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Abstract—We introduce MOCSID, a multi-cell outdoor chan-
nel state information dataset of synthetic channel state informa-
tion (CSI) samples mimicking an outdoor campus scenario, in-
cluding multiple base stations with partially overlapping coverage
areas and pedestrian user mobility. The scenario is characterized
by a high density of base stations (10 base stations within a 625
m x 535 m area) and includes a mixture of non-line-of-sight and
line-of-sight propagation. MOCSID includes user locations, times-
tamps, velocity and multipath component information (delays and
path coefficients), following realistic pedestrian user mobility pat-
terns generated using the probabilistic roadmap algorithm, and
captures key signal propagation characteristics including path
loss, shadowing, and multipath effects. Since MOCSID is intended
as a reference for the development and validation of channel
charting algorithms, we put particular emphasis on the spatial
consistency of the synthetic data. With this dataset, we aim to
foster progress in channel charting research by facilitating entry
into the field and encouraging reproducibility, collaboration, and
benchmarking within the community. MOCSID was generated
using the NVIDIA Sionna ray tracing tool; the codebase used to
generate the dataset as well as the scene description data and
user movement patterns are also publicly available, allowing for
easy replication, reproduction, or extension.

I. INTRODUCTION

Channel charting [1], [2] is an application of self-
supervised learning that maps high-dimensional channel state
information (CSI) to a low-dimensional spatial representa-
tion, referred to as a "channel chart". This chart captures
the relative positioning of user equipment (UE) within an
environment, where points close to each other on the chart
represent physically nearby locations. A key advantage of
channel charting is its self-supervised nature: it relies solely
on passively collected CSI, eliminating the need for external
location data such as from Global Navigation Satellite Systems
(GNSS) information or costly measurement campaigns. This
approach enables location-based applications to operate with
significantly reduced overhead.

Obtaining real-world data for channel charting is often
challenging and expensive. The validation and evaluation of
current channel charting approaches requires large datasets in-
cluding mobility with spatial and temporal consistency, as well
as inter-user and inter-base station (for the overlapping areas)
consistency which are rarely available in existing datasets. Fur-
thermore, existing real-world datasets may not meet and satisfy
some of the new constraints that define novel scenarios. For
instance, the DICHASUS [3] and MaMIMO-UAV [4] datasets
do not include wide coverage areas spanning multiple cells.
Synthetic datasets, generated through simulations such as ray
tracing, offer a practical alternative by providing the flexibility
to create controlled and customizable environments. Ray trac-

ing models are preferred over stochastic models for wireless
communication simulations due to their ability to accurately
capture the geometric details of the environment, ensuring
precise modeling of signal interactions and propagation effects
in complex and dynamic settings. The DeepMIMO dataset [5]
offers a wide range of pre-defined scenarios including multi-
cell set-ups. However, support for user mobility is limited to
a set of pre-computed locations; furthermore, it relies on a
proprietary ray-tracer which limits reproducibility and options
to extend the work. The use of these datasets offers a viable and
cost-effective solution, facilitating the exploration of a broad
spectrum of conditions that might otherwise prove challenging
to replicate in real-world settings.

This paper presents a new synthetic dataset generated
using the NVIDIA Sionna ray tracer [6] that simulates mobile
users in an outdoor multi-cell environment representative of a
campus setting. We have followed the best practices [7] for
documenting and making the data reusable and reproducible.
We expect it to serve as a valuable resource for researchers to
develop and benchmark channel charting techniques and other
data-driven methods relying on CSI. Our main contributions
can be summarized as follows:

• We define an outdoor MIMO (multiple-input multiple-
output) scenario situated in a large, campus-like environ-
ment featuring a dense distribution of base stations and
encompassing hundreds of user trajectories.

• This extensive pre-computed dataset, along with its source
code, is made publicly available to ensure compliance
with the FAIR (Findable, Accessible, Interoperable, and
Reusable) data principles. The source code for our imple-
mentation is available for download at [8] and the dataset
is available from [9].

The rest of the paper is structured as follows. First, in Sec-
tion II, we describe the simulation scenario and parameters,
emphasizing the scattering environment, the base stations
(BSs), and the user mobility. In Section III, we detail the
dataset’s storage format and structure, providing guidance on
its usage. In Section IV, we demonstrate the value of the
dataset by showcasing initial channel charting results obtained
using it. Finally, in Section V we present the main conclusions
of this work.

