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ABSTRACT The rollout of 5G has increased spatial and temporal variability in RF-EMF exposure due
to higher frequency bands, beamforming, and denser deployments, challenging conventional maps that
rely only on simulations or sparse measurements. We present a hybrid framework that fuses deterministic
ray-tracing with heterogeneous data (static sensor node data gathered over a two-year period, a mobile
spectrum analyzer (SA) campaign, and personal exposimeter measurements) to generate high-resolution
spatio-temporal exposure maps for a dense urban area of 2.5 km?. At its core is the Mean-Matched
Gradient-Preserving Optimization (MMGPO), which estimates a smooth multiplicative correction field
over the simulated grid to remove bias while preserving logarithmic gradients. When validated against
28 independent SA measurements, MMGPO achieves an RMSE=5.47 dB and correlation »=0.70 for the
total electric field exposure over all frequency bands. By incorporating temporally varying node data,
this approach provides policymakers, researchers, and the public with reliable, high-resolution exposure
assessments across multiple time windows, capturing spatial detail while reflecting temporal variations in
modern wireless networks.

INDEXTERMS RF-EMF exposure, spatio-temporal mapping, hybrid simulation-measurement, ray-tracing,

MMGPO.

I. INTRODUCTION
HE rapid proliferation of wireless communication tech-
nologies has reshaped the electromagnetic landscape
in the past few decades. Successive generations of mobile
networks—from 2G to 4G and the current 5G—have resulted
in denser deployments of base stations (BSs), increased
spectral usage, and the introduction of advanced trans-
mission techniques [1], [2]. Consequently, radiofrequency
(RF)-electromagnetic fields (EMFs) are now present across
a broader range of frequencies and with greater temporal
variability. Accurately assessing this RF-EMF exposure is
critical, not only to ensure compliance with international
safety guidelines [3], but also to support urban planning,
epidemiological studies, and transparent risk communication.
The advent of 5G represents a significant shift in exposure
characteristics. With the introduction of higher frequencies

(e.g., 3.5 GHz and 26 GHz), small cells, beamforming, and
massive multiple-input multiple-output (MIMO) architec-
tures, RF exposure fluctuates significantly with user position,
user activity, tra c load, and beam orientation [4]. As a
result, exposure maps based on simple interpolation mod-
els are no longer su cient; high-resolution spatio-temporal
exposure maps are now required to capture the dynamic
nature of urban RF environments.

Such maps serve multiple purposes: enabling regulators to
verify compliance and identify exposure hotspots, providing
scientists with empirical data for long-term epidemiological
research, and o ering policymakers and the public transpar-
ent information in an accessible and understandable way.
However, generating maps that are spatially detailed, tem-
porally representative, and empirically validated remains a
significant challenge.
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Research on RF-EMF exposure mapping spans a spec-
trum of approaches, from classical geostatistical interpolation
methods such as kriging [5], [6], [7], [8] to advanced machine
learning (ML) and deep learning (DL) techniques [9], [10],
[11], [12]. Hybrid frameworks that combine artificial intel-
ligence (AI) models with geographic information systems
(GIS)-derived features have also been proposed to enhance
predictive accuracy in complex urban settings [12]. While
these methods o er promising alternatives to traditional
mapping, they face persistent challenges, including sparse
measurement data and the dynamic, complex nature of urban
environments. A detailed discussion of these approaches and
their limitations is provided in Section II.

This paper addresses these challenges through a
comprehensive case study in Ghent, Belgium. Only
sub-6 GHz frequencies (800 MHz, 900 MHz, 1800 MHz,
and 3600 MHz) are considered, since mmWave frequencies
(>24 GHz) are not used in 5G deployments in this region.
The contributions of this paper are as follows. (i) We
propose an integrated framework that combines ray-tracing
(RT) simulations, static sensor nodes, mobile spectrum
analyzer (SA) campaigns, and personal exposure meter
(ExpoM) measurements to capture both spatial and temporal
variability. (ii)) The introduction of the Mean-Matched
Gradient-Preserving Optimization (MMGPO) framework,
which corrects simulation biases by using heterogeneous
measurements while preserving the spatial structure of
the simulated field. Unlike interpolation-based methods,
MMGPO operates on a flexible optimization principle: it can
incorporate any combination of data sources —regardless
of type, density, or coverage—making it robust to sparse
or uneven datasets. (iii) The framework is validated against
independent SA measurements and extended to multi-scale
temporal analyses spanning yearly, monthly, daily, and
hourly variations. (iv) Our findings provide new insights
into the evolution of exposure patterns over a 2-year period
across the 800 MHz, 900 MHz, 1800 MHz, and 3600 MHz
bands in a dense urban environment spanning 2.5 km?.

The remainder of the paper is organized as follows.
Section II provides a review of related work in RF-EMF
exposure mapping and assessment. Section III describes
the methodology used, including the data sources and the
MMGPO framework. Section IV presents the results of the
exposure mapping process and the validation of the model.
Finally, Section V discusses the strengths and limitations of
the model, followed by conclusions in Section VI.

Il. RELATED WORK
A. SPATIAL EXPOSURE MAPPING APPROACHES

Population-level RF-EMF exposure assessment is driven by
regulatory and public health needs and relies on robust spatial
models supported by heterogeneous measurements (personal
exposimeters, drive-test logs, static sensors) and contextual
GIS/BS data. International bodies such as International Com-
mission on Non-Ionizing Radiation Protection (ICNIRP) and
World Health Organization (WHO) emphasize standardized,
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transparent methods and high-quality monitoring to support
risk assessment and policy for governments [3], [13].

1) CLASSICAL GEOSTATISTICAL INTERPOLATION

Spatial interpolation remains a cornerstone for exposure map-
ping. Traditional methods such as inverse distance weighting
(IDW) are simple but fail to capture spatial autocorrela-
tion [14]. Geostatistical methods like kriging and co-kriging
address this by modeling spatial covariance and providing
uncertainty estimates [5], [6]. Sequential surrogate modeling
further refines this approach by iteratively sampling locations
with the highest kriging uncertainty [15]. Recent large-scale
evaluations confirm that kriging, particularly with exponential
variograms, generally outperforms nearest-neighbor methods,
though its accuracy depends on dense sampling and sta-
ble variograms [7]. Outlier removal significantly improves
performance, highlighting the importance of robust prepro-
cessing. Kriging has also been applied in spatio-temporal
studies to map spatial exposure evolution across di erent
times of day, integrated with GIS for visualization [8].

