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Positioning via Digital-Twin-Aided Channel Charting
with Large-Scale CSI Features

José Miguel Mateos-Ramos, Graduate Student Member, IEEE, Frederik Zumegen, Graduate Student Member, IEEE,
Henk Wymeersch, Fellow, IEEE, Christian Higer, Member, IEEE, Christoph Studer, Senior Member, IEEE,

Abstract—Channel charting (CC) is a self-supervised positioning
technique whose main limitation is that the estimated positions
lie in an arbitrary coordinate system that is not aligned with true
spatial coordinates. In this work, we propose a novel method to
produce CC locations in true spatial coordinates with the aid of a
digital twin (DT). Our main contribution is a new framework that
(i) extracts large-scale channel-state information (CSI) features
from estimated CSI and the DT and (ii) matches these features
with a cosine-similarity loss function. The DT-aided loss function is
then combined with a conventional CC loss to learn a positioning
function that provides true spatial coordinates without relying
on labeled data. Our results for a simulated indoor scenario
demonstrate that the proposed framework reduces the relative
mean distance error by 29% compared to the state of the art. We
also show that the proposed approach is robust to DT modeling
mismatches and a distribution shift in the testing data.

Index Terms—Channel charting, digital twin, machine learning,
positioning, self-supervised learning.

I. INTRODUCTION

Endowing communication networks with positioning capa-
bilities is a key enabler in next-generation wireless systems for
applications such as vehicle-to-everything communications,
human activity sensing, or smart factories, among others
[1], [2]. Conventional positioning methods based on time-
of-arrival (ToA), angle-of-arrival (AoA), or received signal
strength typically assume line-of-sight (LoS) propagation
between transmitter and receiver [3], [4]. Under non-line-of-
sight (NLoS) conditions, the performance of such methods
significantly degrades. Alternative solutions that rely on large
corpora of ground-truth labeled user equipment (UE) positions
are robust to NLoS scenarios via supervised learning of neural
networks (NNs) [5], [6]. The number of labeled positions can
be reduced through self-supervised learning, where pseudo-
labeled data is first generated to pre-train the NN, followed
by a fine-tuning phase with few labeled positions [7], [8].
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Similarly, semi-supervised learning integrates supervised ob-
jectives with additional loss terms that do not require labeled
data [9]. Alternatively, labeled data demands can be reduced
via crowdsourcing, where users report position updates using
global navigation satellite systems or inertial measurement unit
measurements to augment the corpus of labeled samples [10]-
[13]. Nevertheless, ground-truth labeled data acquisition may
imply a costly measurement campaign, even for a small dataset.
Additionally, crowdsourcing positioning relies on the external
sensors that often provide inaccurate positioning measurements
that can propagate over time [14].

To overcome these limitations, channel charting (CC) formu-
lates positioning as a self-supervised dimensionality-reduction
problem, mapping high-dimensional channel-state information
(CSI) to lower-dimensional position estimates [15], [16]. The
key principle of CC is to preserve local geometry, ensuring
that nearby estimated pseudo-positions correspond to nearby
true positions. However, this approach yields estimated pseudo-
positions in an arbitrary coordinate system, i.e., global geometry
may not be preserved. Hence, there is a need to develop CC-
based localization methods that provide coordinates in a global
reference system, i.e., in true spatial coordinates.

As one possible approach to obtain coordinates in a global
reference system, some prior works incorporate a small degree
of ground-truth UE positions into the CC training objective.
This can be done, for example, by adding the distance error
between the pseudo-positions and the true positions to standard
CC loss functions that preserve local geometry [17]-[22].
Another approach is to use the ground-truth positions as anchor
points to compute an optimal affine transformation, with the
goal of aligning the estimated positions with the real coordinate
system [23]-[26]. However, labeled data collection still implies
a measurement campaign. Moreover, new labeled data needs to
be collected for every different environment. Another approach
is to combine knowledge of access point (AP) locations with
knowledge of LoS zones and path-loss models to embed pseudo-
positions in real-world coordinates [27]. In contrast to such
methods, we will focus on CC-based positioning methods that
deliver true spatial coordinates without requiring any ground-
truth position labels.

A. Relevant Prior Art

Existing “label-free” CC approaches that provide coordinates
in a global reference system can be divided into the following
five categories: (i) based on sensor fusion [28], (i) based on
digital twins (DTs) [29], (iii) based on affine transformations



leveraging floor plans [30]-[33], (iv) based on conventional
estimation methods [34], [35], and (v) based on path-loss
models [27], [36].

The work in [28] introduces a sensor-fusion approach where
the UEs are equipped with a two-dimensional laser scanner
that collects depth measurements. The displacement of the UEs
between time steps is estimated from the laser data and added
to a tailored loss function during training to preserve global
geometry. However, including a laser scanner in the UEs is
costly and positioning requires tight synchronization between
the UEs and the APs, which is impractical.

In [29], a digital representation of the physical environment,
or DT [37], is used to preserve global geometry, avoiding
the need for external sensors in the UEs. An outdoor urban
environment is simulated with a DT to generate synthetic
labeled positioning data that relates the CSI in the DT to ground-
truth positions. DT simulations include detailed building and
traffic information to obtain accurate synthetic data that is
less costly to collect than real measurements. However, the
fine-grained details in the DT drastically increase the modeling
complexity of the scenario, the computational complexity of
the simulations, and the likelihood of degrading positioning
performance under model mismatches.

Other works leverage affine transformations without ground-
truth positions to align the estimated positions with the real
coordinate system [30]-[33]. These approaches typically do not
require fine-grained details of the environment and are easier
to implement in different scenarios. In [30], AP positions are
estimated based on the measurements with the highest received
power, which are then used as anchors to find the optimal
transform. The method in [31] extends the optimal transport
in [38], which aligns the estimated positions with the floor plan,
to also learn the probabilities that positions fall within specific
regions. This approach enables uncertainty quantification of the
estimated position, e.g., for estimated positions belonging to
unexplored areas. In [32], model-based and NN-based methods
are combined, leveraging model-based estimates under LoS
conditions and training a NN in a self-supervised manner to
estimate NLoS samples. The self-generated labeled data for
the NN consists of model-based estimations, where an optimal
transport operation is also performed in the case of NLoS
samples. In [33], the coverage area of each AP is known
and the optimal transport operation maps the pseudo-positions
estimated by each AP to their coverage area while preserving
the overlap between the coverage areas of the APs. The first
limitation of [30]—[33] is that they require a large number of
estimated positions to apply the affine transform and obtain
accurate performance. The approach in [30] needs to distinguish
samples close to the APs, [31] constructs a probability map of
the estimated positions, and [32] assumes that NLoS estimates
follow a uniform distribution across the NLoS area. Under
a limited number of estimated positions, e.g., if the UEs
have not explored the entire environment, the performance
of such methods likely degrades. Additionally, the considered
transforms only apply affine operations, disregarding more
complex non-affine mappings.

The work in [34] designs a loss function based on the
root-multiple signal classification algorithm for AoA and ToA

estimation. This loss function is added to a CC loss that
preserves the local geometry. In [35], the Doppler effect
is included in a tailored loss function assuming a free-
space channel model and knowledge of the AP positions.
The estimated positions of [34], [35] in global coordinates
are directly obtained in real time without relying on affine
transformations and conventional algorithms are outperformed,
but the performance under NLoS conditions remains unclear.

