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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 trans-
mitter and receiver [3], [4]. Under non-line-of-sight (NLoS)
conditions, the performance of such methods significantly
degrades. Although alternative solutions can provide positioning
in NLoS scenarios [5], [6], they require labeled data in the
form of ground-truth user equipment (UE) positions, which
are costly to acquire.

To overcome this limitation, channel charting (CC) formu-
lates positioning as a self-supervised dimensionality-reduction
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with the Department of Electrical Engineering, Chalmers University of Tech-
nology, Sweden (email: josemi@chalmers.se; christian.haeger@chalmers.se;
henkw@chalmers.se).

Frederik Zumegen and Christoph Studer are with the Department of
Information Technology and Electrical Engineering, ETH Zürich, 8092 Zürich,
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problem, mapping high-dimensional channel-state information
(CSI) to lower-dimensional position estimates [7], [8]. 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 [9]–[14].
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 [15]–[18]. However, even a small number of labeled data
points may imply a costly 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 [19]. 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 [20], (ii) based on
digital twins (DTs) [21], (iii) based on affine transformations
leveraging floor plans [22]–[25], (iv) based on conventional
estimation methods [26], [27], and (v) based on path-loss
models [19], [28].

The work in [20] 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 [21], a digital representation of the physical environment,
or DT [29], is used to preserve global geometry, avoiding
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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 [22]–[25]. These approaches typically do not
require fine-grained details of the environment and are easier
to implement in different scenarios. In [22], AP positions are
estimated based on the measurements with more received power,
which are then used as anchors to find the optimal transform.
The method in [23] extends the optimal transport in [30], 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 [24], model-based and neural network (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 [25], 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 [22]–[25] is that they require a large number of
estimated positions to apply the affine transform and obtain
accurate performance. The approach in [22] needs to distinguish
samples close to the APs, [23] constructs a probability map of
the estimated positions, and [24] 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 [26] 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 [27], 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 [26], [27] 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 [19], [28] assume
that AP positions are known and enforce estimated positions
to lie closer to the AP with the strongest received signal. For
instance, [28] 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 [28]
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 [19] performs global
positioning without dividing the floor plan in 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 [19]
provides an effective way of estimating positions in global
coordinates, it presents several issues that limit its practical
implementation: Firstly, estimating the LoS area of the APs is
based on thresholding the received power at each AP, which
fails 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, 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:

• 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 [31]. 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 [19], 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 [19], our method constrains the
estimated positions, providing a bounded positioning error.
Our results show that our approach outperforms the work
in [19] 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 [21].

• Robustness under modeling mismatches: We evaluate
the performance of our approach under mismatches in
the modeling of the DT compared to the real scenario,
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in contrast to [21], 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.

• 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 AH,
respectively. The ith row and jth column of a matrix A
are denoted as [A]i,: and [A]:,j , respectively. The upper-left
submatrix containing the first M rows and N columns of A is
denoted as [A]1:M,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] ∈ R2M×N and along the second dimension as
[A,B] ∈ RM×2N . The positive part of a real number x is
denoted as (x)+ = max{0, x}. The N -point unitary discrete
Fourier transform (DFT) matrix is denoted as FN . The ℓ2-norm
of a vector and the Frobenius norm of a matrix are denoted
as ∥a∥ and ∥A∥F, respectively; the all-ones vector is denoted
as 1 and the identity 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.
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, en-
suring 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(n) is H(a,n) ∈ CK×S , for
a = 1, 2, . . . , A and n ∈ N = {1, . . . , N}. The estimated
CSI matrix includes the effect of additive white Gaussian noise
(AWGN) of variance σ2. The CSI matrix at timestamp t(n)

is H(n) = [H(1,n); · · · ;H(A,n)] ∈ CM×S , with M = AK.
The collection {H(n)}Nn=1 constitutes the database of observed
CSI used for training the positioning function.

