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ABSTRACT In 5G networks, base stations dynamically form directional beams toward users, coupling
the spatial and temporal variations of electromagnetic field exposure. This interdependence introduces
significant challenges to exposure modelling, as spatial and temporal components are often evaluated
separately. Therefore, we propose a novel spatio-temporal method that incorporates both active users and
non-users in realistic 5G exposure simulations. Pedestrian movement is modelled using an agent-based
model, and ray-tracing techniques are employed to simulate electric field strengths. Unlike prior studies that
focus mainly on static scenarios, or dynamic settings without accounting for precoding effects, our work
integrates precoding techniques with dynamic users. In addition, this work also provides a comprehensive
comparison of exposure levels for users and non-users. The proposed method is validated with increasing
complexity: single-user, two-user, and multi-user scenarios (10 to 50 users). In addition, different precoding
techniques and antenna configurations are investigated. The results show that users experience 5.2 dB to
3.7 dB higher field strengths for 8× 8 antenna arrays compared to 4× 4 arrays, highlighting the increased
directionality of larger arrays. Non-users also experience increased exposure, with median differences up
to 2.4 dB. Zero-forcing precoding reduces median exposure for users by up to 9.6 dB and for non-users by
1.1 dB compared to maximum ratio transmission precoding in multi-user settings. Importantly, all exposure
levels remain well below 4% of the ICNIRP guidelines, even under maximum antenna power. These findings
provide critical insights into the interaction between antenna configuration, precoding, and user dynamics,
offering a novel perspective on exposure modelling in realistic 5G environments.

INDEX TERMS 5G, agent-basedmodel, exposure, massiveMIMO, precoding, ray-tracing, spatio-temporal.

I. INTRODUCTION
The fifth generation (5G) of cellular networks is becoming
ubiquitous in daily life [1]. To increase spectral efficiency,
5G introduces beamforming as a core technology [2].
This is enabled by Massive Multiple-Input Multiple-Output
(MaMIMO) base stations (BSs) directing electromagnetic
energy towards active users [3]. To increase data rates, the
operating frequency is increased from 4G’s typical range
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of 0.7GHz to 2.6GHz to 3.5GHz or 28GHz to explore
unlicensed GHz-sized bandwidths.

The International Commission on Non-Ionizing Radiation
Protection (ICNIRP) provides guidelines on absorption limits
of electromagnetic fields (EMFs) in human tissues and in
free space [4]. These guidelines specify two key criteria for
assessing EMF exposure: basic restrictions and reference
levels. Basic restrictions account for accute health effects of
EMF exposure and define the maximum permissible levels
of specific energy absorption rate (SAR) and absorbed power
density in human tissues for frequencies below 6GHz. SAR
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reflects the rate at which electromagnetic energy is absorbed
by the body and is directly linked to a potential increase
in temperature. Whole-body SAR is used to assess general
thermal effects across the entire body, while localized SAR
focuses on specific regions to address concentrated heating
in smaller areas of tissue.

Reference levels, on the other hand, are measurable
quantities outside the body, such as electric field strength
(E), magnetic field strength (H), and incident power density
(S). They serve as practical benchmarks to assess compliance
with the basic restrictions. Exceeding these levels necessitates
a more detailed evaluation against the basic restrictions to
ensure safety. Due to their ease of in-situ measurement,
reference levels form the foundation for evaluating exposure
levels in experimental and computational studies. These mea-
surable thresholds enable researchers to quantify exposure
and address the growing public concerns regarding EMF
exposure.

Currently, research on human exposure to EMFs mainly
consists of constructing spatial and temporal models in
different micro-environments [5]. However, because of the
dynamic nature of user movement and active beamforming
over time, the spatial distribution of EMFs changes over
time [6]. In addition, the number of users also changes
throughout the day and throughout the year, introducing
a macro-temporal component in exposure assessment [7].
Consequently, a complete assessment of human exposure
in 5G networks necessitates a combined analysis of spatial
and temporal variations in EMF distributions. This highlights
the need for a coupled spatio-temporal model based on a
deterministic framework, given the significant influence of
environmental features on exposure outcomes.