II. SCENARIO DESCRIPTION

The scenario includes 10 base stations positioned at a
height of 25 m, in an outdoor campus-like setup covering an
area of dimensions 625 m × 535 m, serving mobile users
with pedestrian-like mobility patterns (see Fig. 1).



Fig. 1: Aerial view of the scene, showing the BSs (dots) annotated with their indices, and 241 user trajectories (white lines).

A. Scattering Environment
The simulated scattering environment replicates a part of

the La Doua campus [10] located in Lyon, France. It was
created by importing the relevant data from OpenStreetMap
[11] into Blender using the Blosm [12] add-on and converting
it to a format compatible with Mitsuba [13], the ray-tracing en-
gine used in Sionna [6]; the process follows the steps detailed
in the video tutorial [14]. Objects in the scene were assigned
materials with specific electromagnetic properties as defined in
[15]. Building walls were modeled using concrete material
properties, roofs were assigned metal properties, and the
ground, assumed to be a planar surface, was modeled with
medium_dry_ground properties.

B. Base Stations
1) Antenna arrays: Each BS is equipped with a 2D planar

antenna array consisting of 8 antenna elements, arranged in
4 rows and 2 columns (see Figure 2), with half-wavelength
(4.3 cm at 3.5GHz) inter-element spacing in both the vertical
and horizontal dimensions. Note that in Sionna, all BSs are
constrained to have the same array configuration. Each antenna
element supports two polarizations (±45◦) and has an isotropic
radiation pattern. The two orthogonally polarized antennas are
assumed to share the same physical location. The positions
of the antenna elements are marked in the figure using ×
symbols, where each × represents the location of a dual-
polarized antenna.

2) Path-Loss Maps and Coverage Areas: Path loss maps
for the whole scene have been pre-computed for each BS
using the corresponding functionality of Sionna; the method

Fig. 2: Array configuration of base stations showing the
position of the dual-polarized antenna elements, and the cor-
responding antenna indices (1-8 for the −45◦ polarization and
9-16 for the +45◦ polarization).
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Fig. 3: Path loss maps for different base stations with a threshold value of -100 dB.

consists in dividing the scene into square elements, with an
approximate path gain value calculated for each element. By
identifying the location of each CSI sample within one of
the elements of the path loss map, we can easily access its
(approximate) corresponding path gain. This approach allows
the a posteriori application of a global path loss threshold that
controls the amount of overlap between the respective coverage
areas of the BSs: based on the chosen threshold, the multipath
components (MPCs) for a BS can be set to zero if its path gain
falls below the threshold. This is important because getting
the right amount of overlap is critical for the validation of
multi-site channel charting methods. As an example of this
thresholding operation, Figure 3 depicts the coverage areas
obtained by setting the path gain threshold to −100 dB.

C. Mobile Users
The scenario models the dynamic nature of user mobility

through multiple trajectories, designed to reflect typical pedes-
trian movement. We assume that the mobile user equipment is
positioned at a height of 1.5m and is equipped with a planar
array consisting of a single antenna featuring an isotropic
radiation pattern with vertical polarization.

To simulate realistic pedestrian movement, our approach
combines probabilistic pathfinding and trajectory smoothing.
The Probabilistic Roadmap (PRM) algorithm [16] was em-
ployed to generate random yet plausible user trajectories within
the region of interest. This method constructs a graph by
randomly sampling points within the environment (excluding
obstacles such as buildings) and connecting them based on a
predefined number of nearest neighbors 15 for our case. These
edges represent feasible elementary movements, ensuring that
the resulting roadmap reflects the physical constraints of the
scene. A trajectory is subsequently derived by finding the
shortest path between randomly selected start and end points,
as illustrated in Figure 4, which depicts the the constructed
graph and a single trajectory using the PRM. A new random
graph is generated independently for each trajectory.

The piecewise linear paths generated by the PRM algorithm
are not sufficiently realistic models of pedestrian movement.
To overcome this limitation, we applied smoothing using third-
order cubic spline interpolation, ensuring that the trajectories

Fig. 4: Illustration PRM-based trajectory generation. Random
graph, PRM path on the graph and smoothed trajectory .

are continuously differentiable and free of sharp turns. The
interpolated trajectories were resampled at 10Hz to produce
a sequence of time-indexed user positions, approximating
continuous movement. Spline interpolation introduces slight
variations in instantaneous velocity around a nominal speed
of 1m s−1. The histogram in Figure 5 shows the distribution
of instantaneous velocities (defined based on the discrete
differences between successive samples) in the dataset.