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 {x̃(p)}Pp=1, for
p = 1, . . . , P , where x̃(p) ∈ RDx and Dx is either 2 or 3. The
CSI matrix synthesized from the DT at AP a corresponding
to the pth position is denoted by H̃

(a,p) ∈ CK×S and the
CSI matrix corresponding to the pth position is H̃

(p)
=

[H̃
(1,p)

; . . . ; H̃
(A,p)

] ∈ CM×S . The collection {H̃(p)
, x̃(p)}Pp=1

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., [31]. We
based the description of the DT and the proposed method of
Sec. III 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.

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 [7]: (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 [32]. We compute the large-scale CSI feature vector f (n)

at time instant t(n) as in [19] as follows:

f (n) = f(H(n)) =
|h(n)|
∥h(n)∥

. (1)

Here, h(n) = vec([H(n)FH
S ]:,1:C) ∈ CDh and Dh = MC. An

inverse DFT of the CSI matrix across subcarriers is performed
in [19] because most of the received power is expected to
be on the first C time-domain taps and the dimensionality
of H(n) can be reduced with minimal information loss. In (ii),
the positioning CC function is expressed as x̂

(n)
θ = gθ(f

(n)) ∈
RDx with learnable parameters θ. This function can then be
used to extract the estimated positions of the UEs.

The goal of CC is to optimize the parameters θ so that train-
ing samples with similar feature vectors f (n) yield estimated
positions x̂

(n)
θ that are close in RDx . Different loss functions

have been proposed to optimize the parameters θ [7], [9],
[10], [33]–[35]. In this work, we utilize the timestamp-based
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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 H̃

(p)
. During inference, the DT and the DT-aided learning blocks are not used.

triplet-loss approach from [33] to enable a fair comparison
with [19] (see Sec. IV for the details), which we describe in
the following. First, we define the set of triplets

T = {(n, c, f) ∈ N 3 :

0 < |t(n) − t(c)| ≤ Tc ≤ Tf < |t(n) − t(f)|}, (2)

where Tc, Tf > 0 are coherence-time parameters that distin-
guish if CSI measurements are close (Tc) or far (Tf ) in time
to a CSI measurement at a timestamp t(n). If |t(n) − t(c)| <
|t(n) − t(f)|, we expect that x̂(n)

θ is closer to x̂
(c)
θ than to x̂

(f)
θ .

Second, the timestamp-based triplet loss is defined as

LCC(θ) =
1

|T |
∑

(n,c,f)∈T

(∥x̂(n)
θ − x̂

(c)
θ ∥

− ∥x̂(n)
θ − x̂

(f)
θ ∥+Mt)

+, (3)

where Mt ≥ 0 is a hyperparameter that enforces x̂
(n)
θ to be at

least Mt closer to x̂
(c)
θ than to x̂

(f)
θ . Conventional CC aims to

solve the optimization problem

θ⋆ = argmin
θ

LCC(θ), (4)

where θ⋆ are the optimal parameters of the positioning CC
function gθ(·). The problem in (4) aims to preserve local
geometry, but there is no guarantee that the learned CC
positioning functions 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 green box of Fig. 1. Instead of estimating the
positions as x̂

(n)
θ = gθ(f

(n)), we increase the dimensionality
of the output of the learnable function as in [36] and estimate
the probability mass function p

(n)
θ = gθ(f

(n)) ∈ [0, 1]P of
the true position at t(n), i.e., [p

(n)
θ ]i is the probability that

the ith predefined position x̃(i) is the true position at t(n)

and 1⊤p
(n)
θ = 1. Treating the localization problem as a

classification problem was shown in [36] to result in better
positioning performance with supervised learning. We then
compute the expected position as x̂

(n)
θ = q(p

(n)
θ ) = X̃p

(n)
θ ,

with X̃ = [x̃(1), . . . , x̃(P )] ∈ RDx×P . This 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 X̃.