Simulation models have become increasingly more pop-
ular in EMF exposure research, complementing measure-
ment campaigns by providing scalable and flexible tools
to analyze complex scenarios. Among these simulation
tools, ray-tracing (RT) is widely used due to its accuracy
in predicting electromagnetic wave propagation [8]. For
example, RT simulations are used to evaluate MaMIMO
network performance with precoding in [9], where user
placements are randomised within static urban environments.
However, such studies are limited to stationary scenarios and
do not account for dynamic user mobility. To investigate the
interaction of EMFs with the human body, hybrid methods
that combine RT with finite-difference time-domain (FDTD)
simulations are being explored. In [6], FDTD is integrated
into RT simulations to evaluate human exposure, showcasing
advanced applications in network planning. Similarly, hybrid
RT-FDTD techniques examine human exposure under line-
of-sight (LOS) and non-line-of-sight (NLOS) conditions in
indoor industrial environments [10]. While these approaches
effectively incorporate body effects and enhance exposure
assessments, they are constrained in scale and do not address
dynamic, city-wide scenarios.

Other studies investigate MaMIMO systems through RT
simulations. For instance, [11] analyzes spatial correlation

characteristics in controlled indoor environments, while [12]
explores spatio-temporal properties, including time-averaged
gains under various precoding schemes. Although these
studies contribute valuable insights into MaMIMO charac-
teristics, they provide limited understanding of real-world
outdoor exposure scenarios, often focusing on single base
station (BS) setups with static users. Similarly, [13] uses RT
simulations to study multi-user MIMO beamforming, but it
lacks the dynamic, city-scale perspective required for broader
applicability. The influence of user density in 5G networks
is evaluated with RT in [14], where a specific tram car is
simulated. While this study does incorporate beamforming
effects, it is limited to indoor vehicular environments and
does not address broader urban-scale exposure modelling.

Recent advancements in exposure mapping, such as those
in [15] and [16], employ static setups and machine learning
techniques to enhance modelling accuracy. Despite these
efforts, they lack dynamics and fail to capture the com-
plexities of large-scale urban environments comprehensively.
These limitations highlight the need for a robust, city-wide
simulation framework that integrates dynamic mobility and
environmental characteristics to provide a realistic exposure
assessment.

Building on this existing work, our paper offers several
important contributions to improve the understanding of 5G
EMF exposure on a city-wide scale. These contributions
address gaps in earlier studies and provide new insights into
characteristics of 5G exposure. The key contributions of this
work are as follows:
(i) Introduction of an agent-based model (ABM) for

exposure simulations: We use an ABM to model the
behaviour of users and non-users in a realistic city-
wide environment. This approach allows us to compare
exposure in different real-world scenarios with dynamic
movement. Unlike previous studies that often relied on
fixed user positions or small areas, our ABM captures
the influence of people moving through urban spaces on
exposure levels.

(ii) Use ofMRTandZFprecoding in large-scale dynamic
simulations: For the first time, maximum ratio trans-
mission (MRT) and zero-forcing (ZF) precoding are
applied to city-scale simulations that include dynamic
user movement. Previous works, mainly studied precod-
ing in smaller or static settings. Our study extends these
findings by showing how the number of users and their
movement patterns affect exposure levels in urban areas.

(iii) A framework for city-wide exposure mapping: The
hybrid ABM-RT method combines user movement,
advanced precoding, and flexible antenna setups to cre-
ate a robust framework for city-wide exposure mapping
based on stochastic results. Unlike earlier methods,
which focused on isolated aspects, our framework offers
a more complete view of how different factors interact
to influence exposure.

This work advances exposure research by integrating
dynamic user behaviour, and spatio-temporal variations on
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FIGURE 1. Birds-eye view of a 3D environment in Ghent, Belgium. The
buildings are represented by prismatic shapes on top of the terrain.

a city-wide scale. The framework can also be adapted for
other technologies or urban scenarios, making it a valuable
tool for network planning and exposure studies. It supports
researchers and policymakers by providing detailed data to
assess 5G deployment strategies and ensure safer and more
efficient urban networks.

II. METHODS
A. CONFIGURATION
The terrain data for the simulations is sourced from the
USGS SRTM 1 Arc-Second Global dataset [17]. Concrete
is used as a default material for the terrain [18]. Building
geometries and materials are sourced from OpenStreetMap
(OSM) [19]. In the investigated areas, buildings are repre-
sented by prismatic shapes placed on top of the terrain [20].
Consequently, finer details of buildings such as roof shapes
and facades are not captured. An example of an environment
in Ghent, Belgium is shown in Fig. 1. The wavelength is
8 cm at the considered frequency of 3.775GHz. Therefore,
the lack of detail in the OSM dataset cannot only lead to
an inaccurate representation of diffuse scattering, but also an
underestimation of the channel diversity. This results in less
accurate predictions of the exposure levels.

