
, i = 1, . . . ,nr (k), y>i =

[
xmpi (k) ympi (k)

]
, i = nr (k) + 1, . . . ,n f v (k) .
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Similarly, we compose the valid fast measurements error covariance matrix as

Rf (k) = blockdiag
(
Rm

1 . . . R
m
nfv (k)

)>
(35)

Rm
i = diag

(
σ2

ri σ
2
θi σ

2
φi

)
, i = 1, . . . ,nr (k), Rm

i = diag
(
σ2

pxi σ
2
pyi

)
, i = nr (k) + 1, . . . ,nfv(k) .

On the other hand, the valid delayed measurements are grouped based on the number of delayed time steps. Let there
be nv

s (k) valid measurements with di , i = 1, . . . ,nv
s (k) seconds delays respectively. The corresponding delay steps are

defined as kd
i = round(di/δt), i = 1, . . . ,nv

s (k). If kd
i = 0, we count the corresponding measurements for fast ones,

therefore kd
m >= kd

i >= 1 for all i, where kd
m denotes the largest delay step. Let there be ng (k) group of valid delayed

measurements with ng
i (k), i = 1, . . . ,ng (k) measurements in each group such that ng

1 (k) + · · · + ng
ng

(k) = nv
s (k) and

kd
1 < kd

2 < · · · < kd
ng (k ) <= kd

m . In each group of ng
i (k) delayed measurements there may be readings from both type

of sensors, the first nr i (k) sets of which are assume to be radar data and the next nci (k) = ng
i (k) − nr i (k) sets valid

camera data. The delayed for kd
i steps observations that arrive at time k are denoted as hs

i (k, kd
i , x, y, z) and are defined

with corresponding error covariance matrices Rs
i (k, kd

i ) similar to (34) and (35) respectively for each i = 1, . . . ,ng (k) .

D. Filter Implementation.
At time k, the prediction steps of the state estimate and error covariance matrix are implemented as usual

ŝ(k |k − 1) = Φ(k) ŝ(k − 1|k − 1)
P(k |k − 1) = Φ(k)P(k − 1|k − 1)Φ> (k) + Q(k) , (36)

where Q(k) = G(k)Γ(k)G> (k), but the correction steps depends on the available sensor data.
Let nv

r (k) fast radar measurements, nv
c (k) fast camera measurements, nr i (k) delayed radar measurements, and

nci (k) delayed camera measurements with delay steps kd
i for each i = 1, . . . ,ng (k) be available at time k.

First we process the fast measurements. The target’s predicted position at time k,

ŝp (k |k − 1) = [x̂(k |k − 1) ŷ(k |k − 1) ẑ(k |k − 1)]>

is expressed in each senor’s frame using corresponding rotation matrices as

psit = R>i
(
ŝp (k |k − 1) − psi

)
. (37)

The fast radar measurements predictions are computed using the equations

r̂ (k) =

√(
psi
t1

)2
+

(
psi
t2

)2
+

(
psi
t3

)2

θ̂(k) = arctan 2
(
psi
t2
,psi

t1

)
φ̂(k) = arctan 2


psi

t3
,

√(
psi
t1

)2
+

(
psi
t3

)2

 . (38)

Thus at time k, the i − th radar measurement prediction is

ŷri (k) =
[
(1 + b̂i (k |k − 1))r̂ (k) θ̂(k) φ̂(k)

]>
, (39)

and the corresponding Jacobean is computed as

Hr
i (k) =




(1 + b̂i ) cos(φ̂) cos(θ̂) (1 + b̂i ) cos(φ̂) sin(θ) (1 + b̂i ) sin(φ̂)

−
sin(θ̂)

r̂ cos(φ̂)
cos(θ̂)
r̂ cos(φ̂)

0

−
sin(φ̂) cos(θ̂)

r̂ −
sin(φ̂) sin(θ̂)

r̂
cos(φ̂)

r̂




Ri +




0 . . . r̂ . . . 0
0 . . . 0 . . . 0
0 . . . 0 . . . 0



, (40)

