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Chapter 1

Introduction

As wireless communication systems evolve toward 6G and beyond, positioning and sensing are emerging as
core functionalities to complement the traditional data transmission core functionalities. These capabili-
ties are essential for enabling new applications, such as intelligent and autonomous systems, smart cities,
enhanced network services, context-aware services, improved security in wireless communications, etc.

Wireless positioning refers to the ability to determine the location of devices or users within target
accuracy metrics, while wireless sensing involves extracting some environmental information (e.g., object
detection and/or localization, motion tracking) using radio signals. The integration of these two aspects
is known in the literature as Joint Positioning and Sensing (JPAS) or, as a more widespread notation, as
radio simultaneous localization and mapping (SLAM). The radio SLAM concept leverages the radio
infrastructure to simultaneously localize users and to ’map’ the surrounding environment (e.g., detect and
locate fixed landmarks or moving objects in the surroundings of the target devices).

Some of the key performance indicators for positioning and sensing in future networks include, but are
not limited to:

e Accuracy: Sub-meter or centimeter-level precision, especially in urban and indoor environments.

Latency: Real-time or near-real-time updates for dynamic applications.

Reliability: Robustness against multipath, interference, and non-line-of-sight conditions.

Coverage: Ubiquitous availability across diverse environments.

Energy Efficiency: Low power consumption for battery-constrained devices.

The focus of this deliverable is mostly on the accuracy metric, with targets of reaching cm-level accuracy or
below.

Research in Orthogonal frequency division multiplexing (OFDM)-based radio sensing, wireless position-
ing, and radio SLAM is driven by the increasing ubiquity of wireless infrastructure and the limitations of
traditional sensing technologies. Unlike cameras or Light Detection and Ranging (LIDAR), radio signals can
penetrate walls and operate effectively in Non-line-of-sight (NLOS) conditions, making them ideal for envi-
ronments where visual sensing fails. OFDM, being the backbone of modern cellular standards such as 4G,
5@G, and 6G, offers fine-grained multipath resolution, which is crucial for accurate sensing and localization.

The impact of this research spans multiple domains. For example, in smart environments, it enables
ambient intelligence through activity recognition and fall detection. In robotics and autonomous vehicles,
radio SLAM provides robust navigation in Global navigation satellite system (GNSS)-denied or visually
challenging settings. Industrial applications benefit from structural monitoring and intrusion detection, while
emergency services can use radio-based positioning to locate individuals in disaster zones where conventional
methods fail. In industrial settings, radio-based sensing, positioning, and radio SLAM technologies may offer
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transformative capabilities for automation, safety, and asset tracking. These systems can enable real-time
monitoring of machinery, detect anomalies in structural integrity, and support autonomous navigation of
robots and drones in complex environments such as warehouses or manufacturing plants. Unlike vision-based
systems, radio sensing can operate reliably in dusty, dark, or cluttered conditions, making it ideal for harsh
industrial environments. Additionally, integrating these capabilities into existing wireless infrastructure
reduces deployment costs and simplifies maintenance. Last but not least, in aviation, the potential impact
of this research is equally significant. Radio SLAM and positioning can enhance aircraft navigation in g-
denied environments such as hangars, tunnels, or during taxiing on runways with limited satellite visibility.
Onboard radio sensing systems can also support collision avoidance, monitor cabin occupancy, and assist
in autonomous ground operations. Furthermore, radio-based technologies can be used for structural health
monitoring of aircraft components, detecting stress or damage through changes in signal reflections. These
applications contribute to safer, more efficient, and intelligent aviation systems.

1.1 Recent works on radio sensing with cm-level accuracy

OFDM is the de facto ISAC baseline because its multi-carrier structure reuses communication resources
for range—Doppler processing with well researched and understood performance. In OFDM for sensing, the
fundamental range resolution is set by the signal bandwidth, AR =~ 5%, e.g. a 100 MHz 5G New Radio
(NR) signal can enable ~1.5 m [1]. Likewise, prototyping experiments have been demonstrated for OFDM-
based NR waveforms for sensing with and high resolution processing. For example, [2]|, implemented an
“integrated super-resolution sensing and communication” (ISSAC) testbed using 5G NR OFDM waveforms
and validated delay/Doppler estimation capabilities in experiments. However, as is widely known, OFDM
suffers major degradation in high mobility scenarios.

Orthogonal time frequency space (OTFS) has emerged as a strong ISAC alternative when high mobility
and large Doppler spreads are present. By modulating the symbols in the delay—Doppler (DD) domain,
OTES aligns sensing parameters (delay /range, Doppler/velocity) with the resources grid, enabling sparse DD
estimation and robust processing under fractional Doppler and the channel’s multipath components appear
as separable impulses, where the delay component corresponds to the range and the Doppler shift corresponds
to the velocity of targets or obstacles. Additionally, this structure allows the receiver to interpret channel
effects in terms of the sparse aforementioned impulses or taps, rather than seeing a rapidly time-varying
frequency-domain channel per subcarrier. Current research shows why OTFS better tolerates Doppler
than OFDM while keeping the same bandwidth-limited range resolution [3], and below centimeter sensing
accuracy if the system uses the terahertz band [4].

Therefore, in radar sensing mode, OFDM’s Doppler sensitivity likewise translates to degraded velocity
estimation and cross-term interference. Meanwhile, because both OFDM and OTFS use the same total
bandwidth, the delay (for range estimation) resolution is bandwidth-limited in exactly the same way: AR =~
ag- Thus OTFS does not sacrifice range resolution, yet gains Doppler robustness, especially in high mobility
channels.

Achieving centimeter-level sensing accuracy is a major challenge in wireless localization, especially when
relying on traditional methods like received signal strength indicator (RSSI). As shown in [5], RSSI-based
fingerprinting lacks the resolution needed for fine-grained positioning, making it unsuitable for applications
that demand high precision. To overcome these limitations, recent researches has explored more detailed
signal features, particularly channel state information (CSI), which captures both amplitude and phase across
subcarriers and antenna pairs. CSI enables richer multipath profiling and more stable measurements, offering
a pathway toward more accurate localization [6]. That is why in the following we highlights several state-
of-the-art approaches that leverage CSI for sensing, alongside other advanced signal processing techniques.

A key aspect of this research area is the dual use of communication signals for both channel estimation
and sensing. In 5G NR systems, reference signals such as Demodulation reference signal (DMRS), channel
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state information reference signal (CSI-RS), and sounding reference signal (SRS), originally designed for
channel estimation, are now being repurposed for sensing tasks. These signals are structured within OFDM
resource grids and offer valuable spatial and temporal information. Their design and allocation directly
affect the performance of sensing algorithms, especially in scenarios where precise localization is required
(7]

While OFDM has been widely adopted in communication systems, it struggles in doubly dispersive
channels, those affected by both time and frequency selectivity, especially in high-mobility environments.
This is where OTFS modulation offers a significant advantage. OTFS operates in the Delay-Doppler (DD)
domain, which naturally aligns with physical parameters like range and velocity. Because the channel in this
domain tends to be sparse, it becomes easier to isolate and estimate individual paths. This sparsity, combined
with the direct mapping to physical motion, makes OTFS particularly well-suited for positioning tasks [7].
Recent work [8] has shown that estimating fractional delay and Doppler values, rather than relying on
quantized taps, can lead to more accurate and robust channel estimation. This precision directly supports
high-resolution localization, especially in dynamic scenarios where traditional OFDM-based methods fall
short.