Electrical material parameters are assigned based on the
recommendations from the International Telecommunica-
tion Union Radiocommunication Sector (ITU-R) [21]. For
concrete, the conductivity is 0.096 Sm−1 and the relative
permittivity is 5.310 at a frequency of 3.775GHz. A single
material is assigned to the buildings. As discussed in [22],
the accuracy of the RT simulations is highly dependent on the
material properties. Therefore, the use of a single material for
all buildings may also lead to inaccuracies in the results.

In Belgium, BS information is publicly provided by
the government in certificates of conformity [23]. This
information includes position, angle, height, total antenna
power, frequency, and half-power-beamwidth. To identify
relevant BSs for the investigated area, a filtering process is
applied based on their positions. Concretely, BSs located
within a bounding box 10% larger than the investigated
area are considered, as they may still serve users within

the area. A 5G antenna array is generated based on the
TR 38.901 specification by the 3rd Generation Partnership
Project (3GPP) [24]. Both 4× 4 and 8× 8 antenna arrays
are investigated. Cross-polarized elements are used with half-
wavelength spacing. Finally, the exposure for both users
and non-users is evaluated using an isotropic receiver (Rx)
antenna positioned 1.5 m above the ground.

B. AGENT-BASED MODEL
The movement of people in an urban area is a complex
phenomenon [25]. Therefore, an ABM is used to simulate
the movement of people. The agents represent pedestrians
walking in the environment. These agents include both users,
that actively engage with the 5G network, and non-users.
Several assumptions are made in this model:

• All agents are pedestrians.
• The agents move from building to building (starting
point and destination outside a building).

• The agents move with a constant speed of 5 km/h.
• The agents do not deviate from the optimal path between
starting point and destination, generated by the Google
Maps API.

• When the agents reach their destination within the
simulated time interval, they return to their respective
starting points. For the duration of the simulation, the
agents will go back-and-forth from starting point to their
destination point.

Population data (with 100m×100m accuracy) and built-up
surface data (with 10m×10m accuracy) are provided by the
Global Human Settlement Layer from the Joint Research
Centre of the European Commission [26]. The population
data is super-resolved over the built-up surface data to retrieve
a 10m×10m accurate population density. For each agent,
a starting point and destination is generated based on this
population density. By using the built-up surface data, the
assumption is made that each agent moves from building to
building. It is important to note that the agents do not enter the
buildings, since the focus is on outdoor exposure. The Google
Maps API generates walking paths from the starting points to
the destinations for each agent [27]. The discrete latitude and
longitude coordinates of the walking paths are determined
based on the desired time step and the movement speed of
the agent (5 kmh−1) [25].

The agents are randomly assigned as either users or
non-users at the start of the simulation. Once assigned, users
and non-users maintain their respective roles throughout the
entire simulation duration. The exposure is highly dependant
on the specific agent paths within a scenario. Therefore,
multiple distinct sets of agent trajectories are generated. This
way, a more comprehensive stochastic analysis is achieved
based on the probabilistic behaviours (based on population
density) of users and non-users. This approach ensures that
the results are not dependent on a single set of agent paths
but represent the average exposure across multiple possible
scenarios.
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The assumptions underlying this ABM simplify the
representation of human movement and network behaviour.
Specifically, the stationary assignment of agents as users
or non-users throughout the simulation period does not
fully reflect the dynamic nature of network connections and
human mobility over time. Additionally, the model assumes
that agents follow optimal walking paths and maintain a
constant speed, which omits factors such as variations in
walking behaviour or spontaneous deviations. Despite these
simplifications, the primary focus of this work is on deriving
stochastic results that capture the influence of user count,
precoding schemes, and antenna configurations on exposure
levels. The model is therefore considered sufficient for
providing a general understanding of these factors, even
if it does not fully account for individual behaviours or
connection dynamics.

C. MODELING
A RT channel model was added to the MATLAB communi-
cation toolbox [28]. It is a ray-tracer based on the shooting
and bounding rays method (SBR). The RT configuration
parameters are provided in Table 1. Since large-scale
scenarios are simulated, the simulations are performed on the
high-performance computing (HPC) infrastructure provided
by Ghent University.