Finally, works based on path-loss models [27], [36] assume
that AP positions are known and enforce estimated positions
to lie closer to the AP with the strongest received signal. For
instance, [36] divides the floor plan into zones and leverages
a small subset of zone-annotated CSI samples during training
to predict the zone of new samples. Once a new sample is
assigned to a zone, two weakly supervised losses enforce
it to belong to the estimated zone and lie closer to access
points (APs) with the strongest received power. However, the
method in [36] requires zone-annotated data, which increases
the complexity of the positioning algorithm and zone-division is
based on a heuristic method. The recent work of [27] performs
global positioning without dividing the floor plan into zones or
annotated data. Instead, a power threshold based on received
signals is computed to distinguish measurements in the LoS
area of each AP and estimated positions are, using a bilateration
loss, enforced to be closer to the AP that received the strongest
signal. Additionally, if a bounding box describing the LoS area
of each AP is available, LoS positions are further constrained to
remain within these bounding boxes. Although the work in [27]
provides an effective way of estimating positions in global
coordinates, it presents several issues that limit its practical
implementation: Firstly, distinguishing if a received signal
belongs to the LoS area of an AP is based on thresholding the
received power at each AP, which can fail in scenarios with
heterogeneous devices that can select their transmission power.
Secondly, the bilateration loss is based on path-loss models
that fail under NLoS conditions. Therefore, there is a need to
develop self-supervised positioning techniques that can work
with different devices and under NLoS propagation conditions.

B. Contributions

In this work, we leverage a DT of an uplink distributed
multiple input multiple output (D-MIMO) scenario with several
UEs and APs in order to perform CC that preserves the global
geometry of estimated positions. The key contributions of this
work are as follows:

e Efficient DT-aided self-supervised positioning: We pro-
pose, for the first time, a computationally efficient self-
supervised DT-aided positioning framework that can work
with heterogeneous devices. Our method is based on large-
scale features computed from the DT and the CSI. Recent
work has shown that large-scale features can be computed
in a DT for real-time applications [39]. As large-scale
features, we consider the average received power, the
power per angular direction and delay tap, the truncated
delay profile, and the magnitude of the covariance matrix
of the channel. Compared to [27], which is based on
thresholding the power of the received signals at each AP,



our large-scale features do not depend on the transmitted
power. This advantage enables our method to work with
heterogeneous devices that freely select their transmit
powers. Moreover, unlike [27], our method constrains the
estimated positions, providing a bounded positioning error.
Our results show that our approach outperforms the work
in [27] for the same simulated scenario. At the same time,
our proposed framework is based on large-scale features
that drastically reduce the DT modeling and computational
complexity compared to [29].

o Robustness under modeling mismatches: We evaluate
the performance of our approach under mismatches in
the modeling of the DT compared to the real scenario,
in contrast to [29], in which the real and simulated data
are drawn from the same DT simulation. We consider
mismatches in the modeling of the position of the APs
during training. We show that even under such mismatches,
the proposed framework remains robust and obtains better
performance compared to the state of the art.

o Generalization capability: We consider a distribution shift
between the training and the testing data. Although the
proposed framework is continuously trained, this test
evaluates the performance when the scenario changes
before the system is fine-tuned with new observed data,
which is rarely studied in CC works. In our simulations, we
decrease the height of the UEs during inference and show
that the proposed approach only slightly degrades under
such mismatches when large-scale features are considered.

C. Outline

The rest of the paper is organized as follows. Sec. II
introduces the system model, including the DT description.
Sec. III presents a background on CC and proposes our
framework. Sec. IV compares the proposed approach with
state-of-the-art baselines and Sec. V concludes.

D. Notation

Vectors and matrices are denoted as boldface lowercase and
uppercase letters, respectively. Sets are denoted as uppercase
calligraphic letters and are defined by curly brackets; the
cardinality of a set A is denoted as |.A|. The transpose and
conjugate transpose of a matrix A are denoted by A" and A",
respectively. The ith row and jth column of a matrix A
are denoted as [A];. and [A]. ;, respectively. The upper-left
submatrix containing the first M rows and N columns of A is
denoted as [A]1.as,1.n. The matrix vectorization operation is
denoted as vec(A). We denote the aggregation of two matrices
A € RM*N and B € RM*N along the first dimension
as [A;B] € R?M*N and along the second dimension as
[A,B] € RM*2N_ The positive part of a real number z is
denoted as (z)™ = max{0,z}. The N-point unitary discrete
Fourier transform (DFT) matrix is denoted as F n. The ¢2-norm
of a vector and the Frobenius norm of a matrix are denoted
as ||al| and ||A||r, respectively; the all-ones vector is denoted
as 1 and the indicator function is denoted as 1{-}.

II. SYSTEM MODEL

We consider an uplink D-MIMO scenario with multiple UEs
and A APs. The UEs transmit orthogonal frequency-division
multiplexing (OFDM) signals with .S subcarriers at timestamp
() from the position x(™), for n € A" = {1,..., N}. Each
AP and UE is equipped with an antenna array of K and L
antenna elements, respectively. We assume a multiple-access
protocol that schedules the UE transmissions, ensuring that
the received signal at each AP and timestamp corresponds
to a single UE. The CSI matrix estimated by AP a at the
nth timestamp ¢t is H®™ ¢ CK*S for a = 1,2,..., A.
The estimated CSI matrix includes the effect of additive white
Gaussian noise (AWGN) of variance o2. The CSI matrix at
timestamp (™ is H™ = [HO™,... ;HAM] ¢ CcMxS,
with M = AK. The collection {H™ t(™}N_  constitutes the
database of data collected from the real environment.

We also consider a DT that models the uplink D-MIMO
scenario. The DT is defined by the position and materials of
reflective surfaces (walls, floor, ceiling, or other objects), the
position of the APs, and radio-frequency parameters (carrier
frequency, bandwidth, antennas, and transmitted signal). We
predefine a set of UE positions in the DT {i(p)}f;:l, for
p=1,..., P, where %) € RP~ and Dy is either 2 or 3. The
CSI matrix synthesized from the DT at AP a corresponding
to the pth position is denoted by A" ¢ CK*5 and the
CSI matrix corresponding to the pth position is I:I(p) =
[ﬂ(l’p); e I;I(A’p)] € CM*5_ The collection {ﬂ(p), PP
constitutes the database of simulated CSI and predefined
positions from the DT. As mentioned in Sec. I-B, our proposed
framework is based on large-scale features from the DT and
the observed CSI matrix. Generally, DTs can simulate the
CSI matrix observed by each AP and we can then compute
large-scale features from the CSI matrix, but efficient DTs
can directly provide large-scale features; see, e.g., [39]. We
based the description of the DT and the proposed method of
Sec. IIT on the general case that the DT simulates the CSI
matrix, but in Sec. IV we also consider large-scale features
directly computed from the DT.

The objective of positioning is to find a function that maps
the estimated CSI from the measured data H™ to the true
UE position x(™), given some side information about the
environment through the DT model. To find such a function,
we first design a training phase that uses the unlabeled dataset

{H™ ¢(IN_ and the synthesized DT data {I:I(p)7 %) .

n=1
to produce estimated positions close to the true positions.

