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Abstract—Channel Charting (CC) has emerged as a promis-
ing framework for data-driven radio localization, yet existing
approaches often struggle to scale globally and to handle the
distortions introduced by non-line-of-sight (NLoS) conditions.
In this work, we propose a novel CC method that leverages
Channel Impulse Response (CIR) data enriched with practi-
cal features such as Time Difference of Arrival (TDoA) and
Transmission Reception Point (TRP) locations, enabling a TDoA-
based self-supervised localization function on a global scale. The
proposed framework is further enhanced with short-interval User
Equipment (UE) displacement measurements, which improve the
continuity and robustness of the learned positioning function. Our
algorithm incorporates a mechanism to identify and mask NLoS-
induced noisy measurements, leading to significant performance
gains. We present the evaluations of our proposed models in
a real 5G testbed and benchmarked against centimeter-accurate
Real-Time Kinematic (RTK) positioning, in an O-RAN-based 5G
network by OpenAirInterface (OAI) software at EURECOM. It
demonstrates results that outperform the state-of-the-art semi-
supervised and self-supervised CC approaches in a real-world
scenario. The results show localization accuracies of 2—4 meters
in 90% of cases, across varying NLoS ratios. Furthermore, we
provide public datasets of CIR recordings, along with the true
position labels used in this paper’s evaluation.
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I. INTRODUCTION

Standard 5G New Radio (5G NR) methods for positioning a
User Equipment (UE) in a wireless networks rely on estimat-
ing channel parameters such as Received Signal Strength Indi-
cator (RSSI), Time of Arrival (ToA), Time Difference of Ar-
rival (TDoA), and Angle of Arrival/Departure (AoA/AoD) [1],
[2]. These measurements enable triangulation or trilateration
of a device’s position, while Channel State Information (CSI)
provides a richer representation by capturing detailed channel
properties and environmental influences. CSI is particularly
valuable in challenging conditions, such as multipath propa-
gation and Non-Line-of-Sight (NLoS) scenarios common in
dense urban or indoor environments.

Direct CSI-based positioning methods are broadly cate-
gorized into supervised and self-supervised approaches [3].
Supervised learning, especially fingerprinting, leverages a

database of signal features (e.g., CSI or Multi-Path Compo-
nents, MPC) collected at known locations to train a model that
can later predict positions. This works well in environments
with relatively stable channel characteristics and if a large
dataset with labels is available. In contrast, self-supervised
methods bypass labeled datasets by directly inferring position
from collected data through loss functions, making them more
adaptable to dynamic environments where maintaining large
labeled datasets is impractical.

While CSI offers comprehensive insights into wireless
propagation, in Orthogonal Frequency Division Multiplexing
(OFDM) systems, it represents high-dimensional data, posing
challenges for direct use in positioning tasks. Channel Charting
(CCQ) is a dimensionality reduction method that addresses this
by learning a map of the wireless environment from CSI
or Channel Impulse Response (CIR) to a lower dimensional
embedding space, enabling device localization and tracking
even in complex propagation scenarios [4]. The CC goal is
to transform data from a space of dimension D to a lower
dimension d < D, while preserving the physical relationships
of the original space in the embedding space.

Non-parametric CC methods such as Multidimensional
Scaling (MDS), Isometric Mapping (ISOMAP), and Princi-
pal Component Analysis (PCA) have shown effectiveness in
reducing dimensionality while retaining key structural infor-
mation [5]. However, these methods are unable to generalize
a mapping function to handle unseen data without recompu-
tation. This limits their applicability in dynamic scenarios.
Parametric approaches, on the other hand, particularly deep
learning-based methods, overcome this limitation by learning
mappings that generalize to unseen inputs, offering a signif-
icant advantage for practical deployment. Recent advances
in parametric methods, also called self-supervised CC with
deep metric learning [6]-[18] (see Section II) have pushed
the field forward. Nonetheless, these methods still fall short
of the accuracy achieved by supervised fingerprinting or clas-
sical triangulation approaches, even under line-of-sight (LoS)
conditions.

In our earlier work [19], we introduced a CC method with
sensor fusion that outperformed state-of-the-art CC approaches
and classical TDoA baselines under LoS conditions. However,
the results were obtained in a simulated environment and relied
on ToA availability and predominantly LoS propagation. The
present work extends [19] toward a practical 5G UL-TDoA



positioning setting. Specifically, we (i) replace ToA assump-
tions with a UL-TDoA formulation that does not require RAN-
UE synchronization, (ii) incorporate known TRP locations to
directly learn a global mapping in a common Cartesian coor-
dinate system, (iii) introduce a lightweight CIR-peak-power-
based masking mechanism to mitigate NLoS-induced distor-
tions, and (iv) integrate short-interval displacement constraints
to improve trajectory continuity in low-LoS measurements.

The performance of the proposed CC is evaluated first by

synthetic data from the Matlab Ray-Tracing environment, and
secondly by a real-world positioning setup called "GEO-5G
testbed” at EURECOM. For this, we deployed an O-RAN 5G
network using OpenAirInterface (OAI) and tested our new CC
model. We will discuss how hardware impairments and practi-
cal considerations in our testbed affect the position estimation
and how we manage to solve them. Our CC predictions are
compared with the Real-Time Kinematic (RTK) positioning,
which is an enhanced solution to Global Positioning System
(GPS) [20]. The main contributions of this work are:

« A novel CC method that predicts UE’s position in mixed
LoS/NLoS conditions with 2-4 m accuracy,

o A practical approach by incorporating CIR, TDoA mea-
surements, TRP locations, and displacement measure-
ments to achieve a TDoA-based self-supervised and
global-scale position estimation in mobile scenarios,

o Evaluating the performance in both simulation and real
5G O-RAN testbed,

« Publicly releasing the 5G CIR dataset of the UE’s trajec-
tory as well as ground truth positions. !

