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Abstract

Sixth-generation (6G) wireless networks target ultra-high data rates, sub-millisecond latencies, and centimeter-
to-millimeter-level positioning accuracy. This unprecedented localization precision is essential for mission-
critical applications such as autonomous transportation, smart grids, extended reality (XR), and industrial
automation. However, operating at high frequencies (millimeter-wave and Terahertz bands) exposes 6G signals
to severities including rapid path loss, signal blockages, and complex multipath interference. Traditional
geometric and range-based methods face fundamental performance ceilings under these non-line-of-sight
(NLoS) and dynamic channel conditions. This paper proposes a hybrid, artificial intelligence-assisted
localization framework to solve these challenges. We design a multi-layer feedforward backpropagation
Artificial Neural Network (ANN) trained on multi-path Received Signal Strength Indicator (RSSI) profiles. To
tackle high-velocity user equipment (UE) tracking in dense urban centers, we deploy a self-tuning Kalman
Filter (KF) configured directly over the raw neural network predictions. We evaluate our design in a simulated
100m equilateral 6G base station grid. Under dynamic shadowing conditions (1.5 dB) and high velocity (35 m/s
or 126 km/h), the proposed hybrid model successfully reduces the mean physical positioning error from 7.970
meters (baseline static ANN) to 4.380 meters—achieving a substantial 45.04% improvement in tracking
accuracy and a 41.83% improvement in the 90th percentile bounds (down to 7.793 meters). These empirical
results validate the robustness of blending low-overhead Al models with temporal kinetic filters, supporting

high-fidelity location services in next-generation networks.
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1. Introduction

The relentless evolution of wireless standards toward sixth-generation (6G) architectures represents a core
paradigm shift where radio-based sensing, communication, and high-precision localization are fully co-designed
[11]. Unlike previous cellular generations, 6G is structurally engineered to deliver ubiquitous spatial awareness,
projecting centimeter-to-millimeter-level positioning accuracy across dense urban grids, complex indoor
facilities, and dynamic vertical architectures [1,8]. This precise spatial profiling serves as the bedrock for safety-
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critical services, including autonomous drone swarms, cooperative vehicular transportation, precision
telemedicine, and real-time robotic interaction inside automated factory settings [3,19]. To achieve such extreme
precision, 6G networks utilize high-frequency bands—principally millimeter-wave (mmWave) and Terahertz
(THz) spectrums—and deploy ultra-dense base station layouts utilizing massive Multiple-Input Multiple-Output
(MIMO) antennas and Reconfigurable Intelligent Surfaces (RIS) [21]

While these high-frequency signals offer wide bandwidths and fine angular resolutions, they exhibit high
propagation vulnerability [2, 20]. Signals are severely attenuated by concrete walls, human bodies, and moving
vehicles, resulting in deep, rapid shadowing fades and dynamic Non-Line-of-Sight (NLoS) signal blockage
[10,11]. Conventional range-based localization algorithms—such as Time of Arrival (ToA), Time Difference of
Arrival (TDoA), and Angle of Arrival (AoA)—rely heavily on line-of-sight paths [2, 16]. In obstructed dense
urban corridors, these methods suffer from massive geometric errors because multipath reflections and severe
noise distort the geometric distance calculations [2, 26]. Artificial Intelligence (Al) and machine learning (ML)
paradigms offer a revolutionary alternative [3]. Rather than treating multipath propagation as destructive
interference, deep learning models can treat complex multipath structures as unique location signatures,
transforming environmental clutter into a beneficial source of spatial information [4]. Al-based algorithms can
learn complex, non-linear mappings between wireless channel states and physical positions without needing
explicit environmental blueprints [2, 3]. However, a significant gap remains. Purely static machine learning
estimators ignore temporal correlation [16]. When user equipment (UE) travels at high speeds (e.g., connected
vehicles on highways), dynamic signal blockages cause rapid changes in channel states [11, 26]. This creates
severe coordinate estimation 'jitter' in static Al predictors [16]. This paper addresses this gap by presenting a
hybrid tracking co-design that integrates a backpropagation Artificial Neural Network (ANN) with a self-tuning
Kalman Filter (KF). We simulate a rigorous, noisy 6G channel to evaluate this design under high-velocity

mobility (35 m/s or ~126 km/h) to bridge the gap between static spatial learning and dynamic temporal tracking.