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 [37]–[39], which correspond to
slowly-varying features in our setup. From the DT-based CSI
H̃

(a,p)
, the feature vector estimated by AP a corresponding

to the pth position in the DT is v̄(a,p) = h(H̃
(a,p)

) ∈ CD,
for p = 1, 2, . . . , P , where D is the dimension of the feature
vector to consider (see Sec. III-C). We denote the function
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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 v̄(p) = [v̄(1,p); · · · ; v̄(A,p)] ∈ CDv ,
where Dv = AD. We compute the expected value of the large-
scale feature vectors {v̄(p)}Pp=1 at timestamp t(n) using the
estimated probabilities p

(n)
θ as ṽ

(n)
θ = u(p

(n)
θ ) = V̄p

(n)
θ ∈

CDv , where V̄ = [v̄(1), . . . , v̄(P )] ∈ CDv×P . Similarly, from
the measured CSI we compute a large-scale feature vector
per AP at t(n) as v(a,n) = h(H(a,n)) ∈ CD. Aggregating
across APs, we obtain another feature vector at t(n) as
v(n) = [v(1,n); . . . ;v(A,n)] ∈ CDv . We combine the feature
vectors from the DT and the measured CSI in the loss function

LDT(θ) =
1

N

∑
n∈N

exp

(
−

|(v(n))Hṽ
(n)
θ |2

∥v(n)∥2∥ṽ(n)
θ ∥2

)
. (5)

The loss function in (5) involves the cosine similarity between
the vectors v(n) and ṽ

(n)
θ , which is used in other deep

learning tasks [40], [41], 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(n) 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 H̃

(p)

matches the estimated CSI H(n).

Lemma 1. The loss function in (5) is minimized if and only
if v(n) is linearly dependent with ṽ

(n)
θ .

Proof.

LDT(θ) =
1

N

∑
n∈N

exp

(
−

|(v(n))Hṽ
(n)
θ |2

∥v(n)∥2∥ṽ(n)
θ ∥2

)
(6)

≥ exp

(
− 1

N

∑
n∈N

|(v(n))Hṽ
(n)
θ |2

∥v(n)∥2∥ṽ(n)
θ ∥2

)
(7)

≥ exp(−1), (8)

where in (7) we used Jensen’s inequality [42] and in (8) we used
Cauchy-Schwarz inequality [43]. The inequalities in (7) and (8)
hold with equality if and only if v(n) is linearly dependent
with ṽ

(n)
θ .

Proposition 1. Let

L(P ) = {p ∈ [0, 1]P : 1⊤p = 1} (9)

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

x(n) = X̃p⋆ (10)

v(n) = V̄p⋆ ̸= 0, (11)

for some p⋆ ∈ L(P ) and a fixed n ∈ N . Suppose V̄ ∈
CDv×P is tall and has full rank (P ≤ Dv). Then, any global
minimizer θ⋆ satisfies

p
(n)
θ⋆ = p⋆ and x̂

(n)
θ⋆ = X̃p

(n)
θ⋆ = x(n). (12)

Proof. By Lemma 1, at any global minimizer θ⋆ we must have

ṽ
(n)
θ⋆ = V̄p

(n)
θ⋆ = αv(n) = αV̄p⋆, (13)

for some α ∈ C\{0}. Because V̄ is full rank, the mapping
p 7→ V̄p is injective, implying that

p
(n)
θ⋆ = αp⋆. (14)

Since both p
(n)
θ⋆ and p⋆ belong to L(P ), it follows that α = 1

and hence, p(n)
θ⋆ = p⋆. Substituting into x̂

(n)
θ⋆ = X̃p

(n)
θ⋆ yields

x̂
(n)
θ⋆ = x(n).

Remark 1. Because X̃ is typically a wide matrix (P > Dx),
the mapping p 7→ X̃p is not injective—in fact, many p ∈ L(P )

can represent the same position x(n) = X̃p. Hence, barycen-
tric coordinates in position space are generally non-unique.
However, since V̄ is tall and full column rank, the mapping
p 7→ V̄p is injective. Consequently, even if several p vectors
lead to the same x(n), only one of them yields the correct
feature vector v(n) = V̄p⋆. The optimization in feature space
therefore selects the unique p⋆ consistent with the observed
v(n), leading to x̂

(n)
θ⋆ = X̃p⋆ = x(n). In this sense, the tall

matrix V̄ disambiguates the non-uniqueness introduced by the
wide matrix X̃.

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
V̄ 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

L(θ) = λCCLCC(θ) + λDTLDT(θ), (15)

where λCC, λDT ≥ 0 are tunable weights. Based on L(θ), we
aim to solve

θ⋆ = argmin
θ

L(θ) (16)

to learn a positioning function gθ(·) that maps CSI features to
positions close to the true positions.