III. DIGITAL-TWIN-AIDED CHANNEL CHARTING

We now describe the operating principles of conventional CC,
which serves as a foundation for our proposed method. We then
describe the proposed framework and formulate the training
procedure as an optimization problem. We conclude with a
detailed description of the considered large-scale features.

A. Background on Channel Charting

CC is composed of two operations [15]: (i) feature extraction
and (ii) positioning CC function. In (i), large-scale feature



vectors are computed from the CSI since small-scale fading
can produce large variations in the CSI for close positions in
space [40]. We compute the large-scale CSI feature vector f (n)
at time instant £ as in [27] as follows:

L™
It

Here, h™ = vec([H™FY]. .0) € CP and D, = MC. An
inverse DFT of the CSI matrix across subcarriers is performed
in [27] because most of the received power is expected to
be on the first C' time-domain taps and the dimensionality
of H™ can be reduced with minimal information loss. In (i1),
the positioning CC function is expressed as x( ) = go(f (")) €
RPx with learnable parameters 6. This functlon can then be
used to extract the estimated positions of the UEs.

The goal of CC is to optimize the parameters 6 so that train-
ing samples with similar feature vectors f (n) yield estimated
positions 5(59”) that are close in RPx. Different loss functions
have been proposed to optimize the parameters 6 [15], [17],
[18], [41]-[43]. In this work, we utilize the timestamp-based
triplet-loss approach from [41] to enable a fair comparison
with [27] (see Sec. IV for the details), which we describe in
the following. First, we define the set of triplets

T ={(n,c,f) eN?:
0< [t -t < T, <Tp < [t™ -t}

£n) _ f(H(”)) _

ey

@

where T.,T; > 0 are coherence-time parameters that distin-
guish if CSI measurements are close (1) or far (Tf) in time
to a CSI measurement at a timestamp (™)., If [t(") — ()| <
t) — ()|, we expect that xé ™) is closer to xé) than to x(f).

Second, the timestamp-based triplet loss is defined as

1 n ~lC
Gl ST xgY - %57
(n,e, f)ET
— %" —

Loc(0) =

)+ M)t )

where M; > 0 is a hyper-parameter that enforces x ( ) to be

at least M; closer to X, ( ) than to X(
to solve the 0pt1mlzat10n problem

7) . Conventional CC aims

6" = arg main Lcc(0), 4

where 6* are the optimal parameters of the positioning CC
function gg(-). The problem in (4) aims to preserve local
geometry, but there is no guarantee that the learned CC
positioning function reduces the error between the true and
estimated positions. To resolve this limitation, we now introduce
DT-aided CC .

B. Proposed Method

The proposed method is based on conventional CC and the
timestamp-based triplet-loss of (3). We include the DT in CC
in two stages: (i) in conventional CC to confine the estimated
positions to the convex hull of the predefined DT positions
and (ii) adding a new loss function to the loss of (3) that
aims to preserve global geometry. The proposed framework is
represented in Fig. 1 and described in the following.

1) Modified Channel Charting: Firstly, we turn the conven-
tional CC regression problem into a classification problem as
shown in the reen box of Fig. 1. Instead of estimating the
positions as X" = go(f (")), we increase the dimensionality
of the output of the learnable function as in [44] and estimate
the probability mass function p” = go(f™) € [0,1]7 of
the true position at (), i.e., [pén)}i is the probability that
the ¢th predefined position %) is the true position at ¢(")
and 1Tpé”) = 1. Treating the localization problem as a
classification problem was shown in [44] to result in better
positioning performance with supervised learning. We then
compute the expected position as x( ") — =q(p (”)) = Xpé"),
with X =[x, .. x(P)] e RPxxP ThlS mapping allows us
to use the triplet loss in (3) to preserve local geometry and
the estimated position is confined to the convex hull of the
predefined positions X.

2) Digital-Twin-Aided Loss Function: Secondly, we in-
troduce a novel DT-aided loss function to preserve global
geometry, corresponding to the orange box in Fig. 1. The
proposed loss function is based on large-scale features com-
puted from the observed CSI and the DT. Large-scale features
are expected to vary only slowly with the position of the
UEs, while the CSI rapidly varies over space in the order of
the wavelength. Moreover, learnable functions like the NN
considered in this work (see Sec. IV-B) suffer from spectral
bias for lower frequencies [45]-[47], which correspond to
slowly varying features in our setup. From the DT-based CSI
I:I(a’p), the feature vector estimated by AP a corresponding
to the pth position in the DT is v(*P) = h(I:I(a’p)) e CP,
for p=1,2,..., P, where D is the dimension of the feature
vector to consider (see Sec. III-C). We denote the function
that computes the large-scale features generally as h(-) since
it can be different from f(-). The feature vector for the p-
th predefined position is v(P) = [¢(1P);... . ¢(AP)] ¢ CPv,
where D, = AD. We compute the expected value of the large-
scale feature vectors {v () }5:1 at timestamp (™) using the
estimated probabilities py” as vi" = u(p”) = Vp" €
CPv, where V = [v(1) ..., v(P)] € CPv*P_ Similarly, from
the measured CSI we compute a large-scale feature vector
per AP at t(") as v(@m) = p(H®")) ¢ CP. Aggregating
across APs, we obtain another feature vector at t(™ as
v = [y, y(An)] ¢ CPv, We combine the feature
vectors from the DT and the measured CSI in the loss function

1 ‘(V(n))H~(n)|2

Lpr(0) =
neN V || HV

The loss function in (5) involves the cosine similarity between
the vectors v(™ and v(n), which is used in other deep
learning tasks [48], [49], and a nonlinear exponential term that
empirically provides better results in our scenario. Moreover,
the vector normalization in (5) accounts for mismatched real
and simulated transmitted powers of the UEs. Note that
the feature vector v(™ from the estimated CSI does not
depend on the learnable parameters as the function h(-) is not

learnable. The loss in (5) provides a theoretical guarantee of the

positioning performance when the synthesized DT CSI I:I(p)
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Fig. 1: Block diagram of the proposed approach. Dashed elements are predefined and kept fixed during training. The large-scale features in the DT can be

computed directly without first obtaining the CSI I:I<p ). During inference, the DT and the DT-aided learning blocks are not used.

matches the estimated CST H™),

Lemma 1. The loss function in (5) is minimized if and only
z:fv(”) is linearly dependent with 9‘(97”.

Proof.
1 ‘(V(n))H~(n)|2 )
£ 0) = — ex e
10 =7 . p< ||v<">|| ERE
v ) (n)|2
zexp( )
neN ||v<" IR

®)

where in (7) we used Jensen’s inequality [50] and in (8) we used
Cauchy—Schwarz inequality [S1]. The inequalities in (7) and (8)
hold with equality if and only if v(") is linearly dependent

> exp(—

with v{"). m
Proposition 1. Ler
LB ={pe0,1":1Tp=1} ©)

be the set of all possible probability vectors of dimension P.
Assume a matched DT such that

) = Xp*
v(®) = Vp* £,

(10)
(11)

for some p* € L) and a fixed n € N. Suppose V €
CPv*P s tall and has full rank (P < D). Then, any global
minimizer 0* satisfies

p(ari)—p and xﬁ,’? Xp(n) x("), (12)

Proof. By Lemma 1, at any global minimizer 6* we must have
Vg = Vpl = av

(") = 4 Vp*, (13)

for some @ € C\{0}. Because V is full rank, the mapping
p — Vp is injective, implying that

py. = ap*. (14)
;
(n)

and p* belong to £(F)| it follows that v = 1

= p*. Substituting into fcgf) = ngi) yields
O]

Since both p

and hence, p,«
fcgf) =x("),
Remark 1. Because X is typically a wide matrix (P > Dy),
the mapping p — Xp is not injective—in fact, many p € £P)
can represent the same position x\") = Xp. Hence, barycen-
tric coordinates in position space are generally non-unique.
However, since V is tall and full column rank, the mapping
p — Vp is injective. Consequently, even if several p vectors
lead to the same x™), only one of them yields the correct
feature vector v(") = Vp*. The optimization in feature space
therefore selects the unique p* consistent with the observed

v, leading to xé*) = Xp = x("). In this sense, the tall
matrix V disambiguates the non-uniqueness introduced by the
wide matrix X.

