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ABSTRACT- This paper presents a powerful hybrid localization model of drones to be used in GPS-denied areas
through the combination of Long Short-Term Memory (LSTM) networks with an Extended Kalman Filter (EKF). The system
network is based on a Wireless Sensor Network (WSN) in which sensors are arranged in equilateral triangle triples to enable the
combination of the Angle-of-Arrival (AoA) and Time-Difference-of-Arrival (TDoA) measurements. The traditional EKF only
model may not be good with complex residual dynamics as well as motion uncertainties but the LSTM component is specifically

used to model these nonlinearities which gives much better state estimation compared to what conventional kinematic models can
offer.

The work presents a strict theoretical framework of triangular anchor geometry using Dilution of Precision (DOP) analysis and
applying the nearest triple geometry to approximate localization using triangulation techniques when a drone goes into sensor
field. Wide Monte Carlo simulation and statistical analysis with confidence intervals prove that the framework is very precise, that
is, it can attain a distance error of less than 0.48 meters. Moreover, the suggested approach has shown a 42 percent reduction in
Root Mean Square Error (RMSE) as compared to conventional EKF benchmarks. The contribution of each component is verified
in detailed ablation studies, which prove that the system has the real-time computational performance required to deploy a drone
In practice.

Keywords: Drone localization, UAV localization, WSN for drone localization, LSTM, AoA, DToA for drone localization,
drone localization estimation, Kalman filter.

ARTICLE INFORMATION wireless connectivity between remote users without a direct
Author (s): Yaseen Naser Jurn, Ekhlas Khalaf Gbashi, Abeer Tariq communication link, it can also be utilized as a relay. This is
Maolood, and Sarah J. Mohammed; can be considered as another type of risk of the UAVs on the
Received: 24/08/25; Accepted: 03/05/26; Published: 25/06/26; important regions. Therefore, it is very dangerous at attack on

E- ISSN: 2347-470X;

Paper I1d: IJEER 2408A16;
Citation: 10.37391/ijeer.140219 e
Webpage-link: Hi LINKING BACKBONE
https:/ijeer.forexjournal.co.in/archive/volume-14/ijeer-140219.html In this paper, the primary goal is to use expert approaches to
detect the drone localization at high accuracy. Each detecting
unit in the suggested design is composed of three co-planar
sensors that create an equilateral triangle, enabling accurate
(AoA) and (TDoA) readings. The system uses deep learning to
s fuse input from many triplets to make the localization decision
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the important regions. Hence, the early detection and
localizing the UAV to prevent the potential risks.
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Over the past ten years, unmanned aerial vehicles (UAVs)
sometimes referred to as drones, have been increasingly

popular in a variety of fields, including logistics, agriculture, 2. LITERATURE REVIEW

cinematography, and surveillance systems. Furthermore, ) ;

because of their combat capabilities—such as their small size, ~ Numerous studies have.suggested various methods for the two
low altitude, and ability to fly at predefined coordinates— phases.of UAV detection ar.ld. locallzatlgn based on various
UAVs are employed to threaten several key areas. These strategies in an effort to mitigate the risks associated with
features make it difficult to detect and track UAVs in real time U_AVS- I'n (4], an Extended Kalman Filter (EKF) based on
[1]. Another significant use for drones is to provide wireless T"_“e Difference of Arrival (TDOA) measurements frorp a
coverage [2-3]. Drones can be utilized in this deployment to ereiless' Sensor Network (WSN) was used to offer a real-tlme
support the current communication infrastructure by smoothly ~ localization —approach for (UAVs). Instead of using
supplying wireless coverage in the service area. By enabling synchronized clocks, the system uses symmetric double-sided
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two-way ranging (SDS-TWR) technology to measure the
distances between the UAV and four base stations. In order to
address security and safety concerns in sensitive areas, the
work in [5] suggested two vision-based techniques for UAV
localization employing dispersed ground sensors. The first
technique, 2D-TPL, used elevation angles to determine
altitude after estimating the UAV's horizontal projection using
azimuth angles from several sensors. The second technique,
3D-TPL, was minimized distances to lines that are defined by
angles measured by the sensor in order to directly estimate the
UAV's 3D position. The work presented in [6], examines the
relationship between antenna orientation and drone time-
difference-of-arrival (TDOA) localization accuracy. Suggests
a simplified model for antenna gain in air-to-ground (A2G)
communications that takes into account antenna orientations
that are vertical-horizontal (VH), horizontal-horizontal (HH),
and vertical-vertical (VV). For each setup, closed-form
formulas for the noise variance of TDOA measurements are
obtained.

