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Abstract—This article investigates the use of deep learning
(DL) techniques for predicting 2-D radio environment maps
in urban microcellular scenarios. Starting from the common
framework established by prior works, a comprehensive and
systematic analysis is conducted to evaluate the impact of multiple
factors—including neural network (NN) architecture, auxiliary
input data, data augmentation strategies, and training dataset
fidelity—on the prediction performance. A modified U-Net archi-
tecture, referred to as DeepUNet, is proposed, incorporating
hybrid loss functions and deep supervision to enhance learning
effectiveness. Extensive experiments are carried out by train-
ing the model via synthetically generated data using standard
ray tracing (RT), as well as multiple types of auxiliary data,
including empirical path-loss (PL) predictions, line-of-sight (LoS)
predictions, and sparsified or interpolated radio environment
maps. Results demonstrate that, by properly combining the
aforementioned techniques, the proposed DL model achieves high
prediction accuracy, even in challenging configurations. Further-
more, generalization capabilities are evaluated by training and
testing on different RT datasets. A detailed performance analysis
is provided to offer practical insights and design guidelines for
future radio environment map prediction tasks.

Index Terms—Convolutional neural networks (CNNs), deep
learning (DL), radio environment map, ray tracing (RT), U-Net.

I. INTRODUCTION

ADIO environmental maps (REMs) represent the spatial
distribution of radio propagation parameters—typically
received power (P,) or path loss (PL) over a target service
area. Both P, and PL are key quantities in wireless propagation
analysis, and on a logarithmic scale (dB), they are essentially
equivalent up to a constant offset. P, is affected by various
factors such as free-space propagation and wave interaction
with obstacles such as reflections, diffraction, and scattering,

resulting in large- and small-scale fading effects [1].
REM can support wireless network optimization and plan-
ning, enabling efficient spectrum management and reliable
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connectivity. In fact, they help identifying wireless coverage
holes, and therefore, network operators can enhance the quality
of service by strategically deploying additional infrastructure
[2]. In dense urban environments, REMs are used to optimize
resource allocation, ensuring efficient use of bandwidth and
power for cellular and IoT networks [3]. They can also play
a critical role in localization, where accurate REMs improve
positioning accuracy for GPS-denied environments [4]. In the
framework of emerging technologies and applications, REMs
are beneficial in path planning for unmanned aerial vehicles
(UAVs), ensuring continuous connectivity during autonomous
flights [5], [6]. Moreover, they are increasingly relevant in
physical layer security, where knowledge of RF propagation
assists in detecting potential eavesdropping or jamming threats
[7]. Finally, autonomous driving can rely on accurate REM
prediction to maintain stable vehicle-to-everything (V2X)
communication, ensuring real-time data exchange for traffic
management and safety-critical applications [8]. In the context
of the ongoing evolution of wireless communication systems,
the importance of REMs extends beyond traditional mobile
networks, making them a valuable asset in next-generation
technologies such as 5G, 6G, and smart city deployments.

In order to effectively support such a broad set of wireless
services and applications, REMs must be point-specific, i.e.,
they should track the difference in propagation over the
multitude of spatial locations spread all over the maps. To this
aim, propagation data to fill the REMs can be collected either
through extensive measurement campaigns or deterministic
field prediction models, like ray tracing (RT) or ray launch-
ing (RL). Conversely, statistical/empirical propagation models
based on simple, analytical formulas (e.g., the Okumura—Hata
model [9]) are not well fit for the task, as they primarily
describe the average range dependence of the target propaga-
tion marker (P, or PL), i.e., they account for neither shadowing
nor multipath effects.

Unfortunately, field measurements often require expensive
equipment, while RT/RL accuracy can be heavily limited
by imprecision in the environment database. Moreover, they
both can be time-consuming, especially for large measure-
ment/simulation areas. These constraints drive the need for
more efficient and flexible prediction methods.

Recent advances in machine learning (ML) have enabled
data-driven prediction of RF coverage [10], [11]. Unlike
conventional methods, ML-based models learn propagation
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TABLE I

RELATED WORKS ON IMAGE-BASED, DL-DRIVEN REMS PREDICTION
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Feature FadeNet [19] RadioUNet [18] PMNet [20] RME-GAN [23] REM-UNet [22] DC-Net [21]
Dataset Generation RT RT SW WinProp [25] RT SW Wirel. Insite [26] | RT SW WinProp RT SW WinProp RT SW WinProp
(No details on RT | (DPM - Dominant Path | (No details on RT set- | (No details on RT | (RT2 - up to 2 | (No details on RT
setting) Model, RT2 - up to 2 | ting) setting) bounces) setting)
bounces, RT4 - up to 4
bounces)
Target Fading Effects | LSF LSF LSF LSF LSF LSF
Maps Number 2500 700 N.A. 700 700 700
(RadioMapSeer DB [24]) (RadioMapSeer DB) (RadioMapSeer DB) (RadioMapSeer DB)
Map Size 512m x 512m 256m x 256m 243m x 243m 256m x 256m 256m x 256m 256m x 256m
RX Spatial Res. 2m x 2m Im x Im N.A. Im x Im Im x 1m Im x Im
TX & RX 1 TX/map DPM/RT2: 80 TX/map N.A. 80 TX/map | TX on rooftop 80 TX/map
th=7m IRT4: 2 TX/map, th=th=l.5m th=l.5m th=th=1.5m
hkx=1.5m th=hkx=l.5m
Antennas N.A. Isotropic Isotropic Isotropic Isotropic Isotropic
(most likely:
isotropic)
Frequency Not provided 5.9 GHz 2.5 GHz 5.9 GHz 3.5 GHz 5.9 GHz
DL Architecture UNet-based 2x UNet (cascade, 18 | Dilated convolutional | Generative UNet Double UNet
(28 conv. layers) conv. layers each) autoencoder network Adversarial Network + Distant-range
(includes a UNet Content Module
with 18 conv. layers)
Auxiliary Data YES YES NO YES YES N.A.
(LoS map) (300 samples/map from (sparse map) (LoS map)
RT4)
Data Augmentation YES N.A. YES N.A. YES NO
(flip/rotation, (cropping/rotation) (flip/rotation x8)
20000 final maps)
Performance RMSE=7.1 dB | RMSE = 0.027-0.038 | NDL (Normalized | RMSE = 0.014 RMSE = 0.034 (1.2 | RMSE = 0.0095 -
w/o aux. data (2.7-3.8 dB) w/o aux. | Depth Loss) = 0.01 dB) with aux. data 0.019
RMSE=5.8 dB | data Normalized MSE =
with aux. data RMSE = 0.016-0.03 | 0.0003
(1.6-3 dB) with aux.
data

