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Abstract—Radio spectrum crowdsensing replaces costly drive
tests with scalable, yet potentially highly sparse, distributed
data collection. The problem of estimating the coverage area
in real time as new samples arrive has not been well explored
in the literature. This work proposes a solution to this issue by
combining a U-Net deep learning model for interpolation with
a simple post-processing algorithm for generating closed binary
coverage masks. Hence, one of our main contributions compared
with the state of the art is the integration of a traditional
ray-tracing tool with a realistic urban mobility simulator to
evaluate the temporal dynamics of crowdsensing. In simulation,
the estimated coverage area error is smaller than 30% after only
300 seconds, depending on the experimental setup. In addition,
this work contributes to the state of the art by evaluating the
influence of mobility, geographical, and transmission parameters
on the intersection-over-union between the estimated and ground-
truth coverages.

Index Terms—Crowdsensing, Radio Environment Map (REM)

I. INTRODUCTION

Radio spectrum management conducted by national reg-
ulatory agencies ensures the efficient usage of this scarce
resource. A critical metric in mobile networks is the coverage
area in which the received signal from a given spectrum
band must have sufficient power to provide acceptable service
levels, as defined by regulatory standards [1], [2]. For example,
regulatory agencies compute the spectrum occupancy, which,
for a point-to-area mobile system, is the product of frequency
bandwidth (MHz) and coverage area (m?) [2]. The computa-
tion primarily relies on simulators that use data reported by
mobile service operators as input [3]. Drive-test campaigns
monitor the received signal power at specific locations to
evaluate the consistency of reported data [1], [4]. Despite their
crucial role in spectrum planning and interference mitigation,
the high costs of drive tests limit scalability, especially in more
isolated regions.

Current work in the literature has proposed using crowd-
sensing to leverage the large number of user devices for cost-
effective spectrum data collection [5]-[7]. This approach does
not replace drive test campaigns, which is still considered the
ground-truth for spectrum monitoring. However, it provides a
valuable alternative for identifying potential locations where
discrepancies exist between actual measurements and expected
coverage. All previous work focuses solely on building a Radio
Environment Map (REM) to reduce the estimated signal power
error within a region of interest (ROI). The lack of coverage
area estimation is an important shortcoming. Additionally,

REM estimation is performed after the crowdsourced dataset
completion. Experiments considering a continuous spectrum
monitoring system that updates its results in real time as new
data arrives are not explored in the literature.

This work proposes the use of crowdsensing spectrum data
to continuously update estimates of the coverage area for each
given frequency band and ROI. The core contribution is a
learning-based strategy for building a coverage mask from
very sparse data points as they arrive in real-time. Experiments
combine online data collection simulator based on SUMO
(Simulator of Urban MObility), ray-tracing tool for computing
the expected RSRP (Reference Signal Received Power) at
each bin in a spatial grid, and U-Net deep learning (DL)
model for REM interpolation [8]-[10]. Our simulation results
show that the coverage area can be estimated with less than
30% error within 300 seconds in the evaluated scenarios.
They also reveal the extent to which changes in the number
of participants, the map shape, and radio-frequency (RF)
parameters can reduce system performance. The contributions
are: (i) continuous coverage-area estimation from cumulative
sparse crowdsensing data; (ii) the BWS step to obtain closed
coverage regions; (iii) a SUMO and ray-tracing framework
to study the temporal evolution of the estimate; and (iv) an
evaluation of map geometry, power, frequency, threshold, and
number of participants. The interpolator is adopted from [10].

The remainder of this work is organized as follows. Sec-
tion II presents related works. Section III details the proposed
strategy. Section IV describes the experimental methodology.
Section V discusses the results. Finally, Section VI concludes
this work and presents directions for future work.

II. RELATED WORK

This section presents prior work on spectrum crowdsensing,
cell coverage estimation, DL-based radio mapping, and the
dynamics of real-time spectrum data collection for continuous
spectrum database updates.