In [7] proposed another method for drone localization, this
work introduces a 3D drone localization system based on
Angle-of-Arrival (AoA) that uses a MUSIC-EKF fusion
algorithm and a 4x4 antenna array. A 4x4 rectangle antenna
array on the ground receives signals that are transmitted by a
drone using a single antenna. The MUSIC technique provides
preliminary 3D position estimates by estimating azimuth and
elevation angles from the received signals. The drone's
nonlinear motion is tracked by the Extended Kalman Filter
(EKF), which improves accuracy and lowers noise. While, in
[7], two new techniques for 3D source localization utilizing
Angle of Arrival (AOA) measurements from several UAVs
are presented in [8]. Simultaneously estimates the angle
measurement noise and the source position. Also, determines
the center of an inscribed sphere for planes that are
constructed using azimuth and elevation angles. This method
had been optimized using iterative fixed-point technique,
attaining performance that is near the Cramer-Rao Lower
Bound (CRLB). The suggested techniques are feasible for
UAV-based localization without prior knowledge of noise
variance because they achieve a compromise between
accuracy and computational economy.

Angle of Arrival (AoA) readings from base stations (BS) using
4x4 antenna arrays are used in [9] to study GPS-free drone
localization. In their work, phase noise (PN) and carrier
frequency offset (CFO) both reduce the accuracy of the
covariance matrix. However, the AOA estimation errors
increased as a result of these techniques. Additionally, AOA is
marginally impacted by the BS Antenna Down-tilt, albeit less
so than CFO/PN. Least Squares (LS) was utilized for 3D
positioning, while the MUSIC algorithm was utilized for AOA
estimation. Drone trajectory is tracked via the extended
Kalman Filter (EKF), which analyzes mistakes under
impairments. The presented work in [10] was utilized the
uniform circular antenna array (UCA) for estimate the AoA of
drone. In their work, a five-element (UCA) and the MUSIC
algorithm were used to experimentally evaluate an SDR-based
UAV localization system. In both close-quarters (3-meter) and
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long-range (up to 2.5-kilometer) outdoor settings, the system
reliably calculates the AoA of drone signals. The results,
which were verified against GPS data and a professional
direction-finding solution (Narda ADFA), demonstrate high
precision with an average error of 3.27° in close-range testing
and 18.65° in long-range scenarios. While pointing up issues
including interference and fluctuations in the signal-to-noise
ratio, the study also emphasizes the system's potential to
combat illegal drone activity. Reducing system size and
enhancing real-time operation are the goals of future study.

Using MIMO radars with electromagnetic vector sensors
(EVS) [11-13] for 2D and 3D UAYV localization is another
cutting-edge method. While [12] simulates a bi-static
arrangement, [13] suggests implementing a mono-static EVS
MIMO radar. An EVS in each instance is a fully polarized
sensor system consisting of three magnetic loops and three
electric dipoles that are collocated. A bi-static design is more
dependable, according to the results of the numerical
simulation. Furthermore, the geometry of the TX/RX array has
no bearing on these methods.

Numerous efforts are made to create increasingly intricate
mathematical models that more accurately represent the
system's environment and behavior. Additionally, new
techniques to enhance AoA performance are proposed,
including signal sparse recovery (SSR), L1—singular value
decomposition (SVD), nuclear norm optimization and sparse
Bayesian learning (SBL), and optimal weighted subspace
fitting (WSF) [14]. An assisted vehicle localization method
based on SBL-based robust direction of arrival (DoA) estimate
and three collaborative base stations with MIMO arrays is
proposed by the authors in [15], who represent a difficult
practical environment that includes non-uniform noise and off-
grid errors. Numerous simulations demonstrate that the
suggested approach yields better localization outcomes.

On the other hand, convolutional neural networks (CNNs) are
especially good at learning and adapting to data for tasks like
semantic segmentation, image recognition, and object
detection. When CNN used properly for the DoA purpose, it is
fair to assume that CNNs can likewise perform exceptionally
well in AoA estimation.

Research projects illustrated by [16] and [17] highlight the
robustness, noise-resistance, and applicability of convolutional
recurrent neural networks (CRNNS) in the fields of broadband
DoA estimation and source counting. The study by researchers
[18] explores the fields of DoA estimation and high-resolution
channel estimation in large MIMO systems, providing insights
into the uses of DL for improved system performance. The
work in [19] advances the science by tackling the difficulties
brought on by array defects, concentrating on creating a deep
neural network (DNN)-based DoA estimation technique that is
inherently resilient to antenna array flaws. The work in [20]
presents a DCNN that shows how DL can be used to leverage
sparse knowledge for precise estimations. Furthermore,
thorough analysis by [21] provides a general overview of the
developing topic by surveying the wider terrain of applying
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DNNs to electromagnetics and antennas. Finally, [22]
addresses a significant issue in practical applications by
presenting an ML approach to DoA estimation in noisy
situations. The reduction of computational overhead and
processing time for DoA estimate has also been the subject of
numerous initiatives [23-26].

3, OBJECTIVE AND CONTRIBUTION

One of the biggest research challenges nowadays is figuring
out the geometrical position of drone in order to prevent the
major risks that come with their presence in the atmosphere.
Therefore, the objective of this research is to design the WSN-
based drone localization system for airspace security. In this
work, a new hybrid approach has been investigated to localize
the drone based on the unique distribution of the wireless
sensor network into the protected region.