patterns from large-scale datasets and can generalize across
different environments [12], [13]. Deep learning (DL), a subset
of ML, has further enhanced this capability by using neural
networks (NNs) with multiple layers to detect complex pat-
terns and relationships inside data. DL approaches have been
applied to RF propagation analysis, demonstrating improved
accuracy and efficiency [14], [15]. In the framework of DL
techniques, convolutional NNs (CNNs) have been particu-
larly effective in image processing tasks, including image
recognition and object detection [16]. Among CNN-based
architectures, U-Net has gained significant attention for its
encoder—decoder structure, which allows for efficient feature
extraction and spatial reconstruction. Originally developed
for biomedical image segmentation [17], U-Net has since
been applied to different image-related tasks, leveraging skip
connections to preserve fine details while capturing high-level
contextual information.

Some recent works have competitively addressed REM
prediction in urban environments using DL, usually relying on
image-based inputs (e.g., city maps) and U-Net-style architec-
tures [18], [19], [20], [21], [22], [23]. A comparative overview
of these recent methods is presented in Table 1. In order to
achieve reliable prediction accuracy, they all simultaneously
work/act on the multiple factors affecting the final performance
with the highest likelihood, like the U-Net structure and its
(hyper-)parameters, the size of the training dataset, the resort
to data augmentation techniques, and auxiliary input data.
In spite of the effort, the final, overall setting of the U-Net
sometimes resulted in a marginal performance improvement
compared to other, similar studies.

Rather than contributing to this competitive challenge, a
different analysis is proposed in this work, where the goal
is not a further (marginal) reduction of the prediction error,
but most of all a comparative evaluation of the performance
dependence on the following key factors: U-Net complexity,
auxiliary input types, augmentation strategies, training dataset
size and characteristics, and target label fidelity. Instead of
presenting yet another accuracy benchmark, this contribution
investigates the sensitivity of REM prediction accuracy to
various architectural and input data choices. By systematically
evaluating these elements, the aim is to derive general insights
into what matters most to achieve practical, scalable, and
robust REM prediction, especially under realistic constraints
where full-scale RT simulations or large paired datasets may
not be feasible. In doing so, this work fills a current gap in the
literature by providing a roadmap for optimizing such systems
beyond pure accuracy performance, offering both theoretical
value and practical guidelines.

The remainder of this article is structured as follows.
Section II provides an overview of the related work, dis-
cussing prior approaches to RF coverage prediction using both
conventional and DL-based methods. Section III describes
the dataset generation process, including the RT simulation
setup and environmental parameters. Section IV details the
proposed DL framework, including model architecture, train-
ing methodology, and evaluation metrics. Section V presents
experimental results and analysis, highlighting the impact
of different parameters and techniques on prediction perfor-
mance. Finally, Section VI concludes this article and outlines
potential directions for future research.
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Fig. 1. Example of an urban coverage map.

II. RELATED WORK AND PROPOSED SOLUTION

Starting from the seminal work described in [19], some
following studies, shortly summed up in Table I, have inves-
tigated DL-assisted urban REM generation, according to the
same general approach [18], [20], [21], [22], [23]. Both train-
ing and test datasets consist of a number of REMs represented
as images, where the strength of the electromagnetic field
propagating from a known transmitter (TX) position to a
multitude of receiver (RX) locations spread along the streets
of an urban map is plotted in a colored scale (see Fig. 1).
Propagation data corresponding to the different REMs have
always been generated by means of RT simulations. Although
not always clearly stated, the evaluation is limited to large-
scale fading (LSF), i.e., to distance-dependent path loss and
shadowing effect related to possible link obstruction. By con-
trast, multipath fading interference is likely to be neglected. In
order to collect a suitable amount of data, RT simulations have
been carried out on a large number of different urban maps.

Part of the images is then used to train an NN, usually
based on a U-Net, aimed at REM prediction. The input features
to the NN always include the 2-D geometrical layout of the
urban scenario and the TX position, while the corresponding
generated REM (see Fig. 1), of course, represents the target
output label. Sometimes, auxiliary input data have also been
considered, as well as augmentation data techniques have been
enabled in some cases.