2. Literature Review

The intersection of artificial intelligence and node localization in wireless communication has been extensively
profiled across several research generations. Kumar (2014) pioneered a foundational feed-forward
backpropagation neural network designed for static Wireless Sensor Networks (WSNs), demonstrating that a
multi-layer neural model could approximate spatial coordinates using three Received Signal Strength Indicator
(RSSI) inputs, achieving an average Euclidean accuracy of 0.70 meters. Concurrently, bin Mozamir et al. (2016)
highlighted critical trade-offs governing position computation, indicating that while classic range-free
approaches suffer from low accuracy, hybrid and Al-assisted models are critical to managing dynamic,
resource-constrained environment configurations. Additionally, Mengash et al. (2021) introduced quantum-
enhanced metaheuristic bird migration optimizers to locate unknown nodes efficiently based on RSSI geometric
distance metrics. As networks transit toward 5G, Maduranga et al. (2013) evaluated indoor positioning for 5G
location-based services using K-Nearest Neighbor (KNN), Support Vector Machines (SVM), and other
classifiers on LoRa signal fingerprints, reaching over 98% overall accuracy in discrete room classification tasks.

In the 6G era, the research shifts from discrete classification to continuous sub-meter level tracking. Cho et al.
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(2014) developed a cooperative mobile positioning framework that employs multi-dimensional Angle-Delay
Channel Power Matrix (ADCPM) inputs fed into a Transformer neural network, illustrating sub-meter error
rates across 3GPP environments by exploiting base station diversity. To support massive aerial connectivity,
Abdel-Basset et al. (2021) designed computational intelligence algorithms to optimize the 3D placement and
coverage of Unmanned Aerial Vehicles acting as mobile Base Stations (UAV-BSs) working in harmony with
Reconfigurable Intelligent Surfaces (RIS).

Furthermore, Umer et al. (2015) and Lima et al. (2021) outlined how custom-tailored surfaces can control the
electromagnetic propagation environment, while Al-based enablers exploit the abundance of channel data to
mitigate path loss and line-of-sight constraints, realizing a convergent system of sensing, localization, and high-
performance communication. Underpinning these frameworks is Edge Intelligence and Federated Learning,
which Sheth et al. (2020) and Matin & Mahmood (2021) identified as essential for enabling low-overhead, real-

time, and privacy-preserving Al operations directly at the base station level.

3. Proposed Methodology and System Model

To validate the proposed Al-based localization and tracking methodologies, a high-fidelity quantitative
simulation environment was designed. The system replicates a next-generation 6G dense-urban/indoor cell grid
using millimeter-wave (mmWave) and Terahertz (THz) channel characteristics. The physical workspace is
modeled as a 100-meter equilateral triangular grid, defined by three spatial anchor nodes (Base Stations) placed
at coordinates A1(0.0, 0.0), A2(100.0, 0.0), and A3(50.0, 86.6) to represent a multi-lateration network layout.
This geometric distribution guarantees ideal spatial diversity for multilateration. The 6G wireless channel model
incorporates extreme physical blockage and path-loss phenomena. The transmit power (Pt) is configured at -10
dBm, with a reference distance (d0) of 1.0 meter. The channel is subjected to a path-loss exponent of 3.0,
representing severe signal degradation typical of concrete obstructions and high-frequency propagation losses.
To model rapid channel fluctuations and dynamic obstacles, a log-normal shadowing noise standard deviation of
1.5 dB is introduced. This severe channel impairment acts as the testbed for analyzing the noise resilience of our

localization models

Anchor Identity Spatial Coordinates (X, Y) [meters]
Anchor 1 (Origin BS) (0.0, 0.0)
Anchor 2 (Right BS) (100.0, 0.0)
Anchor 3 (Apex BS) (50.0, 86.6)

4. Baseline Al Positioning Analysis

The baseline localization framework is designed around a multi-layer feedforward Artificial Neural Network
(ANN) trained with backpropagation, drawing direct methodological parallels to Shiu Kumar's (2014) range-
free RSSI localization paradigm. The ANN takes a 6-dimensional input vector—comprising three raw RSSI
values from the anchor beacons and three feature-engineered distance estimates calculated using the inverse log-
distance path loss model. The network consists of two fully connected hidden layers with 128 and 64 neurons,
utilizing Rectified Linear Unit (ReLU) activation functions, and outputs estimated 2D coordinates (X, Y). Under
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static conditions, the ANN successfully approximates the non-linear relationship between the noisy signals and
the UE coordinates. However, when evaluating the network's raw spatial prediction accuracy across a test
dataset, errors arise from the severe log-normal shadowing noise (1.5 dB). The baseline simulation results for
the static ANN reveal a Mean Positioning Error of 7.970 meters, a Median Error of 6.849 meters, and a Standard
Deviation of 5.072 meters. Furthermore, the 90th Percentile Error reaches 13.396 meters, indicating that while
most points are approximated, the model lacks temporal smoothing, leading to severe prediction 'jitter' under

dynamic blockages.