The remainder of this paper is organized as follows. Sec-
tion II reviews the related work. Section III introduces the
system model. Section IV presents the proposed CC approach
based on TDoA knowledge and sensor fusion with NLoS miti-
gation. The evaluations and results are discussed in Section V,
and Section VI concludes the paper and outlines directions for
future work.

II. RELATED WORK

Time-based localization methods such as ToA and TDoA
are well known to suffer performance degradation in mixed
LoS/NLoS environments due to bias introduced by path delays
under NLoS propagation. A large body of work therefore
investigates NLoS identification and mitigation using only
timing measurements and geometric consistency. For instance,
residual analysis and subset consistency tests have been used
to detect and exclude NLoS links by comparing positioning
residuals across different anchor subsets [21], [22]. Robust
optimization formulations that minimize outlier influence in
TDoA systems have also been proposed, including ¢;-norm
and outlier-aware cost functions to reduce the impact of NLoS
biases without requiring received signal strength or power
measurements [23], [24]. Survey articles summarize these
approaches and related trade-offs in terms of prior informa-
tion and complexity [25]. In contrast to classical time-only

Thttps://ieee-dataport.org/documents/eurecom- 5g-srs-dataset

methods, our CC-based approach can additionally exploit CIR-
derived statistics for lightweight NLoS masking and combine
it with geometry-based filtering to discard noisy or NLoS-
corrupted ToA/TDoA measurements, while still grounding
localization in TDoA geometry.

CC for localization in wireless networks has been used for
the first time in [6] from a single base station (BS) with mul-
tiple antennas, and in [7], [8] from multiple massive MIMO
BSs in space. Since CC relies on dimensionality reduction of
the CSI, [9] and [10] used autoencoders to improve this task.

A Siamese neural network is proposed in [11] and [14] that
takes random pairs of CSI first to learn a local channel chart
and then transforms it into the global form using a subset of
labeled data as reference points in a semi-supervised manner.
In this method, the Euclidean distances of the Channel Impulse
Response (CIR) measurements are used as a dissimilarity
metric. To overcome the limitations of the Siamese loss
function with a Euclidean distance metric, a triplet-based loss
is used in [12], [13] to learn the similarity between triplets of
CSI data based on the distance of other side information, such
as the relative recording timestamps.

The authors of [15], [16] combined CC with the classical
localization approaches, taking ToA and AoA measurements
to improve the global channel chart. Although the CSI mea-
surements can contain rich information, none of these CC
studies exploiting only CSI data have surpassed the perfor-
mance of traditional triangulation-based methods, even when
LoS conditions are present. In [17], velocity estimation and
topological map data are used for the global transformation
of the CC. However, the global consistency of this algorithm
relies on the length of the trajectory taken by the user. Also,
the map-matching algorithm in this study works only if a
unique match of the channel chart exists in the map. Finally,
in [18], by proposing a loss function containing a bilateration
loss including multiple BSs with known locations and a triplet
loss, a self-supervised CC is made in real-world coordinates.

Motivated by the literature, in this paper, we extended our
last CC with a sensor fusion algorithm in [19] to a more
practical model. In this paper’s algorithm, instead of ToA,
we incorporate TDoA measurements as well as the TRP
locations into the CC loss function to map CIR data into 2D
UE locations. TDoA measurement is easier to obtain as the
network only requires tight synchronization among RAN and
not with the UE. Moreover, we show that sensor fusion can
enhance the performance of CC in scenarios with limited LoS
availability.

III. SYSTEM MODEL

A. O-RAN Network Architecture

Figure 1 shows a system model for our AI/ML 5G posi-
tioning solution where we deploy an O-RAN network archi-
tecture with 7.2 functional split [26]. In this framework, the
gNB is disaggregated into Open Central Unit (O-CU), Open
Distributed Unit (O-DU), and Open Radio Unit (O-RU). For
localizing the UE in this framework, we consider two phases of
training and testing of AI/ML models over the Non-Real Time
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Fig. 1: 5G AI/ML Positioning system model.

RAN Intelligent Controller (RIC) and Near-Real Time RIC,
respectively. The required measurements for AI/ML models
are carried over the E2 interface from O-CU-DU to RIC.