Performance is always evaluated on the test dataset, where
basically the REMs predicted by the NN are compared with
the ground-truth reference represented by the RT simulation
outcome. It is worth highlighting that, before performance
assessment, the received power in dB returned by RT is usually
normalized as follows [18], [19], [20], [21], [22], [23]:

Pr - Pr,min
P EEE— (1)

P rnorm —

Pr,max - Pr,min

where P, is the received power value according to RT (in
dB units, e.g., dBm or dBW), P, ,, is a parameter of the
RT simulation corresponding to a minimum power threshold
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(i.e., P, = P,y is automatically set at every RX location,
where P, < P,,;, is returned by RT), and P,,,, is the
maximum received power value throughout the whole database
(dB units). The normalization in (1) preserves the relative
differences in received power while scaling the values to the
range [0, 1], which is a more suitable input format for NN
[18]. It also improves the model’s ability to learn complex
patterns by maintaining consistent intensity variations across
all samples.

The root-mean-square error (RMSE) between the REM
predicted by the NN and the reference, ground-truth image
returned by RT, is finally computed. In case normalized
received power values are considered, then RMSE also belongs
to [0, 1], and it can be regarded as a sort of relative percentage
expression of the prediction error with respect to the Pj qy -
P, min range. For example, if RMSE = 0.1 is achieved with
P, pmin = =130 dBm and P, ., = —80 dBm, then the absolute,
average error is equal to 5 dB. Although the RMSE evaluation
should be, of course, limited to the pixels corresponding to the
RX locations, it is sometimes computed all over the image
(i.e., buildings included) [18], [23].

Despite this general and common framework, different
choices have been made in the different previous studies
under several aspects, e.g., in terms of the structure of the
U-Net, size of the training/test dataset, and resort to auxiliary
input data and data augmentation strategies (see Table I).
Anyway, no strong motivations are usually provided about
the reasons why each investigation uses a different strategy
from the others, which in the end can convince the reader
that NN can effectively drive the REM generation process,
but without providing them with any physical insight, nor
giving them any clear guideline to effectively handle and
deploy DL resources and techniques for radio map estimation.
Furthermore, information is sometimes lacking or incomplete,
as also outlined in Table I.

This is the gap this work aims at filling up, as it is not just a
further benchmark to test the performance of DL-driven REM
prediction, but rather a more comprehensive investigation on
the sensitivity of the prediction accuracy to those factors
that are actually expected to mostly affect the performance,
like U-Net complexity, auxiliary input types, augmentation
strategies, training dataset size and characteristics, and target
label fidelity. In agreement with previous studies, the analysis
is carried out in an urban environment, as it is particularly
challenging from the propagation perspective.

To support the clarity and reproducibility of this
multifaceted investigation, a flowchart is introduced in Fig. 2.
This diagram provides a concise visual summary of the
pipeline adopted throughout the work. Without delving into
implementation details, it illustrates the sequence of processing
steps applied to generate the model inputs, including optional
data sources and learning strategies. Starting from the base
inputs—namely, the map of the urban environment and the
location of the TX—the process may optionally incorporate
additional features, such as externally computed auxiliary
maps, or exploit data augmentation techniques. The final
step involves feeding the processed data into a selected NN
model for training and prediction. The reader may refer
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Step 1: Inputs Step 2: Auxiliary

Hata like / LoS /
Interpolation / RT1

On/ Off

TX + Buildings map

Step 3: Data Augmentation

On/ Off

Step 4: Model

Standard UNet / DeepUNet

Fig. 2. Block diagram of the proposed REM prediction pipeline.

back to this overview diagram while progressing through
Sections III and IV, which provide an in-depth explanation
of each component.

III. DATASET GENERATION

Input data typically consist of environmental features, such
as building maps and TX locations, while the output label
describes the corresponding RF coverage characteristics (i.e.,
the REM). In addition to these primary input features and out-
put labels, auxiliary data can be introduced to further enhance
the model’s predictive capabilities. Auxiliary data, collected
in a faster way with respect to input data, refer to supple-
mentary input information, such as line-of-sight (LoS) maps
[19], [22] or (interpolated) sparse coverage maps [18], [23].
They provide context to improve generalization and accuracy.
Previous studies have shown that incorporating auxiliary data
can actually increase DL-based REM prediction accuracy by
reducing uncertainty and improving spatial consistency [30].

A. Input Map Generation

In order to cope with the computational effort required by
RT simulations to generate the propagation dataset to train
and test the DL model, some expedients have been enforced
in this study to properly restrict the REM size. In particular,
the analysis has been limited to microcellular urban layouts,
i.e., with the TX and the RXs placed at a height, respectively,
equal to 5 and 1.5 m, i.e., well below the average height of the
buildings included inside the urban area, equal to 14 m. With
this measure, given that propagation primarily occurs in the
horizontal plane between the TX and RX, we can simplify the
simulations by using a 2-D urban layout, significantly reducing
their complexity.

A 5 x 5 km high-resolution map of the city of Bologna
(Italy) was randomly divided into 1000 smaller maps with
a size of 150 x 150 m, corresponding to suitable input
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(@ (b)

Fig. 3. Example of input maps: TX map and buildings map. (a) TX location.
(b) Buildings map.

samples for RT simulations. To ensure a meaningful urban
environment, each tile contains a minimum of 25 buildings,
serving as a threshold to filter out uninformative regions.

In particular, two different maps have been considered as
input features for the DL model.

1) TX Location Map: A binary matrix accounting for the
TX position in the map. The TX is randomly placed
over the map region not covered by buildings, and its
location corresponds to the only active pixel in the input
matrix [see Fig. 3(a)].

