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Abstract—Global Navigation Satellite System (GNSS) signal
can be blocked when flight vehicles operate in challenging
environments such as indoor or adversarial environments. While
multi-UAVs are teamed during flight, cooperative localization
becomes available to tackle this challenge. Multidimensional
Scaling (MDS) method has been well studied for cooperative
localization of Wireless Sensor Network (WSN) based on radio
frequency (RF) measurement. When noise RF measurement
model is lacking, conventional weighted MDS method repre-
sents confidence with the measurements by assigning weights
relying on distance information between each pair of nodes.
In order to process non-distance RF measurements, we present
an improved weighted MDS method which applies a novel
weighting scheme. In this article, the proposed method conducts
velocity estimation for multi-UAV system based on odometry
and Frequency Difference of Arrival (FDOA) measurements.
Furthermore, an extended Kalman Filter (EKF) algorithm is
applied to refine the initial estimation of the MDS method
and derive position estimation. Finally, numerical experiments
demonstrate the robustness and accuracy of the adaptive MDS-
EKF refinement framework for multi-UAV system localization in
an unknown dynamic environment lacking measurement noise
information.

Index Terms—Cooperative Localization, Wireless Signal,
FDOA, Multidimensional Scaling, EKF, Adaptive, GNSS-denied

I. INTRODUCTION

The multi-unmanned aerial vehicle (UAV) system has be-
come very attractive in recent years in terms of its promising
military and civil application potentials [1]–[3]. This includes
routing data packets in V2V applications [4], as well as pro-
viding dynamic coverage in Self-Organising-Networks (SONs)
[5]. Part of the challenge is swarm UAV coordination which
typically needs Global Navigation Satellite System (GNSS).
However, considering that UAVs often operates in the chal-
lenging environments, where the GNSS becomes unavailable
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because of poor signal or interference, a reliable localization
system is critical for the multi-UAV system to execute tasks
successfully in the GNSS-denied environment [6]. The radio-
frequency (RF) based cooperative localization solutions have
attracted a growing research attention due to the advantages
of low cost, low latency, low power consumption and high
precision [7].

Multidimensional scaling (MDS) is a typical cooperative
localization method for wireless sensor network (WSN) lo-
calization [8]. MDS is a dimensionality reduction method
which maps high-dimensional distance matrix of a set of nodes
(dimension equals to the number of nodes) to low-dimensional
points in 2-D or 3-D space [9]. Considering cooperative lo-
calization as non-convex optimization problem, iterative MDS
method handles dimensionality reduction through solving the
STRESS function as introduced in Section II-B [10]. The
current literature studies the application of MDS-based lo-
calization method for mobile WSN [11]–[13]. Furthermore,
successive refinement frameworks have been proposed which
combine MDS with the methods, e.g., Gradient-based ap-
proach and Kalman Filter in [14]–[17] in order to achieve
improved estimation precision. When there exists noise in
the RF measurement environment, the measurement error will
degrade the localization performance. Therefore, weighting
scheme has been proposed in [18] which represents confidence
with each measurement. When the measurement noise model
is available, weight for each measurement can be calculated
based on the model [18], [19]. However, adaptive weighting
scheme is required when the model becomes unavailable in the
noise unknown environment [18]. By far, there are only a few
literature which have proposed adaptive weighting schemes
with certain application limitations.

A. Open Challenges

In [10], [13], [20], the weighting scheme is simplified by
setting a unit value to each measurement when the noise
measurement model is not available. This causes robust-
ness issue for localization when the measurement error is
significant. In [14], instead of defining adaptive weighting
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scheme, the distance is estimated based on the mean of
noise measurements in history of stationary WSN. In [18],
the locally weighted regression (LOESS) method is adopted
for the adaptive weighting scheme. Believing that the RF
measurement is more accurate when the two nodes have the
shorter distance, the LOESS method is used to assign the
greater weight to short distance measurement. Nevertheless,
this method is not available when the RF measurement is non-
distance information, such as velocity or angle. There exists
the research gap on developing a weighted MDS method which
is universally adaptive to both distance and non-distance RF
measurements for mobile WSN.