Zeng et al. propose spectrum crowdsensing to accelerate
data collection for anomaly identification in LTE networks [5].
Data-driven approaches usually face challenges with out-
of-distribution (OOD) generalization, introducing bias risks.
Mapping RF usage at every location across multiple ROIs
and bands requires enormous data volumes and diversity. The
authors, however, do not address strategies to mitigate data
collection for large-scale spectrum management tasks, such as
RSRP interpolation.
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Fig. 1: Pipeline for the proposed strategy for coverage estimation. Steps 2 and 3 are periodically repeated as new crowdsensing

data arrives at the center database.

Basere and Kostanic use intensive drive tests to collect
RSRP samples from a cell tower in Melbourne [11]. Next,
the well-known Kriging algorithm interpolates these samples
to produce a complete REM. The paper discusses the impact
of ROI bin size on the statistics of the aggregated RSRP
from multiple users in the same bin. However, the impact
of the mobility pattern used for data collection, as well as
the geographical diversity of the different regions and the RF
parameters, is not taken into account.

Sato et al. interpolate a complete REM from sparse mea-
surements by leveraging a DL model to estimate the path loss
(PL) before applying Kriging to estimate, via interpolation,
the effects of shadowing [12]. The results confirm the impact
of using DL in reducing the interpolation RMSE (Root Mean
Squared Error). However, the gap between these theoretical
results and the problem of coverage area estimation in sparse
crowdsensed data is not addressed.

Lin et al. tackle the challenge of collecting sufficient data in
practical mobility environments for spectrum-related training
and prediction tasks [13]. They combine vehicular traces
generated by SUMO with 3GPP PL models to produce a
vehicular communication dataset in a four-lane street. The
goal is to train a DL model for joint compression and re-
construction of sub6GHz and THz bands, enabling vehicles
to predict occupied subcarriers for dynamic sidelink cellular
access. The results report the model performance only after
the simulation ends, so that results on the temporal evolution
of the predictions as new data continuously arrive are missing.

Unlike previous works, this paper shifts the focus from
static signal power mapping to the continuous estimation
of coverage areas from highly sparse crowdsensed data. By
integrating SUMO with a ray-tracing tool and a DL U-Net
interpolator, the proposal uniquely captures the temporal dy-
namics of crowdsensing as new samples arrive. Furthermore,
it bridges the gap concerning the analysis of how mobility

configurations, geographical map shapes, and RF parameters
impact the intersection-over-union and area of the estimated
coverage masks.

III. PROPOSED STRATEGY FOR COVERAGE ESTIMATION

This section describes the proposed strategy for estimating
RF coverage from crowdsensed data. The geographic territory
is logically divided into square ROIs. Each ROI is therefore
divided into N x N square blocks, called bins, forming a
discrete grid. Each cellular channel, identified by ARFCN
(Absolute Radio Frequency Channel Number), has its carrier
frequency and bandwidth. In TDD (Time Division Duplexing),
the uplink and the downlink channels overlap, whereas in FDD
(Frequency Division Duplexing), they are separated. For each
ROI and channel, the proposed strategy involves building a
REM for the expected RSRP in each bin in the grid. Figure 1
illustrates the steps involved in a single ROI and frequency
band.

In crowdsensing, each participant owns a smartphone run-
ning a software for gathering data from the device’s RF
system. For example, G-NetTrack and RantCell applications
measure RSRP, ARFCN, and geographical coordinates at each
moment in time by using the Telephony and Location
APIs (Application Programming Interface) from the Android
operating system (OS). Clients periodically send their col-
lected data to a web server, which incorporates it into the
database in real-time, as illustrated in Step 1 in Figure 1. For
a given ROI and frequency channel, the RSRP at each bin is
the average RSRP reported by all users in this location and
frequency channel. In practical crowdsensing deployments,
these features are available inside other apps, such as apps
for taxi services and urban navigation [14]. In these cases,
only a small fraction of the smartphone owners may be
available at each ROI and each frequency band. Moreover,
crowdsensing participants are not expected to continuously
stream their samples in order to reduce battery and network
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Fig. 2: Skip connection U-Net architecture. Conv (a,b) represents a convolutional layer with a input channels, b output
channels, and kernel size 3. LeakyReLU represents the rectifying linear unit operation with negative slope of 0.3. Pool
represents a layer for 2D pooling with dimensions 2x2. Deconv (a, b) represents a deconvolutional layer with stride and
padding values equal to 1. Finally, the network also uses image upscaling layers and a flatten layer.

usage. Therefore, the problem, known as REM interpolation,
is to construct an accurate estimate of the RSRP across the
entire grid from RSRP measurements at only a few bins.