2) Building Map: A binary matrix describing the position,
size, and shape of buildings within the urban map.
Buildings are marked as active pixels in the matrix,
while the others are left inactive [see Fig. 3(b)].

As clearly shown in Fig. 3, the information conveyed by
the two input maps is limited to 2-D data, i.e., height values
are not included. Although electromagnetic propagation is
inherently a 3-D process, it is likely to occur below the rooftop
level in microcellular scenarios, i.e., in the streets surrounding
the buildings rather than above them. In this regard, 2-D
information is assumed to be sufficient for a reliable REM
prediction.

B. RT Simulation

In agreement with previous investigations, the propagation
data to fill the database for training and testing the DL model
have been collected by means of RT simulations carried out
over the 1000 available urban maps. While a single TX has
been placed in each map, a multitude of RXs have been spread
along the streets between buildings, at a height of 1.5 m and
with a spatial resolution of 1 m. Simulations have been run
at the frequency fy = 3.5 GHz and assuming an isotropic
radiation pattern for both the transmitting and the receiving
antennas. In order for the simulation to better mimic real-
world propagation, diffuse scattering (S) can be enabled in
the considered RT tool [31], in addition to reflection (R) and
diffraction (D) considered in previous studies. The maximum
number of bounces experienced by each ray, as well as the
type of electromagnetic interactions, has been set as summed
up in Table II, which represents an effective tradeoff between
the overall simulation time and the need for realistic results.
The minimum power threshold was set to P, ;, = =110 dBm,
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TABLE I

RT SETTINGS AND CORRESPONDING COMPUTATION
TIME FOR 1000 SIMULATIONS

Type | Max. no. of int. | R | D | Rand D S Time
LoS 0 0] 0 0 Off Fast
RT1 1 1 1 1 Off 12h
RT2 2 2 |1 2 Off | 1 week
RT3 3 3 1 2 On | 2 weeks
TABLE III
MAJOR PARAMETERS OF THE MICROCELLULAR
SCENARIOS
Parameter Value
Map Size 150 m X 150 m
Maps Number 1000
Antenna Type Isotropic
Transmit Power 0 dBm
Transmitter Height Sm
Receiver Height 1.5m
(Average) Building Height 14 m
Carrier frequency 3.5 GHz
Image Resolution 1 RX/m
Minimum Threshold Power -110 dBm

corresponding to a maximum path loss equal to 110 dB, in
agreement with previous works [18], [22]. Still in compliance
with previous investigations, the field intensities carried by the
different rays have been commonly summed up, neglecting any
phase relationship, i.e., multipath interference was not taken
into account. This means that the total received power at any
RX location has been computed as follows:

P, = 10log,, (Z P,,i) 2)

2
Pri= g G 15 0) EROP ()
7
where N is the number of rays tracked by the RT tool, (6;, ¢;)
is the direction of arrival of the ith ray, g,, is the directional
gain of the receiving antenna, j,, is the polarization vector of
the receiving antenna, and E; is the electric field arriving at
the RX through the ith ray. Of course, A is the wavelength and
n = 120x the free-space impedance.

Just for the RT3 case in Table II, an additional dataset
was also generated, enabling coherent simulation mode. The
interference among the fields conveyed to the same RX along
the corresponding rays has been taken into account in the
computation of the overall received power according to the
following expression:

P r,coh

2 |& . R
= 10l0gio | g 1D Ver G B (00 Ei (R)
i=1

2

“4)

To further speed up the simulation process, parallel com-
puting was also enforced. The simulations were executed on
a 12-core CPU, enabling concurrent processing of different
maps. Of course, the computation time 7. reported in Table II
refers to the parallel computation on the 12 cores. The values
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(b)

(©) )

Fig. 4. Different types of auxiliary input maps. (a) Simplified. (b) Sparse.
(c) LoS. (d) Hata-like.

can then be easily scaled to a different number of cores n,
as T, - 12/n.. The major parameters related to the simulated
microcellular scenarios are reported in Table III. An example
of REM returned by RT enabling three maximum interactions
(RT3 in Table II) and scattering included is reported in Fig. 1.

C. Auxiliary Input Data

In addition to the primary input maps (TX position and
building layout), the dataset can include auxiliary data to
enhance the learning process. Auxiliary data provide additional
input information that further helps the model improving its
insight into the complex relationship between the primary
input files and the corresponding output label (i.e., the REM).
In this study, different types of auxiliary data are considered,
as briefly described in the following.

1) Simplified Coverage Map: It simply consists of the REM
achieved through RT simulations carried out with a
reduced number of interactions compared to the REMs
generated and used for training and test [see Fig. 4(a)].
Although these simulations are run enabling a lower
number of reflections/diffractions/scattering, they pro-
vide additional propagation insights while significantly
saving computation time compared to full-scale simu-
lations. In the following, REMs corresponding to the
RT setting marked as RT1 in Table II are considered as
possible auxiliary input data.

2) Interpolated Sparse Map: It is a coarse coverage map
based on propagation data collected from a lower num-
ber of RXs, i.e., corresponding to a reduced spatial
density of RXs compared to the REMs generated and
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used for training and testing. Then, the sparse coverage
map can be interpolated to get a full-resolution image
[see Fig. 4(b)]. In the following, sparse maps achieved
with 20-m spacing between the RXs are considered.

3) LoS Map: It is a binary map providing information about
the existence of indicated LoS between the TX and each
RX location spread on the map [see Fig. 4(c)].