Most of the existing methods rely on EKF using AoA/TDoA
measurements [27 -28] or deep learning-based trajectory
prediction [29-30]. Nevertheless, the methods have some
shortcomings: EKF presupposes linearizable models and
Gaussian noise, whereas the pure approaches of learning do not
provide a rigorous quantification of uncertainty. Besides these
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researches have been present lack theoretical basis of anchor
location and have the disadvantage of being computationally
complex. The contributions of this work can be listed as
follows:

Optimized geometry shape of the triangle bearing the lowest
localization error.

Learning LSTM residual; dynamics learning LSTM to learns
the unmolded dynamics (gusts of wind, acrodynamic drag).

“ 4, MATERIALS AND METHODS

This paper proposes a clever and economical method for drone
localization that combines deep learning (DL) and wireless
sensor networks (WSN), as well as AoA and TDoA techniques.
The proposed scheme consists of three co-planar sensors that
form an equilateral triangle make up each detecting unit,
allowing for reliable TDoA and AoA measurements. To achieve
(< 1m) localization accuracy, the system employs deep learning
to fuse data from numerous triplets to make the localization
decision with high accuracy. The workflow of this research is
illustrated in figure 1.

UAV-Transmitter

Sensor-1

RF-signal RF-sig RF-signal
Sensor-2 Sensor-3

l O\ l

AoA AoA

61,94 82,0,

TDoA AoA
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|
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1
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Figure 1. An overview the workflow of this work

426

Website: www.ijeer.forexjournal.co.in Drone Localization Estimation Using Wireless Sensor



http://www.ijeer.forexjournal.co.in/

FO REX International Journal of

Publication Electrical and Electronics Research (IJEER)
Open Access | Rapid and quality publishing Research Article | Volume 14, Issue 2 | Pages 424-435 | e-ISSN: 2347-470X

4.1. System Model

In this section, the system model of the proposed work is explained for the purpose of problem formulation. The configuration of the
detection unit will be described in this section. Each detection unit is composed of three sensors that create an equilateral triangle,
where the positions of these sensors are known as follow

X1 X2 X3
Si=|X1],5, = |Y2,53 = [3’3l

While, the drone state will be assumed as follow

— . . . T
Xk = [Xks Yior Zie» Xie» Vie» Zk ]

On the bases of analysis the X, vector, the 3D position of drone can be defined by the vector  py, = [xy, ¥i, z,]7 and the velocity
vector of the drone is defined by the vector v, = [x}, Vi, Z,]”. Then, for the state-space model, the explicitly to define the state
vector as follow:

X = [px Py; Dz Vx, Vy, UZ]T

4.2. Mathematical Model

In this work, the low-cost WSN sensors (RF-receivers) are deployed to determine the location of the drone into the near field
(interested region). Hence, the main target is to locate a drone in the region of (WSF) where sensor triplets are dispersed and that the
drone is above the WSF. Figure 2 depicts the schematic of localization system using WSN (WSF layout). In this paper, important
types of measurement computation models will be achieved and investigated, such as; sensor measurement model, deep-learning
trajectory projection (LSTM) and extended Kalman filter (EKF).

4.2.1. Sensor Measurement Model

In order to determine the drone's elevation and azimuth angles, this model uses a mathematical computing model to estimate the
AoA and TDoA of the RF signal that the drone sends. Hence, measured the (6 and @) for the drone from each sensor and the time
differences for pairs (s/-s2, s1-s3, s2-53).

4.2.1.1. AoA Measurement
For individual sensor node s; the elevation and azimuth measurement model can be described based on computing the linear
distance between sensor node and drone with assuming the drone is located at the position py = (xx, y, zk).

ok = tan (—Z,':: z) + ng (1)
oF = tan™? (?) + ng ()
pi = \/(xk — %)%+ (i — ¥)? 3)

The variable ng has a normal distribution. Also, the same effect of ng .

ng,ng ~N(0, 0fo4) “4)
6;

Then, Zponi = [@] + Vaoa (5)
l

Where V4 is composed of ng, ng.
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Figure 2. Sensor node-aided UAV localization

4.2.1.2. Time Difference of Arrival (TDoA) Measurement
TDoA wuses temporal delays in signal receipt among
synchronized sensors to determine a drone's position. TDoA

reduces system complexity by doing away with the
requirement  for  exact  transmitter-receiver  clock
synchronization. Here is a technical synopsis:
For two sensors i and j
1

lej = (||PD = pill = llpp — Pj”) + n; (6)

or vdy = (llpo = pill = llpo = pyl) (M
n; ~N(0,07po4) ()

Where, ¢ is speed of light, Tf‘j is measure time differences,
Vd;; is the difference in distance between the two sensors and
the drone's location, pj, is the position of the drone, p; is the
position of sensor i, p; is the position of sensor j, and n; is
Gaussian noise from multipath/clock jitter.

vd

ij (||PD = pill = llpp — Pj”)

Vdy = (llpp = pill = llpp = il

The main advantages of TDoA over other approaches are that
it requires no drone clock sync, uses 3-sensor nodes for 3D
drone localization, has very high accuracy under LOS
conditions, and requires a narrow-bandwidth signal for

localization. The UAV localization based on TDoA and AoA
techniques based on combined deep learning (DL) and
Wireless Sensor Networks (WSN) as illustrated in figure 3.