Although Proposition 1 guarantees that a global optimizer
that minimizes (5) can yield a perfect estimation under a
matched DT, fulfilling condition (11) for all n € N while
V is full rank is not straightforward, as it depends on the
environment, the AP positions, and the large-scale features to
consider. Given that our goal is to propose a general framework
that can work for any given environment, we propose to
combine the loss functions of (3) and (5) as

£(0) = AccLec(0) + ApTLpT(0),

where Ao, ApT > 0 are tunable weights. Based on £(0), we
aim to solve

15)

0" = argmeinil(a) (16)



Algorithm 1 Training algorithm of the proposed approach.

1: Input: Data set of estimated CSI {HMN_ | grid of points
in the DT X, large-scale features from the DT V.

2: Output: Optimized NN parameters 0(Niter).

3: Initialization: NN Parameters ().

4: for : =0, ..., Niter — 1 do

5: Compute large-scale feature v(™) = h(H™),
6: Compute the CSI features f () following (1).
7. Estimation with NN: p(@) = go (F™).

8:  Compute Xg() = )N(pgfi).

9: Average large-scale features \N/gfi)) = Vpgg).
10:  Calculate £cc(8™) following (3).

11: Compute DT loss £p7(6@) in (5).

12: Compute £(0)) according to (15).

13: Update 8(*) based on gradient descent.
14: end for

to learn a positioning function gg(-) that maps CSI features to
positions close to the true positions. The proposed approach is
summarized in Algorithm 1 for a fixed data set. If new samples
of CSI are estimated, the same algorithm can be continuously

applied with an extended data set including the new data points.

C. Large-Scale Features

Here we propose different large-scale feature processing
functions h(-). These functions determine the large-scale
features to compute from the estimated CSI and by the DT.

1) Power: We consider that the power received by AP a
at timestamp (™ is A(H@™) = [|h*™ |2, where h(®™) =
vec([H»™FY]. 1.c), which means that D = 1. This is the
most straightforward large-scale feature vector and the easiest
to acquire. The advantage is that this feature vector also works
in a simpler scenario where the APs have a single antenna
element. However, the Power feature presents a disadvantage
as proven in the following proposition.

Proposition 2. Let
P@ = (pefl,... P} A2 =0 ford #£a} (A7)

be the set of points in the DT whose transmitted signal is at
most received by AP a. If [pén)]p =0 for p ¢ P, then £pr
does not depend on 6.

Proof. The claim follows from the fact that for points p € P(®),

v(®) is nonzero in the ath position, and the normalized vector
{I(gn)/H\?fgn) || in (5) does not depend on 6. O

Proposition 2 implies that if there is a subset of points in
the DT that are only served by one AP, the learnable function
ge(-) stops updating the parameters € when the estimated
position %™ is a combination of that subset of points. In
areas covered by just one AP, the positioning error is therefore
likely to be large. This means that the signal from the UEs
must be received in the DT by at least two APs to reduce the

positioning error.!

INote that this does not mean that the UEs must be in LoS with the APs,
but the signal transmitted by the UEs must be received by at least two APs.

2) Angle-power profile (APP): In order to attempt to resolve
the issue of the Power feature, we define the APP of AP a
at t™ as A(H®™) = |H™ 21, with H®™ = FH®™,
which means that D = K. The APP aims to compute the power
of the CSI matrix for different angles. This approach is much
less likely to suffer the same problem as the Power feature if
K > 1 since the dimensionality of v(*) and Vg”) increases. In
the case of single-antenna APs, the APP is equivalent to the
Power feature.

3) Delay-power profile (DPP): Similarly to the APP, we
define the DPP of AP a at (™) as h(H®™) = 1T|H@MFH 2,
which aims to compute the power of the CSI matrix for
different delay taps. Note that here we consider all S delay
taps compared to the C' taps in (1) because the large-scale
features are only used to compute the loss in (5), whereas the
CSI features £™ are processed by the positioning function
ge(+), which is more computationally demanding. We include
this feature to compare the effect of using angular and delay
information in the proposed framework. In this case D = S.
Assuming S > K (which is typically the case in practice), this
feature increases the dimensionality of v(™ compared to the
APP. For single-antenna APs, the DPP amounts to the Power
feature.

4) Covariance: We define the covariance vector of AP
a at t™ as h(H®™) = vec(|H™ (H™)H)), which
means that D = K2. We introduce this feature since second-
order moments have previously been used for conventional
CC [15]. Note that the APP values are contained in v(n),
Assuming K > 1, this feature increases the dimensionality of
v(™) compared to the APP.

5) Truncated delay profile (TDP): We follow (1) for the
CSI of each AP, i.e., h(H*™) = [h(®™)|/||h(*™)||, where
h(em) = vec([H(“’")Fg]:,l;c). This considers the large-scale
feature of [27] both as input to the positioning function and
for the DT-aided loss function. In this case, D = KC.

D. Discussion on Digital Twin Implementation

Our proposed approach relies on a DT to perform positioning.
The DT comprises three components: the real space, the virtual
space, and a communication link between them [37], [52]. The
virtual space consists of a three-dimensional representation of
the real environment to acquire simulated data, which in turn
includes geometrical and material information. Geometrical
modeling of the environment can be constructed via manual
measurements, camera information (see [53] and references
therein), or laser scanners [54]. Material properties of objects
can be estimated through additional measurements [55], [56],
however, they imply extra costs and may not scale well to
large environments. We instead consider that materials are
available a priori (e.g., from building specifications) and minor
mismatches in material properties can be mitigated by our
proposed approach, as shown in Sec. IV. After its initial
construction, the DT is updated based on information collected
from external sensors [57]. The communication link between
the DT and the real environment ensures that the DT, and
consequently the large-scale features, are updated and that the
predicted positions of our proposed approach are transmitted
to the APs.



IV. RESULTS

We now present the results to assess the positioning
performance of the proposed DT-aided CC approach.”? We
first describe the state-of-the-art baselines and the considered
evaluation metrics. We then assess the achieved positioning
results, the effect of the density of points in the DT, and the
robustness under modeling mismatches in the DT.