4) Hata-Like Map: It is generated by means of the follow-
ing simple analytical formula:

P,[dB] = P,[dB] — PL[dB]

PL[dB] =10-«alog, (d%) + PLy (dy) (5)
where « is the path-loss exponent (PLE or propagation
factor) and PLy(dp) is the free-space attenuation at a
reference distance dy, here set equal to 1 m. Equation
(5) describes the average range dependence of received
power, and its slope is related to the value of . In an
urban environment, « usually belongs to the range [3,
3.5] [1]. The result is a smooth, linear decay of received
signal strength with distance (in a log-to-log scale) [see
Fig. 4(d)]. Although this map does not account for
specific building obstructions, it nevertheless provides
additional information about the expected (average) rate
of power reduction with distance, which can anyway
support the prediction of the output target REM to some
extent. In the following, @ = 3.5 is considered.

Of course, the different auxiliary input maps are expected
to improve the accuracy of the REM prediction to a different
extent (as addressed in Section V). At the same time, they pose
different requirements on the final user of the trained model
for REM prediction. In order to generate simplified coverage
maps, the final user must have access to both the urban
maps and an RT tool, which might not always be obvious.
Interpolated sparse maps can also be achieved by means of
RT simulations, but they might also consist of real propagation
data collected from working end-user equipment (e.g., sensor
nodes) distributed over the urban area [23]. With reference to
the LoS maps, they certainly require the availability of the
urban layout, but they can be computed without an RT model,
as the presence of LoS is a geometrical condition that can be
checked in some different ways [22]. Finally, the computation
of Hata-like maps just requires the value of the PLE, which
can be fixed by means of simulations, but also by resorting
to ad hoc experimental data, experience, or suggestions from
existing literature.

D. Data Augmentation

Data augmentation is widely used in DL and refers to any
technique aimed at artificially increasing the size of the train-
ing dataset by creating a modified representation of existing
data. This approach helps preventing overfitting and improves
the model’s robustness by exposing it to diverse scenarios. In
the context of RF coverage prediction, data augmentation can
be particularly beneficial as it mitigates the need for extensive
data collection or computationally expensive RT simulations
to generate additional labeled samples.
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To maximize the benefits of data augmentation while pre-
serving the original spatial resolution of 150 x 150 m tiles,
a comprehensive transformation strategy was employed. First,
all possible rotations (90°, 180°, and 270°) were applied to
each image, corresponding to three additional images. Then,
horizontal, vertical, and diagonal flips were also enforced, thus
introducing four new representations. Since some combina-
tions lead to the same final result, the size of the dataset
extracted from RT is finally expanded by a factor of eight. This
dataset extension exposes the model to a broader range of spa-
tial patterns and propagation scenarios, improving its ability to
generalize across different urban layouts and TX placements.
The impact of data augmentation on the performance of the
DL model for REM prediction is discussed in Section V.

E. Output Map Generation

The final output maps, returned by RT simulations per-
formed with high resolution, represent the ground truth for
training and testing the DL model described in Section IV.
These maps provide the spatial distribution of received power
levels across the outdoor urban environment, accounting for
the RF signal strength spatial fluctuations due to building
obstruction and/or multipath propagation (see Fig. 1). To make
these maps effective input for NNs, they are usually converted
into grayscale images with values ranging from O to 1, accord-
ing to the normalization procedure described in Section II.

IV. DL MODEL

ML is a field of artificial intelligence that enables computers
to learn from data and make predictions or take decisions
without being explicitly programmed. ML techniques have
transformed numerous disciplines by automating complex
tasks, identifying patterns in large datasets, and optimizing
decision-making processes. In recent years, ML has demon-
strated remarkable success in fields such as computer vision
(object detection or recognition), natural language processing,
and biomedical analysis [32], [33], [34]. These advancements
have opened new frontiers in various fields, including wireless
communication.

DL, a subset of ML, has further advanced predictive
modeling by utilizing artificial NNs (ANNs) with multiple
layers. Unlike traditional ML approaches that rely on hand-
crafted features, DL models learn hierarchical representations
from raw data, making them highly effective for tasks that
require intricate pattern recognition. These advancements have
expanded the applications of ML and DL to domains such as
wireless communication and RF coverage prediction, where
data-driven models can compete with traditional propagation
models and improve network design and optimization.

A. Convolutional Neural Networks

At the core of DL lie ANNs, which are computational
models structured to emulate the layered processing
mechanisms of the human brain. These models consist
of interconnected layers of processing units (or neurons)
that enable hierarchical learning of data patterns. Among
the various types of ANNs, CNNs [35], [36] have proven
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particularly effective for handling tasks involving spatially
organized data, such as images and videos. Unlike traditional
ANNSs that typically rely on separate feature extraction and
classification phases, CNNs seamlessly integrate both into a
unified learning framework [37], [38].

In traditional ML pipelines, features must be manually
engineered—a process that is not only time-consuming but
may also result in suboptimal performance. CNNs, by contrast,
learn hierarchical feature representations directly from raw
input data, effectively identifying the most relevant patterns for
the task at hand. This built-in ability to automatically extract
and refine features during training significantly enhances both
prediction accuracy and processing efficiency [37], [38].

CNNs are especially well-suited for 2-D input formats, as
they apply learnable convolutional filters across the spatial
dimensions of the data. This approach enables the model to
detect and exploit spatial structures such as edges, contours,
textures, and other localized patterns that are essential for high-
level interpretation.