For each time step, the analysis consists of two steps. First,
all potential serving antennas are determined for each user.
The potential antennas are located within a 1 km radius of
the user. The maximum azimuthal angle between the antenna
and the user is 90◦, ensuring that the antenna exclusively
serves users within its forward-facing coverage area. RT is
performed between these potential serving antennas and their
corresponding users. The output of the ray-tracer includes
the pathloss (PL) in dB, angle-of-departure (AoD) and phase
shift (1φ) of each ray. In RT simulations, the channel impulse
response (CIR) is usually computed as an output [29]. The
CIR captures howmultipath components arrive with different
delays and attenuations. However, since we want to perform
precoding, the channel matrix in the frequency domain is
computed instead. A channel vector hr ∈ CN×1 for antenna
i can be computed from the output of each ray r as follows:

hi,r = 10−
PL
20 ej1φai(θ,ϕ) , (1)

with

ai(θ,ϕ) =


ejk(θ,ϕ)·r1

ejk(θ,ϕ)·r2

...

ejk(θ,ϕ)·rN

 , (2)

the steering vector in the AoD. rn is the position vector of the
n-th element of the array with N elements. θ and ϕ denote
the polar and azimuthal angle in the local coordinate system
of the array, such that the wave vector k(θ,ϕ) is given by

k(θ,ϕ) =
2π
λ

[sin(θ )cos(ϕ), sin(θ ) sin(ϕ), cos(θ )] , (3)

TABLE 1. Propagation model parameters based on literature [30] and
standard options provided by MATLAB. The maximum relative path loss is
used to determine if a path should be discarded, based on a threshold
relative to the strongest ray.

with λ the wavelength of the ray.
Let R(i,k) be the set of rays r launched by antenna i

received by user k . The total channel vector hk corresponding
to user k is found by summing (1) over all rays:

hi,k =

∑
r∈R(i,k)

hi,r . (4)

The corresponding serving antenna for user k is the antenna
with the highest channel gain ||hi,k ||2. The channel vector is
added to the channel matrix of the serving antenna. For each
antenna that has a served user, the resulting channel matrix
Hi ∈ CN×K represents the signal propagation between the BS
antenna i and its K served users.
The precoding matrix is defined as:

Wi =

{
HH
i forMRT

HH
i (HiHH

i )
−1 forZF,

(5)

with (·)H the Hermitian transpose. MRT precoding max-
imizes the total Signal to Noise Ratio (SNR) of all
user. In contrast, ZF precoding maximizes the Signal to
Interference plus Noise Ratio (SINR). In this work, MRT
precoding is used, unless otherwise specified. The resulting
precoding matrix is normalized to satisfy power constraints
using vector normalization [31]:

Wi =

√
P
K

[
wi,1

||wi,1||
,

wi,2

||wi,2||
, . . . ,

wi,k

||wi,k ||

]
, (6)

with P the total transmit power of the antenna as specified in
the certificate of conformity. This normalization ensures that
the maximum antenna power of each transmitting antenna
is not exceeded. It also ensures that each user is allocated
the same amount of power. The resulting transmit vector
ti ∈ CN×1 is

ti = Wisi , (7)

with si the symbol vector with symbol 1 for all K users
served by antenna i. Since the precoding matrix is already
normalized, the received signal for user k served by antenna i
is

yk = hTk ti+ zk , (8)

= hTk wksk +

K∑
l ̸=k

hTk wlsl + zk , (9)
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where zk is a noise term [32]. The total received power for
user k by antenna i is then derived from (8):

Pr = |hTk ti|
2 . (10)

The SNR and SINR can be derived from (9):

SNR =
|hTk wi|

2

|zk |2
, (11)

SINR =
|hTk wi|

2∑K
l ̸=k |hTk wl |

2 +|zk |2
. (12)

For the noise power |zk |2, an arbitrary thermal noise power
is chosen, similarly as in [33]. With a spectral density N0 =

5.06× 10−21WHz−1 and a bandwidth of B = 100MHz, the
thermal noise power is |zk |2 = N0B= 5.06×10−13W.