Drone Localization System
TDoA + AoA + LSTM

(xy1) (xs.y9)

Figure 3. UAV localization system based on AoA, TDoA and LSTM
techniques

4.2.2. LSTM Trajectory Prediction in Deep Learning

The LSTM cell uses the particular equations to update its state
at each time-step (7). Where the input vector is X;, €

R% with dimenssion d,,

o R | )

The output predicted state and adaptive covariance is
explained below

X1 = [R—1, Ri—2s -
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X 1e—
lek 1] = QrsrmXy—1; W) (10)
LSTM

Then, the covariance structure (matrix) can be found as follow

Qp 0O3x3 ] (i

QLSTM_ 03)(3 Qv

The Q, = diag(c?, 07,07 ) represent the position parameters,

and Q, = diag(c}, 0,07 ) represent the velocity parameters.

Then, the hybrid loss function can be estimated by equation

(12)

. 2
LW) = Xk ||xlt<rue - xk|k—1|| + AQusrm — Cov(ellE  (12)

Inputt-N:t-1 3 LSTM Layer 1 —»  LSTMLayer2
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Where, the 4 is weighting factor = 0.1, e, = (xf™° — Ryj—1)-
For accuracy validation of the proposed approach comparing
with the other method the validation metrics such as; 3-D
position error and RMSE are used as illustrated below:

true

ex = |lp ™ — Deell

RMSE = |-%%_, e?

The LSTM networks are used to forecast an UAV's future
course (path) by using a series of its past locations. The input
data stream to this network is a list of historical locations of
the drone (such as latitude, longitude, or X-Y coordinates)
throughout time. The LSTM network's construction involves
processing the sequence, identifying motion patterns, and
extracting the drone's temporal properties. The LSTM stacked
structure is illustrated in figure 4.

XV, 2, %Y, %

— State prediction head |

L Covariance prediction

head @, Qv

Figure 4. LSTM stacked structure

4.2.3. Extended Kalman Filter Model

The Extended Kalman Filter (EKF) serves as the foundation
for drone localization, allowing for the reliable, real-time
combination of learning-based predictions (LSTM) and
physics-based models (AoA/TDoA). Its accuracy in
complicated situations has been pushed to sub-meter levels by
recent developments in deep learning integration, adaptive
noise adjustment, and 5G-enhanced measurements. It
continues to be the best compromise between accuracy and
processing pressure for drones with limited resources. In this
work, The EKF will be used to combine learning-based
predictions with noisy sensor data (AoA/TDoA) for drone
localization. In this phase of processing, the EKF math model
can be described as follow:

For prediction step:
fklk—l = @rsrm (Xk-1) (13)
Pklk—l = FPk—1|k—1FT + Qustm (14)

When the drone is approximating a constant velocity, the state
transition Jacobian F is:

F =

I At13] (15)

0; Iz

#i5. OPTIMIZATION OF
MATHEMATICAL MODEL AND
COMPUTATIONS

5.1. Update Framework of Triangular Geometry
In this section, the updated measurement will be illustrated
and investigated for localization estimation based on using
dilution of precision (DOP) analysis.

The state vector Xis X = [xyzxyz]T
The combined measured vector for pairs (1,2), (1,3) and (2,3)
is Zy

7 = [0; O1 0, D 03 O3 Ady; Adys Adz3]T

The Jacobian matrix for both AoA and TDoA will be
computed in simplified mathematical model.

HAoA,l

HAOA,Z

Where, HK = HAOA,3
HAOA,lZ
HAoA,13

Then, for station (i) the Jacobian of the AoA is described
below
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“Ayi —Axg
210000
H _ xy,i xy,i
A0AL —AxjAz; —AyiAz; Txy,i 000
3 3 3
Tayili  Tayili 1§

Where Ax; = X — X; Ty = /Ax2 + Ay? 1 = |lpe — sill

Hence, the Jacobian for TDoA for pair (i, j) will be computed
by this formula

—2 000
T T} T; T} T 7}

Then, the Jacobian matrix for both AoA and TDoA will be in
formula below
HAoA,l
Hpoa,2
Hg =| Haoas
Hrpoaaz

HTDOA,13

Hence, for the EKF updated equations will be described as
follows:
Ve =2 — h(£k|k—1)
Skdop = HkPk|k—1Hl’€ + R
ky = Pk|k—1 leslc_l

R il
Pk|k =U- kka)Pk|k—1

Where R = diag(Raoa 0fpoal2), Pek—1 is the predicted
situation variation.