For both phases, we assume a mobile UE that transmits Up
Link Sounding Reference Signals (UL-SRS) to all TRPs on
RUs k € {1, ..., K} of a gNB (while this could be generalized
to multiple gNBs). Let the TRPs of the k-th RU have indices
myg € {1,..., My}, with fixed and known locations x,,,, € R3
distributed in the environment. We measure the SRS channel
at time instants ¢ € {1, ..., T'}. To achieve an accurate position
estimation based on time measurements, a Precision Time
Protocol (PTP) grandmaster provides a synchronization signal
that is distributed to the RAN over a switch. The UE follows a
trajectory, and its location at each transmission time is assumed
unknown and denoted by u; € R2, while its height is assumed
fixed. The UE and RUs operate in an OFDM system with a
total of N sub-carriers. The estimated Channel Frequency
Response (CFR) of the link between the my-th TRP of k-th
RU, and the UE at time step ¢ over all sub-carriers is denoted
by Wi m, + € CV. The RU obtains the CIR hy, ,, ¢ € CNn
by applying an Inverse Discrete Fourier Transform (IDFT)
to the corresponding CFR. Collecting all M TRPs of RU
k yields the RU-level CIR matrix

Hye=| | | eCMoxin )
hk:,Mk,t
Similarly, a global CIR matrix of all RUs is defined as

Hy,
Ht — c (CJWX Nm7 (2)

Hpg,

where M = Zle My, is the total number of TRPs across all
RUs. H; has to be carried from CU-DU to the Near-Real Time
RIC over E2 for further processing and position inference.
Moreover, only during the training phase, we assume that
the UE’s displacement d; ; between times ¢; and ¢; is available
(e.g., measured using an onboard sensor such as an IMU, laser
odometry, or LIDAR). We model this displacement as

dij = lag; — g, || + i j +w, 3)

where w denotes zero-mean Gaussian noise and b; ; represents
a slowly varying bias term that accounts for systematic sensor
drift. While the variance of w typically grows with the elapsed
interval |tj — t;|, the bias term b; ; also accumulates over
time, leading to an increasing deviation between the true and
measured displacement. To mitigate this drift, displacement
data are collected only within a maximum interval ¢, such
that ‘t]‘ — ti| <e

It is important to note that the algorithm operates in a fully
self-supervised manner during both the training and testing
phases. Consequently, no ground-truth position label needs to
be associated with the CIR measurements for either position
estimation or coordinate alignment. The only distinction be-
tween the two phases lies in the input data; while displacement
information is assumed to be available and leveraged during
training, the model is able to generalize and function without
displacement data during testing.

B. Data Pre-Processing and Feature Extraction

To enhance the robustness of the learning model, we apply
several pre-processing steps to the measurements before fea-
ture extraction. As the first step in the pipeline, it is essential
to apply an IFFT shifting as well as the IDFT to the CFR to
reposition the zero-frequency component at the center of the
time-domain CIR output. Without this step, due to hardware-
specific FFT implementations and synchronization signal drift
over time, the most significant peak of the CIR may appear
wrapped around the beginning or the end of the CIR vector.
This leads to inconsistent peak estimation over time and across
RUs.

Therefore, for each RU independently, we align the CIRs
across TRPs using a peak-based procedure, ensuring that the
TDoA information are preserved. Let T,Sef:z , denote the peak
index of the CIR magnitude on RU £, TRP my, at time t,
which is equivalent to the relative ToA at that TRP.

peak

Tk,mk,t = arg max

h,, , 4
ne{lv._va}l et 1] “)

where | - | denotes the element-wise absolute value operation.
In real-world setups with synchronization impairments, an
additional pre-processing step is required for outlier peak
detection. This is achieved by applying valid ToA and TDoA
bounds derived from the geometry of the testing area, similar
to the filters proposed in our earlier work [27]. It is important
to note that such synchronization impairments and outliers
are not typically present in simulations or in every testbed



scenario. A shifting index is selected as the earliest peak
among TRPs of each RU by.

shift __

77]@775 _ 7_peak (5)

min Koyt

me{l,...,My}
The following operation shifts the vector to the left and fills

the tail with zeros:

[] _ {hk,mk:t[j + Wilfm lf] + nzt:';ft < Nfﬁ?

shifted
hk’,mk ,t

(6)

0 otherwise,

resulting in a TDoA-aligned RU-level CIR matrix H}".
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Fig. 2: CIR shifting, truncation, and normalization in pre-
processing while keeping the TDoA integrity

This procedure, during both training and testing phases,
ensures that the CIRs are temporally aligned across TRPs of
the same RU, thereby respecting the assumption of tight time
synchronization among them and the correctness of TDoA.

The TDoA vector is then obtained by subtracting a 7%

from all M, TRPs 7Pk

k,myg,t?

_ peak peak peak peak
ATk’t =\ Tk — Tk,mref,k,t’ o T Mgt~ Ty ot | %
K .
where 750 denotes the peak index at a predefined ref-
V) Tel, ks

erence TRP myr on each RU. Unlike the classical TDoA
method, where all TDoAs have the same reference, our
approach in selecting a per-RU reference myf j, is to mitigate
hardware synchronization impairments in real-world testing.
This is further discussed in Section V-B. The global CIR
shifted matrix HM is further normalized by the maximum
peak magnitude observed across the entire training dataset.
Also, to form a unified input dimension for model training

and testing, CIRs are truncated to only contain the first C
FFT indices:

i
o _ L g e -
Qnorm .
i
where the normalization factor omem = k%XtGhZhlrfrtLe;tD is

computed from the training data and reused during testing to
ensure consistency. In the following sections, we leverage the
training dataset

Dtr — {(HIIOIIII’ AT, X, D,T)},

where H"™ denotes the normalized global CIR matrix
dataset, AT € RM-K s the vector of observed TDoA
measurements across all TRPs, X € RM*3 contains the all
TRP positions, D is the set of displacement measurements
derived from UE’s sensors during training, and 7' timestamps
of the measurements. This dataset is used to learn a spatial
mapping function that captures the geometric features of the
environment. A summary of the pre-processing is depicted in
Figure 3.