In the second step, RT is performed between the
transmitting antennas and the non-users. For each agent,
both users and non-users, the electric field phasor contribu-
tions from all rays from the different transmitting antennas
are combined. The received power density S is given by

S =
4πPr
λ2G

, (13)

with G the receiver antenna gain and Pr the total received
power at the receiver. The electric field strength E is related
to S by

E =

√
SZ0 , (14)

with Z0 the free-space impedance [34]. Therefore, since an
isotropic antenna is assumed for the receiver (G= 1), the total
electric field strength is given by

E =

NTx∑
i

∑
r∈R(i,k)

√
8πZ0
λ2 hTi,r ti , (15)

where NTx is the number of transmitting antennas. The extra
factor

√
2 is a result of Epeak =

√
2ERMS.

The total incident power density can ultimately be
compared to the reference value for incident power
density at 3.7GHz defined by the International Com-
mission of Non-Ionizing Radiation Protection (ICNIRP)
Slimit = 10Wm−2 [4]. This comparison is done by
considering the ratio ξ between them:

ξ =
S

Slimit
, (16)

where S is calculated using (14).

D. SCENARIOS
The ABM-RT method is evaluated in scenarios with increas-
ing complexity. The scenario environments are all located
in Ghent, Belgium. The scenarios are classified in three
categories, depending on the goal of the analysis and the
complexity. A summary of the investigated scenarios is listed
in Table 2.

First, a single user path is evaluated with five static non-
users (single user scenario in Table 2). The walked path is

TABLE 2. Summary of scenarios. The different scenarios and their
respective investigated parameters or effects are presented.

shown in Fig. 2 (user 1). The user is served by one BS site
with three antennas, each covering an section of 120◦ around
the site. This simulation is performed with different antenna
configurations for the BS. Results obtained using 4× 4 and
8×8 antenna arrays are compared with results obtained using
an omni-directional antenna. This way, the gain in electric
field strength due to beamforming can be quantified for the
user. This ‘beamforming gain’ is evaluated in both LOS and
NLOS conditions. Additionally, the spatio-temporal aspect of
beamforming is explored through the exposure levels of the
user and several static non-users.

Second, an additional user is introduced into the initial
scenario (two users scenario in Table 2), with both users
being served by the same BS site. The complete scenario is
shown in Fig. 2. The two users follow distinct, strategically
designed routes that ensure varying degrees of separation.
This allows for scenarios where they are either closely spaced
or significantly distant from one another. The SNR and
electric field strengths of 4× 4 and 8× 8 antenna arrays are
evaluated. MRT and ZF precoding schemes are compared
under both LOS and NLOS conditions.

Finally, the scenario domain is expanded and is now served
by two BS sites (multiple users scenario in Table 2). The
impact of the number of active users on the exposure is
assessed. The scenario initially includes 50 non-users with
10 active users. Users are progressively added in increments
of 10, culminating in 50 users and 50 non-users. This results
in five distinct cases, each with the same set of non-users,
while varying the number of active users. As mentioned in
Section II-B, scenario-specific variability is averaged out
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FIGURE 2. User routes with static non-users, corresponding to the single
user (only user 1) and two users scenarios. The scenario is served by one
BS site with three antennas (denoted by a black cross) covering different
areas. The discrete points along the user routes are denoted by a blue
circle (user 1) and a green diamond (user 2). Five static non-users
(denoted by a black asterisk) are randomly placed in the environment.
The environment is located in Ghent, Belgium.

TABLE 3. Beamforming gain, defined as the increase in electric field
strength due to beamforming, for the user in the single user scenario. The
user electric field strengths for a 5G antenna array with precoding are
compared to an isotropic antenna. The beamforming gain (in dB) is
calculated for both 4×4 and 8×8 antenna arrays. The averages over time
are presented for LOS and NLOS positions of the user.

by performing multiple simulations on the UGent HPC
infrastructure. Each scenario is repeated ten times with newly
generated agents within the same environment.