B. Contribution

Our contribution is to present a novel adaptive weighting
scheme which estimates confidence of each measurement
without relying on distance. By applying the scheme,
the improved weighted MDS method conducts velocity
estimation for multi-UAV system based on odometry and
FDOA measurements. Subsequently, an adaptive MDS-EKF
refinement framework is constructed to further improve the
localization estimation accuracy.

II. ADAPTIVE MDS-EKF REFINEMENT FRAMEWORK

A. Problem Statement

Consider a multi-UAV system constituted with n UAVs in
the 3D environment where GNSS signal is blocked, which
is denoted as Λ =

{
χ1 · · · χn

}
. χi represents the UAV

i. χ(k)
i describes as the node which represents the UAV i at

the MDS estimation-step k. Arrange all the UAV nodes at the
estimation-step k in Λ(k) =

{
χ
(k)
1 · · · χ

(k)
n

}
. Assume the

prior knowledge of the initial position and velocity of each
UAV is available. The objective is to estimate position of the
multi-UAV system Λ.

Each UAV is equipped with the same type of sensors,
including: accelerometer, altimeter, magnetometer and FDOA
measurement sensor. Each of the sensor is assumed to have
the measurement noise with Gaussian distribution which is
considered as prior knowledge except the FODA measurement.
The velocity change of UAV i between the MDS estimation-
step k − 1 and k acquired by the accelerometer is denoted as
δ
(k)
ii . Arrange the velocity change of all the UAVs in the matrix
∆(k) ∈ Rn×n, where [∆(k)]ii = δ

(k)
ii , and [∆(k)]ij,i ̸=j = 0.

The relative velocity between UAV i and UAV j measured
by FDOA measurement sensor at the MDS estimation step
k is denoted as µ

(k)
ij . Arrange the pairwise relative velocity

in the matrix M(k) ∈ Rn×n, where [M(k)]ii = 0, and
[M(k)]ij,i ̸=j = µ

(k)
ij . The altitude measured by the altimeter

is denoted as h
(k)
i . The heading angle based on magnetometer

measurement is denoted as θ
(k)
i .

The amount of the UAVs n must be greater than 4 so that
there are at least three pairwise relative velocity measurements
available for each UAV for the purpose of MDS estimation.

B. Range-Odometry MDS

In this paper, the Range-Odometry based MDS method
proposed by [20] has been selected to apply our proposed
adaptive weighting scheme. The method is summarized in this
section. Although the author wasn’t able to explain which
MDS variant has been applied in his presented method, the
dwMDS method [18] is adopted as backbone method in our
research.

A critical challenge for MDS-based localization of mobile
WSN is the ambiguity issue of arbitrary rotation and trans-
lation of the local maps generated at each estimation step.
The Rang-Odometry based MDS introduces the odometry
measurement into the proximity matrix and augment the
node set by including the nodes at both the current and last
estimation-step in the mobile scenario. During each estimation,
the state of the nodes at the two sequential steps are estimated.
So that the augmented node sets between the current and
last estimation step have n overlap nodes which can be used
to align the local maps generated at each estimation step to
realize propagation estimation for mobile WSN.

In this paper, the Range-Odometry based MDS method is
applied to estimate velocity state of the UAV set based on
the FDOA measurement and accelerometer measurement as
shown in the green block in Fig 1. The augmented node
set at the MDS estimation-step k is denoted as Λ

(k)
={

Λ(k−1), Λ(k)
}

. The corresponding proximity matrix of the
node set is constructed as below:

U(k) =

[
M(k−1) ∆(k)

∆(k) M(k)

]
, (1)

The velocity state of the node set Λ
(k)

is estimated by
minimizing the following global cost function which is also
known as STRESS function:

S(V(k)
) =

∑
1≤i≤2n

∑
1≤j≤2n

j ̸=i

ω
(k)
ij (u

(k)
ij − v

(k)
ij (V(k)

))2, (2)

where u
(k)
ij is the measurement and u

(k)
ij = µ

(k)
ij when i ̸= j,

and u
(k)
ij = δ

(k)
ij when i = j. v(k)ij is the velocity proximity

estimation between the two nodes at the augmented node set
which is a function of V(k)

. V(k)
is the velocity estimation

of the node set Λ
(k)

. ω(k)
ij is a weight factor for measurement

u
(k)
ij which is adaptive based on the estimation residual at the

last estimation-step k−1. The detailed definition can be found
in the following section.