Intelligent reconfigurable surface (IRS)s (also called Reconfigurable Intelligent Surface (RIS)) also offer
new opportunities. A twin-IRS setup, as proposed in [9], uses spatial diversity and tensor modelling to
extract multipath parameters with high precision. This approach has demonstrated centimetre-level local-
ization accuracy, showing how advanced channel modelling can directly support positioning goals. Machine
Learning (ML) is another area gaining traction. Recurrent neural network (RNN)-based models that incor-
porate CSI, user movement, and signal-to-noise ratio (SNR) have outperformed traditional fingerprinting
methods, pushing indoor localization closer to the centimetre mark [5].

1.2 Recent works on radio positioning with cm-level accuracy

With cell-free networks and a user-centric approach to network division, optimizing resources becomes crucial
for enhancing scalability, improving efficiency, and ensuring Quality of Service (QoS) for each user. This
introduces challenges such as different cooperation levels required among Access Point (AP), and algorithms
designed to optimize multiple objectives, particularly the User Equipment (UE)’s Spectral Efficiency (SE)
[10, 11]. Leveraging user location can significantly improve resource allocation by dynamically adjusting
resource distribution. Knowing UE’s location helps to optimize the beamforming weights by forming narrow
beams for each user, steering them appropriately, and assigning power coefficients based on the channel
information [12], thereby maximizing the efficient use of limited spectrum. With location information, we
make sure that APs with better channel conditions are activated to serve the user and not just the APs
that are closer to the user. Knowing the user clusters helps to optimize the resources and ensures that a
single AP does not get overloaded, the buffer size does not increase, and each user receives a fair share of
resources. This also helps to reduce power and allocate it in an adaptive manner instead of allocating the
same power to each user. The other main plus point of having the location estimate is that the APs can be
pre-selected, and a smooth handover procedure can be implemented while never compromising the QoS.
For better positioning accuracy and optimized resource allocation, AP selection becomes crucial, catering
for the geometry and reducing front-haul complexity. According to the user distribution, the contribution
from some APs can lead to higher user interference, decreasing the Signal to Interference and Noise Ratio
(SINR). The authors in [13]| propose a method of AP selection along with signal detection capable of
enhancing UE‘s throughput, thus reducing the amount of data load for the fronthaul link, where they propose
a solution that considers channel quality and effective channel gain and sequentially allocates the APs to
the users. In [14], the authors show that the AP selection scheme effectively provides downlink SE results
while granting load balance with large power reductions. In [15], the authors analyse the impact of different
UE velocities on downlink SE and how it affects performance. They emphasize the importance of pilot
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training up to a certain velocity and address the effects of channel ageing caused by mobility. To mitigate
channel ageing, precise user tracking is necessary. User tracking helps implement the different techniques of
distributed beamforming. The most common effective beamforming approach is the Minimum mean square
error (MMSE) beamforming, which offers a balance between Maximum Ratio Transmission (MRT') and Zero
Forcing (ZF) as it behaves like MRT at low Signal to Noise Ratio (SNR) and approaches ZF at high SNR
[16].

If we consider the downlink power optimization problem jointly linked with beamforming and a desired
SINR to be achieved, the location estimate helps to design better precoders for distributed beamforming,
aiding in better power and resource allocation using differnt optimization approaches for a non-convex
problem [17, 16]. [18] shows how different positioning errors affect the beam direction for different numbers
of transmitted resource blocks. Higher frequency gives a better location estimate, thus a more directed
beam which reduces power and increases the throughput of the network. The amount of accuracy required
for the position estimate depends on the application it is being implemented for:

e Autonomous Driving (< 10 ¢m): In an urban environment with a high density of objects and no Line
of Sight (LOS), assuming a high number of connected sensors and overabundance of information an
accuracy of < 10 e¢m is required for 6G based 3D localization [19].

e Industrial Robotics (10—30 ¢m) For industrial automation, 3GPP release 16 and 17 have set a standard
of less than 30cm of accuracy with a standard Time of Arrival (TOA) approach [20].

e Augmented Reality (AR) and Teleoperation (1—10 ¢m)- Teleoperation is one of the crucial applications
for 6G and beyond. This helps patients to choose doctors without being location-bound, and more
importantly, it provides medical facilities to remote areas. An accuracy of 1 — 10 ¢m is required to
successfully implement this application [21].

Carrier phase positioning (CPP) is one of the key enablers for achieving the cm-level localization accu-
racy demanded by emerging 6G applications [22, 23]. Originally developed within the GNSS community,
CPP exploits the phase of the received carrier signal.. This capability makes CPP a promising approach for
terrestrial positioning, where high-frequency operation, dense access point deployment, and precise synchro-
nization can further enhance phase resolution and enable sub-centimeter accuracy. As positioning accuracy
becomes a critical enabler for communication—localization co-design, CPP stands out as a vital technique
to bridge the gap between satellite-based and terrestrial localization systems.

Despite these opportunities, the practical implementation of CPP in cellular networks introduces several
challenges. The most critical one is the integer ambiguity problem, which arises because the observed carrier
phase is indistinguishable from any integer multiple of the signal wavelength [24]. This ambiguity leads to
multiple possible range solutions and necessitates specialized algorithms for ambiguity resolution. Moreover,
CPP performance strongly depends on precise synchronization among transmitters and receivers, as even
minor phase misalignments or hardware impairments can severely degrade positioning accuracy. Multipath
propagation and NLOS conditions further complicate phase interpretation, while network scalability and
fronthaul latency pose additional implementation difficulties in distributed architectures. To address these
issues, a range of approaches have been investigated, including differential phase measurements, hybrid
time—phase estimation, multipath-assisted ambiguity resolution, and recent deep learning—based solutions
[25, 26].

Most existing CPP studies, such as [27, 28, 29], have considered hybrid localization schemes that fuse
carrier phase measurements with other positioning observables like TOA or angle of arrival (AoA). For
instance, [27] introduces CPP-enhanced time/angle-based positioning schemes, while [28] proposes a novel
CPP framework for 5G New Radio (NR) networks, where UE positions estimated from time-difference-of-
arrival (TDoA) are combined with phase-derived position changes over time. Similarly, [29] investigates the
CPP problem in a cellular LOS scenario and establishes a fundamental performance bound that explicitly
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accounts for integer ambiguity. These hybrid schemes demonstrate that CPP can significantly enhance
positioning accuracy when jointly exploited with complementary time- or angle-based measurements.