Formally, each element [i,j] of a sparse measurement
matrix Xpeq € RY*Y reveals the RSRP at the bin located
at row ¢ and column j in the grid, also represented as bin
[i,7]. In the absence of a measurement, Xped[t,j] = 0. A
binary mask matrix M € RY*¥ is used to identify bins with
measurements, indicated by the value 1 in the corresponding
elements. The REM generation model G estimates a matrix
X =g (Xined, M) using the measurements Xneq[é, j], where
M[i, j] = 1. The need to differentiate bins with zero RSRP
from bins with unknown values justifies the usage of a binary
mask M. That way, M[i, j] = 0 indicates to G that the RSRP
in bin [¢, j] needs to be interpolated from the RSRP in the
known bins. As new samples arrive, the interpolation process
must be repeated to keep the estimate X up-to-date. This
process is represented in Step 2 in Figure 1.

Given an estimated REM X, the next step involves com-
paring the power at each bin in the grid with a given power
level threshold (6). The result is a binary coverage mask
C € RV*N where Cli,j] = 1 if X[i,j] > 6. Spectrum
regulators define thresholds for the minimum signal power
in dBm, which are typically used to define the coverage
area [1]. Step 3 in Figure 1 presents the resulting coverage
mask after the comparison as a black-and-white image. The
white mask does not define a closed contour due to weak-
signal holes within the region and along the border. Therefore,
the threshold comparison is followed by a procedure to find
the Biggest White Spot (BWS), defined in Algorithm 1. The
result is a closed coverage region with a well-defined contour,
as presented in Step 3 in Figure 1. Since each bin dimension
is known, the coverage area is the total area of the coverage
mask.

IV. EXPERIMENTAL METHODOLOGY

This section describes the methodology for evaluating the
performance of the proposed coverage area estimation strategy.
The hardware used for simulation is an Ubuntu machine
with an AMD Ryzen 9 7950X 16-Core processor, 64GB of
RAM, and an NVIDIA GeForce RTX 5090 GPU for model

Algorithm 1 Biggest White Spot (BWS).
Require: Binary matrix Cj,
Ensure: Binary matrix C,, with the largest filled spot

1: Cgjieq < binary_fill_holes(C;y,)

2: L + label_non_adjacent_spots(Cieq) >Lisa
matrix where each non-adjacent white spot gets an integer
number (1, 2, ...) called label, while the background is
Zero.

3: K < num_nonzero_labels(L) > Count the number of
white spots (labels different from 0)

4: if K =0 then

5: return zeros_matrix
white spot

6: end if

7: T <« bincount(L) > Count the number
of occurrences of each label. T is a dictionary that maps
each label to the respective number of white pixels

8: T[0]+ 0 > Ignore background (label 0)

9: lmax < argmax(7) > Find the label with the maximum
white pixel count

10: Coy < filter_label(L, lnax) > Result matrix is one only
at the positions where L = [}«
11: return Cy,

> Just black background. No

inference. All experiments are repeated 20 times, yielding
metric computation with 95% confidence interval (C.1.).

The SUMO tool [8] simulates urban regions with ap-
proximately 1,600x1,600 meters, collected from the Open-
StreetMap (OSM) APIL. A Python script creates the SUMO
subprocess, records the locations of vehicles moving around
on the streets every second, and writes the results to a Comma-
Separated Values (CSV) file. A second Python script in the
simulation pipeline randomly selects V' vehicles and produces
a 32 x 32 mask matrix M at each time interval 7', in seconds.
The n-th binary mask M is equal to 1 at all positions
corresponding to bins where a vehicle has been located before
(from 0 seconds up to nI" seconds).