C. Adaptive Weighting Scheme

As aforementioned, the weight factor ω
(k)
ij in the cost

function (2) represents the accuracy of the measurement u(k)
ij .

Arrange all the weight factor ω(k)
ij in the weight matrix Ω(k),

where:

Ω(k) =

[
Ω

(k−1)
M Ω

(k)
∆

Ω
(k)
∆ Ω

(k)
M

]
, (3)



Fig. 1. system architecture of adaptive MDS-EKF refinement framework.

where the Ω
(k−1)
M , Ω(k)

∆ and Ω
(k)
M are the weight metrics for

M(k−1), ∆(k) and M(k) respectively. In the noise unknown
environment, the weight factor of each measurement is ini-
tialized as unit value and updated at the end of each MDS
estimation-step. Inspired by the noise variance update function
applied in the Sage-Husa Adaptive Kalman Filter [21], the
update equation is defined as:

ω
(k+1)
ij = (1− dk) · ω(k)

ij + dk · (e(k)ij )s, (4)

where dk is a coefficient defined as:

dk =
1− b

1− bk+1
, (5)

where b is the forgetting factor which is set as 0.9 in this
paper. s is the amplification factor which is set as 6 in this
paper. eij is the normalized residual between the measurement
of relative velocity or velocity change and its corresponding
estimation value and is defined as:

eij =

∣∣∣∣∣vij − uij

uij

∣∣∣∣∣ (6)

However, we admit that the (6) has a singularity issue when the
two UAVs are static to each which causes the uij to become
nearly zero.

D. Local Map Registration

In order to resolve the ambiguity issue of the local map
up to an arbitrary rotation and translation generated at each
estimation step, at least three stationary UAVs are required in
the UAV set Λ to achieve precise coordinate system registra-
tion according to the reference [20]. In this paper, we are not
limited by this precondition through avoiding state estimation
of the nodes Λ(k−1) at the MDS estimation-step k. There are
n overlap nodes Λ(k−1) between the two sequential node set
Λ

(k−1)
and Λ

(k)
which have the same coordinate value in

their respective local maps. When n > 3, the transformation
matrix between the two maps is identity matrix. Therefore,

we consider the local map generated at each estimation-step
is automatically aligned with the fixed coordinate system.

E. Extended Kalman Filter

At the second stage, an EKF-based estimator is applied to
refine the initial velocity estimation of UAV i and generate the
position estimation which is the yellow block as shown in Fig

1. Set X(k)
i =

[
x
(k)
i y

(k)
i z

(k)
i v

(k)
x,i v

(k)
y,i v

(k)
z,i

]T
as the

estimation state of UAV i at the estimation-step k. The input

to EKF is denoted as: v̂(k)i =
[
v̂
(k)
x,i v̂

(k)
y,i v̂

(k)
z,i

]T
which is

the initial velocity estimation generated by MDS at stage one.
At the EKF update step, the propagation model of state

estimation is:

X̂i
(k)

= FX(k−1)
i + Gu(k)

i (7)

The error covariance prediction is:

P−
k = FPk−1FT + Q, (8)

where Q is the propagation error covariance.
At the EKF measurement update step, the measurements

from magnetometer and altimeter of UAV i are introduced.
Due to the fact of different update frequency of the measure-
ments, we define the measurement vector depending on the
data availability as:

z(k)i =


[
θ
(k)
i h

(k)
i

]T
, if both available

θ
(k)
i , if only heading angle

(9)
where θ

(k)
i and h

(k)
i are measured heading angle and altitude

of UAV i. The measurement function is:

z(k)i = h(X(k)
i ) + wk, wk ∼ N(0,R), (10)

where:

h(X(k)
i ) =


[
arctan(

v
(k)
x,i

v
(k)
y,i

) z
(k)
i

]
, if z

(k)
i =

[
θ
(k)
i

h
(k)
i

]
arctan(

v
(k)
x,i

v
(k)
y,i

), if z
(k)
i = θ

(k)
i

(11)
wk ∼ N(0,R) is the measurement noise. Kalman gain is
generated by the equation:

Kk = P−
k HT

k (HkP−
k HT

k + Rk)
(−1), (12)

where:
Hk =

∂h

∂X

∣∣∣∣
X̂i

(k)
(13)

State estimation is updated via:

X(k)
i = X̂i

(k)
+ Kk(zk − HkX̂

(k)

i ) (14)

The error covariance is updated via:

Pk = (I − KkHk)P−
k (15)



Fig. 2. velocity estimation RMSE of reference MDS and adaptive MDS
applying on a 4-UAV team.