Recently, CPP has emerged as a distinct research direction, aiming to achieve precise localization us-
ing solely carrier phase observations. Unlike hybrid methods that treat phase as auxiliary information,
this paradigm fully leverages the fine-grained phase data as the sole input for estimating the UE posi-
tion. Such an approach offers opportunities for low-latency and low-overhead localization, as it eliminates
the need for synchronization-intensive time-based observables. In distributed and phase-coherent Multiple-
input multiple-output (MIMO) systems, carrier phase localization has been shown to offer promising accu-
racy under ideal synchronization conditions [26, 30]. Specifically, [26] introduces a carrier phase only UE
positioning framework employing two Deep learning (DL)-based solutions under perfect hardware assump-
tions, while [30] proposes a deep learning—driven localization method leveraging the hyperbola intersection
principle, achieving improved robustness against antenna element failures and outperforming conventional
approaches. These studies highlight the potential of CPP to serve as a core building block for high precision,
scalable, and learning-driven localization in 6G networks.

Accurate user positioning is also essential for reliable communication and beamforming. However, tra-
ditional positioning methods continue to face challenges when dealing with wideband and multi-subcarrier
signals that are typical of modern wireless networks. In dense urban and outdoor microcell environments,
the effects of multipath propagation and shadowing significantly degrade localization performance [31]. To
overcome these issues, recent research has focused on applying machine learning techniques to Distributed
MIMO (D-MIMO) architectures, enabling data driven position estimation based on received signal features.
The work [32] proposed a Gaussian Process Regression (GPR) framework that maps the uplink Received
Signal Strength (RSS) data to user positions while mitigating shadowing effects through probabilistic mod-
eling. This approach has shown notable improvements in localization accuracy compared to conventional
deterministic methods. To further enhance computational efficiency, the authors [33] introduced a two-phase
clustering and regression strategy, where fingerprint data are first grouped using affinity propagation, and
a localized GPR model is trained within each cluster. This method maintains high positioning accuracy
while reducing training and inference complexity. The authors [34] developed a delay—Doppler domain par-
ticle filter that performs direct positioning using the CSI of OFDM signals, eliminating the need for strict
inter-base-station synchronization. The work [35] applied an Extended Kalman filter (EKF) to sequentially
estimate user position and velocity from combined TOA and Angle-of-Arrival (AoA) measurements in a
D-MIMO environment, demonstrating robust tracking capability and reduced computational complexity
compared to particle-filter-based methods.

With the evolution toward 6G networks, the demand for ultra-high precision positioning has become even
more critical. 6G aims to support emerging applications such as autonomous driving, drone coordination,
and immersive extended reality, all of which require cm-level accuracy and ultra-low latency localization.
However, achieving this level of precision introduces new challenges due to severe path loss, blockage, and
the high sensitivity of mmWave and sub-terahertz frequency bands to NLOS propagation. To address these
limitations, researchers have started to combine geometric signal processing with data-driven inference to
improve positioning robustness and beam alignment. The authors in [36] proposed an EFIM-guided hybrid
beamforming method that jointly optimizes the beam pattern based on the Equivalent Fisher Information
Matrix, thereby improving both positioning accuracy and communication reliability. The work [37] investi-
gated RIS-assisted angular beamforming, where controllable reflections are used to reconstruct blocked LOS
paths, enhancing localization in dense environments. As 6G networks push toward higher frequencies and
greater localization precision, mmWave communication has become a key enabling technology. Operating
in the 30-300 GHz range, mmWave provides ultra-high data rates, low latency, and fine-grained spatial
resolution, which are essential for both high-throughput communication and cm-level positioning. Its capa-
bility to form narrow, directional beams allows the extraction of rich spatial information, making it highly
effective under challenging NLOS conditions. To further enhance system performance, D-MIMO architec-
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tures have been introduced, where spatially separated AP collaborate through a centralized processing unit.
This distributed design improves spatial diversity and coverage, significantly benefiting localization accu-
racy and link robustness. Recent studies have demonstrated promising progress in this direction. In [38],
they proposed a beam prediction and adaptation hybrid beamforming method that leverages user position
information to predict optimal beams, thereby reducing search overhead and improving spectral efficiency.
The authors in [39] developed a fast in-band beam tracking algorithm that jointly estimates the user’s
channel and position to dynamically refine beam directions during mobility, ensuring stable connectivity
with minimal latency. In [40], they introduced an EKF-based beam tracking framework that continuously
updates angular and range states using real-time channel estimates, enabling fast and stable beam alignment
under high mobility conditions in mmWave networks. The authors in [41], have explored joint channel posi-
tion estimation frameworks that integrate localization and beamforming into a single optimization process,
achieving sub-meter accuracy in dynamic environments. The integration of mmWave communication with
D-MIMO architectures has not only improved positioning accuracy but also opened the path for advanced
beam management strategies that exploit location information directly within the beamforming process.

The integration of these high-precision localization techniques with intelligent beam control has led to
the emergence of Positioning-Aided Beamforming (PA-BF) a unified framework that aligns communication
and sensing objectives within the same spatial domain. In this paradigm, user location and motion in-
formation are not treated as auxiliary data but as core parameters that actively influence beam selection,
alignment, and tracking. By leveraging accurate positioning estimates, the network can predict optimal
beam directions and dynamically adjust them to follow user mobility, thereby reducing beam-training over-
head and improving reliability under NLOS and high mobility conditions. This joint design transforms
conventional beamforming into a location-aware process that enhances spectral efficiency, minimizes la-
tency, and maintains stable connectivity even in dense urban or fast changing environments. In D-MIMO
and mmWayve architectures, PA-BF serves as the key enabler that converts precise localization into action-
able beam management intelligence laying the foundation for adaptive, context-aware, and energy-efficient
wireless communication envisioned in 6G systems.

1.3 Recent works on joint radio positioning and sensing / simultaneous
localization and mapping (SLAM) with cm-level accuracy

Radio SLAM builds upon the SLAM foundations in robotics [42], where the workhorse algorithm for nearly
two decades has relied on an EKF to jointly estimate the unknown state of the robot and environmental land-
marks. However, the EKF-SLAM algorithm has several shortcomings when using monostatic measurements
and other sensing modalities such as Lidar and camera, typical in robotic SLAM:

1. Quadratic complexity in the number of landmarks [43] making real-time operation challenging for
large maps with potentially thousands of landmarks;

2. Very optimistic uncertainty estimates which can cause the EKF filter to diverge [44];

3. High sensitivity to data association (DA) errors (i.e., the incorrect matching of measurements and
estimated landmarks) which can lead to catastrophic failure of the algorithm [43].

Due to the aforementioned drawbacks, alternative approaches to solve the problem have been developed and
nowadays one of the most widely used algorithms is the GraphSLAM approach[45, 46]. However the work
[47] is combining EKF-SLAM algorithm with dynamic covariance scaling (DCS) to improve the capability
in radio-SLAM to handle DA errors.