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 t(n) is h(H(a,n)) = ∥h(a,n)∥2, where h(a,n) =
vec([H(a,n)FH

S ]:,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(a) = {p ∈ {1, . . . , P} : ∥H̃(a′,p)∥2F = 0 for a′ ̸= a} (17)
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be the set of points in the DT whose transmitted signal is at
most received by AP a. If [p(n)

θ ]p = 0 for p /∈ P(a), then LDT

does not depend on θ.

Proof. The claim follows from the fact that for points p ∈ P(a),
v̄(p) is nonzero in the ath position, and the normalized vector
ṽ
(n)
θ /∥ṽ(n)

θ ∥ in (5) does not depend on θ.

Proposition 2 implies that if there is a subset of points in
the DT that are only served by one AP, the learnable function
gθ(·) stops updating the parameters θ when the estimated
position x̃(n) 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.1

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(n) as h(H(a,n)) = |H(a,n)

F |21, with H
(a,n)
F = FKH(a,n),

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(n) and ṽ

(n)
θ 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 t(n) as h(H(a,n)) = 1⊤|H(a,n)FH

S |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 f (n) are processed by the positioning function
gθ(·), 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(n) 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(n) as h(H(a,n)) = vec(|H(a,n)

F (H
(a,n)
F )H|), which

means that D = K2. We introduce this feature since second-
order moments have previously been used for conventional
CC [7]. Note that the APP values are contained in v(n).
Assuming K > 1, this feature increases the dimensionality
of v(n) compared to the APP.

5) Truncated delay profile (TDP): We follow (1) for the
CSI of each AP, i.e., h(H(a,n)) = |h(a,n)|/∥h(a,n)∥, where
h(a,n) = vec([H(a,n)FH

S ]:,1:C). This considers the large-scale
feature of [19] both as input to the positioning function and
for the DT-aided loss function. In this case, D = KC.

IV. RESULTS

We now present the results to assess the positioning
performance of the proposed DT-aided CC approach.2 We

1Note 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.

2Source code to reproduce the simulation results in this paper will be
available after peer-review at https://github.com/josemateosramos/DT CC.

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, syn-
chronized APs, or affine transformations. The second baseline
uses labeled data to compute the optimal affine transformation
that obtains global coordinates. The last baseline is a CSI
fingerprinting approach that serves as a lower bound on the
positioning error.

1) Bilateration and Bounding-Box (BBB) Losses [19]: 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(a,n), the power of AP
a at t(n) is computed as P (a,n) = 20 log10(∥H

(a,n)∥F). This
defines the set of estimated LoS APs for each UE position as

A(n) = {a ∈ A : P (a,n) > Pthr}, (18)

where Pthr is a threshold set based on the values of P (a,n).
From A(n), they define the set of AP pairs

P(n) = {(ac, af) ∈ (A(n))2 : P (ac,n) > P (af ,n) +Mp},
(19)

where P (ac,n) and P (af ,n) are the power received by a close
and far AP, respectively, and Mp ensures that only pairs of
APs whose powers differ at least Mp are included. The set
P(n) is the foundation for the bilateration loss, defined as

Lbi(θ) =
1∑

n∈N |P(n)|
∑
n∈N

∑
(ac,af )∈P(n)

(∥x̂(n)
θ − x(ac)∥ − ∥x̂(n)

θ − x(af )∥+Mb)
+, (20)

where x(a) is the location of AP a and Mb ≥ 0 is a hyper-
parameter that ensures that x̂(n)

θ is at least Mb closer to x(ac)

than to x(af ). 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

B(a) = {(x, y) ∈ R2 : x ∈ [x
(a)
min, x

(a)
max], y ∈ [y

(a)
min, y

(a)
max]}.