8



where time dependencies are omitted for the notation convenience. For the camera sensors without measurement delays,
the predictions are computed as follows

x̂pi (k) = −
psi
t1

psi
t3

f i
dpi

+
Wi

2

ŷpi (k) = −
psi
t2

psi
t3

f i
dpi

+
Hi

2

ŷci (k |) =
[
x̂pi (k) ŷpi (k)

]>
, (41)

and the corresponding Jacobean matrices are computed as follows

Hc
i (k) =

f i
dpi




− 1
p
si
t3

0
p
si
t1(

p
si
t3

)2

0 − 1
p
si
t3

p
si
t2(

p
si
t3

)2




Ri + O2× (3+Nr ) . (42)

Therefore the no-delay observation prediction and the corresponding Jacobean at time k are

ĥ f (k) =




ŷr1 (k)
...

ŷr
nv
r (k ) (k)
ŷc1 (k)
...

ŷc
nv
c (k ) (k)




, H f (k) =




Hr
1 (k)
...

Hr
nv
r (k ) (k)

Hc
1 (k)
...

Hc
nv
c (k ) (k)




. (43)

We notice that at each time step k, observation vector h f (k, x, y, z) and its prediction ĥ f (k) have time dependent
dimensions of l (k) = 3nv

r (k) + 2nv
c (k), and the corresponding Jacobean H f (k) has dimensions of l (k) × n.

The Kalman gain for the fast measurement processing is computed according to equation

K f (k) = P(k |k − 1)H>f (k)
[
H f (k)P(k |k − 1)H>f (k) + Rf (k)

]−1
, (44)

and has time varying dimensions of n × l (k), which corresponds to the l (k) - dimensional residue e(k) = h f (k, x, y, z)−
ĥ f (k). The concluding steps are updates of target’s state estimate and the error covariance matrix

ŝ(k |k) = ŝ(k |k − 1) + K f (k)e(k)

P(k |k) =
[
In×n − K f (k)H f (k)

]
P(k |k − 1) . (45)

Next we process the delayed measurements grouped as hs
i (k, kd

i , x, y, z), i = 1, . . . ,ng (k) corresponding to delay
steps kd

i using Larsen’s approach [21, 23]. First we compute the corresponding Jacobean matrices H s
i (ki ) and

H s
i (k), i = 1, . . . ,ng (k) at the propagated filter state ŝ(ki |ki − 1) and ŝ(k |k − 1) according to equations (40) and (42)

and stack them similar to (43). Here, we denote ki = k − kd
i . Then extrapolate the delayed measurements for kd

i steps
using already computed estimates ŝ(ki |ki − 1) and ŝ(k |k − 1) as follows

he
i (k, x, y, z) = hs

i (k, kd
i , x, y, z) − H s

i (ki ) ŝ(ki |ki − 1) + H s
i (k) ŝ(k |k − 1), i = 1, . . . ,ng (k).

The Larsen’s correction term is computed as

M∗i (k) =

kd
i∏

j=1

[
In×n − K f (ki + j)H f (k j + j)

]
Φ(ki + j) , (46)

which results in the Kalman gain

K∗i (k) = M∗i (k)P(ki |ki − 1)H s>
i (ki )

[
H s

i (ki )P(ki |ki − 1)H s>
i (ki ) + Rs

i (ki )
]−1

. (47)
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for the delayed measurement incorporation, which is in fact the Kalman gain that could be computed at time instance
ki if the measurements hs

i (k, kd
i , x, y, z) were available, pre-multiplied by M∗i (k) [23]. The state and error covariance

matrix estimates at time k are corrected based on K∗i (k) and the extrapolated delayed measurement he
i (k, x, y, z) as

ŝ(k |k) = ŝ(k |k) + K∗i (k)
[
he
i (k, x, y, z) − H s

i (k) ŝ(k |k)
]