The early radio SLAM algorithms have utilized the EKF for inference [48, 49|, but due to the notoriously
challenging DA problem and the inability of the EKF to handle DA uncertainty, also the radio SLAM
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research field has evolved past the EKF algorithm. To this end, the state-of-the-art radio SLAM algorithms
can account for DA uncertainty and the problem is typically solved either by using belief propagation (BP)
on factor graphs [50] or Random finite set (RF'S) theory combined with Monte Carlo methods [51].

Usually, when dealing with SLAM with dynamic environment, the majority of work are filtering out
the moving objects. In this way the target is identified and classical SLAM algorithm can be applied [52].
The dynamic environment is categorized according to how much the environment is moving. In [53, 54]
the algorithm used is the Dynamic Pose Graph (DPG) SLAM that allows to manage environment with
low dynamic object. The technique employed integrate information about the moving objects in the scene
without the necessity of actually estimating the pose of the objects or relying on the 3D model. In [54]
the goal is to identify the stationary portion of the environment, for future uses combined with up to date
dynamic object. The technique used is the DPG. It uses the prior information that some of the structure
points belong to moving objects and these points can be associated in subsequent frames. There are works
like [55, 56] that track the dynamic objects as separately using traditional multi-target tracking.

The work [57] is the first example of the integration of Detection and Tracking of Moving Objects
(DATMO) and SLAM to addresses the critical challenge in autonomous navigation through dynamic envi-
ronments, such as urban areas populated with vehicles, pedestrians, and other moving agents. Traditional
SLAM algorithms typically assume a static world model. SLAM with DATMO approach extends the
probabilistic framework of SLAM by incorporating the detection and tracking of dynamic elements in the
environment. This is achieved by separating sensor measurements into static and dynamic components,
allowing the system to simultaneously build a map of static landmarks while identifying and predicting the
behavior of moving objects. A motion-based detector is employed to recognize dynamic elements, which are
then tracked using Multiple Hypothesis Tracking and modeled through a constant-velocity assumption or
more complex motion models when needed. Technologically, the system is implemented using laser scanners
for environment perception and odometry for motion estimation. The overall estimation process is han-
dled through an EKF. This separation of SLAM and DATMO posteriors ensures computational efficiency
and improves robustness by avoiding contamination of the static map with dynamic features. The combined
SLAM with DATMO framework demonstrated significant improvements in both mapping fidelity and object
tracking reliability compared to traditional SLAM systems, making it highly suitable for applications such
as autonomous driving and intelligent driver-assistance systems. There is a drawback for complex motion
model where is difficult to decompose the measurements coming from stationary and moving objects. This
require to analyze the data over a sufficient period of time using complex feature extraction algorithms.
SLAM with DATMO decomposes the estimation problem into two separate estimators. By maintaining
separate posteriors for stationary objects and moving objects, the resulting estimation problems are much
lower dimensional than SLAM with generalized objects.

Another technique proposed in the literature is the simultaneous localization and mapping and Multi-
Object Tracking (SLAMMOT) [58]. Conventional Multi-Object tracking (MOT) methods rely on a known
and accurate ego-pose, which is not always available or reliable in unknown environments. To address these
challenges, SLAMMOT systems have been developed to jointly estimate the state of the ego-vehicle and
surrounding moving objects in a tightly-coupled framework. One of the central challenges in SLAMMOT is
the handling of dynamic objects that may become occluded, missed, or incorrectly associated across frames.
To overcome this, SLAMMOT method introduces a confidence-guided implicit data association strategy.
There is a dynamic associations integrated into a joint graph optimization backend that simultaneously
updates the states of the ego-vehicle and the tracked objects. By incorporating dynamic object information
as a resource rather than interference, SLAMMOT not only enhances robustness in dynamic scenes but also
improves overall pose estimation accuracy.



Chapter 2

Sensing-related algorithms developped in
MiFuture

2.1 Channel estimation and tracking

Channel estimation plays a pivotal role in the performance of OTFS modulation, particularly in high-
mobility scenarios. A key advantage of OTFS lies in its representation of the wireless channel in the DD
domain, where each channel tap is associated with a specific delay and Doppler shift. This representation
not only facilitates robust communication under doubly dispersive conditions but also provides a physically
meaningful interpretation of the propagation environment. Each DD tap corresponds to a distinct propa-
gation path, with the delay indicating the distance to a reflecting object and the Doppler shift revealing its
relative velocity. This inherent structure makes OTFS channel estimation particularly attractive for ISAC
applications, where the same waveform is used for both communication and environmental sensing. By
accurately estimating the DD channel, it becomes possible to extract valuable situational awareness infor-
mation, such as object location and motion, directly from the communication signal [59]. As illustrated in
the Figure 2.1, the DD domain channel effectively models the physical environment, capturing both motion
and spatial characteristics [59]. Based on this structure, this modulation has great potential to be used in
ISAC applications [60, 61]. This dual functionality underscores the potential of OTFS as a foundational
technology for future wireless systems that integrate sensing and communication.

Several recent studies have explored channel estimation techniques for fractional delay and Doppler in
radar and ISAC applications. In [62], the authors used Time-Frequency (TF) spreading codes, previously
applied in Gabor Division Spread Spectrum (GDSS) systems, to approximate the ambiguity function of the
GDSS signal as a Two-Dimensional (2D) sinc function. They proposed two algorithms: the first uses 2D
sinc interpolation via optimization for higher accuracy, while the second employs quadratic interpolation to
provide an approximate closed-form solution that can serve as an initial point for the first algorithm. The
approach presented in the paper offers a good trade-off between complexity and performance. However, it
is limited to radar scenarios with a single tap and does not address multi-tap channels. Additionally, it
lacks comparison with other methods and only evaluates the Root Mean Square Error (RMSE) of the two
proposed algorithms. In [63], the authors prove that the Range-Velocity (RV) matrix used in conventional
radar sensing is equivalent to the DD channel representation. They further demonstrate an equivalence
between the Fast-Time-Slow-Time (FTST) and Delay-Time (DT) matrices, which supports the relevance
of OTFS in ISAC systems. Based on this, the authors proposed an approximate closed-form solution for
estimating fractional delay and Doppler using pulse compression and 2D correlation between the received
and transmitted signals in the DD domain. However, this method is only applicable when no two channel
taps share the same integer delay or Doppler. In [64], a 2D correlation-based framework was used to
propose the Maximum Likelihood based on Multi-Frame Superposition (ML-MFS) method for estimating
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and ESPRIT-type methods across a wide range of SNRs and array sizes. Its main advantage stems from
reducing multi-source searches into tractable single-source optimizations without compromising estimation
resolution.

Motivated by its strong theoretical and empirical performance, we extend PR concepts to radiative near-
field estimation. In particular, we examine two representative PR variants. The first is a covariance-fitting
estimator (PR-CF), inspired by the JADE framework in [74], where user signals are treated as unknown
and the estimator fits the received covariance matrix directly. Covariance fitting has demonstrated strong
robustness and high accuracy in joint delay—angle estimation tasks, making it a natural candidate for
near-field applications. The second is a pilot-assisted maximum-likelihood variant (PR-ML), designed for
scenarios where the user pilots are known at the receiver and can be exploited to perform a structured
ML search over the near-field parameter space. PR-ML provides a reference estimator under known-signal
conditions.