2) DATA-DRIVEN ML AND DL

ML and DL approaches have emerged to overcome the
limitations of variogram-based methods. Conditional gener-
ative adversarial networks (GANs) have been proposed for
reconstructing exposure maps from sparse data and urban
topology, achieving superior accuracy compared to kriging
[9]. conditional neural network (CNN)-based models have
also been applied to radio propagation prediction, where
map-based features (e.g., building layouts, BS distances)
are processed to estimate path loss with improved accu-
racy over traditional models [10]. Manassas et al. [12]
demonstrated that AI models trained on real-world mea-
surements and GIS-derived features (e.g., distances to BSs,
line-of-sight (LOS) conditions, building density) can predict
electric field levels with high accuracy (mean absolute error
(MAE) 0.3 V/m), reducing the need for costly mea-
surement campaigns. More recently, Zhang et al. [11]
introduced ExposNet, a DL framework that leverages con-
volutional architectures and geospatial features to predict
RF-EMF exposure in complex urban environments, achieving
improved accuracy over traditional interpolation methods.
These works underscore the potential of ML/DL for exposure
mapping, though challenges remain regarding data require-
ments, interpretability, and generalization.

3) PHYSICS-BASED SIMULATION AND HYBRID MODELS

Deterministic propagation models, such as RT, provide
high-resolution predictions by accounting for geometry and
antenna characteristics [4], [16]. However, the accuracy of
these RT methods can strongly depend on the available input
data (buildings, BSs, material properties, etc.) [17]. Recent
advances include hybrid approaches that combine RT outputs
with DL models, leveraging synthetic datasets for training
[18], [19]. While these hybrid methods allow for training on
large synthetic datasets, they may not fully capture real-world
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complexities, since no real measurements are used during
training.

B. TEMPORAL VARIATIONS OF RF-EMF EXPOSURE
Across time scales, exposure shows clear regularities. Diur-
nally, levels rise from morning through late evening and
drop overnight; weekdays exceed weekends—patterns long
observed for GSM/UMTS tra c-driven fields [20], [21], [22],
[23]. Seasonally, fields measured by city sensors decrease
around major summer holidays (e.g., mid-August), consistent
with population shifts [24], [25]. Over multi-year horizons,
3.6 GHz (5G) exhibits a significant upward trend in weekly
medians as networks and user adoption grow [24]. These
findings underscore the need for temporally resolved expo-
sure maps that capture diurnal, seasonal, and multi-year
dynamics. To this end, a recent study integrated GIS-based
kriging with temporal analysis to identify exposure hotspots
and variability patterns across di erent times of day [8].

C. RESEARCH GAPS AND MOTIVATION

Despite the recent progress in RF exposure mapping, several
key challenges remain. First, traditional geospatial interpo-
lation methods degrade under sparse data. Second, ML/DL
models require large labeled datasets and often lack inter-
pretability. Finally, RT and hybrid models often do not
incorporate real-world measurement data. These limitations
motivate frameworks that integrate physics-based simulations
(through RT) with heterogeneous measurements, explicitly
preserve spatial gradients from simulations, and extend natu-
rally to time-resolved mapping using temporally rich datasets.
The goal of our study is to provide accurate, dynamic,
and scalable RF-EMF exposure maps in data-scarce urban
environments.

lll. METHODS
A. INPUT DATA SOURCES

Exposure map construction relies on combining multiple
heterogeneous datasets, each providing complementary infor-
mation that contributes to creating a high-resolution and
accurate exposure map. Each measurement M; is associated
with a type label corresponding to the data source. Based on
this type label, a weight w; is assigned to each measurement,
reflecting its reliability and importance in the optimization
process. Fig. 1 shows the primary data sources used in this
study. In the following subsections these data sources are
described.

1) STATIC SENSOR NODES (NODES)

RF-EMF sensors, described in [26], were employed in this
study to allow for continuous monitoring of exposure at
19 locations in the study area. These sensors were mainly
used to detect temporal variations, rather than compliance
measurements. Fig. 1a shows the location of all 19 temporal
nodes in the study area that were installed during a 2-year
period. The average over the whole active duration for each
sensor is plotted for the total electric field (10) over all bands.
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TABLE 1. Specifications of the RF-EMF Sensors [26]. The full frequency range and
the individual frequency band ranges are listed, along with the sensitivity, sampling
interval, and power supply requirements.

791-3700 MHz
791-821 MHz
925-960 MHz
1805-1880 MHz
3550-3700 MHz

Frequency Range
Frequency Band 800 MHz
Frequency Band 900 MHz
Frequency Band 1800 MHz
Frequency Band 3600 MHz

Sensitivity 5-10 mV/m
Sampling Interval 5 seconds
Power Supply 5V

The sensors measure four RF downlink frequency bands:
800 MHz, 900 MHz, 1800 MHz, and 3600 MHz. The
sensors are designed to detect electric field strengths as low
as 5 mV/m for the first three frequency bands (800 MHz,
900 MHz, and 1800 MHz) and 10 mV/m for the 3600 MHz
band. The specifications of these sensors are summarized in
Table 1.

The sensors were placed at hotspots determined from
simulations, while also considering practical placement con-
straints. Before deployment, they were extensively tested and
calibrated to ensure high measurement accuracy. Further-
more, a supplementary calibration was conducted on-site,
both at street level (1.5 m above the ground) and as close
as possible to the sensor itself. This calibration accounts
for practical placement limitations, as sensors could not
always be positioned precisely at 1.5 m above the ground,
i.e., the typical height used in simulations to represent
human exposure. On-site calibration was performed using
the SA (SRM3006; Narda Technologies [27]), as depicted
in Fig. 2. Each frequency band was measured separately in
spectrum-mode, with each calibration session lasting approx-
imately 2 minutes per band. This approach allowed for
precise calibration of the sensors for each frequency band
individually. The resolution bandwidth (RBW) was set to
100 kHz for all measurements, with the video bandwidth
(VBW) disabled. The measurements from both the sensors
and the SA were compared, and the values were rescaled to
street level measurements using

Ecalibralion—street
Egeetlevel = € Enode 5 € = , (1
Ecalibration»node

where Egyeer-level 18 the rescaled electric field strength at street
level corresponding to the sensor node, Ej g is the original
measurement from the sensor node, and c is the calibration
factor calculated as the ratio of the electric field strength mea-
sured by the SA at street level (Ecajibration-street) tO the electric
field strength measured by the node (Ecaibration-node) during
the same time interval. This calibration process ensures that
the sensor readings are accurately aligned with real-world
conditions, accounting for any discrepancies due to place-
ment or environmental factors. This procedure accounts for
di erent environmental conditions (e.g., indoors vs. outdoors,
proximity to walls, orientation).
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FIGURE 1. Input data sources used in this study. The total electric field strength over all frequency bands is shown in dBV/m. (a) Location of all 19 temporal nodes in the study
area. The electric field strength is averaged over the active sampling time of the nodes from August 2023 to August 2025.

(b) Mobile SA measurements with an SRM-3006 mounted in a backpack carried while riding a bike (Bike-SA) collected along a cycling route. (c) Personal exposimeter (ExpoM)
measurements collected during a walking route. (d) Raw RT simulation map.