B. U-Net

U-Net [17] is a specialized CNN architecture designed for
pixel-level predictions, making it particularly suitable for tasks
such as image segmentation [39], [40], [41], video predicting
[42], super-resolution [43], inverse problems in imaging [44],
image-to-image translation [45], and medical image analysis
[46]. Tt is structured as an encoder—decoder network.

1) The encoder gradually downsamples the input image
while increasing the number of feature channels. This
path efficiently extracts hierarchical features, capturing
both local and global spatial dependencies.

2) The decoder progressively upsamples the feature maps,
reconstructing the spatial resolution of the input while
reducing the number of feature channels. This pathway
synthesizes the learned high-level concepts back into a
detailed output image.

3) Skip connections are used to concatenate feature maps
from corresponding encoder layers to decoder layers of
the same resolution. This mechanism preserves high-
resolution information, ensuring spatial accuracy and
structural consistency in the output.

4) Unlike traditional CNNs, U-Net does not contain fully
connected layers, enabling it to maintain spatial coher-
ence throughout the network. This design makes it
robust for a wide range of applications, including image
segmentation, super-resolution, image-to-image transla-
tion, and RF coverage prediction.

C. DeepUNet for RF Coverage Map Prediction

The proposed DeepUNet architecture is designed to effec-
tively capture both low- and high-level spatial features
necessary for accurate RF coverage prediction. As illustrated
in Fig. 5, the model follows a symmetric encoder—decoder
structure with five levels of depth, enabling the extraction of
hierarchical representations from the input maps, each fol-
lowed by a nonlinear activation function known as the rectified
linear unit (ReLU) and a max-pooling operation for spatial
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downsampling (red arrows). The use of a nonlinear activation
function is essential in deep NNs to allow the model to learn
and represent complex, nonlinear relationships in the data. In
particular, ReLU is one of the most commonly used activation
functions due to its computational efficiency and ability to
mitigate the vanishing gradient problem. ReLU operates by
outputting zero for any negative input and passing positive
inputs unchanged, thereby introducing nonlinearity without
saturating the output. The max-pooling operation, on the other
hand, is employed to progressively reduce the spatial dimen-
sions of the feature maps. By retaining only the maximum
value within small local regions (typically 2 x 2), max pooling
helps in reducing computational complexity and achieving
spatial invariance while also preserving the most salient fea-
tures in the data. Together, convolution, activation, and pooling
layers enable the encoder to extract meaningful hierarchical
features that are crucial for accurate RF coverage prediction.

The decoder mirrors the encoder using transpose convolu-
tions for upsampling. Blue boxes indicate the number of fea-
ture maps (filters) at each stage, growing deeper in the encoder
and symmetrically reducing in the decoder. Skip connections
between corresponding encoder and decoder layers (gray
arrows) help preserve spatial details, which are crucial in high-
resolution prediction tasks. The network outputs the final pre-
diction map via a 1 x 1 convolutional layer. In addition to the
main output, auxiliary outputs are extracted (yellow arrows)
at each decoder stage to implement deep supervision, which
strengthens multiscale feature learning and stabilizes training.
The considered architecture is summarized in Table IV.

To guide the training process, a hybrid loss function is
employed, combining mean squared error (MSE) and struc-
tural similarity index (SSIM). In the context of ML, a loss
function is a quantitative measure of the difference between
the model’s predicted output and the actual result (known
as the ground truth—in this case, the RT-generated coverage
map). During training, the model parameters are iteratively
adjusted to minimize this loss function, thereby improving the
accuracy of predictions. The two components of the hybrid
loss serve complementary purposes: MSE focuses on pixel-
wise accuracy, while SSIM emphasizes structural similarity
and perceptual fidelity. The hybrid formulation aims to ensure
both accurate value prediction and preservation of spatial
patterns, which are important in radio signal mapping.

MSE is defined as

N
1
MSE = — =902
SE=+ izzl i =3 (6)

where y; and §; represent the ground-truth and predicted pixel
values, respectively, and N is the number of valid pixels in the
map.

SSIM evaluates the similarity between predicted and
ground-truth images in terms of luminance, contrast, and
structure. Its formula is

2wty + C1) (2074 + Co)

SSIM (x,y) =
e e o) (ol G

)
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TABLE IV

DEEPUNET ARCHITECTURE

Layer Type # of Layers Filter Size Activa Func.
Convolutional Layer 22 2% 2 ReLU
Pooling Layer 5 2 X 2 (MaxPool) -
Upsampling Layer 5 2 x 2 (Transpose) -

Skip Connections 5 - -

Final Output Layer 1 1x1 -

where 41, and i, are the mean values, o2 and 0'5 are variances,
and o, is the covariance. Constants C; and C, stabilize the
division.

Deep supervision is applied by introducing auxiliary losses
at intermediate decoder stages, each using the same hybrid
loss. The total training loss is computed as

Ltotal = Lmain + a’lLau,\f] + a'ZLauxz +...+ a'nLaux,, (8)
where L, is the loss at the final output, L, is the auxiliary
loss, and «; is the corresponding weight. In the deep supervi-
sion design, the network produces five auxiliary outputs (one
per decoder level). When auxiliary weights are not explicitly
provided, uniform weights are automatically assigned through
a; = %, where n = 5. Thus, each auxiliary loss is multiplied
by 0.2 and contributes equally to the total loss in addition to
the main output loss. This choice stabilizes multiscale learning
and improves convergence during training.

It is important to clearly distinguish between the training
and evaluation metrics. The training process relies on the
hybrid loss function (MSE + SSIM), while the model’s
performance is evaluated using the RMSE on the test dataset.
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° °
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512
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This separation aligns with established practice and avoids
confusion between optimization and evaluation objectives.

