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ABSTRACT

To foster research and facilitate fair comparisons among
recently proposed pathloss radio map prediction methods,
we have launched the ICASSP 2023 First Pathloss Radio
Map Prediction Challenge. In this short overview paper, we
briefly describe the pathloss prediction problem, the provided
datasets, the challenge task and the challenge evaluation
methodology. Finally, we present the results of the challenge.

Index Terms— radio map, pathloss, RSS, deep learning,
dataset

1. INTRODUCTION

In wireless communications, the pathloss (or large scale fad-
ing coefficient) quantifies the loss of signal strength between
a transmitter (Tx) and a receiver (Rx) due to large scale ef-
fects, such as free-space propagation loss, and interactions of
the radio waves with the obstacles (which block line-of-sight,
for instance buildings, vehicles, pedestrians in urban environ-
ments), e.g. penetrations, reflections and diffractions.

Many present or envisioned applications in wireless com-
munications explicitly rely on the knowledge of the pathloss
function, and thus, estimating pathloss is a crucial task.
Some example use cases include: User-cell site associa-
tion, fingerprint-based localization, physical-layer security,
optimal power control, path planning, activity detection [1].

Deterministic simulation methods such as ray-tracing are
well-known to provide very good estimations of pathloss val-
ues. However, their high computational complexity renders
them unsuitable for most of the envisioned applications.

In recent years, many research groups have developed
deep learning-based methods that achieve comparable ac-
curacy to ray-tracing, but with orders of magnitude lower
computation time, providing the fast and reliable pathloss
estimation required by the applications.

2. DATASETS

2.1. Training Dataset

For the training, we provided the challenge participants with
the RadioMap3DSeer Dataset, which we set publicly avail-
able as a part of a collection of radio map datasets that we
generated under various settings [2].

The pathloss radio maps of the dataset were generated
based on the simulations by the ray-tracing software Win-
Prop from Altair [3]], on a dataset of urban environments. The
city maps were fetched from OpenStreetMap [4] in the cities
Ankara, Berlin, Glasgow, Ljubljana, London, and Tel Aviv,
amounting to 701 city maps of size 256 x 256 meters. All
simulations were run with a resolution of 1 meter and saved
as images of 256 x 256 pixels. 80 rooftop transmitter loca-
tions per map were considered, resulting in a total of 56080
simulations. Pathloss values were calculated at 1.5 m from
the ground.

The simulations are based on the Intelligent Ray Tracing
(IRT) (5] method. For simplicity, all buildings were assumed
to have the same generic material property.

The pathloss values obtained from the simulations were
truncated below a minimum pathloss value and the range
between this minimum pathloss value and the maximum
pathloss value over the whole simulations was scaled to gray
levels between 0 and 1, to save the pathloss radio map sim-
ulations as images. The details on the determination of the
pathloss truncation value and the applied scaling can be found
in [6}[1]] and more detailed descriptions of the dataset in [6} [2].

Our previously published work [[1] and its publicly avail-
able code were available for the participants as a baseline.

2.2. Test Dataset

For the evaluation of the participants’ methods, we prepared a
test dataset which was not published before. 84 city maps of
size 256256 were obtained from OpenStreetMap [4] in Is-
tanbul, resulting in 6720 simulations. The same dataset gen-
eration procedure and simulation parameters were used as for
RadioMap3DSeer (6} 2]].

3. THE CHALLENGE TASK

The task of the challenge was to predict the pathloss radio
map given the city map and the transmitter location, i.e., the
same task and input setting of deterministic simulation meth-
ods like ray-tracing.

The participants were allowed to design their input fea-
tures (i.e. pre-processing) freely, as long as the test run-time
of the proposed method was orders of magnitude lower than
the pathloss simulation by the ray-tracing software.



(a) City map w/ height (b) Ground truth
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Fig. 1: Examples from the test set. From left to right: a) Height-encoded city map (the brighter the pixel, the higher is the
building. Tx location is shown with a red plus sign), b) Ground truth simulation, ¢,d,e) Predictions of the successful methods

4. CHALLENGE RESULTS

4.1. Evaluation Methodology
The participants were asked to submit their radio map predic-
tions for the challenge test set (which was sent them without
the ground truth) along with the code that runs the evaluation.
While evaluating the prediction performance of the sub-
mitted methods, we first set the pixels of the radio map pre-
dictions known to be occupied by the buildings to zero, i.e.,
given that the ground truth value at such pixels is zero, the
prediction error was guaranteed to be zero for such pixels.
We evaluated the accuracy by the root mean square error

RMSE = \/ 5 3 ,c7 RMSE(n)2 where 7T is the test set
and RMSE(n) is the RMSE for the radio map n, defined as
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4.2. Evaluation Results

Table 1: Accuracies of the submitted methods on the test set

Method RMSE

PPNet [9] 0.0507

Agile (MSE) [B] 0.0514
Agile (MSE, LoS) [8] 0.0461
Agile (KL, LoS) [8] 0.0451
PMNet (w/ Fine Tuning) (7] | 0.0959
PMNet (w/ Data Aug.) [7] | 0.0633
PMNet (£ x ) 7] 0.0383

We summarize the accuracies of the submitted methods in
Table[T]and show the prediction results for a sample from the
test set in Fig. |1} Based on our evaluations and the declara-
tions of the participants, a large degradation of performance
of all the submitted methods on the test set is observed (with
respect to testing on a hold-out subset of RadioMap3DSeer).

All participants reported run-times of about ~10 ms.

We would like to note here that the RMSE calculations
reported in [[7] differ from the one explained here and in
[9,18]]. The RMSE results presented in [[7] were found by eval-
uating on a hold-out set of RadioMap3DSeer and seemingly
by averaging of RMSEs calculated on mini-batches of size
16, and without setting the building pixels to zero. Also, we
couldn’t verify PMNet (w/ Fine Tuning) version to yield the
given results in [[7], as we observed worse performance also in
the hold-out RadioMap3DSeer subset they apparently used.

Nevertheless, the best performing method (PMNet (% X

%)) of [[7] demonstrated a remarkable performance on the
challenge test set, ranking the first among all the submitted
methods.
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