A. Baselines

We consider three baselines to compare with our proposed
approach. The first baseline is the best-performing CSI-
based positioning method that does not rely on labeled data,
synchronized APs, or affine transformations. The goal of this
baseline is to frame the proposed approach with respect to
state-of-the-art CC. The second baseline is a semi-supervised
approach that uses labeled data after a first CC learning phase
to compute the optimal affine transformation that obtains global
coordinates. The last baseline is a supervised CSI fingerprinting
approach that serves as a lower bound on the positioning error.
Although the last two baselines use additional information in
terms of labeled data compared to the proposed approach, we
include them to assess how close the proposed approach is
compared to methods that use labeled data.

1) Bilateration and Bounding-Box (BBB) Losses [27]: This
approach also enhances conventional CC to improve positioning
performance without the use of labeled data and it is based on
two assumptions. The first assumption is the knowledge of the
AP positions. From the CSI matrix H(®™ | the power of AP
a at t( is computed as P(@™ = 201og,,(|[H*™||). This
defines the set of estimated LoS APs for each UE position as

A(”) — {a (= A : P(a’n) > Pthr}7 (18)

where P, is a threshold set after observing the values of
P(an) o ensure an effective distinction of LoS and NLoS
samples. From A(™)| they define the set of AP pairs

P = {(ac, ar) € (A™)?: placm) > placn) 4 ppa
(19)

where P(@™) and P(%") are the power received by a close
and far AP, respectively, and M|, ensures that only pairs of
APs whose powers differ by at least M, are included. The set
P is the foundation for the bilateration loss, defined as

L4i(0) = > >
Donen |7><n>| N (e epn
(K5 — x@ || — &5 — x@) || + M)+, (20)

where x(®) is the location of AP @ and M, > 0 is a hyper-
parameter that ensures that fc(g") is at least M, closer to x(@)
than to x(%). The second assumption is the knowledge of a
bounding box corresponding to the LoS area of each AP. The

bounding box for AP a is defined as

BW = {(z,y) e R? : € [2\4), 28 )y € [yl v}
(21)

2Source code to reproduce the simulation results in this paper is available
at https://github.com/josemateosramos/DT_CC.

where the values xfm)n,:cgfgx,yfi)n,yr(r‘fgx are set based on

geometrical information of the environment. This assumption
enables the definition of a second loss function as

Lhox(6) = =3 3 L&), @
ZILEN |A( | neN qge An)
with
lo(x)=1{x ¢ B(a)} min ||x — x'||%. (23)

x’eB(a)

This loss enforces estimated positions xé”) in the LoS area of

AP a to belong to the bounding box of that AP. Note that (22)
still relies on the set A(™) since the estimated positions can
lie in arbitrary coordinates, and the received signals must be
associated with the corresponding LoS APs. The losses in (20)
and (22) are combined with the timestamp-based triplet-loss
in (3) as

L8BB(0) = AacLac(0) + Abili(0) + AboxLbox ().

Compared to [27], we assume that a DT provides large-scale
features and we do not require thresholding the power received
by the APs to discern if the UE is in the LoS area.’?

2) Affine Transformation with Ground-truth Positions: This
baseline considers a two-step approach for positioning. First,
the loss in (15) with A\cc = 1, Apt = 0 is used to train the NN,
i.e., we use the timestamp-based triplet loss and the predefined
positions to obtain a first estimate X(™) of the positions. Then,
we assume that ground-truth positions are available for the
entire training dataset and we solve the following least-squares

problem
D lia

{A,b} = arg
neN

(24)

AX™ 4+ b) —xM|2 (25)

x X Dx
beRPx

ml]fl
AcRP

with x(™) the true UE position at time ¢("). The estimated
posmon is computed using the affine transform x( " = Ax() 4
b. This method assumes a labeled data collectlon step prior
to training the NN. This baseline represents an extreme case
of methods that use affine transformations, e.g., [24], [30],
where all the samples are used to compute the optimal affine
transformation.

3) CSI Fingerprinting [5], [6]: In CSI fingerprinting, labeled
data of the true position of the UE is also available and it
consists of two phases. In the first phase, known as the offline
training phase, the labeled dataset {H™ x(™}N_ relating
CSI and UE positions is used to train the positioning function
ge(+). To arrive at a fair comparison with our method, the
position is estimated following the modified CC pipeline of
our proposed method, i.e., x(n) = q(pé )). The loss used in
fingerprinting during training is

Ix") — %
-7

In the second phase, known as the online test phase, the learned
positioning function is used to estimate the positions based on

£q1.(0 o2, (26)

30ne can also leverage a DT to compute the set A™) in (18) based on
synthetic data. However, the DT and the real scenario may be mismatched.
Thus, we follow the thresholding of [27] based on real data.
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Fig. 2: Simulated indoor scenario. The light green points represent the AP
positions and the beige points represent the predefined points in the DT. The
colors of the walls represent different materials, where the default floor material
is provided by Wireless InSite.

TABLE I: Parameters of the simulated indoor scenario.

Parameter Value

Number of APs A=38
Number of antennas per AP K=4
Number of antennas of the UE L=1

AP, UE and DT antenna type
ULA spacing

Half-wavelength dipole
Half-wavelength

Number of UE positions N = 14606
Number of DT positions P =713
Spacing between UE positions 2.5 cm
Spacing between DT positions A=05m
AP antenna height 2m

UE antenna height 1.5m

DT positions height 1.5m
Carrier frequency 2.4 GHz
Bandwidth 20 MHz
Number of subcarriers S =52
Number of truncated taps C =13
Maximum SNR per AP 25 dB

Learnable function gg(-) Multi-layer perceptron
Number of hidden layers 4

Neurons per hidden layer 256
Hidden layer activation function  Rectified linear unit (ReLU)
Optimizer Adam

5-10—3, APP, TDP

Learning rate .
g 11073, otherwise

Training iterations 5000

Dropout (hidden layers) 0.15
Coherence time in (2) Te=Tr=2s
Distance threshold in (3) My =0.9 m

Acc = 10, Power and APP
Acc = 5, DPP and Covariance
Acc =1, TDP

CC weight in (15)

new observed CSI data. CSI fingerprinting constitutes a lower
bound in terms of positioning error since it uses ground-truth
positions and unlike the affine transformation, the true positions
are included in the loss function to train the NN, providing
a more general mapping between the features f (") and the
estimated positions 5",

B. Scenario

We simulate the uplink D-MIMO indoor scenario of [27],
illustrated in Fig. 2. In our simulations, we particularize

the proposed framework in Sec. III-B for a two-dimensional
position estimation problem, i.e., Dy = 2 and a single UE in
the environment. The UE moves in this scenario (see Fig. 3a
for a view of the trajectory of the UE), covering all rooms,
which defines the training and testing sets. We consider a grid
of points as the predefined positions in the DT, represented in
Fig. 2.* The simulations use Remcom’s Wireless InSite ray-
tracing software to obtain the CSI matrices {H™ }V_, and the