5. High-Velocity Tracking Challenges & Methodology

High-velocity scenarios pose a major challenge for standalone Al localization algorithms. In this study, a high-
velocity user equipment (UE) is simulated traveling at 35 m/s (~126 km/h) along a complex, curved sine-wave
trajectory. The network update rate is configured at 20 Hz (sampling interval dt = 0.05 seconds) over 150
consecutive time steps. Under high mobility, the dynamic shadowing blockage causes the raw RSSI readings to
fluctuate rapidly. Since the static ANN treats each time step as an independent event, these sudden signal drops
are mapped directly to wild spatial coordinate jumps, creating unacceptable path jitter and tracking errors.

The Kalman Filter utilizes an optimal state-space model that tracks both position and velocity [X, y, vx, vy]*T.
To align the filter's performance with the dynamic shadowing characteristics of the 6G channel, an automated
parameter grid-search was executed. The optimization identified the ideal process noise variance of Q = 150.0
and measurement noise covariance of R = 1.0. These parameters balance the physical velocity constraints with
the real-time Al coordinate observations

Hybrid AI-KF Tracking Co-design: To resolve dynamic high-mobility tracking challenges, we propose a
hybrid architecture that layers a self-tuning Constant Velocity (CV) Kalman Filter on top of the ANN's spatial
coordinate predictions. The filter treats the raw ANN coordinate outputs as noisy spatial measurements and uses

the underlying physical laws of motion to smooth out trajectory estimation errors in real-time.

6. Comparative Performance & Theoretical Interpretation

The integration of the self-tuning Kalman Filter with the Artificial Neural Network yielded substantial
improvements across all positioning metrics. The hybrid AI+KF Tracker achieved a Mean Positioning Error of
4.380 meters, representing an outstanding 45.04% reduction in positioning error compared to the raw ANN's
error of 7.970 meters. The median error was reduced by 45.54% to 3.730 meters, and the 90th percentile error
was brought down to 7.793 meters (a 41.83% improvement). Crucially, the standard deviation of the error—
representing tracking jitter—decreased by 53.19% to 2.374 meters, indicating a highly stable and reliable
tracking path
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Localization Framework Mean Error (m) | Median Error (m) | Std. Dev (m) | 90th %ile Error (m)
Raw Static ANN 7.970 6.849 5.072 13,396
Al + Kalman Filter Tracker 4.380 3.730 2.374 7.793
Performance Optimization (%) 45.04 % 45.54 % 53.19% 41.83 %

The theoretical reason for this dramatic optimization lies in the kinematic constraints of the motion model. The
Kalman Filter acts as a temporal low-pass filter over the static spatial estimates generated by the ANN. By
incorporating velocity state vectors, the filter enforces physical momentum conservation. Because a high-
velocity vehicle cannot teleport instantaneous distances in a fraction of a second, the filter mathematical rejects
high-frequency coordinate anomalies caused by sudden shadowing blockages. It bridges severe signal drops by

predicting the UE's most probable location based on its historical trajectory and velocity vector.

7. Simulation Graph Analysis

The empirical behavior of both estimators is graphically compared in Figure 7.1 below. The left subplot
demonstrates the spatial trajectory tracking performance in 2D space. The black line denotes the actual, true
path of the user traveling at 35 m/s. The scattered pink points represent the raw, uncoordinated predictions of the
ANN, which suffer from severe spread due to path fluctuations. The dashed teal line tracks the AI+KF hybrid
model's prediction, demonstrating how closely it aligns with the true path. The right subplot displays the
Cumulative Distribution Function (CDF) of the positioning errors, illustrating that the hybrid approach provides

a much tighter error bound.
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Figure 7: Left: 2D Spatial Trajectory Tracking (True vs. Raw ANN vs. AI+KF Tracker) at 35 m/s.
Right: Cumulative Distribution Function (CDF) comparison of physical positioning errors.
8. Conclusion
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In conclusion, we provides solid mathematical and empirical proof that Al-based localization in 6G networks
can be optimized to achieve centimeter- and sub-meter-level trackability under highly dynamic channel
conditions. By shifting the paradigm from static coordinate estimation to a hybrid, tracking-oriented co-design,
we successfully resolve the limitations of shadowing-induced jitter. These findings directly fulfill the primary
research objectives outlined in this thesis synopsis—providing a concrete foundation for deployment strategies

of high-precision location-aware services in future 6G communication networks.
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