(21)

This assumption allows to define a second loss function as

Lbox(θ) =
1∑

n∈N |A(n)|
∑
n∈N

∑
a∈A(n)

la(x̂
(n)
θ ), (22)

with

la(x) = 1{x /∈ B(a)} min
x′∈B(a)

∥x− x′∥2. (23)

This loss enforces estimated positions x̂
(n)
θ in the LoS area of

AP a to belong to the bounding box of that AP. The losses in
(20) and (22) are combined with the timestamp-based triplet-
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loss in (3) as

LBBB(θ) = λCCLCC(θ) + λbiLbi(θ) + λboxLbox(θ). (24)

Compared to [19], 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 λCC = 1, λDT = 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 x̄(n) 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

{Â, b̂} = arg min
A∈RDx×Dx

b∈RDx

∑
n∈N

∥(Ax̄(n) + b)− x(n)∥2, (25)

with x(n) the true UE position at time t(n). The estimated
position is computed using the affice transform x̂

(n)
θ = Âx̄(n)+

b̂. This method assumes a labeled data collection step previous
to training the NN. This baseline represents an extreme case
of methods that use affine transformations, e.g., [16], [22],
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(n),x(n)}Nn=1 relating
CSI and UE positions is used to train the positioning function
gθ(·). To arrive at a fair comparison with our method, the
position is estimated following the modified CC pipeline of
our proposed method, i.e., x̂(n)

θ = q(p
(n)
θ ). The loss used in

fingerprinting during training is

LSL(θ) =
1

N

∑
n∈N

∥x(n) − x̂
(n)
θ ∥2. (26)

In the second phase, known as the online test phase, the learned
positioning function is used to estimate the positions based on
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 (n) and the
estimated positions x̂

(n)
θ .

B. Scenario

We simulate the uplink D-MIMO indoor scenario of [19],
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., Dx = 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(n)}Nn=1 and the

Fig. 2: Simulated indoor scenario. The light green points represent the AP
positions and the white points represent the predefined points in the DT. The
colors of the walls represent different materials.

TABLE I: Parameters of the simulated indoor scenario.

Parameter Value

Number of APs A = 8
Number of antennas per AP K = 4
Number of antennas of the UE L = 1
AP, UE and DT antenna type Half-wavelength dipole
ULA spacing 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 ∆ = 0.5 m
AP antenna height 2 m
UE antenna height 1.5 m
DT positions height 1.5 m
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 gθ(·) Multi-layer perceptron
Number of hidden layers 4
Neurons per hidden layer 256
Hidden layer activation function Rectified linear unit (ReLU)
Optimizer Adam

Learning rate 5 · 10−3, APP, TDP
1 · 10−3, otherwise

Training iterations 5000
Dropout (hidden layers) 0.15
Coherence time in (2) Tc = Tf = 2 s
Distance threshold in (3) Mt = 0.9 m

CC weight in (15)
λCC = 10, Power and APP
λCC = 5, DPP and Covariance
λCC = 1, TDP

simulated CSI {H̃(p)}Pp=1. In principle, there is a perfect match
between the DT and the real scenario (see Sec. IV-C3 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 {H̃(p)}Pp=1

and applying the functions described in III-C to compute the
DT features v̄(p). Since no real measurement are available,
we contaminate the CSI matrices H(n) with AWGN. We
define the SNR for AP a and timestamp t(n) as SNR(a,n) =
∥h(a,n)∥2/σ2, with h(a,n) = vec([H(a,n)FH

S ]:,1:C) and σ2 the
variance of the AWGN. We add AWGN to H(n) such that
maxa,n{SNR(a,n)} = 25 dB across training and testing sets.
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TABLE II: Positioning results for the simulated indoor scenario.

Method Figure TW ↑ CT ↑ KS ↓ RD ↓ MDE ↓ 95th PDE ↓

Baselines
BBB [19] 3b 0.979 0.976 0.144 0.710 1.15± 0.04 2.84± 0.44
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

Proposed

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
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

To compare with the results of [19], we do not add AWGN to
samples where H(a,n) = 0, but these samples are still used for
the computation of the CSI features f (n) and the large-scale
features v(n). Note that we do not add AWGN noise to the
DT CSI matrices H̃

(p)
. The dataset {H(n)}Nn=1 is randomly

split into training and test sets, with 80% of samples used for
training. As learnable function for positioning gθ(f

(n)), we
consider a multi-layer perceptron (MLP) with input and output
dimensions determined by Dh in (1) and P , respectively. The
learnable parameters θ correspond to the weights and biases
of the MLP layers. The simulation parameters are described
in Table I.