IV. TDOA CHANNEL CHARTING WITH SENSOR FUSION
AND NLOS MITIGATION

A. Training Channel Charting Models

In this section, we seek to learn a self-supervised CC
function fg(.) that transforms each CIR matrix H}*™ into
a 2-dimensional embedding;

fo : RM*C - R?.

The mapping is learned such that similarities in the radio
channel domain (i.e., channel similarity induced by spatial
proximity in the physical environment) are preserved in the
embedded space, given our training dataset D,.. Deep Neural
Networks (DNNs) have proven to be powerful nonlinear
function approximation and effective tools for dimensionality
reduction, making them particularly well suited for learning
the fg mapping [6]-[18]. Therefore, we employ an embedding
DNN model with the architecture described in Table I. The
embedding model consists of two convolutional layers for fea-
ture extraction, followed by a flattening stage and three fully
connected layers. The network gradually reduces the feature
dimensionality and projects the CIR input into a compact two-
dimensional embedding space suitable for channel charting.

In this section, we introduce two CC learning functions: one
based solely on TDoA extracted from single-shot CIR data,
and another that combines CIR pairs with their corresponding
UE displacements and TDoA.

1) TDoA Loss Function: We assume that the pilot signal
sent by the UE is received at all TRPs and the pre-processing
step is completed. First, for each A7y, ., + from a single shot
of H}°™, we write a TDoA loss function
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Fig. 6: CC testing
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By incorporating the UE location u; and TRP locations x,y,,
we get

A
e = | I = el = [, = el

— C Ai—k,mk,t

) (10)

where c is the constant speed of light. As u; is unknown, we
equivalently replace it by the CC function fo(H}™) in (10)
to have

AT
Ek,mk it

= | [P, = So(BF™)|| = [xer, — fo(F™)|

— C ATkt |- (11)

In realistic scenarios, LoS paths may be obstructed by
obstacles or diffraction, leading to noisy TDoA estimates.
Such corrupted measurements degrade the performance of the
CC function. To mitigate this effect, we introduce a binary
masking coefficient v,,, ; that selectively discards the NLoS-
corrupted measurements. Therefore we define the final TDoA
loss function as

1 KoMy
AT Ar
= ROR =T 2 2 Vet (1)
t=1 k=1 mp=1



This formulation requires a classification function which
maps normalized CIR measurements to a binary LoS/NLoS
masking vector

9o (H;"™) = w1, (13)

where vy = (v14,v24,...,Vm—k1) € {0,1}MEK is the
binary masking vector whose length equals the number of
available M — K TDoA measurements at time ¢. Each element
assigns a weight of 0 to discard an NLoS TDoA measurement
and 1 to retain a valid LoS TDoA measurement.

In a realistic scenario, either the shortest ToA or the
strongest peak power, among the antennas of one RU is taken
as the reference. While this reference antenna indexing can
change along the time and as the UE is in various positions.
Therefore, we take a hybrid TDoA referencing by calculating
every TDoA combination on an RU per timestamp, Although
this is redundant in theory, hybrid referencing lowers the
chance of losing useful TDoA values on an RU in some
timestamps.

The details of our proposed NLoS classification function are
provided later in part IV-A3 of this subsection, where we de-
scribe how v, is derived. Figure 4 illustrates the training phase
of our CC model using the TDoA loss function from (12).

2) TDoA+Displacement Loss Function: As the UE moves
along a trajectory, the measured data naturally exhibits tempo-
ral correlation and consecutive CIR observations are similar.
This property can be leveraged by introducing a bilateral
loss that enforces consistency between neighboring samples in
the embedding space. Except when sudden channel variations
occur due to movement or environmental changes, which will
be addressed in the next part. Consequently, the single-shot
TDoA loss is extended to a bilateration TDoA loss that jointly
processes pairs of measurements to preserve local geometric
continuity along the UE trajectory.

We begin by randomly selecting pairs of CIR sam-
ples (H™ H}™) as well as their corresponding TDoAs
(A7, ATy;) from the dataset. Only pairs with timestamps
t; and t; are retained if their temporal interval satisfies
|t; —ti| < € as defined in (3). Otherwise, they are discarded,
and new pairs are drawn. Given the corresponding TDoA
measurement pair, the former TDoA loss function in (11)
extends to

AT AT AT
g t; — mGwti gk,mk,ti + mG»tj ek,mk,t]‘ .

(14)

Moreover, in cases where the channel experiences signif-
icant changes such as LoS/NLoS transitions or when only
limited number of LoS TRPs are available, we incorporate
the displacement of the UE a?m' between timestamps ?; and
t;, with the TDoA CC model. Hence, a displacement loss is
defined;

o = |1 fo (™) = fo(HE™)| = di |.

Adding the displacement term from (15) to the TDoA loss
in (14) penalizes excessive fluctuations in the position predic-
tions generated by the TDoA CC model along a trajectory. The
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overall training objective thus integrates both terms across all
T time steps, /' RUs and their M}, TRPs as

T K M
L= R =T M 2 2. X Bl
k tit;=1 k=1 mp=1
|t7_—t_7|<6 mk;’émretk

(16)

where [ controls the relative weight of the displacement
term. Figure 5 illustrates the CC training process described
in (16), where a pair of DNNs embed two corresponding CIR
measurements and jointly integrate their outputs (1;,0;) into
a displacement-based loss. This loss enforces the preservation
of spatial relationships by aligning similarities in the physical
space with those in the learned embedding space.