simulated CSI {ﬁ(p)}f;l. Innitially, there is a perfect match
between the DT and the real scenario (see Sec. IV-D for the
mismatched case). The Power feature is directly available from
the software, whereas the APP, DPP, and Covariance features
are derived by first simulating the CSI matrices {I:I(p)}f:1
and applying the functions described in Sec. III-C to compute
the DT features v(*). Since no real measurements are available,
we contaminate the CSI matrices H™ with AWGN. We
define the SNR for AP a and timestamp (™) as SNR(*™) =
[h(®™]12/52, with h“™ = vec([H*™MFY]. 1.c) and o2 the
variance of the AWGN. We add AWGN to H™ such that
max,,, {SNR(*™} = 25 dB across training and testing sets.
To compare with the results of [27], we do not add AWGN to
samples where H(@™ = 0, but these samples are still used for
the computation of the CSI features f (") and the large-scale
features v("), Note that we do not add AWGN to the DT CSI
matrices H”. The dataset {H™}N_ s randomly split into
training and test sets, with 80% of samples used for training.
As learnable function for positioning ge(f (")), we consider
a multi-layer perceptron with input and output dimensions
determined by Dy, in (1) and P, respectively. The learnable
parameters @ correspond to the weights and biases of the MLP
layers. The simulation parameters are described in Table 1. The
dataset of collected CSI from the real scenario is based on
standard 5G requirements. For example, a recent 5G testbed
captured CSI with a target SNR of 28 dB every 10-20 ms [59].
A spatial resolution of 2.5 cm would correspond to an average
UE velocity of 1.25-2.5 m/s, which lies within the typical
walking speed range of healthy individuals [60]. Moreover, the
considered unlabeled dataset would be collected in less than
five minutes and the proposed approach can be executed for
prolonged durations.

C. Positioning Results

Table II presents the inference results for the indoor scenario
in Fig. 2. The metrics are described in Appendix A and the ar-
rows next to the evaluation metrics in Table II indicate whether
a higher or lower value is better. For practical applications, the
mean distance error (MDE) is the foremost metric to evaluate,
but other metrics are included for completeness. The results
are averaged over 10 random NN initializations and expressed
as p £ o, where 1 and o are the mean and standard deviation,
respectively. The standard deviations for trustworthiness (TW),

“In this work, we assume that a single DT covers the entire scenario. Very
large environments require division into smaller zones and subsequent zone
stitching or identification, which is left as a future work.

5In hardware-limited systems, the number of training samples can be reduced,
as shown in [58]. However, this study focuses on the best attainable positioning
performance for the given training dataset.



TABLE II: Positioning results for the simulated indoor scenario.

Method Figure ~TW 1 CT 1 KS | RD | MDE | 95th PDE |
BBB [27] 3b 0.979 0.976 0.144 0.710 1.15£0.04 2.84+0.44
Baselines  Affine transformation 3c 0.954 0.957 0.375 0.879 3.20 £ 0.64 6.53 +1.43
CSI fingerprinting 3d 0.993 0.993 0.060 0.479 0.41 +£0.02 1.01 £ 0.08
Power 3e 0.990 0.989 0.098 0.603 0.81+0.05 1.78+0.13
Angle-power profile (APP) 3f 0.991 0.988 0.111 0.631 1.06 + 0.07 2.67+£0.34
Proposed  Delay-power profile (DPP) 3g 0.990 0.987 0.105 0.620 0.91 £ 0.07 2.27+0.36
Covariance 3h 0.991 0.985 0.126 0.658 1.15+0.14 3.11+£0.45
Truncated delay profile (TDP)  3i 0.989 0.982 0.143 0.665 1.24 £ 0.46 3.63 + 2.47

continuity (CT), Kruskal stress (KS), and Rajski distance (RD)
are omitted due to their negligible values (similar to [27]).
The results in Table II show that the proposed Power, APP,
and DPP features outperform the state-of-the-art method in
[27] and the affine transformation. This indicates that the use
of a DT improves positioning performance compared to (i)
the knowledge of the AP positions and their LoS area and (ii)
methods that rely on the timestamp-based triplet loss and affine
transformations. As expected, fingerprinting achieves superior
performance, but it requires labeled UE position data.

Among the proposed features, Power performs best for most
evaluation metrics, which suggests that relying on smooth
large-scale features over space provides better results. The
performance degrades when small-scale features are introduced
in the APP, DPP, TDP, and Covariance features, confirming
the relevance of large-scale features for CC [15].

Fig. 3 shows a top-down view of the true and estimated UE
trajectories according to the proposed features and the baselines
listed in Table II. As shown in Proposition 2, the Power feature
performs poorly in the area enclosed by four walls, where only
a single AP is available. The APP and DPP features provide an
alternative solution that improves the performance in such areas
at the cost of a slightly worse overall performance. The results
in Table II and Fig. 3 indicate that the proposed approach is
an effective CSI-based positioning method without requiring
labeled data. Given that the TDP and Covariance features yield
the poorest performances, they are not further considered in
the remainder of the paper.

1) Effect of the Grid Spacing in the DT: In this test, we
study the performance of the proposed approach as a function
of the spacing A in the predefined DT positions. The spacing
in Table II was A = 0.5 m, corresponding to the grid shown
in Fig. 2. In Table III, we show the MDE and 95th percentile
distance error (PDE) results for different spacings in the
predefined DT positions. The NN architecture described in
Table I remains unchanged across A values except in the last
layer, which depends on the number of predefined points P.

The results show that a finer spacing of A = 0.25 m leads to
a significant average performance drop and a larger standard de-
viation across NN initializations. However, the best-performing
random initializations for A = 0.25m yield MDE = 0.96 m
and 95th PDE = 2.52m for Power, MDE = 1.58 m and
95th PDE = 4.66m for APP, and MDE = 0.79m and
95th PDE = 1.74m for DPP which are comparable to the
average performance obtained for A > 0.25m. Given that
the NN architecture and the learning hyper-parameters are
optimized for A = 0.5 m, changing the grid spacing A reduces

TABLE III: Testing results for different position spacings A in the DT. The
MBDE (top) and 95th PDE (bottom) are shown in the form of p £ o, with p
and o the mean and standard deviation over 10 random NN realizations.

Method A =0.25m A=0.5m A=1m A=15m
’ 4214374 0814005 0914002 0.8340.03
OWer 9054659 1.784+0.13 1.90£0.08 1.80%0.11
APP 5324299 1.06+0.07 1.26£0.05 1.66%0.25

11.02+4.67 2.674+0.34 2644028 3.3840.84
DPP 3744333 0914007 1.18+0.18 1.724+1.72

7734588 2.2740.36 2.67+£093 4.00+3.25

the convergence stability of the optimization problem in (16)
across different random initializations.

The Power feature obtains similar results for A > 0.5 m,
while the APP and DPP features degrade in performance
with a larger spacing. This difference arises because the
Power is a large-scale feature that fluctuates more slowly over
space compared to the APP, allowing the MLP to effectively
interpolate feature vectors for off-grid positions. In contrast,
the faster spatial variations of the APP and DPP hinder
interpolation when the grid spacing is large. From the results
in Table III, we conclude that the Power feature is robust under
a sparser grid of predefined points in the DT, enabling reduced
DT complexity without substantial performance loss.