Since the output coverage maps are normalized to grayscale
values between 0 and 1, RMSE is computed as

N

2
: E (Pr,norm,true - Pr,norm,pred) .
i=1

1

RMS EGS = (9)

Since the grayscale values are derived from the received
power levels using min-max normalization, the RMSE in
grayscale can be approximately converted to RMSE in decibels
using the following relationship:

RMS EdB = RMSEGS : (Pr,max - Pr,min) (10)

where RMS Egs denotes the RMSE computed on the nor-
malized grayscale maps. In this work, the received power
values are normalized using P,m.,x = —77 dBm and P, min =
—130 dBm, resulting in a dynamic range of 53 dB. Con-
sequently, the RMSE expressed in decibels can be roughly
computed as RMS E;p = 53 - RMS Egs .

In agreement with [19], the RMSE is calculated only
over the map area where valid RT-based ground-truth values
exist, e.g., excluding the area covered with buildings. This
ensures that the evaluation is limited to areas relevant to RF
propagation, providing a more reliable assessment of model
performance. Although this may sound obvious, it is worth
pointing out that RMSE is instead computed over the whole
map (i.e., buildings included) in some other works [21], [22],
[23], which is expected to sweeten the performance evaluation.

The training process of the DeepUNet was conducted using
the Adam optimizer, a widely used stochastic optimization
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TABLE V
STEP-BY-STEP PERFORMANCE ANALYSIS
Model Type Aux. Data | Data Aug. | RMSE | RMSE (dB)
No 0.25 13.25
Standard UNet None Tos 016 843
DeepUNet None No 0.14 7.42
Hata-like 0.13 6.89
LoS 0.07 3.71
Standard UNet Sparse Map No 0.06 31%
RT1 Map 0.04 2.12
DeepUNet RT1 Map Yes 0.03 1.59
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Fig. 6. Bar plot of RMSE for different models.

method that combines momentum and adaptive learning rates.
The initial learning rate was set to 0.001 and decreased by a
factor of 0.1 after 60 epochs to promote convergence. Training
was performed for 100 epochs using a batch size of 16. These
values, often referred to as hyperparameters, control how the
learning algorithm updates the model weights. All models
were trained using a hybrid loss function with deep supervision
applied at each decoder level.

The DeepUNet model consists of approximately 31.1 mil-
lion trainable parameters across 22 convolutional layers.
Training the best-performing configuration for 100 epochs on
a dataset of 900 image pairs required approximately 15 min
using an NVIDIA Tesla P100-PCIE-12 GB GPU (12-GB
memory).

V. RESULTS AND DISCUSSION

This section analyzes the prediction results by organizing
the discussion into three logical parts: sensitivity analysis, fast
fading tracking capability, and generalization potential toward
real-world propagation.

A. Sensitivity Analysis: Effect of Model and Data
Enhancements

Standard U-Net, trained on RT3 targets, without auxiliary
data and without data augmentation, is here considered as
the baseline model (BM). As reported in Table V, it yields
a normalized RMSE of 0.25 (13.25 dB), which is actually not
particularly good. Enabling data augmentation alone reduces
the RMSE to 0.16 (8.48 dB), proving its regularization effect
and contribution to improved generalization. Replacing the
Standard U-Net with the DeepUNet architecture, still without
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Fig. 7. Train and test loss.

auxiliary inputs and data augmentation, results in an RMSE
of 0.14 (7.42 dB), highlighting the benefit of deeper feature
extraction and hybrid loss supervision.

Finally, Table V also shows that auxiliary input information
turns out to be beneficial to the greatest extent, with RMSE
dropped to less than 7 dB regardless of the type of auxiliary
data map. This result confirms that low-complexity simulated
REMs can serve as effective training support for predicting
higher fidelity coverage maps. Interestingly, the RMSE reduc-
tion brought by auxiliary input maps is directly related to the
complexity of their generation process. Hata-like maps can
be quite easily achieved, but also correspond to the lowest
gain, whereas simplified coverage maps computation requires
heavier effort but also produces the most remarkable advan-
tage. Not surprisingly, the most accurate REM prediction,
corresponding to an RMSE equal to 0.03 (1.59 dB), is achieved
when the DeepUNet architecture, data augmentation, and
auxiliary input (RT1 Map) are simultaneously enforced, as also
shown in Fig. 8. The RMSE improvement triggered by the dif-
ferent cases considered in Table V is also represented in Fig. 6.

Fig. 7 shows the training loss and test RMSE over
100 epochs for the best-performing model configuration
(DeepUNet + RT1 auxiliary input). The model exhibits stable
and monotonic convergence, with the training loss decreasing
consistently and the test RMSE stabilizing at a low value. The
minimal gap between training and test curves confirms strong
generalization and the absence of overfitting. This behavior
reinforces the reliability of the selected configuration and
suggests that the learning process is both stable and efficient.

The qualitative results for the best-performing
configuration—DeepUNet with RT1 Map as auxiliary
input—are shown in Fig. 8, which includes the ground-truth
and predicted coverage maps for both the test samples with
minimum and maximum RMSE. In addition, the figure
reports the corresponding absolute error maps, computed
as the pointwise difference between the predicted and
ground-truth REMs, to explicitly highlight local prediction
inaccuracies. While the minimum RMSE case illustrates
excellent agreement between the prediction [see Fig. 8(b)]
and ground truth [see Fig. 8(a)], the maximum RMSE sample
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Fig. 8. Qualitative comparison between ground-truth REMs, DeepUNet predictions, and absolute error maps for the best-case (RMSE = 0.005, top row)
and worst case (RMSE = 0.089, bottom row) test samples. Error maps are visualized using a grayscale representation, where brighter regions indicate lower
prediction error. (a) Ground truth (min RMSE). (b) Prediction (min RMSE). (c) Absolute error (min RMSE). (d) Ground truth (max RMSE). (e) Prediction

(max RMSE). (f) Absolute error (max RMSE).