C. Simulation Results

1) Positioning Results: Table II presents the inference results
for the indoor scenario in Fig. 2. The metrics are described
in Appendix A and the arrows 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 µ± σ, where µ and σ are
the mean and standard deviation, respectively. The standard
deviations for trustworthiness (TW), continuity (CT), Kruskal
stress (KS), and Rajski distance (RD) are omitted due to their
negligible values (similar to [19]). The results in Table II
show that both the proposed Power, APP, and DPP features
outperform the state-of-the-art method in [19] 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 [7].

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.

2) 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 ∆ in the predefined DT positions. The spacing
in Table II was ∆ = 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 ∆ values except in the last
layer, which depends on the number of predefined points P .

The results show that a finer spacing of ∆ = 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 ∆ = 0.25m yield MDE = 0.96m
and 95th PDE = 2.52m for Power, MDE = 1.58m 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 ∆ > 0.25m. Given that
the NN architecture and the learning hyper-parameters are
optimized for ∆ = 0.5m, changing the grid spacing ∆ reduces
the convergence stability of the optimization problem in (16)
across different random initializations.

The Power feature obtains similar results for ∆ > 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 slower 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.

3) Robustness Test: So far, we have considered that there is
a perfect match between the DT and the considered scenario.
In this test, we introduce mismatches in the DT modeling
during training. Particularly, we consider that the APs in
the DT are shifted by half a wavelength (6.25 cm) in the
positive direction of the X-axis compared to the real scenario.
Table IV shows the inference results when the APs are shifted
in the DT compared to a perfectly matched DT. The results
under the considered mismatches are similar to the case of no
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(i) Truncated Delay Profile.

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.

TABLE III: Testing results for different position spacings ∆ in the DT. The
MDE (top) and 95 PDE (bottom) are shown in the form of µ ± σ, with µ
and σ the mean and standard deviation over 10 NN realizations.

Method ∆ = 0.25 m ∆ = 0.5 m ∆ = 1 m ∆ = 1.5 m

Power 4.21± 3.74 0.81± 0.05 0.91± 0.02 0.83± 0.03
9.05± 6.59 1.78± 0.13 1.90± 0.08 1.80± 0.11

APP 5.32± 2.99 1.06± 0.07 1.26± 0.05 1.66± 0.25
11.02± 4.67 2.67± 0.34 2.64± 0.28 3.38± 0.84

DPP 3.74± 3.33 0.91± 0.07 1.18± 0.18 1.72± 1.72
7.73± 5.88 2.27± 0.36 2.67± 0.93 4.00± 3.25

mismatches in the DT, indicating that although the phase of the
estimated CSI significantly changes with a displacement of half
a wavelength, large-scale features remain similar. These results
indicate that even under the assumed modeling mismatch, the
proposed approach outperforms the baselines in Table II when
considering the Power, APP, or DPP features.

4) Generalization Test: Finally, we study the positioning
performance when the testing data is mismatched with the

TABLE IV: Robustness tests results. The MDE (top) and 95 PDE (bottom) are
shown in the form of µ± σ, with µ and σ the mean and standard deviation
over 10 NN realizations.

Method No mismatch Shifted AP positions

Power 0.81± 0.05 0.83± 0.06
1.78± 0.13 2.02± 0.40

APP 1.06± 0.07 1.00± 0.04
2.67± 0.34 2.28± 0.17

DPP 0.91± 0.07 0.87± 0.05
2.27± 0.36 2.20± 0.29

training data. For this test, note that the DT is again matched
to the estimated CSI during training, i.e., we do not assume
any AP displacement. Specifically, we consider a distribution
shift in the estimated CSI. 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. The results
are summarized in Table V, where we also included the results
from Table II. The performance slightly degrades compared to
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TABLE V: Generalization tests results. The MDE (top) and 95 PDE (bottom)
are shown in the form of µ±σ, with µ and σ the mean and standard deviation
over 10 NN realizations.