3) NLoS Classification Function: By leveraging the empir-
ical distributions of peak power values in large CIR datasets,
we adopt a simple yet effective thresholding approach to
distinguish between LoS and NLoS conditions and mask out
the NLoS measurements. This method is motivated by the ob-
servations that LoS components typically exhibit significantly
higher peak magnitudes than their NLoS counterparts. The
contrast in their power distributions thus serves as a reliable
discriminative feature, as illustrated in Figure 7.

Let us take two TRPs, x,,, and X, involved in each TDoA
measurement, then each masking element vy, ; is defined as

= My, t Hrefy, it (17)

where (i, ¢ € {0,1} and puer, + € {0,1} are the LoS
indication coefficients of the corresponding TRPs. To compute
m, ¢+ We take the corresponding normalized row from H}™.
The normalization from (8) drives the peak power of the NLoS
rows hy®% | close to zero. The LoS indicator is then obtained
by thresholdlng the maximum peak of the normalized CIR:

Vm,t

1, max(hp” ) > A (LoS),
Homy, b = (18)
0, max(hf™ ) <X (NLoS).

Here, A € (0,1) is chosen based on the empirical distribu-
tion of normalized CIR peaks. We compute iy, ; Similarly.
This yields a lightweight and interpretable rule for LoS/NLoS
classification, whose impact on CC accuracy is further exam-
ined in Section V.



Layer Output Dimension  Kernel Size  Activation
Conv2D (32, 16, 100) (3, 3) ReLU
Conv2D (64, 16, 100) (3, 3) ReLU
Flatten (1, 102400) - -

Fully Con. (1, 512) - ReLU
Fully Con. (1, 128) - ReLU
Fully Con. (1, 2) - -

TABLE I: DNN Embedding Model Architecture Summary

B. Testing Channel Charting Models

During training, our models learn to capture both TDoA
and displacement information. Consequently, in the testing
phase as depicted in Figure 6, the trained mapping function
fo () operates solely on the pre-processed CIR inputs, without
requiring explicit displacement or TDoA feature annotation.

V. EVALUATIONS AND RESULTS

In this section, we evaluate the proposed models in two
complementary forms: first through controlled experiments
using Matlab simulations (Subsection V-A), and then through
real-world measurements on the GEO-5G testbed (Subsec-
tion V-B).

A. Matlab Simulations

To evaluate the performance of our proposed CC methods,
we first develop a Matlab-based simulation environment that
models the 5G positioning scenario under controlled condi-
tions. This allows us to generate synthetic CIRs, introduce
noise and multipath effects, and systematically vary parameters
such as the number of antennas, bandwidth, and signal-to-
noise ratio. Using this setup, we assess the accuracy, robust-
ness, and convergence behavior of the proposed method before
validating it on the real testbed.

In this simulation, a 3D-map of an Indoor Factory Hall
(InFH) environment as depicted in Figure 8 is created, where a
UE transmits UL-SRS signals with a bandwidth of 100 MHz
and a sampling rate of 122.88 x 10° samples/second in the
sub-6 GHz band. The signals are received by M = 4 TRPs
positioned at a fixed height of 8 m that often become NLoS
to the UE because of the present clutter in between. The
LoS/NLoS state from each TRP’s point of view during the
training trajectory is illustrated in Figure 9. Based on this
trajectory, the CIR data as well as the displacement data are
reconstructed in MATLAB using a 3D map-based Ray-Tracing
toolbox.

We first examine the effectiveness of masking in a mixed
LoS/NLoS scenario by applying different threshold values and
comparing them to the case without masking. Figure 10 shows
the heatmap of NLoS masking for a number of threshold
values A. The results show that A\ = 0.2 provides the closest
match to the perfect NLoS identification, while higher thresh-
olds (A = 0.4 or A = 0.5) tend to overestimate the NLoS
regions. Consequently, where only 4 TRPs are available, some
valid LoS TDoAs are incorrectly discarded, which reduces
the number of usable TRP pairs and makes the localization
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problem under-constrained, leading to worse accuracy than the
no-masking case.

The positioning performance of the CC method with TDoA
under different values of A is presented in Figure 11. For
comparison, the result of a conventional TDoA approach using
Particle Swarm Optimization (PSO) [28] is also included.
Our proposed TDoA-based CC model with NLoS masking
at A\ = 0.2 achieves performance comparable to the perfect
masking case, reaching a localization accuracy of approxi-
mately 2.5, m at the 90% of the CDF. In contrast, when no
masking is applied or a high threshold (e.g., A = 0.5) is
used, the performance of the CC model degrades noticeably.
Moreover, the TDoA-based PSO without masking exhibits
the largest positioning errors, primarily due to its lack of
robustness against NLoS conditions. This limitation is also
inherent in conventional 3GPP positioning systems employing
a Location Management Function (LMF) like in Figure 1,
where the positioning protocols (such as NRPPa and LPP)
do not provide access to extended CSI data that could enable
effective NLoS mitigation.
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The next hyper-parameter that balances the contribution of
the displacement loss relative to the TDoA loss is 5 in (16).
By exploring several values, empirically, 5 = 2 was found
to align the numerical scales of both error terms and to yield
the minimum prediction error. This value can, however, be
adjusted depending on the characteristics and precision of the
velocity or displacement sensor used in the system.