In summary, our estimator set consists of: (i) 2D-MUSIC as a classical high-resolution baseline validated
in near-field literature; (ii) PR-CF as a powerful covariance-fitting estimator for unknown transmitted
signals; and (iii) PR-ML as a pilot-aided PR estimator that leverages known training sequences for enhanced
estimation performance.

2.2.2 Sensing Bounds

To quantify the fundamental limits of near-field sensing and benchmark the performance of the considered
estimators, we evaluate a comprehensive set of Cramér—Rao Bounds (CRBs). These bounds differ in the
structural assumptions imposed on the channel model and in the amount of prior knowledge available at
the receiver.

At one extreme lies the non-parametric CRB, which treats the channel vector as an arbitrary deter-
ministic parameter without exploiting any geometric near-field structure. This bound characterizes the
performance limit of estimators that operate without a physical propagation model and therefore serves as
a useful baseline.

At the other extreme, the parametric near-field CRB incorporates the spherical-wave array response
through the range—angle parameterization of the channel. This produces a much tighter bound that reflects
the information carried by the physical near-field geometry. Depending on the signal assumptions, both
deterministic-signal and Gaussian-signal parametric CRBs are considered, following the classical formula-
tions in [75].

Beyond these classical bounds, we also incorporate Partial-Relazation (PR)-specific constrained CRBs
(CCRBs). The CCRB is a lower bound derived for estimation problems in which certain nuisance parameters
are “relaxed” while the structural array model is preserved. In our study, the PR-CCRB corresponds to
the scenario where the transmitted user signals are unknown but the near-field steering-vector structure is
maintained. This bound reflects the best achievable performance of PR-type estimators operating under
unknown-signal conditions and captures the effect of relaxing part of the signal model while retaining the
geometric near-field constraints.

Finally, when training pilots (known signals) are available, we also evaluate the PR-CRB for known
pilots, which represents the accuracy limit of our PR-ML estimator under fully known training sequences.

By jointly examining the non-parametric CRB, the classical parametric CRBs (deterministic and Gaus-
sian), the PR-CCRB for unknown signals, and the PR-CRB for known pilots, we obtain a unified view of
the theoretical limits associated with each estimator and each information scenario. This enables a com-
prehensive performance comparison between 2D-MUSIC, PR-CF, and PR-ML across different signal and
structural assumptions.

12
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2.2.3 Role within Hybrid Intelligent Surfaces

The estimation algorithms and sensing bounds described above are intended to support a broader vision of
hybrid intelligent surfaces in future UM-MIMO-based cellular networks. In such systems, communication,
sensing and learning are tightly integrated: high-rate data transmission is combined with fine-grained user
localization, environment mapping and situation awareness. Accurate near-field sensing is a key enabler
for these capabilities, as it allows the network to exploit the full spatial degrees of freedom offered by
ultra-massive arrays and to adapt its operation in a user-centric manner.

By systematically comparing subspace-based, covariance-fitting and pilot-assisted PR estimators against
a rich set of CRBs, our study highlights the trade-offs between estimator complexity, required prior knowl-
edge and achievable accuracy in realistic near-field conditions. This insight is instrumental for designing
hybrid-intelligent procedures that can select or combine estimators depending on the operating regime
and service requirements, ultimately contributing to more reliable and efficient sensing in next-generation
cellular-free and UM-MIMO deployments.

2.3 Clutter Suppression in Bistatic mmWave ISAC Systems

As wireless networks evolve into perceptive networks through the integration of sensing, achieving reliable
sensing performance is vital for effectively addressing the promising use cases of ISAC systems. In this
regard, clutter poses a significant challenge in ISAC systems, and its suppression is of paramount importance.
Here, clutter refers to static objects in the sensing environment that mask target parameters and degrade
sensing performance. To mitigate the effects of static clutter, a novel two-dimensional clutter suppression
algorithm is presented, and its effectiveness is demonstrated through computer simulations compared with
the state-of-the-art methods.

Considering a MIMO-OFDM ISAC system operating at mmWave frequencies, each multipath cluster in
mmWave systems corresponds to a physical object; therefore, clutter can be modeled as a multipath cluster
[76]. Consequently, since the ISAC transmitter emits an OFDM waveform across K active subcarriers
and M; symbols to perform the sensing task, the overall target and clutter channel can be expressed as
Hk,m = H'%k,m+HS, € CNeXNT | wwhere H} ,, denotes the channel corresponding to the k-th subcarrier
of the m-th OFDM symbol.

Ngg
. . 1
Him = Hf . + Hf , = \/arcs e /242 Is0e 5 ag, (0,)ag, (0,) + VN, > V/ORCS {ORCS A
n=1

x € I2TRAIT I3 T fDe g0 (9, 4 $o)adl (6,), (2.1)

where Af is the subcarrier spacing, Ts is the OFDM symbol duration, 6, denotes the azimuth AoD, and 7
and 7, are the delays associated with the target and each ray in the clutter channel, respectively, with all
clutter rays assumed to share the same delay 7,,. The quantities fp, and fp_ represent the Doppler shifts of
the target and clutter, respectively. The angular spread in the clutter channel is modeled by representing
the azimuth AoA of the n-th clutter ray as ¢n ~ N (0., U?xs)’ where 6. is the mean azimuth AoA and oag
denotes the angular spread [77].

Although the radar cross section (RCS) is a deterministic quantity measured in square meters (m?),
statistical approaches are commonly employed to model the behavior of objects with complex shapes. Con-
sidering objects with irregular geometries and larger sizes, such as walls or buildings, these may contain
multiple scattering points distributed across their surfaces, all of which can backscatter the incident wave
toward the receiver. The RCS of an object containing N, scattering points can be expressed as [78]

2

ORCS,c = ) (2.2)

Ncl
E Vol
n=1
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where arcs,c denotes the total RCS of the object, \/ome?¥n represents the complex reflectivity of the n-th

scattering point, and arcs, = |\/a_nej"’" |2 is the RCS of the n-th point on the object. As a result, based on
(2.2), the clutter RCS can be modeled using the Swerling-I model [79], where arcsn ~ CN(0, arcs,c/Na)
represents the RCS of the n-th ray in the clutter channel. Furthermore, since clutter arises from isotropic
scattering of the incident signal, the total RCS contribution of the clutter is modeled as arcs tarcsn. The
received array steering vector is given by arx(6,) = [1, eimsinbr L ej"(NR_l)Si“‘gT}T € CVrX1 and the
corresponding transmit steering vector aty(f;) € CVT*1 is defined analogously.