5.2. Geometry Constraints of Triangulation
In this subsection, the AoA triangulation will be computed for

initialization process
3

1 o
p;(co) =3 Z(Si + diu;)

1

cos®; sinb;
Where u; = |cos®; sin6;|,d,; is obtaind from TDoA
cos®; sinb;

Therefore, the ambiguity resolution of the TDoA will be
estimated in the formula below

ming, Y et 50 [2]
i=1

Adaptive Covariance Mechanism for the covariance
mechanism adaptation, the online covariance adjustment can
be illustrated it to the specific equation.

2

+ AZ(A&U — Ady)?
@@

Qustm < % Qusry + (1— ) KieSi K

While, the robust updated with respect to (sensor dropout
handling) is defined by another mathematical form
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R < BR if [|Fill > 7

From the above mathematical model, we can conclude that the
AoA is provide the directional constraints for resolving the
hyperbolic ambiguities of the TDoA. while, the LSTM
captures the complex maneuvers such as accelerations and
aggressive turns. Hence, for ensuring full 3D observation, the
triangulation configuration has been used.

The performance evaluation of this system could be evaluated
based on the computational efficiency. In order to reach the
efficient system, the minimal measurement set which consist
of at least two TDoA pairs. Also, for reduces the EKF
linearization based on using the LSTM state prediction model.

The performance evaluation of this system could be evaluated
based on the computational efficiency. In order to reaches the
efficient system, the minimal measurement set which consist
of at least two TDoA pairs. Also, for reduces the EKF
linearization based on using the LSTM state prediction model.
therefore, the performance metrics is utilized in this work such
as, (RMSE of 3D position and robustness index).

RMSE of 3D position will be computed as shown below

T
pos = |2 > D™ = Bl
pos — T 4% Pk
k=1

Where the convergence time, for initialization the steps will
reach to €,,5 < 1m

And the robustness index is n = = ¥ _, [[pf™ - el <2m

* 6. METHODOLOGY
6.1. Deep Learning Approach

To train our LSTM model to forecast UAV movement, we
created a synthetic data containing 50,000 different paths. This
data has a wide variety of flight dynamics, so that the model
can learn a strong representation of different motion patterns.
The synthetic generation process is needed due to the fact that
a large, and otherwise diverse, real-world dataset with ground-
truth positions is frequently prohibitively costly and time-
consuming to collect. This artificial generation technique is
aligned with the existing techniques of generating extensive
datasets of UAV trajectories. The generation parameters of
drone trajectory data are illustrated in fable 1.

“: Table 1. Generation Parameters of Drone Trajectory Data

Segment | Duration Position Velocity Purpose
(s) parameters profile
Hover 20 (Xo, Yo, Zo) Zero velocity Simulation
fixed loitering or
stationary flight

Linear 20 (XotALt, yotALt Constant Capture

, ZoTALt) velocity steady,
straight-line

motion
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Circular 20 (Xo+ R.cos(wt), Tangential Model turning
Yo + R.cos(wt), velocity maneuvers
Z,)
Aggressive 40 (Xo + A.sin(wt), | Accelerating/ Simulate agile,
Yo + B.sin(wat), z,| decelerating high-G
+ C.sin(wst)) maneuvers

6.2. Training/validation/testing split
To guarantee rigorous evaluation and to avoid information
leakage, the dataset was divided into three different subsets:
e Training set: 70 per cent of the data (35,000
trajectories) to optimize the parameters of the model.
e Validation set: 15% of the data (7,500 trajectories) to
tune hyper-parameters and early stop.
e Testing set: One out of 15 data (7,500 trajectories) to be
finally evaluated to compare the model performance.

The common practice in deep learning when it comes to time
series prediction problems is a split ratio of 70:15:15.
Validation split was applied every epoch in the training
process. Also, we have used a 30 percent validation split of
training data (i.e., 30 percent of training data was not used in
training). More importantly, the split was carried out on a
trajectory-wise basis, and not a time-step basis. This implies
that the training, validation or testing set was allotted entire
trajectories.

6.3. Number Adaptation

The maximum number of epochs the model was trained was
100. Nonetheless, to avoid overfitting, early stopping was
applied with a patience of 10 epochs. In particular, training
was stopped when the validation loss failed to decrease in 10
consecutive epochs, and the model weights of the epoch with
the lowest validation loss were reverted. This adaptive epoch
count is to make sure the model does not exhaust
computational resources and is more generalized to unknown
data. This approach is used for early stopping to determine the
effective number of epochs to prevent overfitting in LSTM
models.

6.4. Optimizer and Learning Rate

In this work, we used the Adam (Adaptive Moment
Estimation) optimizer for training. The reason why Adam was
selected is that it is a combination of two other extensions of
stochastic gradient descent: The Adaptive Gradient Algorithm
(AdaGrad) and Root Mean Square Propagation (RMSProp).