[see Fig. 8(d) and (e)] also shows a strong qualitative match.
Although some deviation is expected, especially in complex
propagation zones, the model still captures the dominant
structures and gradients accurately. This consistency across
both extremes reflects the model’s overall robustness and
stability, as confirmed by the very low standard deviation of
RMSE reported for this configuration. It highlights that even
in relatively harder scenarios, the model maintains reliable
predictive quality. The error maps [see Fig. 8(c)—(f)] show
that discrepancies are mostly localized in regions where more
complex propagation conditions occur, as around (multiple)
building corners or at the furthest NLoS receiving locations.
This is actually not fully surprising, as it is where the learning
task is harder.

B. Fast Fading Tracking Capability Under Coherent
Propagation

To assess the model’s ability to handle more complex
propagation effects, simulations were repeated in the coherent
case, where multipath components arriving at the RX are
combined, taking into account phase information, therefore
capturing the interference patterns related to fast fading.
Unlike the noncoherent scenario, where power contributions
from different rays are simply summed up, neglecting any
phase relationship, the coherent model introduces stronger
local fluctuations and fine-grained spatial variations that might

represent a further challenge for the model learning process.
In this context, the received power should ideally be modeled
according to (4), which accounts for the vectorial (i.e., phase-
aware) summation of the field components, as opposed to (2),
which assumes incoherent power addition.

It is worth noting that the model architecture adopted is
the proposed DeepUNet. The LoS map is here selected as
auxiliary input as it provides a favorable tradeoff between
prediction accuracy and auxiliary data generation complexity
as illustrated in Fig. 6. Although RT1 maps yield the best
overall performance, their generation requires additional RT
simulations, which were not available for the coherent case
considered. For this reason, LoS-based auxiliary information
is adopted in this case.

Surprisingly, this added complexity does not seem to be
affecting the model’s performance to a significant extent.
When tested on coherent REMs using LoS maps as auxiliary
input, the final RMSE was found equal to 0.07 (3.7 dB), which
is nearly identical to the value obtained under noncoherent
conditions. This result suggests that the model generalizes
fairly well to more complex propagation phenomena like
multipath spatial interference.

Fig. 9 provides a qualitative comparison between the
ground-truth coherent REM and the predicted one. Owing
to the enforced coherent simulation mode, the ground-truth
REM coming from RT now clearly includes interference-
induced multipath ripples. Although the DeepUNet cannot
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actually track them at the point-specific level, it anyway can,
nonetheless, fairly well predict the macro structure of the
interference pattern (especially present in the LoS region in
Fig. 9).

C. Glance to Real-World Propagation

In practical scenarios, the ultimate goal is to predict REMs
as they actually are in the real world. However, collecting
comprehensive real-world measurement data for training DL
models is infeasible due to time, cost, and logistic limitations
[50]. To simulate such conditions to some fair extent, a realistic
evaluation strategy involves training the DeepUNet model on
synthetic data generated by a simplified RT simulation (RT1)
and testing it on data from a more accurate and detailed simu-
lation (RT3), treated as a proxy for real-world measurements.

This approach allows for assessing the model’s generaliza-
tion ability when faced with increased physical complexity and
previously unseen propagation behaviors. When the model is
both trained and tested on RT1 data, it achieves an RMSE of
0.05 (2.65 dB). After training on RT1 and testing on RT3, the
RMSE rises to 0.08 (4.24 dB). As clearly shown in Fig. 10,
the main reason for this increase lies in the poor agreement
corresponding to the furthest NLoS RX locations. This is
actually not surprising, as the single bounce enabled in RT1
can, of course, spread rays only to the RX positions closer
to the TX. Therefore, the training stage could just feed the
model with information about short-range propagation, unless
LoS conditions occur. Although image-based U-Net can quite
reliably grasp information on the propagation process from the
training dataset (as discussed in Section V-A), any limitations
or flaws in the database, making it not well representative
of the real-world target process to be modeled, automatically
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reduce the final prediction skill, regardless of the degree of
refinement of the model. Although this should sound quite
clear, it is worth pointing out.

VI. CONCLUSION

This work presents a detailed investigation of image-based
DL techniques for radio environment maps prediction, going
beyond performance benchmarking to provide an in-depth
understanding of key design factors. The proposed DeepUNet
model, leveraging hybrid loss and deep supervision,
increases prediction accuracy and structural fidelity of the
generated maps with respect to standard, general-purpose
U-Net architectures. In line with common sense, enabling data
augmentation strategies also improves the model performance.
Through systematic evaluation, it is shown that the resort to
carefully selected auxiliary input turns out to be beneficial to
the greatest extent. Results also highlight that the model is still
reliable if fast fading effects are included in the training/test
datasets. In case of limitations or inaccuracies in the synthetic
propagation database with respect to the real propagation
process, some reduction in the model performance must
be expected, irrespective of its degree of refinement. The
proposed analysis and design framework offers practical
guidance for applying DL to wireless propagation modeling
and sets the stage for future work involving real-world
measurements or transfer learning techniques.
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