In an OFDM frame, the Doppler shift manifests as phase variations across M; OFDM symbols, while
the delay corresponds to phase shifts across K subcarriers. These relationships allow the Doppler and delay
to be represented as steering vectors in the slow- and fast-time domains, respectively [80]. Consequently,
the Doppler steering vector is given by

d(fD) — |:]_7 ej27rTst, cee ej27"Ts(Ms_1)fD:|T’ (23)

where d(fp) € CM=*1, Accordingly, the space—time steering vector can be defined as ¥(fp,f) = d(fp) ®
ag,(0) € CM=NrX1 Thereafter, the received OFDM signal, after removing the transmit symbols, is expressed
as

Ye=91+9%

Ncl
= (R Dw 0r)af (B)e ™A™ 4 [0S " W(f,, 0 + n)af(B)e A rry +ap, (24)

n=1

where §t, $¢, and $, € CMsNrX1 denote the target, clutter, and total received signals for the k-th subcarrier,
respectively. The noise term zx ~ CN(0,0% I, n,) represents the vector of additive white Gaussian noise
(AWGN) samples.

Following the space-time representation in (2.4), the proposed two-dimensional root-multiple signal
classification (MUSIC)-based clutter suppression algorithm is employed to enhance sensing parameter esti-
mation. Furthermore, based on the proposed algorithm, a space—time receive filter is designed to improve
the signal-to-clutter-plus-noise ratio (SCNR). In the proposed algorithm, the target and clutter components
are first jointly detected using the minimum description length (MDL) criterion [81]. The algorithm is then
initialized based on the detected objects in the sensing environment, which are assumed to correspond to
the sensing target and clutter. Further details regarding the algorithmic implementation and simulation
parameters are provided in [82]. Extensive computer simulation results are presented below.

The SCNR results for different N and oas (angular spread) values are demonstrated for varying Pry
values in Fig. 2.3. The SCNR improves as Pry increases across all cases and tends to saturate when Pry
exceeds 25 dBm. As the number of rays in the clutter channel increases, the SCNR decreases, indicating that
the clutter signal becomes more dominant and interferes more with the target signal. Moreover, for all N
values, only a slight performance degradation is observed when the angular spread increases from oag = 0°
to oag = 3°, validating the robustness of the proposed algorithm against angular spread introduced by the
clutter channel.

In Figs. 2.4(a) and 2.4(b), the RMSE performance of the proposed method is compared with the back-
ground subtraction (BackSub) benchmark algorithm presented in [83], where 2D-rootMUSIC is employed for
target parameter estimation. Ideally, the BackSub algorithm first captures a reference signal y..r = 37, + zfcef
under the simplifying assumption that no actual target is present in the sensing area. When a target ap-
pears, the algorithm subtracts y,ef from the received signal ¥ to remove the clutter effect. In contrast, the
proposed method estimates target parameters directly from ¥, eliminating the need for a reference signal.
As an additional more realistic baseline, Fig. 2.4(a) considers also a scenario in which a point-scatterer object
sharing the same RCS as the target, characterized by {6, = 0, + Af,v, = 5m/s}, is present during AoA

14
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To compensate for the position error and to allocate the right set of APs for distributed beamforming,
we deploy an eigenvalue-based approach. The benefit of having eigen-beamforming is that the precoder
can pick the best eigenbeams, which compensate for the error and reduce the overhead significantly. Also,
by knowing the user’s location and the estimated error covariance, a more dynamic preselection and AP
grouping can be carried out, again by utilising the concept of eigenvalues. This makes the SINR equation
not only have interference from the other users, but also from the APs which are in the vicinity of the user
but are not contributing. If H is the channel estimated using the location of the user in the downlink, the
eigenvalue decomposition can be given as H = USVH where V¥ are the downlink beamforming vectors
and S are the diagonal eigenvalues. Now, if the position is acquired using TOA, the ranging accuracy in

the ideal case can be given as .
2

= +/E[Ad?] > B2\/_ SN (2.5)
where AD = cAr, ¢ being the speed of light, and A7 is the time difference from the actual time taken to the
time taken due to noise and interference that results in positioning errors. For different position accuracy
requirements, we can calculate the SNR for a certain Bandwidth B. Now, if this is the minimum SNR which
is required, the minimum eigenvalue can be calculated with the help of the total power which is transmitted
by an AP. This can be given as: Spin = W Now we can form AP clusters that have eigenvalues
above Spin. This would help choose APs which would not affect the throughput of the network even with
positioning errors. For M APs such that m € {1,2,..., M} the cluster can be formed as m € M} for user
k. The set My has the APs which could serve and are in the vicinity of the user k, but not all of them are
utilized depending on the SINR requirements, thus the other APs belonging to this set are the interference
for user k. We denote the APs serving the user by the set Si. This brings us to a more interference-aware
SINR equation for the user k for the network with K users, such that k € {1,2,...,K}:

Zmesk Pmk; | kgmk|

SINRy, =
Em’eMk Zj;élc P ‘Hm’kgm'j‘ +o?
m/ ¢Sy,

(2.6)

Here, pp,; is the power transmitted by AP m to user k, H,,; is the channel and g,,; are the beamforming
vectors that are calculated from MMSE beamforming using the eigenvectors V' and o2 is the noise variance.
This optimizes power, reduces interference that increases the SE of the network.

A power optimization problem of minimizing the overall network power pg, which is the sum of powers
across all the APs can be given as:

K
min Zpk (2.7)

+ k=1
subject to SINRk(p, g) > SIN Rgesired ks VEk=1,..., K, (2.8)
Pmin,k Spk Spma.x,k) Vk = 1;"'7K' (29)
< P (2.10)

In figure 2.6 power optimization graph is illustrated which shows how choosing the right set of APs can
help reduce the overall power of the network compared to when all the APs try to do the beamforming to
the user k, during errors in the position estimation.

Further, the average SE of the network can be calculated, and the APs could be preallocated depending
on the movement of the user and the fairness of the system, such that they work to increase the overall
throughput of the network.
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Chapter 3

Positioning-related algorithms
developped in MiFuture

3.1 Machine Learning for Carrier Phase Positioning

The rapid proliferation of data-driven applications and the need for accurate, low-latency services in 5G
and beyond have driven the exploration of artificial intelligence (AI) techniques to overcome the limitations
of traditional wireless algorithms, particularly in dynamic and complex environments. In localization and
positioning, ML enables systems to extract robust features from noisy measurements and adapt to envi-
ronmental variability, offering superior accuracy and responsiveness compared to conventional model-based
methods [85].

As surveyed in detail in [86], AT and ML methods have been increasingly adopted in both range-based
and fingerprint-based localization approaches, enhancing accuracy and robustness in dynamic environments.
For instance, supervised and unsupervised learning techniques are widely employed to mitigate non-line-
of-sight (NLOS) errors in systems based on time-of-arrival (ToA) and ultra-wideband (UWB) ranging [87],
while deep learning and clustering algorithms significantly improve fingerprinting-based indoor positioning
systems by reducing storage and computation overheads [88]. Moreover, reinforcement learning is applied in
trajectory learning and autonomous robot navigation, showcasing the versatility of ML in handling multi-
modal data and adapting to environmental variations [89]. Among the various localization techniques and
MIL-based algorithms, this section focuses on the benefits of incorporating ML into the CPP process.

We consider an uplink scenario consisting of a UE and I distributed and mutually phase-synchronized
APs. An example scenario with ten APs is shown in Fig. 3.1.