Method No mismatch Decreased UE height

Power 0.81± 0.05 0.97± 0.05
1.78± 0.13 2.49± 0.17

APP 1.06± 0.07 1.26± 0.06
2.67± 0.34 3.18± 0.22

DPP 0.91± 0.07 1.06± 0.08
2.27± 0.36 2.70± 0.35

CSI fingerprinting 0.41± 0.02 0.63± 0.01
1.01± 0.08 1.79± 0.04
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(b) CSI fingerprinting.

Fig. 4: Estimated trajectories for the case where the UE height has been
decreased during inference from 1.5m to 0.8m.

no mismatches in the DT. The degradation is mainly due to
the pathloss effect, which we detail in the following. Fig. 4
represents the estimated positions when the UE height is
changed. Compared with Fig. 3, Fig. 4 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. The results in Table V
and Fig. 4 indicate that the Power and APP features remain
robust under the considered distribution shift of data since we
consider large-scale features.

V. CONCLUSIONS AND OUTLOOK

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

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 helps
training 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. We have also investigated the
impact of the density of predefined DT positions, demonstrating
that the Power feature provides similar results with less
computations from the DT. We have evaluated the performance
of the proposed framework under DT modeling mismatches
during training, considering that the APs are moved by half
a wavelength compared to the real scenario. Our results have
showed that the Power, APP, and DPP features obtain similar
performance to the case of a matched DT, confirming the
robustness of the proposed framework. 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
a different dataset at inference time compared to the training
data, where the dataset of estimated CSIs considered an UE
at a different height. These tests have shown that the Power,
APP, and DPP features remain robust under such distribution
shifts of data, still outperforming state-of-the-art methods.

Future research in this area can explore the integration of
tracking algorithms to further improve positioning performance
and estimate 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.
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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 J (n) and Ĵ (n) the sets of the J closest
true and estimated positions to x(n) and x̂

(n)
θ , respectively. We

denote the ranking of how close x(n) is to x(j) and how close
x̂
(n)
θ is to x̂

(j)
θ according to the Euclidean distance as r(n, j)

and r̂(n, j), respectively. We define γ = 2/(NJ(1N−3J−1))
as a normalization factor [44]. We set J = 0.05N as in [7].

1) Trustworthiness (TW): This metric penalizes close esti-
mated positions that do not correspond to close true positions
and it is defined as [45]

TW(J) = 1− γ
∑
n∈N

∑
j /∈J (n)

j∈Ĵ (n)

(r(n, j)− J). (27)
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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 [45]

CT(J) = 1− γ
∑
n∈N

∑
j∈J (n)

j /∈Ĵ (n)

(r̂(n, j)− J). (28)

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(n) − x(j)∥, and pairwise distances for the
estimated positions, defined as d̂(n, j) = ∥x̂(n)

θ − x̂
(j)
θ ∥. KS is

defined as [46]

KS = min
η∈R

√√√√∑
n,j∈N (d̂(n, j)− ηd(n, j))2∑

n,j∈N d̂(n, j)2
. (29)

KS takes values in [0, 1] with optimal value 0.
4) Rajski Distance (RD): We denote as V and Q the discrete

random variables representing the distribution of pairwise
distances for the true positions d(n, j) and the estimated
positions d̂(n, j), respectively. The RD measures the difference
between the mutual information and joint entropy of V and Q
and it is defined as [47]

RD = 1− I(V,Q)

H(V,Q)
, for H(Q,V ) ̸= 0, (30)

where I(V,Q) is the mutual information given by

I(V,Q) =
∑

v∈V,q∈Q

PV,Q(v, q) log2
PV,Q(v, q)

PV (v)PQ(q)
(31)

and H(Q,V ) is the joint entropy information given by

H(Q,V ) = −
∑

v∈V,q∈Q

PV,Q(v, q) log2 PV,Q(v, q). (32)

In (31) and (32), PV,Q(v, q) is the joint distribution and
PV (v) and PQ(q) are the marginal distributions of V and
Q, 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 =
1

N

∑
n∈N

∥x(n) − x̂
(n)
θ ∥. (33)

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 ρ95 such that
at least 95% of the distance errors {∥x(n) − x̂

(n)
θ ∥}n∈N are

less than ρ95.
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