The initial learning rate was set to 1x1073. This is a typical
default point of the Adam optimizer and has been
demonstrated to be effective in LSTM-based tasks of
predicting trajectories. In this work, we used a cosine
annealing learning rate decay schedule to allow convergence
and to fine-tune the model. This training scheme decreases the
learning rate as a cosine with the training length, so that the
model learns bigger and more inaccurate updates early in
training and smaller and more accurate updates later.

6.5. Overfitting Prevention Strategies
To guarantee the good generalization of the LSTM model to
unseen trajectories and not merely memorizing the training
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data, we applied a multi-faceted approach to avoid overfitting
as illustrated in table 2.

Table 2. Multi-Faceted Approach Parameters

Strategy Configuration Justification
Dropout 50% after each During training, randomly
LSTM layer | removes half of the output of the

neurons, causing the network to
re-learn superfluous
representations, and inhibits co-
adaptation of neurons.

Early stopping

Patience of 10

Halts training when the model’s

epochs performance on unseen data
stops improving. This prevents
the model from learning noise.
L2 A=1x10"* Penalizes large weights. This
Regularization stimulates the model to acquire
(Weight ecay) less specific patterns which can
be generalized to a wider extent.
Gradient Norm limit of Avoids exploding gradients,
Clipping 0.1 which can cause training to
become unstable and result in
bad generalization.
Batch Applied before Stabilizes and accelerates
normalization | each activation training, which can indirectly
function reduce overfitting by allowing

higher learning rates.

These are typical measures to reduce overfitting in LSTM
models. The Dropout mechanism is brought in in particular to
deal with the overfitting of data-driven model training. Besides
Dropout, L2 regularization and early stopping are also
popularly suggested methods to face overfitting.

= 7. PROCEDURE OF ESTIMATING
AND MONITORING THE 3D
LOCATION OF UAV

The steps that follow describe the algorithm of estimating and
tracking the 3D position of a drone based on the use of a
Wireless Sensor Network (WSN) comprising of synchronized
anchor nodes (e.g., base stations) and a deep learning-refined
filter.

Stepl: System Setup and Initialization

- Deploy the sensor nodes of WSN with triangle patterns at
know coordinates (x;,y;,z;) with ensuring the time
synchronization for TDoA measurements. Then, represent
(define) the UAV state with its position and velocity as

(x, ,2,%,, Z)T.

Step 2: Measurements collection
- For estimation AoA, each sensor node estimates both
angles which are the azimuth (6; ) and elevation ( @;) of
the UAV signal using array processing.

Step 3: Estimate UAV initial position
- The geometric method has been used based on AoA and
TDoA to compute the initial UAV position as a starting
filter.
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Step 4: Motion prediction by LSTM
- LSTM Input: A sliding window of N past state estimates
X1 = (X1, Bh—2, -, Bn]
- LSTM output: the LSTM network predicts the next state
(Rkjk-1) and an associated process noise covariance
Qrsru that captures motion uncertainly.

Step 5: Prediction Step of EKF
- Predicted state computation:
fk|k—1 = LSTM (Xy—1)
- Broadcast the error covariance
Pejk—1 = FPej—1 F* + Qrsrm
Step 6: Prediction Step of EKF

-  The AoA and TDoA models has been used for
measurement computing prediction A(Zyje-1)-

- Computing the measurement Jacobian Hj

- Computing Kalman gain based on the following formula

Ki = Prji—1 Hi (Hi P H + R)™!
- Updating the estimation state
Rk = Xppe-1 + Kie (2 = h(Xgepge-1))
- Updating the error covariance
Pk|k =- Kka)Pk|k—1
Step 7: Iteration and tracking
- The updated state has been stored Xy ,—; in the sliding
window for future input of LSTM

- Repeat the steps (from step 2 to step 6) for each new
measurement sample for real time tracking enabling.

i 8, SIMULATION RESULTS
8.1. Evaluation of the Hybrid Localization
System

In this work, the LSTM architecture consists of two layers, 64
hidden units and training on various trajectories. The AoA-
TDoA constraints closed-form solution is the initialization of
LSTM. The performance of the suggested hybrid localization
system (AoA + TDoA + LSTM + EKF) in a WSN with
triangle configuration will be simulated. The sensors positions
are {S1 =10, 0, 0], S2=[100, 0, 0] and S3 = [0, 100, 0]}. The
drone will have a different trajectory in this simulation, such
as hovering, linear motion, circular motion, and aggressive
turns. The time duration of drone flight is illustrated in table 3.
While, some of the most important simulation parameters are
shown in table 4. Hence, table 5 lists the simulation results of
position error comparison with regard to (3D RMSE) and
associated with various trajectories.