P(k |k) = P(k |k) − K∗i (k)H s
i (k)P(ki |ki − 1)M∗>i (k) . (48)

When there are no interim measurements, that is no fast measurements arrive at the computing center from time ki to k,
then there are no interim Kalman gains, hence the Larsen’s correction term reduces to

M∗i (k) =

k∏
j=ki+1

Φ( j) , (49)

and the Larsen’s corrections (48) are applied to the open loop estimates of state ŝ(k |k) and error covariance matrix
P(k |k) , which are computed as follows

ŝ( j | j) = ŝ( j | j − 1) = Φ( j) ŝ( j − 1| j − 1)
P( j | j) = P( j | j − 1) = Φ( j)P( j − 1| j − 1)Φ> ( j) + Q( j) . (50)

for all j = ki + 1, . . . , k.

V. Simulation Results
We evaluate the approach in desktop simulations using synthetic data generated for a target UAV of a size of DJI

M600 flying along a planned trajectory for the upcoming flight test at NASA Ames Research Center’s DART facility.
Target motion was simulated in Reflection environment and recorded at 100 Hz. The flight environment, path and used
ground based infrastructure are displayed in Fig. 1.

Fig. 1 Target’s flight path, Sensor stations, Computing canters and Communication towers.

The recorded flight data are used to generate sensors readings using in-house developed radar and camera models
with selected parameters and noise characteristics. Using Google Earth, we allocate three identical ground based radars
and four identical ground based visual sensors (cameras) in the DART site, the locations, directions and field-of-views
of which are displayed in Fig 2.

For this simulation study, we assume that the cameras provide target’s information at a rate of 30 Hz in the form
of compressed frames of size 0.4 Mbts and the radars provide information at a rate of 10 Hz in the form of azimuth,
elevation and range measurements of size 20 Kbts. According to sensors allocations in Fig. 1, visual sensors V1, V3
and radars R1, R3 are wired connected to communication towers T1, T3 respectively, and V2, V4 and R2 have wireless
communication with towers T1, T3 respectively.
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(a) cameras (b) radars

Fig. 2 Target’s flight path, sensors locations, directions and fields of view

Camera parameters
Resolution Size H − FOV F − length Visible size σpx σpy

[1920, 1080] [7.68, 4.32] [−30◦, 30◦] 14.33 mm 7 pixel 0.83387 0.4690
Radar parameters

H − FOV V − FOV Range σφ σθ σr b
[−60◦, 60◦] [−40◦, 40◦] [20, 2000] 1◦ 3◦ 3.25 0.05

Communication parameters
ω c ps pt Bsys σ2 g0

200 Mbts 299.79e6 m/s 0.2 W 0.5 W 5MHz 8e − 13 5.4250e − 04
Computation parameters

λT λC1 λC2 , λC3 αT αC1 αC2 αC3

2.2e6 2.2e9 2.2e9 32 32 × 4 32 × 4 32 × 1048

Table 1 Simulation Parameters.

Two computing centers C2, C3 are laptops at sensors stations S1, S3, wired connected to communication tower T1 T3
respectively, and C1 is the NASA super-computing center, which is wired connected to communication tower T3. All
simulation parameters are are presented in Table 1.

The maximum distance of reliable wireless transmission was set to 500 m for this simulation, which results in the
relay optimization selecting tower T2 for transmitting data between the towers T1 and T3. The optimal data migration
algorithm selects the computing center C1 for the target tracking execution with the information delays presented in
Table 2 as number of time steps.

V1 V2 V3 V4 R1 R2 3

3 2 0 4 0 0 0
Table 2 Sensors data latency in time steps.

It can be observed that although the radar data are generated at slower rate, but are received by the tracking algorithm
practically without any delay. On the other hand, the camera data are generated at faster rate, but are received by the
tracking algorithm with delays, except for the third one, which has fast wired connection with the selected computing
center C1.