The ray tracing simulation tool used by Teganya et al. [9] is
used in our experiments to compute the signal power at each
of the 32 x 32 bins of the ROI. The tool computes the REM X



TABLE I: ROIs characteristics for Experiment 1.

Min Lat, Lon Max Lat, Lon Characteristics

-22.9180, -43.1855
-11.3404, -48.3716
-12.2788, -38.9416
-15.8000, -47.8875
-24.9268, -53.4799

-22.9046, -43.1704
-11.3281, -48.3569
-12.2667, -38.9270
-15.7871, -47.8738
-24.9139, -53.4647

Very dense urban coast
Rural zone
Medium-size metropolis
City with flat terrain

Transition to rural zone

Grid A
High penetration into the ROI

Grid B
Spaces not covered by users

Fig. 3: Artificial 1600x 1600 meters ROIs for Experiment 2.
The grid contains 3232 bins of 50x 50 meters each. The bins
in blue indicate the presence of a street.

assuming the presence of a radio-base transmitter at the center
with carrier frequency f (MHz), and transmission power P
(dBm). At each timestamp, Xq is computed as the point-
wise matrix product between the binary mask at this time (IM)
and the baseline REM (X), both generated by the pipelines
described above. This allows us to simulate a scenario in
which a fraction of the available vehicles periodically reports
crowdsensed spectrum data at a given point in space.

The system also computes X at each time interval using
the generator G. The generator G can be implemented using
the Kriging algorithm or a data-driven generative model that
learns to minimize the RMSE between the generated output X
and the expected output X. ML models can lead to lower inter-
polation errors in real test environments if the training dataset
is representative. The generator used in our experiments is a
U-Net deep neural network implemented by Locke et al. [10].
Figure 2 illustrates the architecture, which uses convolutional
layers to process the inputs Xpeq and M as 32 x 32 pixel
images. The model training script, written in PyTorch, runs
for 50 epochs with the Adam optimizer at a learning rate
of 7 x 10~* and uses batches of 16 maps generated with
ray tracing. The performance of REM interpolation models
is not the focus of this paper, since the proposed coverage
area estimation is agnostic to the specific model architecture.
Therefore, information about the dataset and the training
parameters can be found in [10].

The coverage mask C and the corresponding coverage area
are computed for each timestamp from X. Since the coverage

TABLE II: Experiment 1 summarized results for V' = 10.

6 (dBm) CAE 95% C.I. range 10U 95% C.I. range
—110 0% — 14.4% 0.67 —0.71
—120 1.85% — 10.2% 0.69 —0.73
—130 11.3% — 28.9% 0.71 —0.75

TABLE III: Experiment 2 summarized results for Grid A.

f MHz) P (dBm) CAE 95% C.I range 10U 95% C.I range
1500 25 3.90% — 8.20% 0.56 — 0.60
1500 20 2.80% — 11.86% 0.61 — 0.65
2500 25 0% — 7.74% 0.61 —0.65
2500 20 19.53% — 30.13% 0.31 —0.37

map is built from an estimation of the REM, it differs from the
real coverage map that would be constructed if the system had
access to the exact power at every bin. Therefore, we compare
the estimated coverage mask with the real one, computed using
the baseline REM X, following the exact same methodology.
Two metrics are used to evaluate how close the estimated
coverage region is to the baseline. The first is the coverage
area error, defined as
Real area — Estimated area

CAE =
Real area ’

which approaches zero as the estimated coverage area ap-
proaches the real one. CAE does not indicate over- or un-
derestimation and can exceed 100%. The second metric is
the Intersection-Over-Union (IOU), which is typically used
to compare bounding box positions in object detection sys-
tems [15]. IOU = 0 if the coverage masks do not intersect,
and IOU = 1 if they are identical.

V. RESULTS

The first experiment evaluates real maps for different
numbers of vehicles (V' € {5,10}) and thresholds (§ €
{—110 dBm, —120 dBm, —130 dBm}). The fixed parameters
are T = 5s, f = 2500 MHz, and P = 25 dBm. At each
experimental repetition, a Python script randomly selects one
of the ROIs from Table I, which represents real regions in
Brazil with very diverse characteristics.