III. RESULTS
A. SINGLE USER
1) BEAMFORMING GAIN
Table 3 presents the average beamforming gain for LOS
and NLOS conditions, comparing 4× 4 and 8× 8 antenna
array configurations. The beamforming gain is calculated
from the electric field strength for the MaMIMO compared
to an isotropic antenna. This comparison is done on a power
dB scale: 20 log10(

EMaMIMO
Eiso

). The results indicate a 3 dB to
4 dB increase in beamforming gain between LOS and NLOS
scenarios. Furthermore, the 8 × 8 configuration exhibits a
6 dB to 7 dB higher beamforming gain compared to the
4×4 configuration in both LOS and NLOS conditions. This
outcome aligns with theoretical expectations, as the received
signal strength scales with the number of antenna elements
N [3]. Consequently, the electric field strength should
scale proportionally to

√
N , leading to a 6 dB difference

between the 4 × 4 and 8 × 8 arrays. These observations

FIGURE 3. Spatio-temporal analysis. Temporal variation of electric field
strengths for the user (denoted by blue asterisks) and five stationary
non-users (denoted by circles with different colours). For each non-user,
the time step where the user is closest is filled in and encircled in black.
The antenna configuration is an 8×8 antenna array. The field strengths
are presented in dB Vm−1, calculated on a power dB scale relative
to 1 Vm−1. The LOS and NLOS regions of the user route are indicated. The
specific variations in field strength as the user approaches a non-user
shows that the spatial and temporal components of exposure are
coupled.

are corroborated by results in [35], which show a linear
relationship between the electric field strength and the
increasing number of active antenna elements N . However,
in that study, the transmit power was allowed to scale with
N . In contrast, our analysis assumes a constant maximum
transmit power, resulting in a field strength that scales as

√
N .

2) SPATIO-TEMPORAL ANALYSIS
Fig. 3 illustrates the temporal variation of electric field
strengths experienced by the user and the stationary non-
users. The electric field strength is presented on a power
dB scale relative to 1Vm−1 (dBVm−1). In this scenario,
the transmitter employs an 8 × 8 antenna array. As the
user transitions between LOS and NLOS conditions, the
electric field strength variates approximately 20 dB. Non-
users 1, 2, and 3 initially experience electric field strengths
around 10 dBVm−1 during the early time steps. This is
due to their positioning within the primary beam direction,
which targets the user under NLOS conditions. However,
as the user moves further away, the field strengths for non-
users 1 and 3 diminish to approximately −25 dBVm−1 from
50 s to 100 s. For non-user 2, the strength decreases to around
−10 dBVm−1.

A similar trend is observed for non-user 5, whose field
strength increases by 20 dBVm−1 as the user approaches,
particularly between 100 s and 200 s. Non-user4 exhibits a
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20 dBVm−1 increase in field strength towards the end of the
user’s trajectory, stabilizing at around 10 dBVm−1 once the
user moves behind a building. This stabilization is attributed
to non-user 4 being aligned with the main beam direction
during this phase of the user’s movement.

The significance of the relative positions of users and
non-users in field strength is also documented in literature.
For instance, in [35], LOS measurements demonstrate that
a user or bystander aligned with the main beam direction
could experience up to nine times higher (19 dB) exposure
compared to those located outside the beam’s path. Simi-
larly, in [36], simulations confirm that employing directive
antennas in 5G systems concentrates field levels at the user’s
location, thereby reducing average exposure across the wider
environment. These studies illustrate the concept of beam
steering towards users. However, it is important to note that
the beamforming techniques utilized in these studies differ
from the MRT precoding method applied in our analysis.

B. TWO USERS
1) INFLUENCE OF SECOND USER
Fig. 4a presents the SNR for user 1 as a function of time,
highlighting the impact of introducing a second user into the
scenario (as shown in Fig. 2). The results are presented for
both 4× 4 and 8× 8 antenna arrays. When the second user
is introduced, a reduction of approximately 3 dB in SNR is
observed for user 1. This reduction is attributed to the division
of transmit power between the two users when they are served
by two separate beams. Similar observations are found in
measurements [37]. The observed difference in SNR between
the 4× 4 and 8× 8 configurations remains consistent with
expectations, showing an approximate 6 dB difference due to
the increased number of antenna elements N .

Fig. 4b shows the electric field strength for user 1 under
the same conditions. The results confirm that the

√
N

dependence of the electric field strength with respect to the
number of antenna elements holds. However, the introduction
of a second user does not consistently result in either
higher or lower field strengths. This discrepancy arises
because SNR is a result of the desired signal for the target
user, while the total electric field strength also includes
contributions from interfering signals transmitted to the
second user. Consequently, constructive interference can lead
to an increase in field strength, as observed at around 100 s,
while destructive interference may cause a decrease in field
strength, as seen around 150 s.