We start simulation at time instance k0 when the first radar measurement becomes available and set the filter position
state at this radar measurement translated to the inertial frame, velocity state to zero, the unknown constant to zero,
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(a) x-error (b) y-error (c) z-error

Fig. 3 Target tracking errors during takeoff.

which is the same for all radars, and the tracking error covariance matrix to Q(k0) with Γ = diag
(
502, 502, 502, 0.052

)
.

For comparison purposes, we ran simulations for the ideal case setting all delays to zero, with discarded delayed
measurements, and with processed delayed measurements. Table 3 represents root-mean-square values of tracking
errors in x, y, z directions and trace of the tracking error covariance matrix. Obviously, this values are smallest for
the ideal case, get larger when the delayed measurements are ignored, and approach to the ideal case when they are
processed.

Tracking case RMS(ex ) RMS(ey ) RMS(ez ) RMS(Ptr )
No delayed measurements 2.3380 3.6198 0.3731 14.9456

Slow measurements discarded 5.9840 4.9586 4.1202 88.3366
Slow measurements processed 4.0234 3.7562 0.4136 18.3418

Table 3 Root-mean-square values of the tracking errors and the trace of covariance matrix.

For better understanding of the tracking error evolution during the simulation stages, namely at the initial stage
when the target takes off, when the EKF produces larger tracking errors due to inaccurate initialization, at the cruising
stage and at the landing stage when the target descends almost vertically. The corresponding root-mean-square values
are presented in Table 4. As we expected, initial large errors are decreased as the simulation progresses and are slightly
increased at landing because of information richness loss.

Time inreval RMS(ex ) RMS(ey ) RMS(ez ) RMS(Ptr )
0 < t ≤ 10 23.2430 21.8229 2.4052 52.7483

10 < t ≤ 321 0.4975 0.2005 0.0163 15.4578
321 < t ≤ 331 0.5317 0.4193 0.0079 26.2248

Table 4 Error root-mean-square values for takeoff, cruise and landing stages.

Figures 3, 4, and 5 represent tracking errors behaviors in details. It can be observed in Figure 3 that the large
initialization errors quickly vanish for the ideal and processed delay cases. When the delayed measurements are ignored,
the racking error converges slowly in z-direction, because the target is in the FOV of only sensors V2 (ignored), R2,R3,
and the radar measurements are noisy in elevation (z- direction).

Figure 4 displays the tracking errors for the cruising flight, where the bursting at about 15 sec can be attributed to
targets turning maneuver, while large errors in z-direction for the delay discarded case result from the target going out
of FOV of V3, leaving only vertically noisy radar measurements for tracking. In other two cases visual measurements
are able to drastically decrease the tracking errors.
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(a) x-error (b) y-error (c) z-error

Fig. 4 Target tracking errors during cruising.

(a) x-error (b) y-error (c) z-error

Fig. 5 Target tracking errors during landing

Tracking of the target landing is displayed in Figure 5. The large errors observed in x and y direction can be
attributed to lack of the useful information in the sensors readings in x and y direction.

VI. Conclusion
We have presented an Extended Kalman Filter based framework for airborne target tracking using adaptive

information fusion from multi-modal multi-rate distributed sensors network. To take into account the effects of
information transmission delays, we first determine the best location for the tracking algorithm execution using an
optimal data migration strategy. The associated delays for each sensor are used to determine the order of data fusion
at the selected computing center. The fast (zero-delay) sensors information is processed by dynamically resizing the
observation vector based on the validity and dimensions of received measurements, which respectively resizes the
Jacobean and Kalman gain matrices in the implementation of EKF. The resulting filter state is updated based on the
valid slow (delayed) data, which are grouped according to the delay-time steps before application of the Larsen’s
method. This approach is applied to synthetic sensor data generated by means of the ground based radar and camera
models for the simulated target flight in Reflection simulation environment.

Future research will include mobile sensors, antennas and computing centers, which will bring more complexity in
the network design from the perspective of optimal navigation and control of mobile assets to improve the tracking
accuracy.
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