2) Effect of Labeled Data on Fingerprinting: The results in
Table II show a substantial performance difference between the
proposed approach and fingerprinting. However, fingerprinting
leverages the entire database as labeled samples, which is
typically costly to obtain. To reduce the costs of fingerprinting,
we combine the CC loss of (3) and the supervised loss of (26)
as

£(0) = AccLec + AsnLsL, (27)

where Ag;, > 0 is a hyper-parameter that balances the
contribution of the CC loss and the supervised loss. Moreover,
we reduce the number of labeled training samples used for
fingerprinting and compare the resulting performance with
the proposed approach. In Fig. 4, we report the MDE of
fingerprinting following (27), together with the proposed
approach based on the Power feature. The training samples
for fingerprinting are uniformly distributed in space, and we
set Acc = 1 and Mg, = 10. Our proposed approach is label-
agnostic, resulting in the flat behavior observed in Fig. 4. The
performance of fingerprinting degrades with fewer labeled
samples since their spatial coverage becomes sparser and
extrapolation to unseen locations becomes more challenging.
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Fig. 3: True and estimated trajectories for the proposed approaches and the baselines in the simulated indoor scenario. For each estimated trajectory, we

represent the best of the 10 realizations of the NN.
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Fig. 4: Positioning performance as a function of the number of labeled data
samples during training. The curves indicate the mean and the error bars the
standard deviation across random NN initializations.

Additionally, under 100 labeled samples the proposed approach
using the Power feature outperforms fingerprinting. This result
underscores the dependence of fingerprinting on dense labeled
datasets and its higher data acquisition cost compared to the

proposed approach.

D. Robustness Tests

In this section, we evaluate the robustness of the proposed
approach against mismatches at training and inference time.
The former affects the assumed model of the DT while the
latter studies the effect of unexpected elements in the real
environment once the proposed approach has been trained.

1) Mismatched Digital Twin: So far, we have considered a
perfect match between the DT and the considered scenario. In
practice, information about the environment may be incomplete
or inaccurate. We therefore evaluate the performance of the
proposed approach under DT modeling mismatches during
training. Particularly, we consider the following increasingly
severe mismatches: (i) the APs in the DT are shifted by half a
wavelength (6.25 cm) in the positive direction of the X-axis, (ii)
the walls and floor materials in the DT are changed to wood, (iii)
an additional wooden wall is introduced in the DT, and (iv) four
additional walls are introduced in the DT. The two last cases
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Fig. 5: Mismatched digital twin in the case of four additional walls. The
additional walls are indicated with numbers. The case with one additional
wooden wall only considers wall number 4.

are represented in Fig. 5. Furthermore, given access to a DT,
we consider two practical DT-based fingerprinting baselines: (i)
training a fingerprinting model using synthetic CSI generated
by the DT [61], and (ii) performing fingerprinting using
synthetic Power features from the DT. The latter corresponds
to leveraging a computationally efficient DT [39] and the NN
architecture is accordingly adjusted, reducing the input layer
to a single neuron. For both baselines, we use the training data
described in Sec. IV-B, i.e., the full training dataset. Table IV
shows the inference results.

When the APs are shifted in the DT, the MDE of the
proposed approach and DT-based Power fingerprinting are
similar to the case of no mismatches in the DT, while DT-based
CSI fingerprinting shows a slight performance degradation.
This result indicates that a displacement of half a wavelength
substantially alters the phase of the estimated CSI, thereby
introducing a mismatch between the training and testing
fingerprinting data. In contrast, the large-scale Power feature
remains largely unchanged under the same displacement. As
we introduce more severe impairments, all methods generally
degrade in performance, reflecting the growing discrepancy
between the DT and the real scenario. However, the degradation
trends differ across methods, as discussed next.

Comparing DT-based CSI fingerprinting with the proposed
approach, the former achieves better performance under no
or slight mismatches in the DT as it exploits the full CSI
information from the DT, while the proposed approach relies

B Default floor material
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B Wood

Fig. 6: Mismatched scenario with additional wooden boxes in the large room.
The boxes have a size of 1 m in all axes.

on lower-dimensional large-scale features such as the received
power. Under severe impairments (e.g., four additional wooden
walls), the proposed approach outperforms DT-based CSI
fingerprinting. This indicates two relevant aspects. First, large-
scale features are more robust to modeling mismatches as they
vary more smoothly over space. This observation is consistent
with the fact that DT-based Power fingerprinting outperforms
DT-based CSI fingerprinting under severe mismatches. Second,
incorporating CC in the proposed approach aligns the DT
and the observed data, improving robustness. Conversely, DT-
based CSI fingerprinting only harnesses synthetic fine-grained
data, which limits the generalization of the learned positioning
function to the real environment. This is further supported by
comparing DT-based Power fingerprinting and the proposed
approach, which use the same information from the DT, but
the proposed framework additionally integrates observed data.

In summary, the results from Table IV indicate three regimes:
(i) if a high-fidelity DT that computes the CSI is available,
DT-based CSI fingerprinting yields the best results, at the
cost of higher computational complexity; (ii) in the case of a
low-fidelity (potentially mismatched) DT that generates CSI,
DT-based CSI fingerprinting achieves better performance under
slight mismatches, while the proposed approach remains robust
under severe mismatches; and (iii) with a computationally
efficient DT that only provides the received power, our approach
achieves the best results.

2) Distribution Shift: Finally, we evaluate the positioning
performance under mismatches between training and testing

TABLE IV: Mismatched DT test results. The MDE (top) and 95th PDE (bottom) are shown in the form of y + o, with p and o the mean and standard

deviation over 10 random NN realizations.

. Shifted Material One additional ~ Four additional
Method No mismatch .. R
AP positions ~ mismatches wooden wall walls

Power 0.81 £ 0.05 0.83 £ 0.06 0.92 £+ 0.06 0.91 +0.04 1.08 £0.21

owe 1.784£0.13 2024040 2334029  2.20+0.20 2.49 +0.75
DT-based CSI 0.41 4+ 0.02 0.524+0.02 0.65+ 0.02 0.88 +0.06 1.92+0.18
fingerprinting 1.01 £ 0.08 1.26 £0.08 1.65 =+ 0.06 2.44 +0.31 4.56 + 0.46
DT-based Power  0.90 + 0.06 0.994+0.04 1.04+£0.02 1.15 4+ 0.06 1.54 +0.05
fingerprinting 2.204+0.15 2.38£0.06 2.524+0.04 2.77+0.17 3.45+0.10




TABLE V: Generalization test results. The MDE (top) and 95th PDE (bottom)
are shown in the form of 4o, with ¢ and o the mean and standard deviation
over 10 random NN realizations.

. Decreased Wooden ‘Wooden

LS No mismatch UE height boxes wall
P 0.81 +0.05 0.97 +£0.05 0.8240.04 1.10 £ 0.08
ower 1.7840.13  2494+0.17 1.80+£0.14 3.68+0.21
APP 1.06 £+ 0.07 1.26 £0.06 1.06 £0.06 1.43+0.05
2.674+0.34 3.18+0.22 2.69+0.34 4.15+0.12
DPP 0.91 +0.07 1.06 £0.08 0.91+0.07 1.184+0.05
2.27 4+ 0.36 2.70+0.35 2.254+0.39 3.824+0.17
CSI 0.41 £ 0.02 0.63+0.01 0.43+0.01 0.9340.03
fingerprinting 1.01 +£0.08 1.79+0.04 1.02+0.04 3.79£0.23

data. Two types of distribution shifts are considered: (i) changes
in the UE position and (ii) changes in the environmental model.
Note that in both cases, the DT is matched to the real scenario
during training. For the first case, we consider that during
training, the estimated CSI corresponds to a UE at 1.5 m height.
At inference time, the estimated CSI corresponds to a UE at
0.8 m height. For the second case, we consider additional
wooden boxes in the large room, as represented in Fig. 6, or
the same additional wooden wall as in Fig. 5. This simulation
reflects practical scenarios where environmental changes occur
after deployment (e.g., a door being closed). The results are
summarized in Table V, where we also included the results
from Table II.