2) PRECODING SCHEMES
Fig. 5 presents heatmaps for MRT and ZF precoding
schemes, using an 8×8 antenna array configuration. Fig. 5b
and 5a correspond to MRT precoding, while Fig. 5d and 5c
correspond to ZF precoding. When the users are positioned
at a larger distance apart (59m), the interference between
them is minimal, resulting in similar heatmaps for MRT (5a)
and ZF (5c). In this scenario, two distinct beams are formed:

FIGURE 4. Comparison of SNR and electric field strength for
user 1 between the single user and two users scenarios. The SNR (a) and
electric field strength (b) for user 1 are presented as a function of time for
different antenna array configurations. The LOS and NLOS regions of the
user route are indicated.

one directed towards the user in LOS and the other towards
the buildings behind the user in NLOS. In general, the
formed beams are relatively broad. Consequently, the ability
of precoding to effectively reduce non-user exposure is
suboptimal under these conditions.

When the inter-user distance decreases to 8m, ZF precod-
ing mitigates interference by selecting distinct transmission
paths for each user. This leads to a difference in the heatmap
between ZF (5d) and MRT (5b) precoding. Under MRT,
a single broad beam is formed towards both users. For
ZF precoding, unwanted hotspots emerge. The electric field
strengths experienced by both users are approximately 9.6 dB
lower with ZF, due to effective interference mitigation. While
ZF reduces user exposure, the occurrence of the unwanted
hotspots could limit the effectiveness of ZF in reducing non-
user exposure.

C. MULTIPLE USERS
1) MRT PRECODING
Table 4 lists the median electric field strengths and interquar-
tile ranges (IQRs) for the various scenarios involving dif-
ferent antenna array configurations and precoding schemes.
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FIGURE 5. Heatmaps for the two users scenario. (a), (b) show the heatmaps for MRT precoding when the users (positions indicated by ◦) are 59 m apart
(a) and 8 m apart (b). As the users move closer, the two beams cannot be separated anymore, and a single beam is created. (c), (d) illustrate the
heatmaps for ZF precoding for the same setups. Similar heatmaps are observed between MRT (a) and ZF (c) when the users are distant from each other.
While ZF precoding attempts to mitigate interference when users are close (d), unwanted hotspots are created (encircled on the figure).

A general decline in user field strength is observed with
increasing user count. This is expected, as the power
constraint in (6) splits the total transmitter for each antenna
over its served users. The results further indicate that for
MRT precoding, this decline in user field strengths with
increasing numbers of users is dependent on the antenna
array configuration. Specifically, as the number of users
rises from 10 to 50, the median field strength decreases

by 0.5 dB for a 4 × 4 antenna array and by 2.0 dB for
an 8× 8 antenna array. These findings indicate that larger
antenna arrays experience a more pronounced reduction in
individual user field strength as user count increases. This
phenomenon can be attributed to the more uniform exposure
distribution characteristic of smaller antenna arrays, even
at lower user counts. In contrast, as the number of users
grows, the exposure distribution of larger antenna arrays
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TABLE 4. Summary of electric field strength results over all the multiple users scenario. The median electric field strength (and interquartile range) for
users and non-users are presented for across the different scenario configurations with 50 non-users.

progressively becomes more uniform, leading to a greater
decrease in individual user field strengths. Despite this larger
reduction with user count, the field strengths are consistently
higher for the 8 × 8 configuration. For 10 users, the field
strength difference between the two configurations is 5.2 dB,
while for 50 users, it decreases to 3.7 dB. This deviation from
the expected

√
N dependence, as outlined in Section III-A,

indicates a diminished impact of the antenna array size as the
user count rises.

The IQRs for user field strengths also exhibit a reduction
of 0.8 dB and 2.0 dB for the 4× 4 and 8× 8 configurations,
respectively, as the user count increases from 10 to 50.
Similar to the median values, the IQRs are higher for 8×

8 configurations, with average differences of 4.8 dB and
3.5 dB observed for 10 and 50 users, respectively. This
indicates that users with high SNR benefit more from the
enhanced beamforming capabilities of the 8× 8 array than
users with lower SNR, causing greater variability in exposure
levels. In addition, the results also show that users with higher
exposure are impacted more by increasing users count than
users with lower exposure.