Figure 4 presents the results of Experiment 1, confirming
that the coverage area error (CAE) decreases as the vehicles
explore the real maps. With only 5 vehicles, the limited
number of visited bins within the ROI impairs the interpolation
quality in some repetitions, increasing confidence intervals,
represented by error bars. Each experimental run finishes after
all vehicles exit the ROI, explaining why experiments with
more vehicles take, on average, more time to finish. Conse-
quently, late-time points average over fewer runs, widening the
intervals. When § = —130 dBm, both the estimated and the
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Fig. 4: Experiment 1 results. Coverage area error (CAE, as a
fraction) for f = 2500 MHz and P = 25 dBm.

ground-truth coverage masks occupy almost the entire terrain
from the beginning, leading to a lower CAE from the start.

Table II summarizes the range of the minimum CAE and
IOU values for each coverage threshold when V' = 10. As
0 decreases, the coverage area increases, since more bins
will have an RSRP above the threshold, which also leads to
a higher IOU. On the other hand, the out-of-coverage area
decreases, so that the number of samples collected in out-
of-coverage bins is significantly reduced. This hinders the U-

Grid A 2500 MHz

—4— f=2500 MHz, P = 20 dBm
1.0 —4— f=2500 MHz, P = 25 dBm
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Fig. 5: Experiment 2 results. IOU for V' = 10 vehicles and
0 = —120 dBm.

Net’s ability to make good RSRP estimations in these regions.
Therefore, the strategy does not significantly improve the
coverage mask estimation as time passes, which explains the
higher CAE values when § decreases. For § = —130 dBm,
CAE is the highest but so is IOU: CAE compares only area
magnitudes, whereas IOU measures spatial overlap, so both
metrics are needed.

The second experiment considers synthetic maps in which
city blocks form a grid, as illustrated in Figure 3. The



experiment also evaluates the influence of different values of
frequency (f € {1500,2500} MHz) and transmission power
(P € {20,25} dBm), while keeping fixed T =55, V = 10
vehicles, and 6 = —120 dBm.

Figure 5 presents the results of Experiment 2, confirming
that the estimated coverage mask approaches the ground truth
for Grid A. Grid B purposely represents a scenario where a
large obstacle, such as a building, hinders data collection close
to the base station, leading to a null estimated coverage mask.
This is a failure mode of the method, detectable online (empty
mask), and should flag insufficient data. It is also an extreme
scenario, since in the real world, a mobile device would not be
able to connect to a base station with such a weak signal. The
scenario with f = 2500 MHz and P = 20 dBm combines the
lowest transmission power with the highest signal attenuation
due to the higher frequency. In this scenario, the orange
curve in Figure 5a confirms the difficulty of obtaining a good
estimate of the coverage area.

Table III summarizes the results for Grid A. The CAE
confidence intervals statistically overlap in all scenarios except
the one with lower power and higher attenuation (last row),
which also has the worst IOU. Thus, only the combination
of lowest power and highest frequency clearly degrades the
estimation.

VI. CONCLUSION

This work presented a novel approach to continuous radio
spectrum coverage estimation by combining a U-Net deep
learning interpolation model with a binary coverage mask
generation algorithm to process sparse crowdsensing data.
By integrating a ray-tracing tool with SUMO to capture the
temporal dynamics of data collection, the proposed system
achieved coverage area estimation errors below 30% after
just 300 seconds in simulation. The evaluation investigated
how participant density, geographical map shapes, and radio-
frequency parameters impact the intersection-over-union of the
estimated masks. Results are limited to simulations with exact
RSRP and positions, uniform participation, and no Kriging
baseline or BWS ablation.

As future work, we expect to train the U-Net using maps
generated by our simulation framework and compare its per-
formance with Kriging and other interpolation techniques on
real collected data, including measurement noise and location
errors. Another possible research direction consists of training
a model to directly generate the coverage mask from sparse
measurements.
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