For each interpolated user position along the trajectory, the
channel MPCs were simulated using the ray tracing methods.
The successive MPCs samples capture the dynamic nature
of wireless channels as the user navigates the environment.
The dataset consists of 241 simulated trajectories (shown in
Figure 1), collectively representing approximately 24 hours of
movement. The trajectories vary in length, with travel times
ranging from 13 seconds to 13 minutes (average travel time
of 6 minutes), providing a diverse set of mobility patterns.



Fig. 5: Histogram of the user speed distribution across the
smoothed trajectories (241 trajectory)

D. Radio and Ray Tracing Parameters
The main parameters of the ray-tracing simulation are

summarized in Table I. To simulate user mobility in Sionna,

TABLE I: Main Simulation Parameters

Parameter Value

Central frequency 3.5 GHz
CSI sampling frequency 10 Hz
Total bandwidth 15.36 MHz
Synthetic Array True
Ray tracer ray candidates (num_samples) 106

Ray tracer max. no. of bounces (max_depth) 5
Ray tracer no. of paths (num_paths) 40
Ray tracer scattering Disabled
Normalize delays False

we chose to manually move the user between different posi-
tions rather than relying on the Doppler interpolation method
proposed by Sionna to avoid border effects at the batch
boundaries. We also disabled path scattering. Although this
choice may reduce the realism of the simulated data, the
stochastic nature of scattering, as implemented in Sionna, can
introduce unwarranted spatial discontinuities in the model. In
addition, accurate simulation of scattering may require precise
configuration of the environment’s material properties, such as
the scattering pattern, to ensure consistent results.

To efficiently handle large antenna arrays, we use the
synthetic array option, which significantly reduces memory
usage and computational complexity. This method simplifies
the ray tracing step by considering only the center of the array,
with phase shifts computed to obtain channel coefficients for
the other antennas under the assumption of a planar wave. We
also limit the maximum number of interactions per path to 5
in the scene. We retain 40 paths in the MPCs, selecting the
strongest if there are more than 40, and padding with special
values if there are fewer.

III. DATASET STRUCTURE AND USAGE

The dataset is stored as a single file using the Hierarchi-
cal Data Format version 5 (HDF5) format [17]. It contains
different groups, each group containing all samples from a
given user trajectory. A trajectory (see Section II-C) consists

of a sequence of geolocated CSI samples. To reduce stor-
age space, we store the MPC representation of the channel
state; the frequency-domain representation can be dynamically
generated from the Fourier transform of the MPC using the
cir_to_ofdm_channel Sionna primitive.

For each trajectory (group in the HDF5 terminology),
the following keys (datasets in the HDF5 terminology) are
available in the HDF5 file :

• timestamps: simulated time (in seconds) since the
beginning of the trajectory

• positions: the user’s 3D position along the trajectory
(local coordinates, in meters)

• velocities: the user’s velocity (defined as the discrete
derivative of the position) at each point along the trajec-
tory

• a: MPC baseband channel coefficients between the dif-
ferent antennas of the BS and the user at each point along
the trajectory.

• tau: MPC delays (in seconds) between the center of the
antenna arrays at each point along the trajectory.

The dataset is distributed with the source code and key
components required to reproduce the scenario, including BS
locations and user trajectories. The Git repository [8] provides
Python scripts for data generation and visualization. These
scripts demonstrate how to generate, read, and visualize the
data, including frequency-domain CSI, user positions, and path
loss maps. Key scripts and their features include:

• coverage_map_creation.py: computes and visu-
alizes path loss maps, as seen in Fig. 3.

• data_generator.py: generates and stores the data in
a HDF5 file.

• visualize_trajectories_on_scene.py: 3D
visualization of the simulated environment and user
trajectories (used for Fig. 1).

• plot_frequency_csi.py: Demonstrates access to
frequency-domain CSI, visualizes user positions on the
path loss map and the CSI amplitudes for different BS and
antennas with an interactive slider to explore trajectories
(see Fig. 6).