The inference results using the previously fixed model
parameters are presented in Figures 12 and 13, showing the
estimated trajectories and error CDFs for both the TDoA-only
CC model and the joint TDoA+Displacement CC model.

B. GEO-5G Testbed

The GEO-5G localization testbed is part of EURECOM’s
Open5G testbed, featuring high-speed fiber-connected com-
puting and switching infrastructure. It supports virtualized

TDoA CC CE90: 1.69 m, TDoA+Displacement CC CE90: 1.05 m
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5G deployment with USRP and O-RAN radios, integrating
OAL for virtualized network functions. Leveraging our recent
contributions to OAI RAN reported in [29], we can choose
between a single-gNB with multi-RUs or a multi-gNB with
multi-RUs architecture. To evaluate OAI's new localization
features, we deployed two VVDN O-RAN RUs [30], provided
by Firecell [31] with a single gNB (CU-DU) and integrated
them into the EURECOM 5G testbed. Furthermore, we have
four distributed Panorama directional antennas [32] as TRPs
on each RU, which are mounted on the roof railings with
low-loss cables, which gives us a total of eight TRPs to
cover a testing area of 50mx 10m on the north terrace of the
EURECOM building, see Figure 14. While the integration
of the E2 interface and RIC was still in progress during
the preparation of this paper, the performance evaluation was
conducted using the MQTT protocol instead of E2. CIR data
were transferred from the CU-DU to an AI/ML host machine
via MQTT to enable real-time prediction of UE positions.



Bl

AR ek il Y

Fig. 14: GEO-5G testbed: Deployment of 2 O-RUs each with 4 distributed TRPs on the south terrace and the north rooftop
of EURECOM, with a testing area of size 50x10 on the north terrace

At the same time, the host machine collects RTK position
measurements and their corresponding timestamps from the
RTK rover over Wi-Fi. These measurements are then used to
evaluate the real-time error of the model’s predictions, with
RTK measurements serving as the ground truth.

In the remainder of this section, we outline the key practical
considerations for implementing and operating our 5G posi-
tioning testbed, followed by a presentation of its performance
evaluation and results.

1) Synchronization: To achieve precise synchronization
among distributed RUs and DU, we employ the IEEE 1588-
based PTP over the Fronthaul Synchronization Plane (S-Plane)
via Ethernet between the DU and RU [33]. A Qulsar Qg2
Grandmaster Clock serves as the central timing source, which
locks its timebase to GNSS (Global Navigation Satellite Sys-
tem) signals, ensuring nanosecond-level absolute time accu-
racy. The Grandmaster then distributes this timing information
over fiber to all RUs via a PTP-compatible switch. Each RU
operates as a PTP worker, adjusting its local oscillator to align
with the Grandmaster’s reference clock. This synchronization
is critical for coherent UL-TDoA measurements.

However, due to PTP switch impairments and RU long
distances at this testbed, errors up to 40 ns are observed.
To mitigate the propagation of clock drift from one RU to
the other, we adopted a per-RU reference TRP strategy in
calculating TDoAs instead of a common reference across
all RUs, ensuring internal consistency and reducing cross-
RU time drift. These modifications alter the classical TDoA-
based positioning. Therefore, a conventional TDoA-based po-
sitioning algorithm suffers from these impairments. Also, a
tailored pre-processing pipeline in Figure 3 is employed to
discard outlier measurements. Figure 15 illustrates the impact
of RU-to-RU timing drift on the GEO-5G testbed using a
stationary UE (2 RUs, 4 TRPs each). With a common TDoA
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Fig. 15: Common and Per-RU TDoA referencing approaches
under synchronization errors among RUs with a stationary UE

reference across both RUs (top), the TDoAs of the second
RU exhibit large fluctuations due to inter-RU clock offsets.
Using a per-RU reference (bottom) removes this inter-RU bias
and preserves stability with cost of a few less effective TDoA
measurements.

2) Error Measurement: RTK enhances conventional GPS
measurements by resolving the carrier-phase ambiguities be-
tween a fixed Base module and a mobile Rover module,
enabling a promising centimeter-level accuracy in localization.
Therefore, we employ RTK to benchmark our positioning
system and use its data to calculate the error of our CC pre-
dictions. Although RTK provides accurate absolute positions
in geographic coordinates (latitude, longitude, altitude), our
system operates in a relative Cartesian reference frame. To
bridge this, we transformed the geographic coordinates into lo-



cal [ug, uy, u,] Cartesian coordinates by applying appropriate
projection and translation techniques. Open-source geospatial
libraries such as pymap3d in Python facilitate the conversion of
geographic coordinates into raw Cartesian coordinates (x-East,
y-North, z-Up) known as ENU, through standard projection
methods.