The data collected by the sensors were extensive, with measurements above the sensitivity threshold were retained,
a total of 105 million values per frequency band. Only resulting in 385 million individual electric field strength
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Sensor node

Spectrum analyzer
with antenna

FIGURE 2. On-site calibration of static RF-EMF sensor nodes using a Narda
SRM-3006 SA at approximately 1.5 m height. Band-specific spot measurements (800,
900, 1800, 3600 MHz) were used to align sensor readings to street level conditions
before deployment.

FIGURE 3. Mobile SA setup mounted in a backpack on a bike for urban campaigns.
The SRM-3006 recorded 700 MHz-3.8 GHz with 1 s sampling along a predefined route.

measurements. Each sensor transmitted its readings every
5 seconds to the central data platform. Data collection was
carried out from August 2023 to August 2025, and the
active time of the sensors ranged between 22.85% and
99.99%, depending on factors such as sensor malfunctions
or environmental conditions.

2) MOBILE SPECTRUM ANALYZER (BIKE-SA)
MEASUREMENTS

SA spot measurement campaigns are commonly performed
to assess exposure levels in urban environments [28], [29].
To increase spatial coverage of these spectral measurements,
SAs and measurement probes are often mounted on vehicles,
as described in studies such as [30], to cover large areas
e ciently across a wide frequency range. However, due
to practical considerations in urban environments, such as
accessibility, tra ¢ limitations, and the need for high spatial
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resolution in densely populated areas, this study employed a
mobile setup using a bike. The SA, probe and a GPS were
mounted in a backpack carried during the ride (Fig. 3), which
allowed for flexible and detailed measurements across diverse
urban locations. The distance from the probe to the head was
approximately 25 cm.

The SRM-3006 SA was configured to record the entire
spectrum from 700 MHz to 3.8 GHz in spectrum mode,
capturing the RF exposure in the environment along the
predefined cycling route. The RBW was set to 2 MHz, with
the VBW disabled. A sampling interval of 1 second was used,
where each second a laptop read the raw SA data and the
GPS coordinates at that time instance. The route was selected
to not have any repetition of measurements in both space
and time. In total, the bike measurements generated 5753
data points, for which the resulting locations are shown in
Fig. 1b. This mobile approach, while less common than drive-
test measurements, proved to be an e ective and practical
approach for obtaining high-resolution, spatially distributed
data in city environments.

3) PERSONAL EXPOSURE METER (EXPOM)
MEASUREMENTS

A personal exposimeter device allows researchers to capture
individual exposure levels during daily activities within the
study area. The ExpoM device is designed to measure
RF exposure across multiple frequency bands, providing a
comprehensive assessment of personal exposure in real-world
scenarios. The ExpoM data was collected through a walking
measurement within the study area with the device (ExpoM-
RF 4, Fields At Work [31]) mounted in a backpack, similar
to the methods used in other studies such as [25], [32], [33],
[34]. The distance from the ExpoM device to the shoul-
ders was approximately 10 cm. This mobile measurement
setup enables the capture of fine-scale spatial and temporal
variations in RF exposure during daily activities. A total of
1163 data points were recorded, with a sampling interval
of 6.1 seconds. The resulting data points are shown in
Fig. 1c. This approach, widely used in the literature, ensures
a detailed and dynamic assessment of individual exposure
levels across various locations within the urban environment.

4) RAY-TRACING SIMULATIONS (RAW RT SIMULATIONS)

A high-resolution outdoor exposure grid § = fS jgl;':l was
generated using deterministic RT simulations. These simula-
tions model the large-scale propagation patterns in the urban
environment, serving as the structural prior for subsequent
adjustments. For this purpose, we use the Ray-Tracing with
an Agent-Based Model for 5G users (RT-ABM) method
described in [4], with extensions to incorporate additional
frequencies, including 800 MHz, 900 MHz, 1800 MHz, and
3600 MHz. Unlike the original approach, where RT was
directed towards dynamic non-users, this study performed RT
directly towards static grid points to construct the exposure
map. The grid is defined with a resolution of 10 m x10 m,
and grid points located inside buildings have been excluded
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to ensure that the exposure map accurately represents outdoor
conditions. This modification enables the e cient generation
of high-resolution maps, better capturing the spatial distri-
bution of electromagnetic field strength across the urban
environment. The raw simulation map is shown in Fig. 1d.
The total electric field strength over all frequency bands is
shown in dBV/m. The RT simulations use antenna output
powers derived from the certificates of conformity provided
by the Flemish government. These values are typically higher
than those encountered in realistic operating conditions.
Therefore, the simulated electric field strengths are generally
overestimated and reach unrealistically high values in close
proximity to the BSs.

B. SPATIAL MAPPING FRAMEWORK

The proposed MMGPO framework assimilates heterogeneous
measurements into frequency-specific RF-EMF exposure
maps defined on a common spatial grid. Let the region
of interest be discretized into N grid locations indexed by
Jj 2 fl,...,Ng. The RT simulation provides a raw exposure
field S; at each grid point. MMGPO estimates a corrected
map R; by applying a spatially varying multiplicative cor-
rection C; > 0 to a globally mean-matched version of the
simulation, S_(].O). All steps are applied independently for each
frequency.

1) PRE-PROCESSING (STEP 2 IN FIG. 4)
a: MEAN MATCHING OF THE SIMULATION
To remove large scale bias in the raw RT simulations, we
apply a single global scaling factor a so that the simu-
lation matches the average level of colocated static node
measurements:

Mnodes

sP=as;,  a= < )

where Mpoges and S denote averages over colocated node
locations of the measurements and the corresponding simu-
lated values, respectively. This step sets the global scale of the
initial field while preserving the simulated spatial structure.

b: KNN GEOMETRY ON THE GRID

For each grid point j, the set of k nearest neighboring
(KNN) grid points A(j) is identified using a k-dimensional
tree. For each neighbor ¢ 2 Nj(j), we store the distance
dj; and the unit direction vector Uj pointing from j to
€. This local neighborhood geometry is used for discrete
gradient approximation and for smoothness regularization of
the correction field.

c: MAPPING MEASUREMENTS TO GRID SUPPORT
Measurements are indexed by i and written as M;, with
associated reliability weights w;. Each measurement location
is mapped to its nearest grid point through the index function
n(@i) 2 fl,...,Ng. During optimization, the prediction at
measurement i is taken as the grid value

R; := Ry, 3)
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which enables joint assimilation of measurements with dif-
ferent sampling densities on the same spatial support.

d: INITIALIZATION AND CORRECTED EXPOSURE FIELD
Multiplicative corrections are parameterized in log domain to
ensure positivity and interpretable updates. Specifically, we
write

Ci=expG).  R;=C;SP =expGpSY,

J
where G; is the log correction field. Initialization is set to no
correction,

Gy'=0. =1, 5)

so that the initial corrected map equals the mean-matched
simulation, R; = § 5.0).