IV. CHANNEL CHARTING USING THE MOCSID DATASET

A. Experimental setup
1) Data pre-processing: For our application of interest,

Channel Charting, we utilized a subset of the MOCSID dataset
to train a triplet-based neural network (NN) [18], with a
coherence time TC = 2 s. A total of 50 randomly selected
trajectories were used to train and evaluate the NN model.
Specifically, 45 trajectories were selected for training, and the
remaining 5 trajectories were used for testing. The training
trajectories included: 26, 9578, 5105, 9756, 15, 8501, 1610,
9554, 9709, 2135, 2922, 8138, 6074, 1223, 7669, 3470, 4480,
1788, 2494, 6944, 3848, 6016, 2617, 107, 4581, 5784, 4382,
2514, 7771, 6947, 7590, 5255, 9716, 5239, 2943, 7072, 7782,
5681, 3939, 8713, 102, 7163, 1668, 5497, and 7958. The test
trajectories were: 1054, 1514, 7287, 5826, and 8252.

For each sample, the MPCs were transformed into a
frequency-domain representation with 256 subcarriers using
the cir_to_ofdm_channel Sionna primitive. We do not
normalize the delays or the energy per OFDM resource grid,



Fig. 6: Visualization interface showing user location, amplitude values (in dB) for antennas from different base stations.

preserving the natural variations in path delays and power
levels as they occur in realistic channel conditions. The result-
ing frequency-domain CSI was then pre-processed using the
approach proposed in [19]. Finally, the feature vectors from all
BSs were concatenated to construct the final feature vector for
each sample. However, not all sample positions are reachable
by every BS, due to the respective BS coverage areas (see
Figure 3), resulting in missing data. To address this issue,
we employed mean imputation. Specifically, we calculated the
mean feature vector for each BS based on the samples in
the training set (using the non-missing data). Whenever the
feature vector for a BS was missing for a given sample, it was
completed using the pre-computed mean vector.

2) Training architecture and parameters: The NN archi-
tecture is based on the design presented in [18], with a slight
modification: the first fully connected (FC) layer has 1280
input features and 512 output features. Each subsequent FC
layer reduces the number of output features to half of its input
features, except for the final layer, which outputs two features.
The model was trained using ADAM optimizer for 20 epochs
with a batch size of 1024, using a triplet loss function with a
margin of 1. The optimization process employed a learning
rate of 10−2 and a weight decay of 10−7. Finally, due to
the substantial computational resources required to train and
evaluate the model, this experiment was conducted only once

3) Evaluation metrics: In contrast with localization tasks
which are supervised, aiming to estimate actual coordinates
from CSI and evaluated using metrics like mean absolute

localization error, channel charting is a self-supervised ap-
proach which can only be expected to generate a latent-space
representation which respects the topology of the predominant
parameters which explain the data (here, the mobile user
position). Hence we need to evaluate the performance of the
obtained CC using evaluation criteria specific to dimensionality
reduction problems. Specifically, we used the trustworthiness
(T), continuity (C), and Kruskal stress (KS) metrics, comparing
the CC to the 2D positions where each CSI sample was ac-
quired (though these positions are typically unavailable in prac-
tice). Trustworthiness and continuity quantify neighborhood
preservation, while Kruskal stress measures the preservation
of distances. For additional details, we refer the reader to [18].

B. Results
The evaluation results are presented in Table II, while the

CC for each test trajectory is illustrated in Fig. 7. From Tab. II,
we observe that overall, the triplet-based model achieves
reasonable performance in terms of neighborhood and distance
preservation, validating the use of the MOCSID dataset for
channel charting. This observation is further supported by the
visual representation of the channel charts in Fig. 7.

V. CONCLUSION

In this work, we introduced MOCSID, an outdoor synthetic
dataset designed to represent a real-world campus scenario.
We provided detailed simulation parameters and illustrative
investigation examples to enable and facilitate the benchmark-
ing of advanced channel charting techniques. The relevance of
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Fig. 7: Ground truth locations (top) and corresponding channel charts (bottom) for the samples of the different test trajectories.

TABLE II: Model performance based on the test trajectory.

Trajectory
T(%) ↑ C(%) ↑ KS ↓ID

1054 98.00 98.60 0.47
1514 97.47 99.17 0.43
7287 96.94 99.28 0.47
5826 98.27 99.10 0.49
8252 95.32 98.46 0.42
All 92.00 98.96 0.46

MOCSID extends to applications such as wireless communi-
cation optimization, localization, signal quality prediction, and
interference management. By making both the dataset and its
generation source code publicly available, this work aims to
support further advancements in channel charting and other
data-driven approaches leveraging CSI data.
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