Fig. 3. velocity estimation RMSE of adaptive MDS applying on a 4-UAV
team.

III. SIMULATION AND RESULTS

To verify and validate the proposed methodology, numerical
experiments are implemented in the MATLAB 2021a with
50 Monte Carlo simulations. The UAV in the simulation is
assumed as multi-copter aerial vehicle and the speed range of
each UAV is [0, 35]m/s. The FDOA-based sensor measure-
ment has the update frequency of 10Hz, and its measurement
noise is Gaussian distribution ωFDOA ∼ N(0, σ2

FDOA). The
σFDOA is proportional to the ground truth of relative velocity
and the unit is m/s. The ratio between σFDOA with the
ground truth of relative velocity is denoted as β, representing
the measurement noise level of the FDOA-based sensor.

In the first experiment, both the reference Range-Odometry
MDS method and the proposed adaptive MDS method are
applied to a 4-UAV team. The weight matrix of the reference
method is well-tuned when β = 1% and the weight matrix of
the adaptive MDS method is pre-set as unit matrix. The result
as shown in the Fig. 2, demonstrates significant improvement
of robustness of the proposed method comparing with the
original reference. However, when examine the estimation
RMSE along the flight trajectory of the UAV team as shown
in the Fig 3, it is noted that the increase of the FDOA
measurement noise causes significant estimation error for
adaptive MDS in the initial time-steps. This is because the
increase of the FDOA measurement noise leads to the greater
accuracy difference between the sub-matrix M (k) and the

Fig. 4. position estimation RMSE of adaptive MDS, EKF and adaptive
MDS-EKF applying on a 4-UAV team.

Fig. 5. velocity estimation RMSE of adaptive MDS with UAV team of
different size under different measurement noise.

Fig. 6. position estimation RMSE of adaptive MDS-EKF with UAV team
of different size under different measurement noise.

∆(k) and the initialized weight matrix is less accurate to reflect
the increased difference. Therefore, the proposed method is
sensitive with the weight matrix initialization at the initial
estimation steps.

In the second experiment, our proposed adaptive MDS
method and the adaptive MDS-EKF refinement framework
are applied to a 4-UAV swarm along with the benchmark
EKF method as shown in Fig 4. The proposed refinement
framework effectively improves the estimation precision on
the basis of the adaptive MDS method and outperforms the
benchmark EKF method when β < 23%, although its estima-
tion error increases faster than EKF when the measurement



noise becomes greater.
In the third experiment, as shown in Fig. 5 and Fig. 6, the

estimation RMSE of adaptive MDS method and the refinement
framework are decreased with 21.6% and 23.4% respectively
while applying to the UAV team with team size increasing
from 4 to 16. This is because the increased UAV team
size generates more measurement data to the MDS which is
beneficial to increase its estimation accuracy [9, Chapter 3].

IV. CONCLUSION & FUTURE WORK

Swarm UAV and drone control is important for collaborative
applications such as future smart cities and provide flexible
capacity in adaptive SONs [2], [3]. In this paper, the pro-
posed adaptive weighting scheme has been proved to increase
the robustness of both the weighted MDS method and the
MDS-EKF refinement framework when applying in the noise
unknown environment based on the numerical experiment
results. Although the localization method in this article is
based on FDOA velocity measurement for mobile WSN, we
believe that the weighting scheme can also be applied to MDS
method for stationary WSN localization based on distance
or other non-distance RF measurements. As the next-step
work, this will be further studied and validated, especially for
physics informed trajectory estimation [22], and overlapping
data channels [23]. Furthermore, the method in this article only
relies on velocity measurement although FDOA can typically
derive both velocity and distance information. In the future,
we will study to further improve the refinement framework
by using the unused distance measurements. Besides, we
admit that each MDS estimation step are assumed to be well
synchronized within each time-step in the simulation which is
not always true in reality. The computational complexity and
communication complexity because of the iterative SMACOF
algorithm in the MDS method is not considered. Its impact on
the localization performance in the real application should be
further investigated and tested in the field experiment.
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