The performance slightly degrades under a UE height de-
crease compared to no mismatches in the DT. The degradation
is mainly due to the pathloss effect, which we detail in the
following. Fig. 7 represents the estimated positions when the
UE height is changed. Compared with Fig. 3, Fig. 7 shows
that no estimated positions appear near the APs (especially
for the AP at the bottom center). This occurs because pathloss
primarily depends on the distance between the AP and the UE.
For example, the pathloss observed by a UE located at 1.5 m
height and far from an AP in the horizontal plane is similar to
that of a UE at 0.8 m height but closer in the horizontal plane.
As a result, when inference is performed at the lower height,
positions that are actually close to the AP are misinterpreted
as points located farther away in the horizontal plane.

On the other hand, introducing wooden boxes yields similar
performance to matched testing data, which suggests that
the large-scale features remain mostly unaltered. Conversely,
adding a wall in the upper corridor degrades the performance
of the proposed approach as it partially blocks the received
signal of the APs in that region. The corresponding estimated
trajectories are included in Fig. 8. Positions in the corridor
near the added wall are estimated closer to the APs, indicating
that the attenuated signals are interpreted as originating from
more distant locations relative to the blocked AP.

The results in Table V and Fig. 7 indicate that the Power,
APP, and DPP features remain robust under distribution shifts
that do not significantly alter the received signal at the APs.

V. CONCLUSIONS AND OUTLOOK

In this work, we have proposed DT-aided CC for self-
supervised positioning in an uplink D-MIMO scenario. The

— Walls A APs
A A

25 25

20 20

15 15
E E
> >

10 10

5 5

0 0

0.0 2.5 5.0 7.5 10.0 0.0 2.5 5.0 7.5 10.0
X [m] X [m]
(a) Power. (b) CSI fingerprinting.

Fig. 7: Estimated trajectories for the case where the UE height has been
decreased during inference from 1.5m to 0.8 m.
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Fig. 8: Estimated trajectories under a distribution shift of the data during
testing time that includes a wooden wall in the top horizontal corridor.

proposed framework preserves both the local and global
geometry of the estimated positions without requiring labeled
data, accurate AP synchronization, affine transformations, or
LoS area estimation of each AP. Our framework leverages a DT
to compute real-time large-scale feature vectors that help train
conventional CC and provides global coordinates. We have
investigated several feature vectors and showed that the Power,
APP, and DPP features outperform state-of-the-art results, with
the Power feature providing an overall better performance and



the APP and DPP features more robustness in areas covered
by only one AP. These results indicate that the proposed
approach is an attractive alternative to CSI fingerprinting when
a floor plan or DT of the environment is available. We have
also investigated the impact of the density of predefined DT
positions, demonstrating that the Power feature provides similar
results with fewer computations from the DT. Additionally, we
have compared the performance of the proposed framework
under DT modeling mismatches during training with two DT-
based fingerprinting strategies that rely on synthetic CSI and
received power, respectively. We concluded that, for slight
mismatches, DT-based CSI fingerprinting achieves the best
performance at the cost of increased computational complexity
in the DT, while the proposed approach achieves the best
performance when a computationally efficient DT is harnessed.
Additionally, the proposed approach is the most robust under
severe DT mismatches. These results are the first step towards
efficient, automatic, and real-time DT modeling, e.g., from
pictures of the environment, without substantially degrading
the positioning performance.

Finally, we have tested different datasets at inference time
compared to the training data. We considered an unexpected
decrease in the UE height or the introduction of reflecting
elements in the environment. The results showcased that the
proposed approach remains robust under distribution shifts that
do not severely affect the large-scale features, still outperform-
ing state-of-the-art methods. Under very severe distribution
shifts, the proposed approach degrades in performance and fine-
tuning with new collected unlabeled data must be performed
to improve the overall positioning performance.

Accordingly, future research in this area can explore the
continuous training of the proposed approach under changes in
the environment and the integration of tracking algorithms to
further improve positioning performance while estimating the
uncertainty of the predictions. Moreover, the proposed approach
can be validated on real hardware with real measurements,
where the NN can also account for hardware impairments.
Additionally, the proposed DT-based approach can be extended
to other positioning modalities, e.g., matching features in
camera images with simulated view scenes from the DT using
ray-tracing algorithms.
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APPENDIX
EVALUATION METRICS

In what follows, we list the metrics that we used to assess
the positioning performance of the proposed method and the
baselines. We denote by 7 (") and j (") the sets of the .J closest
true and estimated positions to x(™) and fcé"), respectively. We
denote the ranking of how close x(™ is to x(9) and how close
ﬁé") is to fcg ) according to the Euclidean distance as r(n, §)
and 7(n, j), respectively. We define v = 2/(NJ(2N —3J —1))
as a normalization factor [62]. We set J = 0.05V as in [15].

1) Trustworthiness (TW): This metric penalizes close esti-
mated positions that do not correspond to close true positions
and it is defined as [63]

TW(I) =1—7Y > (r(n,j)—J).

nGNjgj(n)
jegm™

(28)

TW takes values in [0, 1] with optimal value 1.

2) Continuity (CT): This metric penalizes close true posi-
tions that do not correspond to close estimated positions and
it is defined as [63]

CT()=1-7>_ > (#(nj)—J).

neN je g™
jﬁj(")

(29)

CT takes values in [0, 1] with optimal value 1.

3) Kruskal Stress (KS): This metric measures the dissim-
ilarity between pairwise distances for true positions, defined
as d(n,j) = [x™ — x|, and pairwise distances for the
estimated positions, defined as d(n, j) = chg,n) - 5(5,””. KS is
defined as [64]

KS = min Zn,‘ieN(CZ(naJI)A— nd(na j))Q .

neR Znyjej\f d(n7j)2

KS takes values in [0, 1] with optimal value O.

4) Rajski Distance (RD): We denote as V' and @ the discrete
random variables representing the distribution of pairwise
distances for the true positions d(n,j) and the estimated
positions d(n, Jj), respectively. The RD measures the difference
between the mutual information and joint entropy of V' and ()
and it is defined as [65]

(30)

I(V,Q)
RD =1— —2% for H(V, 0, 31)
where I(V, Q) is the mutual information given by
PV.Q(U7 q)
I(V,Q) = > Pugv,q)log, 5= (32)
veEV,qEQ PV(U)PQ(Q)
and H(Q,V) is the joint entropy given by
HQ,V)=- Y Puov,qlog Prov,q. (33)
veEV,qEQ

In (32) and (33), Py,o(v,q) is the joint distribution and
Py (v) and Pg(q) are the marginal distributions of V' and
@, respectively. The RD takes values in [0, 1] with optimal
value 0. We quantize the pairwise distances for the true and
estimated positions into 20 uniform bins.

5) Mean Distance Error (MDE): This metric measures the
average error between the true and estimated positions and it
is defined as

MDE = % S %™ — %7

neN
The MDE is nonnegative with optimal value 0.
6) 95th Percentile Distance Error (PDE): This metric
measures the 95th percentile of the norm between the true
and estimated positions. It is defined as the value pg5 such that

(34)



at least 95% of the distance errors {||x(™) — fcgn)H}neN are
less than pos.
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