2) OPTIMIZATION LOOP (STEP 3 IN FIG. 4)

After pre-processing, MMGPO optimizes the grid parameters
G =fG jg?’zl using Adam. At each iteration, the corrected
field is computed as R; = exp(G;) S 50) and the parameters
are updated by minimizing a total loss

ﬁ(G) = Eﬁt + Erlog + Lsmooth ’ (6)

that combines the following weighted data fit term and
regularization terms.

a: DATA FIT TERM
The corrected map is fitted to heterogeneous measurements
using reliability weights w;:

1
L = S Zwi(Rzr(i) Mi)2~ @)

b: LOG GRADIENT PRESERVATION TERM

To preserve the relative spatial structure of the simulation,
MMGPO penalizes deviations between the spatial gradients
of the corrected map and the mean-matched simulation in
log domain:

N
1 2
Lriog = Wr E ”rlogRj rlogS&O)Hz. )
=1

The log domain formulation is consistent with multiplicative
e ects (path loss and shadowing) and yields a scale invariant
constraint on relative spatial variations.

¢: SMOOTHNESS TERM ON THE CORRECTION

To avoid spurious oscillations and to propagate local adjust-
ments induced by the data fitting term, the log correction
field G is regularized over the kNN graph:

N
_ /lsmooth 2
»Csmooth - Nk E E (G[ Gj) . (9)
J=1 €2Nk(j)

d: CORRECTION FIELD UPDATE
The parameters G are updated using the Adam optimizer in

PyTorch [35], [36]. The learning rate and Adam parameters
(B1, B2, €) are listed in Table 2.
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TABLE 2. MMGPO hyperparameters and measurement weights. Optimization uses
Adam with the listed settings.

Parameter Description Value
k Number of neighbors for KNN 4

Av Strength for log gradient term 1
Asmooth Strength for smoothness term 0.01
Whodes Weight for static nodes 1.0
WRike-SA Weight for Bike-SA measurements 0.25
WExpoM Weight for ExpoM measurements 0.25
max_iter Maximum number of iterations 10000
Amin Minimum relative improvement 0.01 %
patience Patience window for early stopping 100
learning_rate  Learning rate for Adam optimizer 0.001
51 First moment decay rate 0.9
B2 Second moment decay rate 0.999
€ Small constant for numerical stability ~ 10~8

e: CONVERGENCE AND STOPPING CRITERION

The total loss is monitored across iterations and the opti-
mization loop terminates either when the maximum number
of iterations is reached, or when the relative improvement in
the total loss falls below a threshold ., within a patience
window. The maximum number of iterations, the minimum
relative improvement ,, and the patience window are also
listed in Table 2.

f: HYPERPARAMETERS AND MEASUREMENT WEIGHTS
The regularization strengths Ay and Agnoon control the
trade-o between fitting measurements and maintaining a
plausible spatial field. The values reported in Table 2 were
selected via parameter sweeps. For these parameter sweeps,
a separate dataset was used (ExpoM data from another
measurement campaign). The model was applied and tested
for all frequency bands using di erent combinations of
hyperparameters. The best combination of hyperparameters
was then selected that provided the best error metrics across
the di erent frequency bands.

Weights w; reflect relative reliability across data sources,
with higher weights assigned to static sources (e.g., static
nodes) with more samples per location, and lower weights
to more variable sources (e.g., mobile measurements). This
prioritizes the most trustworthy observations while still incor-
porating information from all available sources.

3) VISUALIZATION

As mentioned in Section III-A, the resolution of the simu-
lation grid is 10 m x10 m. Therefore, the final corrected
exposure map after MMGPO is also defined with the
same resolution. For smooth visualization, the maps are
linearly interpolated to a finer grid with a resolution of
1 m x1 m. This interpolation step enhances the visual
quality of the maps without altering the underlying data or
spatial patterns captured by the original grid. In addition,
the maps are displayed using a logarithmic color scale
dBV/m = 20 log;,(V/m) to e ectively represent the wide
range of electric field strengths typically encountered in RF
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exposure scenarios. The logarithmic scale allows for better
visualization of both low and high exposure areas, making
it easier to identify spatial patterns and hotspots within the
urban environment. On all following maps, both buildings
and BS antennas are visualized. The BS antennas from the
used operator in the RT simulations are overlaid as directional
wedges, with the direction indicating the antenna’s azimuth.
These antennas can provide additional context for interpreting
the exposure patterns observed in the maps.

C. SPATIO-TEMPORAL MAPS

To analyze temporal variability in exposure, we extended
the spatial mapping framework described in Section III-B
to generate temporally varying maps (spatio-temporal maps).
The starting point for this analysis was the spatial map
representing the full measurement period of the static nodes
(August 2023 to August 2025, see Section III-A). This
baseline map was obtained by applying MMGPO using all
available static node data combined with mobile campaigns
(Bike-SA and ExpoM), ensuring that the spatial structure
was accurately captured and corrected based on the most
comprehensive dataset.

To incorporate temporal dynamics, we reapplied the
MMGPO procedure on this baseline map using only static
node measurements aggregated over predefined time inter-
vals. Reapplying MMGPO allows the model to adjust for
temporal bias shifts, while preserving the spatial gradients
from the full-period map. Personal and mobile measurements
were not considered at this stage, as they were not available
across di erent time periods.

Four temporal resolutions were considered:

1) Yearly averages: Aggregated per calendar year.

2) Monthly averages: Aggregated per calendar month

across all years.

3) Daily averages:

(Monday—Sunday).

4) Hourly averages: Aggregated per hour of the day

(00:00-23:00).

For example, a monthly exposure map for January was
obtained by averaging all sensor node measurements (Sec-
tion III-A.1) collected in January (across multiple years)
and using this aggregated dataset as input for MMGPO
correction. The same procedure was applied for the other
temporal intervals. This approach preserves the simulated
spatial structure while incorporating temporal variations in
network load and tra c patterns across di erent time periods.

Aggregated per  weekday

D. VALIDATION OF SPATIAL MAPS

Spatial validation was performed based on 28 independent
static SA measurements, positioned between the di erent
temporal nodes. The locations are shown in Fig. 11. These
measurements were conducted using the Narda SRM-3006
SA used for sensor node calibration (Fig. 2). The entire
spectrum ranging from 700 MHz to 4 GHz was measured
over a total duration of 6 minutes, in accordance with
ICNIRP 2020 [3]. Again an RBW of 100 kHz was used
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with VBW disabled. This setup is often used in the liter-
ature and standardized in IEC 62232 [28], [29], [37]. The
procedure ensures that accuracy is assessed at locations not
used during the optimization process, providing an unbiased
evaluation of the model’s performance. These measurements
represent the non-user case, in which no deliberate data tra ¢
is generated to attract a directional downlink beam from
the BS.
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1) HANDLING OF NON-DETECTABLE MEASUREMENTS
For the 3600 MHz band, some validation points recorded by
the SA were below the instrument’s noise threshold. Since
the true exposure in these cases could range between zero
and the noise floor, these points were excluded from the
analysis to avoid introducing bias. Consequently, the number
of validation samples for 3600 MHz (Ny, = 17) is lower than
for the other frequency bands (N, = 28).