Furthermore, to align these raw Cartesian coordinates with
our system’s local reference frame (where TRP 1 on RU 1
is (0, 0, 2.2)), we perform an additional linear transformation.
Specifically, we compute an affine transformation matrix based
on a set of predefined anchor points with known correspon-
dences in both geographic and local coordinate systems. This
matrix is then used to map all future positions consistently
into the local reference frame, ensuring spatial alignment with
the experimental environment. We align the raw Cartesian co-
ordinates Uy € R3, converted from geographic coordinates,
with our local coordinate system Ujocy € R3 using an affine
transformation of the form:

Ujocal = A- Upw + b (19)

where A € R3*3 is a linear transformation matrix, and b € R3
is a translation vector. A and b are estimated simply by a few
known local and raw points using the Linear Least Squares
estimator and recorded to be used in real-time testing.

3) Spatial Power Profile: There are three main sources of
power decay in the SRS received signal and consequently
channel gain. Distance, multipath, and TRP’s beam pattern.
While in theory we expect the received power to be attenuated
with the larger distances of UE, the UL power control in
real 5G systems plays an essential role in providing a steady
channel gain between transmitter and receiver. Specifically,
OALI software makes this power control on port 1 of each RUs.
Figure 16 validates this on TRPs 1 and 5, who experience
steady normalized peak power as the UE is placed at various
distances to them.

However, a NLoS path can show a significantly lower
received power than we expect. This is observed on points A
and P that are under the building and NLoS to TRP 5 and 6,
where the normalized mean peak power is significantly lower.

Moreover, each TRP has a certain angle coverage in azimuth
and elevation. The 3dB beamwidth or Half Power Beam Width
(HPBW) is the angular width of the main lobe between the two
directions where the gain falls by 3 dB, or equivalently, where
the power is half of the maximum value. In this testbed, we
deployed TRPs with 50° beamwidth in (Azimuth, Elevation).
This effect can be observed when the UE is located near the
center of the testing area, around points BCDEF and KLMNO,
where the TRPs receive a steady and higher normalized peak
power. In contrast, TRPs 2, 5, and 6 experience reduced power
when the UE is positioned at points ABPO, and a similar
reduction is seen for TRPs 3 and 4 when the UE is at points
GHIJ, which lie outside of their beam coverage.

4) Synthetic NLoS Measurements: The dataset employed in
this work was collected using a handheld mobile phone, which
was subject to undesired self-shadowing effects caused by the
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Fig. 16: GEO-5G tesbed: TRPs spatial power profile

person carrying it. Since no additional clutter existed between
the user and the TRPs in the measurement environment, we
refer to it as a LoS dataset for generality.

Specifically, for a randomly selected subset of TRP mea-
surements, we (i) apply a random attenuation factor to the CIR
magnitude to reproduce the reduced received power typically
observed under blockage, and (ii) introduce a random shift
of the dominant CIR peak to emulate the timing distortion
caused by multipath propagation. This way, we evaluate the
performance of the CC TDoA and TDoA+Displacement losses
in different LoS ratios denoted with 75— (25%,50%,75%,100%} -
For instance, 1,5 = 50% means 50% of the measurements
during the whole trajectory on all TRPs are LoS, and the rest
of the trajectory are synthetically behaved as NLoS by random
attenuations and random peak shiftings. See Figure 17.
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Fig. 17: GEO-5G testbed: LoS (green) and NLoS (red) state
of TRPs at GEO-5G testbed with 7.5 = 50%

5) Displacement Measurements: Due to the absence of sen-
sors (such as IMU, Laser, LiDAR, etc.) to provide velocity or
displacement measurements in our testbed, we generated RTK-
assisted synthetic displacement data. To avoid the influence of
RTK accuracy on the synthetic displacement measurements,
additive noise and growing bias were applied to the displace-
ments over longer intervals as detailed in (3) of Section III.
Therefore, the displacement measurements were estimated in



maximum intervals of € = 4 seconds, without explicitly incor-
porating the RTK positions into the loss function. It is impor-
tant to note that relying solely on displacement measurements
leads to inaccurate trajectories, as noise and bias accumulate
over time, shown in Figure 18. These measurements are thus
reliable only over short intervals. While developing an accurate
velocity or displacement estimation algorithm is beyond the
scope of this paper, integrating such sensors is considered for
future work.
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Fig. 18: Displacement bias growing over time

6) Hyperparameter selection: The proposed framework in-
cludes three main hyperparameters: the NLoS masking thresh-
old A in (18), the displacement weight 3 in (16), and the
maximum displacement interval € of the measurements in (3).
The threshold A is selected based on the empirical distribution
of normalized CIR peak magnitudes (Figure 7). In practice,
values in the range A € [0.2,0.4] provide a good trade-off
between discarding NLoS-corrupted measurements and retain-
ing sufficient valid TDoA constraints. This is further validated
through the masking sensitivity analysis in Figures 10 and 11.
The weight (5 is chosen such that the displacement loss and the
TDoA loss have comparable numerical scales during training,
and we found S = 2 to provide stable convergence and the
lowest positioning error in our experiments. Finally, € is set
based on the expected drift of displacement measurements;
in our setup we use € = 4 seconds to ensure displacement
constraints remain reliable over short intervals while limiting
accumulated bias.