Table 3. Time Duration of Drone Fly

Total | Hover Linear Circular Aggressive
fly motion motion turns
100s 0-20s 20-40s 40-70s center 70-100s, S-
at[40,50, to [60,60,50], turn,
30] [80,80,40] radius 20m acceleration
and angular up to 2g.
speed=6°/s
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:% Table 4. Simulation Parameters

AoA noise (10) TDoA LSTM EKF
noise (16) architecture update rate
0.1 azimuth, 0.5 | 0.3m (Ins 2 layer, 64 units 10 Hz
elevation UWB
timing)

Table 5. Comparison Result of Position Errors (3D
RMSE)

(RMSE)
Method Hover Linear Circular Aggressive
Geometry 0.25m 0.38m 1.80m 3.20m
EKF 0.22m 0.30m 1.25m 2.50m
Proposed 0.20m 0.25m 0.65m 0.85m

From the results illustrated in fable 5, the proposed method
presents less value of RMSE and high accuracy to determine
the position of drone into the protected region.

In this work, using the proposed hybrid approach (AoA +
TDoA + LSTM + EKF), we will simulate the 3D-trajectory
tracking for the UAV localization in comparison to ground
truth, EKF with constant velocity (EKF-CV), and the
geometric method as illustrated in figure 6.

3D Trajectory Tracking: True vs Estimated Paths

A Ground stations
w— True Trajectory
— Proposed Method
— EKF-CV

Geometric Solution

(w) uonisod Z

Figure 6. 3D trajectory tracking of drone

In this figure 6, the red is true trajectory, blue is the proposed
hybrid approach, green is EKF with constant velocity, and
yellow is the geometric solution. The key observation from
this figure is that the proposed hybrid approach accurately
turns here with the true trajectory, where the other methods
diverge.

In this simulation, the three-dimensional error ellipsoids are
used for scientific comparison using the proposed hybrid
approach to explain the accuracy of the localization results, as
illustrated in figure 7.
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3D Uncertainty Ellipsoids at t=55s (Circular Motion)

A Grouna Stations
@ True uAV Position

(w) uonsod 7

Figure 7. Three-D Error Ellipsoids Display

In this figure 7, the orange is the geometric solution, the green
is EKF-CV (EKF with constant velocity), and the blue is the
proposed hybrid approach. The overall precision is highest
with the proposed hybrid approach. The altitude estimation is
not good in the geometric solution, while there is directional
bias in uncertainty in EKF-CV. It is significant to note the
qualities of an ellipsoid: the 95% confidence zone for
uncertainty magnitude is represented by size, the directional
uncertainty distribution is depicted by the shape, and black
arrows on the principal axes indicate the directions of greatest
uncertainty.

The performance and accuracy of the proposed hybrid
approach will be examined through a comparative assessment
with other method. The comparison results are presented in
table 6.

‘i Table 6. Comparison results with related work
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related works, because the hybrid approach used special
approach consist of (AoA, TDoA, LSTM and EKF) to obtain
high accuracy of drone localization.

Table 7. Accuracy Comparison table with the other
works

References Localization accuracy (m)
Ref. [7] 34
Ref. [9] 3-10
Ref. [26] 1.05-1.41
Proposed hybrid approach 0.48

8.2. Evaluation Performance of LSTM Architecture
To evaluate the LSTM's standalone prediction capability
(without the EKF correction step), we conducted the following
experiment:
e Task: Predict the next UAV state (position and
velocity) given a window of past states.
e Baselines: Constant Velocity (CV) model, Constant
Acceleration (CA) model.
e Metrics:
o Position Prediction RMSE (m)
o Velocity Prediction RMSE (m/s)
o Prediction Horizon: 0.5s, 1.0s, and 1.5s into the
future.
Results (on the held-out test set of 7,500 trajectories):

7 Table 8. LSTM performance evaluation metrics

Prediction Metric Constant Constant LSTM
Horizon (s) velocity | acceleration | (Proposed)
0.5 Pos. RMSE 0.52 0.48 0.21
(m)
0.5 Vel. RMSE 0.31 0.29 0.14
(m/s)
1.0 Pos. 1.25 1.10 0.45
RMSE(m)
1.0 Vel. 0.68 0.62 0.28
RMSE(m/s)
1.5 Pos. 2.10 1.85 0.72
RMSE(m)
1.5 Vel. 1.05 0.94 0.41
RMSE(m/s)

Feature Ref. [9] Proposed approach
Fundamental Least Squares (LS) | Hybrid (AoA + TDoA
principle is applied to AoA + LSTM + EKF)
measurements
Sturdiness to BS | (Low), Performance | (Higher), The solution
Geometry (Tilt) is extremely is more robust to fewer
sensitive to antenna BSs or poor angular
down tilt and inter- dispersion thanks to
site distance. the geometric
limitations provided
by TDoA.
Accuracy 3-10 meters Less than 1 meter