5847



LEEMAN et al.: COMBINED EXPERIMENTAL-NUMERICAL SPATIO-TEMPORAL MAPPING OF RF-EMF EXPOSURE

—
—

—
— I

N\\\N\\\\ ey

h\\\\\\\\\\I

—

—-15 F

—

-
——

I O

|
I_

.\ \\NN\NNNN\\\ ey

— ..

e

_25 -

-

— AN
|_

-

Electric Field Strength (dBV/m)
F—— NN ————
b
7

l—

—_— O o0
[ I ==
£5
<

3600MHz

-35r . Total ]

2023 2024 2025

FIGURE 6. Yearly variation in spatial downlink electric field levels derived from the
maps, shown as boxplots per frequency band and for the total exposure. From 2023 to
2025, the 3600 MHz band shows increasing exposure levels, whereas the
lower-frequency bands (800 MHz, 900 MHz, and 1800 MHz) exhibit small decreases in
electric field strengths.

2) ERROR METRICS

For di erent combinations of input data, both linear and
logarithmic error metrics are evaluated for the resulting map,
separately for each frequency band and for the total electric
field exposure. The total electric field is calculated as follows:

Etota = \/Eéoo + Egoo + Efgoo + E300 (10)
with E; the electric field strength in band f (V/m), with
f 2 800,900, 1800, 3600g MHz.

Linear error metrics are primarily sensitive to absolute
deviations and are strongly influenced by high field values,
while logarithmic error metrics in the dB domain empha-
size relative deviations, providing a symmetric treatment of
under- and overestimations. A low root mean squared error
(RMSE) in dB indicates consistent relative accuracy over a
wide dynamic range, whereas a low RMSE in the linear
domain primarily indicates limited absolute deviations in
high-field-strength areas. The agreement in spatial variation
is additionally evaluated using the Pearson correlation coef-
ficient:

= Y PO Y)
VX PP Ymbi ¥’

where p; is the predicted value and y; is the measured value
at locationi =1,...,m.

, (1)
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For the linear RMSE, the following equation is used:

1 m
— Z(Pi yi)* .
=

For the RMSE in the dB domain, the values are first
converted into dB, and the RMSE is calculated as:

1 m
;;m Y2,

where P; = 20log,,(p;) and Y; = 20log,,(y;) represent the
predicted and measured values in dB, respectively.

These error metrics help evaluate the model’s performance,
with a low RMSE in dB indicating good relative accuracy
across varying field strengths, while a low RMSE in the linear
domain highlights low absolute errors, particularly in areas
with high field strengths.

RMSElinear = ( 12)

RMSEg; = (13)

IV. RESULTS

A. VALIDATION OF SPATIAL MODEL

This subsection evaluates the spatial accuracy of MMGPO-
based maps across multiple data integration strategies and
frequency bands, including the aggregated Toral electric field
strength (10). Validation was performed against independent
SA measurements for each frequency band and for all input
data combinations (Table 3). For 800 MHz, 900 MHz,
and 1800 MHz, 28 validation points were available, while
3600 MHz had only 17 points due to filtering of non-
detectable measurements (Section I1I-D).

Across all map variants in Table 3, the Node configuration
(static nodes only) yields the weakest agreement with the
independent SA validation set. For the aggregated Total
metric, it attains an RMSE of 8.79 dB (0.77 V/m) with a low
correlation (r = 0.16). For the 3600 MHz band the RMSE
is 16.90 dB and the correlation is negative (r = 0.23),
indicating that sparse static nodes alone do not provide
su cient spatial information to constrain the map at higher
frequencies, even when combined with the RT results.

When only mobile Bike-SA measurements are used
as input to MMGPO (Bike-SA variant in Table 3), the
agreement with the validation points improves relative to
Node-only. For the Total metricc, RMSE decreases from
8.79 dB (Node) to 7.09 dB (Bike-SA) and the corre-
lation increases from 0.16 to 0.58. The e ect is most
pronounced at 3600 MHz, where r rises from 0.23 (Node)
to 0.49 (Bike-SA), while RMSE decreases from 16.90 dB to
11.70 dB. This suggests that Bike-SA measurements intro-
duce additional spatial structure, especially at higher fre-
quencies, although absolute errors remain comparatively high
across frequency bands (e.g., 8.78 dB at 1800 MHz and
11.70 dB at 3600 MHz).

The largest gains in Table 3 are obtained when personal
exposimeter measurements are used (EXpoM variant). For
the Total metric, ExpoM-only reduces RMSE to 5.47 dB
(0.54 V/m) and increases correlation to r = 0.69. Per fre-
quency band, ExpoM-only achieves RMSE values of 7.26 dB
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(800 MHz), 7.75 dB (900 MHz), 6.99 dB (1800 MHz), and
12.44 dB (3600 MHz), with consistently higher correlations
(r = 0.54-0.60) than Node-only. For example, at 900 MHz
the correlation increases from 0.06 (Node) to 0.60 (ExpoM),
while RMSE decreases from 11.61 dB to 7.75 dB.

Combining static nodes with ExpoM (Node+ExpoM)
yields the highest Total correlation among all variants
(r = 0.70), while maintaining a low Total RMSE of
6.13 dB (0.55 V/m). This configuration also performs
strongly per frequency band, including 1800 MHz where
RMSE reaches 6.85 dB (with » = 0.60), compared with
6.99 dB for ExpoM-only and 11.55 dB for Node-only. Thus,
Node+ExpoM provides a modest gain in structural agreement
relative to ExpoM-only, while retaining similar magnitude
accuracy.

For variants that combine Bike-SA with other sources,
Table 3 shows intermediate performance. Node+Bike-SA
reduces the Total RMSE to 6.76 dB, but the corresponding
Total correlation remains low (r = 0.24), indicating that
this combination improves magnitude agreement more than
it improves structural alignment for the aggregated met-
ric. ExpoM+Bike-SA attains a Total RMSE of 6.67 dB
with r = 0.58, which is comparable to Bike-SA only
in correlation, but does not outperform ExpoM-only or
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Node+ExpoM in RMSE. Finally, the full combination
(Node+ExpoM+Bike-SA) yields a Total RMSE of 6.46 dB
(0.58 V/m) with r = 0.59, suggesting that adding Bike-SA
on top of Node+ExpoM primarily improves robustness across
bands rather than improving the best-case performance on the
aggregated metric.