7) Tetstbed Results: For evaluating our CC models perfor-
mance at the GEO-5G testbed, we adopt the standard set of
metrics widely used in the literature [34]. Continuity (CT)
and Trustworthiness (TW) assess how well the embedding
preserves local spatial relationships, while Kruskal Stress (KS)
quantifies global distortion by comparing distances in the
embedded space with those in the original domain. Lower KS
indicates a more faithful embedding. To measure positioning
accuracy, we report both the 90th-percentile localization error
(CE90) and the Mean Absolute Error (MAE), which together
capture the reliability and spread of localization errors. Finally,

qualitative validation is performed by visually comparing
the learned embeddings with the RTK-estimated trajectories,
ensuring that the models retain meaningful geometrical struc-
tures.

For the experimental evaluation of our proposed models in
a real-world channel, we train and test the CC models using
data collected from this testbed and report the quantitative and
qualitative performance of our two CC models: the TDoA-
based CC model and the TDoA+Displacement CC model.

The results in Table II show that the TDoA+Displacement
CC model consistently outperforms the TDoA-only model
across all LoS ratios. At 100% LoS, it achieves the best
performance with the highest continuity (CT = 0.9838), trust-
worthiness (TW = 0.9796), and the lowest localization errors
(CE90 = 1.80 m, MAE = 1.24 m). Even under degraded condi-
tions with 50% or 25% LoS, the TDoA+Displacement model
maintains a clear advantage, reducing CE90 by up to 1.3 m
compared to TDoA-only. Overall, incorporating displacement
constraints improves both the geometrical consistency and the
accuracy of CC predictions, particularly in challenging low-
LoS environments.

The benefit of including displacement information can also
be seen by comparing Figure 19 and Figure 20, which
show the performance of the TDoA CC method and the
joint TDoA+Displacement CC method, respectively. While the
TDoA CC achieves acceptable results with about 2 m accuracy
in 90% of the time, the joint method improves this to 1.8 m,
where both evaluated with the original LoS condition. The
joint approach also yields more stable results, with reduced
fluctuations even in the raw embeddings. To further enhance
stability, the raw embeddings of both methods, shown in blue
dots, are smoothed using a moving-average window of size
10 that is shown with red dots on the figures, while the green
dots are the RTK ground truth positions.

Finally, Figure 21 and Figure 23 compare the positioning
error CDFs for the TDoA-only CC model and the proposed
TDoA+Displacement CC model under different LoS availabil-
ity ratios. Regarding computational complexity, classical UL-
TDoA positioning typically involves NRPPa/LPP signaling
overhead and iterative solvers, which can lead to end-to-end
latencies on the order of hundreds of milliseconds depending
on the implementation. In contrast, once trained, our DNN-
based approach performs inference through a single forward
pass and can output a position estimate within a few tens of
milliseconds, making it more suitable for near-real-time, and
smoother UE tracking. This is further analysed in our work on
O-RAN framework for Near-RealTime RIC localization using
CC in [35].

With 100% LoS ratio, both models achieve comparable
performance, around 2 m errors in most cases. However, as the
LoS ratio decreases, the TDoA-+Displacement model shows
clear improvements: at 75% and 50% LoS, it reduces error
spread by about 0.5-1 m, and at 25% LoS it remains more
stable than the TDoA-only baseline. These results confirm that
the proposed TDoA CC method outperforms the conventional
TDoA-based and state-of-the-art self-supervised methods in



a realistic 5G system. Moreover, while both models perform
similarly in fully LoS scenarios, the displacement-enhanced
approach, combined with the NLoS masking strategy, signif-
icantly improves robustness under reduced LoS availability,
consistently lowering localization errors across all partial LoS
ratios.

Yories  CT T™W KS  CE90 (m) MAE (m)
0o 09751 09722 01762 2.04 135
09838  0.9796 0.1569 1.80 1.24
25 09609 09529 02216 275 T.64
0.9796 09722 0.2145 1.92 142
s 09389 09312 02666 712 242
0.9717 09442 02525 3.50 1.70
55 09365 08655 03502 516 291
0.9595 0.8966 0.3187 3.86 2.60

TABLE II: GEO-5G testbed: Comparison of TDoA and
TDoA+Displacement CC metrics while RTK is assumed to
be the true position
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VI. CONCLUSIONS AND FUTURE WORK

In this work, we presented a TDoA-based self-supervised
CC model for UE positioning in mixed LoS/NLoS conditions.
The proposed method does not require ground-truth labels for
training or any coordinate scaling, and operates in a global
reference frame by exploiting only the known TRP locations,
TDoA, and CIR data.

The proposed approach assumes known TRP locations and
nanosecond-level precision of intra-RU synchronization for
reliable UL-TDoA extraction. Moreover, the displacement
constraint is only reliable over short intervals due to drift,
and the masking threshold A may require re-tuning across
deployments with different propagation conditions.

This model’s performance is further improved in scenarios
with limited LoS TRP availability by incorporating UE dis-
placement measurements. The model was evaluated both in

TDoA+Displacement CC Embeddings vs RTK Positions, CE90 = 1.87 m
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MATLAB simulations and in a real world GEO-5G positioning
testbed at EURECOM using commercial O-RAN RUs and
OAI software.

Results of predicted positions from our joint
TDoA+Displacement model compared to RTK positioning,
show an error of 2-4m in 90% of the time, across scenarios
with 100% to 25% LoS ratios.

The dataset of recorded CIRs, as well as RTK measurements
to be used as ground truth positions, is publicly available
for further research. As part of our future work, we plan to
complete the integration of the E2 interface and conduct a
performance evaluation of the proposed positioning system on
the Near-Real-Time RIC based on OAI
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