The UE has an unknown position e € R? whereas the APs have known positions ®ap; € R? for
i € {0,...I—1}, with the scenario being extendable to R3. When the UE transmits a unit-power narrowband
pilot symbol s occupying a bandwidth W with a transmit power P, the received signal at the i-th AP over
the LOS link is y; = v Ep; exp(—j (277rdZ —6))s + v;, where E = P/W is the symbol energy, p; is the path
loss from the UE to AP %, d; = |@ye — Tap,i|| is the Euclidean distance, 6 is the common phase offset between
the UE and the AP network, and v; ~ CN(0, Ny) represents additive white complex Gaussian noise. By
processing y;, the resulting phase observations can be formulated as

2
ri=—77rdi+9+27"zi+”i> (3.1)

where z; € Z is the integer ambiguity, and we model n; ~ N(0,02). From (3.1), we can take one AP as
reference, e.g., i = 0, and compute differential measurements as

_A
2

Om = (Tm —710) = A+ kA + Wy, m e {1,...,1 -1}, (3.2)
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By unwrapping the pilot phase and performing a linear least-squares fit across the pilot subcarriers, the
estimated delay is obtained as

1 dZHy
F=—— 3.14
T Tor dfy (314)
where ZHj, denotes the unwrapped phase of the frequency response at the k™ pilot tone.
The timing uncertainty is modeled as
K
Or= ————— or = CO. 3.15
"~ BWVSNR T (3.15)

and serves as the weighting factor for range fusion during position estimation.
Each BS employs an Uniform Planar Array (UPA) for AoA estimation using the three-dimensional
MUSIC algorithm. The space-frequency steering vector is defined as

ag(a,e,7) =b(r) ® a(a,€) (3.16)

where ® denotes the Kronecker product, b(r) = [e~92"/ kT]f:"ill"t is the frequency-domain steering vector, and
a(a, €) represents the spatial UPA steering vector parameterized by azimuth o and elevation e.
Given the space-frequency covariance matrix Rgr, the MUSIC pseudospectrum is expressed as

1

P b} = TH o
R

(3.17)
where E,, denotes the noise subspace obtained from the eigen-decomposition of Rg. The spectral peak of
P(a,€,7) yields the 3D MUSIC estimates (&, €, Tmusic)-

Finally, a hybrid Weighted Least-Squares (WLS) estimator fuses the ToF and AoA measurements by
minimizing the cost function

o p () () ()

. . o .
1 1 (2

where x is the unknown UEs position, b; denotes the itt BSs position, c is the speed of light, and (#;, &, &;)
are the corresponding measurements with standard deviations (o, 0q, 0¢).
The position estimate is refined iteratively using a damped Gauss-Newton method

X1 =X — (JTI + puI)"13Te (3.19)

where J is the Jacobian of residuals, u is a damping factor, and e represents the residual vector. Convergence
is achieved when || X1 — Xg|| < 10™%. The resulting estimated position % provides the foundation for beam
direction initialization in the PA-BF stage.

A Monte-Carlo simulation with NT=100 independent trials was conducted to evaluate the robustness
of the proposed framework under LOS indoor conditions. In each trial, random shadowing and noise were
regenerated to emulate realistic link variability among the distributed BSs. Fig. 3.5 presents the empirical
Cumulative Distribution Function (CDF) of the positioning error. The median (Q50) error is 37.9 cm, the
90th percentile (Q90) is 88.8 cm, and the 95th percentile (Q95) is 115.6 cm. Nearly all localization estimates
lie within 1 m of the ground truth, validating the centimeter-level accuracy of the hybrid ToF and AoA fusion
scheme. The results show that the proposed framework achieves a mean localization accuracy of 30-40 cm
with limited variation across users. Central UE achieves the lowest errors due to symmetrical BSs visibility,
while corner UEs show slightly higher variance caused by wider angular spread. Despite these differences,
all UEs maintain sub-meter accuracy across most trials. Fig. 3.6 shows the error heatmap, depicting per
UE localization error (cm) over all trials. The majority of errors remain within the 0-100 cm range (dark
blue regions), confirming high positional stability. Only a few isolated high-error instances (yellow bands
exceeding 400 cm) appear when certain BS-UE links fall below the SNR threshold.
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Chapter 4

Radio SLAM-related algorithms
developped in MiFuture

Radio SLAM refers to the process of using radio signals, such as 5G or 6G, to simultaneously estimate a
device’s location and build a map of the surrounding environment (i.e., estimate the landmarks’ positions).
Unlike the traditional SLAM methods from robotics that rely on visual or inertial sensors, radio SLAM
leverages the spatial and temporal characteristics of the radio wave propagation, including multipath re-
flections and, possibly, signal strength variations. This approach is particularly valuable in environments
where visual sensing is unreliable or unavailable, such as dark, smoky, or cluttered industrial spaces, and
can be integrated into existing wireless infrastructure for low-cost deployment. A central challenge in radio
SLAM is the DA problem, which involves correctly matching observed radio features (e.g., signal reflections,
channel impulse responses) to physical landmarks or previously mapped signal sources. Unlike visual fea-
tures, radio signals are often ambiguous due to multipath propagation, dynamic environments, and NLOS
conditions. This makes it difficult to determine whether a received signal corresponds to a known location,
a new feature, or a transient change in the environment. Solving the data association problem is critical for
maintaining accurate localization and consistent map updates, and typically requires probabilistic models,
machine learning techniques, or fusion with other sensor modalities to improve robustness. The DA aspects
are addressed in Section 4.1.

4.1 Data Association Problem

In EKF-SLAM algorithm one of the main drawbacks is the capacity of handling data associations errors. In
[47] the authors try to solve this problem using a robust cost function that is correcting the measurement
noise covariance in the update step of the EKF algorithm. Instead of minimizing the negative log posterior
which is proportional to the sum of the likelihood and the prior, we propose to minimize:

1 9 1 g
§ = — X P R ‘ 4.1
d(xx) 2ka xk|k—1llpk|}c_1 5 ;zo p(ei), (4.1)
where £2 £ ||zt — g(x'lz(i))H%R;-c )-1 is the error and p(-) is a robust cost function. The chosen robust cost

function is the DCS method, it has a low computational overhead and has shown good performance in
graph-based SLAM. DCS provides a closed-form solution for computing the scaling factor individually for
each measurement which depends on the original error term. The DCS cost function is given by [92]

p(e}) & sfed + (1 — )2, (4.2)
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Chapter 5

Conclusions and future research

5.1 Main findings

Our MiFuture research in radio-based positioning and sensing demonstrates that centimeter-level ac-
curacy is achievable for both user equipment (UE) localization and environment mapping under
realistic conditions. Theoretical lower error bounds in Collaborative Radio SLAM confirm that, when
multiple UEs cooperate, estimation errors for both UE positions and scatterer locations can approach the
centimeter level. Importantly, these bounds improve significantly with the number of collaborating devices
or users, converging toward the theoretical limit when hundreds of UEs are deployed. This scalability
highlights the strong potential of collaborative approaches for high-precision positioning in dense networks.