Overall, Table 3 indicates that variants including ExpoM
(ExpoM and Node+ExpoM) yield the largest improve-
ments over Node-only, both by reducing Tofal RMSE
(to 5.47-6.13 dB) and increasing correlation (up to r = 0.70).
Bike-SA contributes most clearly by improving correlation
at higher frequencies (e.g., 3600 MHz), but yields smaller
reductions in RMSE than ExpoM-based variants. The Bike-
SA measurements were performed on the street itself, while
the ExpoM measurements were mainly performed on the
sidewalk. Since the validation measurements were also per-
formed on the sidewalk, the ExpoM measurements provide a
better match with the validation data in terms of geography.
The corresponding changes in hotspot morphology for the
aggregated Total field are illustrated in Fig. 5, where the
nodes-only map (Fig. 5a) di ers visibly from the map that
integrates all sources (Fig. 5b).

The validation results further indicate that MMGPO
reaches accuracy levels comparable to other state-of-the-art
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0.70

approaches reported in the literature. The best-performing 5.47 dB (ExpoM) and correlations up to r

which align with or improve upon

(Node+ExpoM),

configurations in Table 3 achieve Total RMSE values of
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kriging-based methods that typically report RMSE in the low spatial correlation [38], MMGPO explicitly preserves

range of 6-8 dB and correlations between 0.5 and 0.7 under
dense sampling strategies [8], [25]. Unlike kriging, which
can introduce smoothing and variogram instability under

VOLUME 7, 2026

simulated gradients while correcting global bias.
The role of heterogeneous data integration is also
evident from the table. Personal ExpoM measurements
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TABLE 3. Validation against independent SA measurements: RMSE in dB and V/m and Pearson’s r per band and map variant, including the aggregated Total electric field
strength. ExpoM integration yields the largest RMSE reduction and correlation gains; combining data sources provides robust performance across bands.

Map Variant Variant description Metric 800 MHz 900 MHz 1800 MHz 3600 MHz  Total
RMSE (dB) 11.88 11.61 11.55 16.90 8.79
Node Static RF-EMF sensor nodes only RMSE (V/m) 0.43 0.44 0.43 0.59 0.77
T 0.16 0.06 -0.00 -0.23 0.16
RMSE (dB) 791 7.97 8.78 11.70 7.09
Bike-SA Mobile SRM-3006 SA on a bike route ~ RMSE (V/m) 0.39 0.39 0.38 0.22 0.64
T 0.23 0.32 0.27 0.49 0.58
. RMSE (dB) 7.26 7.75 6.99 12.44 5.47
Personal ExpoM-RF 4 exposimeter
ExpoM . RMSE (V/m) 0.33 0.34 0.29 0.28 0.54
walking route
T 0.54 0.60 0.60 0.56 0.69
. . . RMSE (dB) 8.18 8.52 6.85 12.30 6.13
Static nodes combined with personal
Node+ExpoM . . RMSE (V/m) 0.34 0.35 0.30 0.28 0.55
exposimeter walking measurements
T 0.55 0.63 0.60 0.56 0.70
. . . RMSE (dB) 8.16 7.84 8.29 11.94 6.76
. Static nodes combined with
Node+Bike-SA . RMSE (V/m) 0.38 0.38 0.32 0.22 0.59
bike-mounted SA measurements
r 0.24 0.36 0.47 0.48 0.24
Personal exposimeter walking RMSE (dB) 7.55 7.47 7.59 12.14 6.67
ExpoM+Bike-SA measurements and bike-mounted SA RMSE (V/m) 0.37 0.36 0.32 0.26 0.60
measurements r 0.30 0.40 0.47 0.21 0.58
All data sources combined: static RMSE (dB) 7.50 7.31 7.15 12.17 6.46
Node+ExpoM+Bike-SA  sensor nodes, exposimeter, and RMSE (V/m) 0.36 0.35 0.30 0.25 0.58
bike-mounted SA T 0.33 0.43 0.57 0.25 0.59
(ExpoM  and Node+ExpoM) yield the largest coverage with lower spatial variability, while the 3600 MHz
improvements in both RMSE and correlation across band shows more localized hotspots and sharper gradients,

800-1800 MHz, consistent with the literature emphasizing
exposimeters for capturing realistic exposure levels and
variability [39]. Mobile Bike-SA campaigns (Bike-SA
and Node+Bike-SA) contribute less to RMSE reduction
but improve structural agreement at higher frequencies,
as reflected by the correlation gains at 3600 MHz (e.g.,
r = 0.49 for Bike-SA versus r = 0.23 for Node) and at
1800 MHz (e.g., r = 0.27 for Bike-SA versus r = 0.00 for
Node). These observations are in line with recent mapping
studies that highlight the complementary nature of mobile
measurements for refining spatial predictions [7].

Fig. 5 shows the resulting exposure map for the total
electric field over all bands for the map variant with only
the temporal nodes (Fig. 5a) and for the map variant with all
data types included (Fig. 5b). The maps illustrate hotspot
changes and improved spatial morphology when hetero-
geneous measurements are integrated. The node-only map
exhibits broader, less defined hotspots, while the full-data
map reveals sharper gradients and more localized peaks, in
closer agreement with independent validation points.

Multi-band di erences are shown in Fig. 10 for the
map variant with all data types included (Fig. 5b). The
800 MHz, 900 MHz, and 1800 MHz bands exhibit broader

5852

reflecting its propagation characteristics.

Accuracy of the mapping procedure at 3600 MHz remains
challenging, in line with findings from recent 5G measure-
ment campaigns that report high spatial variability and strong
dependence on line of sight and beamforming dynamics
[25]. Even with all data sources combined, RMSE exceeds
12 dB and correlation remains modest (»  0.26). Several
factors contribute to this: (i) the reduced number of validation
points (Ny, = 17) after filtering out non-detectable validation
measurements (see Section III-D), (ii) the inherent propa-
gation variability of the 5G 3600 MHz band, and (iii) the
increased temporal variability and network dependency of 5G
exposure. Similar limitations have been noted in controlled
5G studies, where even dense sampling and beam-aware
modeling could not fully eliminate local discrepancies [40].
These findings suggest that future mapping e orts for high-
frequency bands should incorporate beam-specific network
data or hybrid models combining simulations, measurements,
and geostatistics with machine learning.

B. TEMPORAL EXPOSURE MAPS
As described in Section III-C, spatio-temporal maps are
obtained by reapplying MMGPO to a fixed spatial baseline

VOLUME 7, 2026
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map that represents the full measurement period (August
2023-August 2025). For each predefined time interval, we
aggregate and average only the static node measurements
within that interval, yielding one time-specific value per node
location. These node values then serve as the sole measure-
ment input to MMGPO for that interval, while the baseline
map provides the reference spatial structure. This procedure
preserves the spatial morphology learned from the full-period
map (which is informed by dynamic measurements), and
introduces temporal variability exclusively through the static
nodes. Results are reported at four temporal resolutions:
yearly, monthly, daily (weekday), and hourly averages. At
each resolution, boxplots summarize the distribution of map
values, and temporal trends are reported in terms of the
median exposure level and the interquartile range (IQR).