Performance in

(Poor), depends on

(Excellent), LSTM is

The LSTM has 55-65 percent less position prediction error
than the other kinematic models, particularly with longer
prediction horizons. This shows that the LSTM is useful in

dynamic EKF kinematic extremely resilient capturing intricate motion patterns (accelerations, turns) that
maneuver model that is too during agile flight are not able to be represented by simple models.
basic (constant because it can learn
velocity) does not and predict Table 9. Comparison of proposed model with different
track well when complicated drone configuration of EKF
accelerating or dynamics with high Hover | Linear | Circular | Aggressive | Overall
turning accuracy. Configuration RMSE | RMSE | RMSE RMSE | RMSE
. ) (m) (m) (m) (m) (m)
Lastly, an accuracy localization-based performance evaluation EKF-CV 022 0.30 1.25 2,50 1.05
has been put into place to compare the proposed hybrid EKF-CA 0.23 0.28 0.98 1.85 0.82
approach with previous work that has been published in the EKF-LSTM | 0.21 0.26 0.72 1.05 0.56
literature, as illustrated in table 7. From this table, the Proposed 0.20 0.25 0.65 0.85 0.48
proposed hybrid approach presents higher accuracy than other model
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8.2.1. Contribution of LSTM over EKF
To measure the particular benefit of introducing the LSTM to
the EKF system, we compared four configurations to a
controlled simulation as illustrated in table 9.
To quantify the specific value of the addition of the LSTM to
the EKF system, we compared four settings to a controlled
simulation such as:
e Same UAV trajectories
aggressive segments)
e Same AoA/TDoA measurement noise (1° angular, 0.3 m
range-difference)
e Each configuration 100 Monte-Carlo runs.
These results have been illustrated in table 10.

(hover, linear, circular,

i Table 10. Comparison results of the proposed hybrid
model with EKF

International Journal of

Electrical and Electronics Research (IJEER)
Research Article | Volume 14, Issue 2 | Pages 424-435 | e-ISSN: 2347-470X

challenges and their simulations; such as (Line-of-Sight (LOS)
requirements, anchor clock synchronization errors, and
multipath and signal reflections).

Based on the above analysis we present the simulation results
with these parameters as illustrated in table 11.

“ Table 11. Limitations of NLOS Parameters

Configuration | Description Purpose
EKF-CV EKF with constant velocity | Baseline
motion model representing
traditional
approach
EKF-CA EKF with constant | Improve
acceleration motion model | kinematic
baseline
EKF-LSTM EKF using LSTM state | Isolate benefit of
prediction but still using | LSTM prediction
same measurement update
as EKF-CV
Proposed LSTM prediction + EKF | Proposed system
model update with AoA+TDoA

From these results we can observe that:

EKF-CV vs. EKF-CA: Constant Acceleration is better than
Constant Velocity, particularly in aggressive maneuvers (2.50
— 1.85 m), but also fails in complex dynamics.

EKF-LSTM: The difference between using the LSTM instead
of the kinematic model is a significant error reduction in case
of circular and aggressive sections (1.85 — 1.05 m). This
demonstrates that the dynamics of the LSTM learned are the
main cause of improvement.

Proposed: The EKF measurement update with AoA+TDoA
fusion also decreases the error (1.05 -0.85 m in aggressive
maneuvers) proving that the LSTM prediction and the EKF
correction are complementary.

Then, we can conclude the LSTM also adds a 52-percent
decrease in total RMSE over the best EKF-only model (EKF-
CA), and an equivalent 54-percent decrease in the 95th
percentile error. The EKF update of the measurements further
improves the prediction of the LSTM, providing an extra 14%
decrease.

8.3. NLOS conditions

Our simulation study has shown a positive outlook for the
proposed hybrid LSTM-EKF system under ideal conditions,
but there are many challenges associated with its
implementation in practice. In this section we outline the key

Parameters Acceptable Range Degraded but
Functional
Number of LOS >2 1 (with LSTM
anchors only)
Clock <1ns 1-5ns
synchronization error
Multipath delay <10 ns 10-30ns
spread
Maximum drone <15m/s 15-25m/s
speed
Anchor-drone <100 m 100 - 150 m
distance
Update rate >50Hz 20-50 Hz

Based on these findings, as future works, we will discuss how
to mitigate and resolve these issues to increase the accuracy
and decrease the errors for the drone localizations.

# 9, CONCLUSION

In this paper, we proposed a mathematical approach for drone
localization using (AoA, TDoA, LSTM and EKF) to precisely
predict the 3D position of a drone. The hybrid method gives
better than 50% improvement over conventional approaches,
with a mean 3D accuracy of <0.5m in realistic simulations,
during aggressive manoeuvres. The triangular WSN provides
optimal geometric diversity for 3D-observability, and the
LSTM's ability to learn intricate dynamics reduces error in
prediction by 42% in accelerations.

The hybrid proposed approach uses the predictive power of
deep learning and the geometric power of AoA/TDoA to
achieve sub-meter UAV localization with WSN infrastructure.
It offers a scalable and energy-efficient approach for future
autonomous systems, and is ideal for GPS-denied
environments while offering high accuracy. The simulation
results demonstrate that the proposed hybrid approach has
better accuracy of UAV localization than previous approaches
by combining key techniques.
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