Performance enhancements remain feasible even in the presence of data association errors, which
are common in dynamic environments in radio SLAM. Combining Extended Kalman Filter algorithms
with dynamic covariance scaling has proven effective in mitigating these errors. This hybrid approach
enables robust correction mechanisms, ensuring high accuracy for both positioning and mapping tasks
despite imperfect measurements.

Accurate positioning also unlocks network-level optimizations. When user location is known, re-
source allocation and handover strategies can be proactively managed. Access points (APs) can be selected
to meet SNR requirements for positioning while simultaneously improving SE. Furthermore, precise loca-
tion information simplifies power management optimization, which in turn enhances beamforming in
distributed cell-free networks. These benefits illustrate the strong interplay between positioning accuracy
and overall network performance.

Moreover, our studies further demonstrate that carrier-phase-based localization, combined with
AI/ML algorithms, can achieve centimeter-level accuracy in distributed or cell-free MIMO sys-
tems. This capability is a critical enabler for future technologies such as autonomous mobility, smart
manufacturing, and advanced 6G services, where ultra-reliable and precise positioning is indispensable.

Last but not least, accurate user positioning is essential for mmWave distributed MIMO (D-
MIMO) systems to maintain precise beam alignment and avoid link degradation caused by misdirected
beams. A positioning framework leveraging range and angular measurements has shown promising
results, achieving centimeter-level accuracy and providing a robust foundation for position-aided beam-
forming (PA-BF) in next-generation networks. Additionally, accurate near-field range—angle estima-
tion—together with its corresponding CRB benchmarks—further strengthens both sensing and positioning
capabilities in future cell-free and ultra-massive MIMO systems.

In summary, centimeter-level positioning and mapping accuracy is no longer theoretical—it is becoming
practical through collaborative SLAM, advanced filtering techniques, Al-driven carrier-phase localization,
and integration with network optimization strategies. These advancements position radio-based sensing and
SLAM as key pillars for enabling high-performance, resilient, and intelligent 6G systems.

33



MiFuture, Grant Agreement Number: 101119643 D2.3 Positioning and sensing algorithms - initial version

5.2 Open Challenges and Future Research Directions

Despite significant progress in radio positioning, sensing, and SLAM, several open challenges remain that
require further investigation.

First, there is the issue of scalability and complexity: for example, collaborative Radio SLAM
relies on multiple UEs sharing information, which introduces communication overhead and computational
complexity. Efficient distributed algorithms and low-latency coordination mechanisms are needed to scale
to dense networks.

Secondly, the robustness in dynamic environments needs to be addressed in more detail. Mobil-
ity, blockage, and multipath propagation can degrade positioning accuracy. Future research should focus
on adaptive filtering and learning-based approaches that maintain centimeter-level precision under highly
dynamic conditions.

Thirdly, the integration with AI/ML poses several generalization and explainability problems. For
example, while Al-driven carrier-phase localization shows promise, challenges remain in model generaliza-
tion, training data diversity, and real-time inference. Developing lightweight, energy-efficient models for
edge deployment is a key research direction.

Fourthly, the location-based resource optimization and beamforming require tight integration
between positioning and communication layers. Future work should explore joint optimization frameworks
for D-MIMO and cell-free architectures.

Fifthly, the standardization and interoperability aspects have not yet been addressed within Mi-
Future research so far. Achieving global adoption of radio SLAM and high-precision positioning demands
standardized protocols and interoperability across vendors and technologies, especially for emerging 6G
systems.

Last but not least, the security and privacy aspects are very important and need further consideration.
For example, high-accuracy positioning raises concerns about user privacy and resilience against spoofing
or jamming attacks. Research into secure localization protocols and privacy-preserving SLAM is essential.

In summary, addressing these challenges will require a multidisciplinary approach, as the one adopted
within MiFuture, combining advanced signal processing, machine learning, network optimization, and se-
curity mechanisms. These efforts will further pave the way for robust, scalable, and secure positioning
solutions that underpin future 6G services and beyond.
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List of Acronyms

2D Two-Dimensional

AT  artificial intelligence

A&M Aboutanios and Mulgrew

AoA Angle-of-Arrival

AP Access Point

AR Augmented Reality

AWGN additive white Gaussian noise
BP belief propagation

BS Base Station

BS Base Station

CDF Cumulative Distribution Function
CNN convolutional neural network
CPP carrier phase positioning

CSI channel state information
CSI-RS channel state information reference signal

DA data association

DATMO Detection and Tracking of Moving Objects

DCS dynamic covariance scaling

DD Delay-Doppler

DL Deep learning

D-MIMO Distributed MIMO
DMRS Demodulation reference signal
DNN Deep neural network

DPG Dynamic Pose Graph

DT Delay-Time

ECDF empirical cumulative distribution function
EKF Extended Kalman filter

EP Embedded Pilot

FSPL Free-Space Path Loss
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FTST Fast-Time-Slow-Time

GDSS Gabor Division Spread Spectrum
GNSS Global navigation satellite system
GPR Gaussian Process Regression

ICI Inter-carrier interference

IRS Intelligent reconfigurable surface

ISAC Integrated Sensing and Communications
ISI Inter-symbol interference

LIDAR Light Detection and Ranging

LOS Line of Sight

LoS Line of Sight

MDL minimum description length

MIMO Multiple-input multiple-output

ML Machine Learning

MLE maximum likelihood estimation
ML-MFS Maximum Likelihood based on Multi-Frame Superposition
MLP multi layer perceptron

MMSE Minimum mean square error
mmWave millimeter-wave

MOT Multi-Object tracking

MRT Maximum Ratio Transmission

MUSIC multiple signal classification

NLoS Non Line of Sight

NLOS Non-line-of-sight

NR New Radio

OFDM Orthogonal frequency division multiplexing
OTFS Orthogonal time frequency space
PA-BF Positioning-Aided Beamforming

QoS Quality of Service

RBPF Rao-Blackwellized particle filter
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RCS radar cross section

RFS Random finite set

RIS Reconfigurable Intelligent Surface
RMSE Root Mean Square Error
RMSE Root mean squared error
RNN recurrent neural network

RSS Received Signal Strength

RSSI received signal strength indicator
RV  Range-Velocity

SBL Sparse Bayesian Learning

SE Spectral Efficiency

SINR. Signal to Interference and Noise Ratio

SLAM simultaneous localization and mapping

D2.3 Positioning and sensing algorithms - initial version

SLAMMUOT simultaneous localization and mapping and Multi-Object Tracking

SNR Signal to Noise Ratio
SNR signal-to-noise ratio

SRS sounding reference signal
TDoA time-difference-of-arrival
TF Time-Frequency

TOA Time of Arrival

ToF time-of-flight

UE User Equipment

UPA Uniform Planar Array
WLS Weighted Least-Squares

WOA-MFS Whale Optimization Multi-Frame Superposition

ZF  Zero Forcing
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