1) YEARLY

Fig. 6 shows the yearly evolution of the spatial distributions
of the maps, with boxplots per frequency band and for the
cumulative total across all bands. The yearly analysis reveals
modest shifts in exposure levels, with band-specific increases
and decreases in the medians.

Between 2023 and 2024, all frequency bands show only
minor changes in median electric field strength. For instance,
the median for 800 MHz increases from approximately

20.2 dBV/m in 2023 to 19.3 dBV/m in 2024. The most
pronounced change occurs at 3600 MHz, where the median
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increases by more than + 1 dB, reflecting an uptick in
5G activity, from approximately 18.7 dBV/m in 2023 to

17.7 dBV/m in 2024.

From 2024 to 2025, the lower frequency bands show a
decline in exposure levels, with 800 MHz and 900 MHz
dropping by about 2 dB. For instance, the median for
800 MHz decreases from 19.3 dBV/m to 21.2 dBV/m.
The 3600 MHz band continues to show a slight increase
in exposure levels (about + 0.5 dB), indicating sustained
growth in 5G tra ¢, increasing from 17.7 dBV/m in 2024 to

17.2 dBV/m in 2025.

The IQRs of the maps, represented by the 25th and 75th
percentiles, show relatively stable behavior across the years.
Across all bands and for the total exposure, the IQR remains
nearly constant (changes < 1 dB), with typical values of 14
to 16 dB per band and about 11 to 12 dB for the total electric
field. Thus, while band-specific medians shift over time,
the overall spatial heterogeneity of the exposure remains
essentially unchanged. Over the full period (2023-2025),
the lower frequency bands (800 MHz, 900 MHz, and
1800 MHz) show a net decrease of 1 to 2.5 dB in the median
exposure levels, while 3600 MHz records a net gain of about
+ 1.5 dB in the maps. When aggregating across all bands,
the median of the total electric field remains very stable
over the three year period, with values of approximately

10.5 dBV/m in 2023, 9.8 dBV/m in 2024, and

11.0 dBV/m in 2025. This indicates that the increase in
3600 MHz exposure is largely o set by decreases in the
legacy bands, so that the overall downlink exposure does not
show a sustained upward trend. These trends suggest that,
while older frequency bands experience reduced exposure,
newer bands such as 3600 MHz continue to grow steadily.
Fig. 7 illustrates these dynamics for 3600 MHz, where
hotspot locations remain stable, but the overall field strength
has increased by 2025. These findings are consistent with
recent studies on network evolution and load redistribution
[21], [25].

2) MONTHS OF THE YEAR
The boxplots for monthly variations in Fig. 8 reveal
clear seasonal patterns, with exposure levels peaking in
autumn (September—November) and showing smaller vari-
ations (within approximately 2 dB) during the remaining
months. For example, the median total electric field strength
increases by about + 2.9 dB between July and November.
Among the individual frequency bands, 1800 MHz shows
the largest seasonal modulation, with median levels rising
by approximately + 5.2 dB between late summer (August)
and October. The IQR for this band also increases slightly
(<1 dB) in autumn, indicating a modest broadening of the
spatial distribution. At 3600 MHz, median exposure levels
also increase towards autumn by about 3 dB, but less
strongly than at 1800 MHz. The lowest bands (800 MHz and
900 MHz) display more moderate seasonal swings of roughly
+ 2 to + 4 dB, while their IQRs remain nearly constant
throughout the year. For the total exposure, the IQR varies
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by less than 1 dB (about 11.3-12.3 dB), with the widest
distribution in September, showing that seasonal changes
mainly a ect the overall level rather than the spatial contrast
of the maps. These seasonal variations of up to 5 dB
correspond to known mobility and tra c patterns in mobile
networks [20], [39].

3) DAYS OF THE WEEK

Maps and data analysis for the days of the week show
very minor di erences (<1 dB) in exposure levels when
comparing weekdays. Since these di erences are too small
to distinguish in practice, they can e ectively be considered
negligible.

4) HOURS OF THE DAY

The boxplots in Figure 9 for the hours of the day reveal
distinct diurnal patterns in exposure levels for all frequency
bands, except 900 MHz, which remains stable throughout the
day (< 0.5 dB di erences in median electric field strength).
For the other bands, median exposure levels are lowest during
the night, around 02:00 to 04:00. They increase gradually
during the morning and peak between 10:00 and 12:00. For
the 1800 MHz band, this peak is particularly pronounced,
with median levels rising by approximately + 8.8 dB from
the early morning minimum to the late morning maximum.
After this peak, exposure levels remain elevated until around
16:00 to 17:00, after which they decline steadily into the
evening and night.

The IQRs again show only minor di erences over the day.
For the total cumulative exposure maps, the lowest IQR of
11.3 dB is recorded at 14:00, and the highest of 12.0 dB
at 04:00, indicating that diurnal changes mainly shift the
overall level without strongly a ecting the spatial spread of
the maps. These daily patterns observed in the maps and the
data are consistent with measured diurnal variations in RF-
EMF exposure reported in the literature [21], [22].

V. DISCUSSION

A. STRENGTHS OF THE APPROACH

The MMGPO method o ers several advantages. First, it
e ectively integrates heterogeneous data sources (static
nodes, mobile campaigns, and personal exposimeters) into
a single coherent framework. The weighting scheme ensures
that each data type contributes proportionally to its represen-
tativeness and reliability. Second, by preserving simulated
gradients, MMGPO leverages the structural information
inherent in RT outputs, maintaining realistic spatial morphol-
ogy while correcting systematic bias. Third, the integration
of temporal node data allows for dynamic exposure map-
ping, capturing diurnal and seasonal variations that are often
overlooked in purely static mapping approaches.

Another strength lies in the robustness. Unlike kriging,
which requires stable variograms and su cient sampling
density, MMGPO remains reliable even when measurement
density is low or correlations with auxiliary variables are
weak. While larger data sets still improve accuracy, MMGPO
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does not require extensively large training data sets, in
contrast to many machine learning or deep learning models
in the literature. This robustness is critical in urban deploy-
ments where measurement campaigns are constrained by
logistics and access. The validation against an independent
SA dataset further strengthens confidence in the method’s
generalizability.

B. LIMITATIONS

Several limitations warrant discussion. First, the current study
focuses exclusively on outdoor exposure, as building interior
grid points were excluded from the simulations. Indoor
exposure can di er substantially due to penetration losses,
building materials, and user behavior.

Second, the MMGPO method is a spatial field optimization
technique that does not explicitly model temporal dynamics.
The temporal maps are generated by applying the method
separately to di erent time intervals. In addition, while
mobile measurement campaigns proved highly valuable for
bias correction, they provide spatial data captured along
specific routes and time windows. Temporal dynamics are
therefore inferred primarily from sparse static nodes, which
may not fully capture all spatio-temporal variations in the
study area.

Third, the spatial distribution of the nodes is non-uniform
(based on hotspot localization), with clusters in certain areas
and gaps in others. This can lead to localized inaccuracies,
particularly in undersampled regions.

Fourth, the method assumes that the simulation model cap-
tures the essential propagation characteristics. Any systematic
errors in the RT model (for example due to outdated building
data, missing BSs, or unmodelled environmental factors) can
propagate through the mapping process.

Finally, the reduced validation sample size for 3600 MHz,
due to filtering of non-detectable measurements, limits the
statistical robustness of performance estimates for this band
and contributes to the larger uncertainty at this frequency.

C. UNCERTAINTY ANALYSIS

Several sources of uncertainty contribute to the overall error
in the generated exposure maps. These uncertainties originate
from measurement instrumentation, calibration procedures,
and environmental variability during data acquisition.

First, the uncertainty associated with the deployed sensor
nodes is estimated at +£6 dB. Such uncertainty levels are
typical for low-power, distributed RF monitoring sensors
operating over multiple frequency bands, where limitations in
antenna calibration, front-end linearity, temperature stability,
and long-term drift contribute to the overall measurement
error.

Second, the SA used as a reference measurement instru-
ment exhibits a typical measurement uncertainty of approx-
imately £3 dB [28]. This uncertainty includes contributions
from instrument calibration, cable losses, antenna factor
uncertainty, and measurement repeatability. The calibration
procedure applied to the sensor nodes (see (1)) therefore
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inherits uncertainty from both the reference measurements
and the sensor hardware. As a result, the resulting calibra-
tion coe cients contain a combined uncertainty component
originating from these measurement systems.

Finally, the ExpoM device used during the measurement
campaigns introduces an additional uncertainty of approxi-
mately £3 dB [33]. Personal exposimeters are designed for
long-term exposure monitoring and therefore trade absolute
accuracy for portability and low power consumption. In
addition to the intrinsic device uncertainty, body shadow-
ing e ects can introduce further variability (ranging from
+5.5 dB to £29 dB), depending on device placement, user
orientation, and surrounding propagation conditions [41],
[42], [43]. This increased uncertainty due to body e ects
is relevant for both the ExpoM and Bike-SA measurements,
as both were worn on the body (in backpack for ExpoM
and probe outside backpack for Bike-SA). The devices have
some separation with the body (10 cm between the ExpoM
and the neck and 25 cm between the Bike-SA probe and
the head). Therefore, the uncertainty due to body e ects is
expected to be below 10 dB. Since the distance between the
probe and the body is larger for the Bike-SA setup, the body
shadowing e ect is expected to be less pronounced compared
to the ExpoM. The exact magnitude of this e ect can
vary significantly based on user behavior and environmental
conditions.

Considering the above uncertainty sources and additional
variability introduced by environmental dynamics such as
multipath fading, temporal tra c¢ fluctuations, and spatial
measurement positioning, the uncertainty of the MMGPO
exposure maps of 6 dB is within the expected range for RF-
EMF exposure mapping in complex urban environments.

D. IMPLICATIONS

The presented results have several implications. For reg-
ulators, spatio-temporal maps provide a quantitative and
evidence-based tool for compliance verification, enabling
targeted evaluation of hotspots and vulnerable areas. For
epidemiology, the maps o er refined inputs for exposure
assessment at both population and individual levels, which
can enhance the accuracy of health studies. For urban plan-
ning and network deployment, the integration of simulations
and measurements highlights where additional infrastructure
or monitoring is most valuable and where model assumptions
may need refinement.

More broadly, the MMGPO framework illustrates how
physics-based simulations and heterogeneous measurements
can be combined to obtain high-resolution, temporally
resolved RF-EMF exposure maps in data-scarce urban envi-
ronments. This approach can be transferred to other cities and
frequency bands, provided that suitable simulations and at
least a limited set of high-quality measurements is available.

VI. CONCLUSION
This work presents a comprehensive framework for construct-
ing spatio-temporal RF-EMF exposure maps in a dense urban
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environment. By integrating ray-tracing simulations, static
sensor nodes, mobile spectrum analyzer (SA) campaigns,
and personal exposimeter measurements, we devised the
Mean-Matched Gradient-Preserving Optimization (MMGPO)
method. The approach corrects simulation bias while preserv-
ing spatial gradients, yielding reliable, high-resolution maps
that are both physically consistent and empirically validated.

Validation with independent SA sites confirmed that
MMGPO substantially reduces errors compared to uncor-
rected simulations, achieving RMSE values of 5-6 dB for the
aggregated total exposure and correlations up to r = 0.70.
The analysis further shows that personal exposimeter data
are particularly e ective for bias correction and improving
agreement in amplitude, while mobile campaigns mainly
enhance spatial correlation and gradient representation, espe-
cially at higher frequencies. Temporal analyses demonstrate
modest yearly changes, with the 3600 MHz band showing the
strongest growth in exposure due to ongoing 5G deployment.
Seasonal fluctuations of up to 5 dB were observed, and clear
diurnal cycles of up to 9 dB were found for the 1800 MHz
band, consistent with known patterns in network tra ¢ and
human activity.

The proposed method therefore enables spatial exposure
maps across multiple time windows, allowing temporal
variations in RF exposure to be analyzed without explic-
itly modeling temporal dynamics. These maps provide
valuable input for regulatory compliance assessment, epi-
demiological studies, and urban planning. More broadly,
MMGPO demonstrates that integrating deterministic simu-
lations with heterogeneous measurements o ers a scalable
pathway towards robust exposure assessment in modern
wireless networks.

Future work will involve applying the MMGPO frame-
work to several microenvironments in di erent countries and
cities to assess transferability across urban morphologies and
network deployments.

In addition, the framework will be generalised to emerging
technologies. For 6G and beyond, where higher frequency
bands (mmWave and THz) and reconfigurable intelligent
surfaces may shape the exposure landscape, methods that
preserve simulation structure while integrating measurements
will remain essential.

Future work will also explore integration of secondary
features, such as population density or building characteris-
tics, to further improve model performance and support more
refined exposure metrics at the population level.

Another aspect to investigate is the influence of the weight-
ing scheme and individual weights of di erent data types
in the MMGPO optimization. These will be systematically
evaluated to understand their impact on the final maps and to
optimize the method for di erent data availability scenarios.

Lastly, the framework will be extended to incorporate
temporal dynamics more explicitly, potentially through time-
series modeling or dynamic correction fields, to capture
short-term fluctuations in exposure and further enhance the
temporal resolution of the maps. To achieve this, temporal
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monitoring nodes could be placed on moving vehicles (e.g.,
public transport) to capture dynamic exposure patterns across
the urban area, and the MMGPO method could be adapted to
integrate this dynamic data for real-time exposure mapping.

APPENDIX

See

Figs. 10 and 11.
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