For non-users, Table 4 shows that the decline in field
strengths is less sensitive to the antenna configuration than for
users. However, the exposure values remain generally higher
for larger antenna arrays. As the number of users increases
from 10 to 50, the median field strengths for non-users
increase by 2.0 dB for the 4 × 4 array and 2.8 dB for the
8× 8 array. The field strength difference between the two
configurations is 1.6 dB for 10 users and increases to 2.4 dB
for 50 users. For an 8×8 antenna, one would expect a lower
median field strength for non-users, since the beams are more
directional towards the user positions. However, the results
suggest that, with an ABM based on population density and
randomuser selection, non-user field strengths are also higher
for an 8× 8 array compared to a 4× 4 array. This can be
attributed to the fact that the users are stochatisically close to
users. Therefore, the non-user field strengths are also higher
for the 8×8 array.

The IQRs for non-users decrease by 0.9 dB and 1.1 dB
for the 4× 4 and 8× 8 configurations, respectively, as the
number of users increases from 10 to 50. However, the IQRs

are consistently higher for the 8 × 8 configuration, with
average differences of 2.9 dB and 3.1 dB for 10 and 50 users,
respectively. These findings highlight that the user count
influences non-user field strengths more than the number
of antenna elements do. In addition, the number of antenna
elements has a more substantial impact on user field strengths
than on non-user field strengths.

The impact of user count and antenna array config-
urations on antenna performance and field strength is
well-documented in the literature. For instance, the authors
in [12] demonstrate that increasing the number of antenna
elements significantly enhances the absolute antenna gain.
Specifically for MRT, they report a gain increase of 3.5 dB
when the number of antenna elements is increased from 16 to
64 for a fixed set of 10 users, which is comparable to our
observed increase of 5.2 dB in field strength between the
8 × 8 and 4 × 4 arrays. Furthermore, they also highlight
that as the number of active users increases, the overall
antenna gain tends to diminish due to a broader distribution
of beamforming patterns. They report a reduction of 2.4 dB
in gain as the number of users increases from 1 to 10. This
trend is consistent with our findings, where a decrease of
2.0 dB is observed between 10 and 50 users. However, while
the precoding implementation in [12] is similar to the one
adopted in this study, their simulation focuses on a single BS,
and the maximum time-averaged antenna gain does not map
directly to the resulting field strength distribution.

The influence of user count is also confirmed by mea-
surements in [38], which shows that higher user densities
lead to more dispersed beam patterns. In addition, increasing
the number of active users also increases the chance of
an increase in transmitting antennas, which will generally
increase the non-user field strengths. This effect is confirmed
in [39] and [40].

2) COMPARISON WITH ZF PRECODING
Table 4 demonstrates that, compared to MRT precoding,
the application of ZF precoding results in generally lower
field strengths for both users and non-users. Contrary to
expectations, the potential formation of unintended hotspots
associated with ZF precoding do not increase average
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FIGURE 6. MRT-ZF comparison for the multiple users scenarios. Relative median field strength and IQR over all scenario configurations and over time
between MRT and ZF precoding as function of user count. The quantities are presented on power dB scale, calculated as 20log10(

EMRT
EZF

). Results for
different antenna arrays are provided for both users (a) and non-users (b).

exposure for non-users. This outcome may be attributed to
the use of an ABM that incorporates population density,
potentially leading to non-users stochastically being located
in proximity to users. Consequently, non-user exposure levels
decrease under ZF precoding.

For users, ZF precoding reduces the median field strength
by as much as 0.83Vm−1 compared to MRT precoding
in a 4 × 4 configuration with 10 users. This demonstrates
the effectiveness of ZF in mitigating interference and
reducing user exposure. This trend is consistent across all
configurations and varying user densities, underscoring the
capacity of ZF to minimize exposure through enhanced
interference suppression. Although the reductions in field
strength for non-users are comparatively smaller, they remain
statistically significant. In the 8× 8 configuration, non-user
field strengths decrease by 0.11Vm−1 for 10 users and
0.16Vm−1 for 50 users when switching from MRT to ZF.

These results indicate that while ZF primarily targets
user-side interference reduction, it also achieves a moderate
reduction in non-user exposure. Notably, non-user exposure
decreases with increasing user count, in contrast to the MRT
case where non-user exposure rises with the number of
users. This observation reinforces the hypothesis that the
spatial distribution of non-users, influenced by population
density, leads to their positioning near users, thereby reducing
exposure due to increased interference mitigation for larger
user counts.

Fig. 6 presents the relative differences in median field
strengths and interquartile ranges (IQRs) between MRT
and ZF precoding across varying user densities for two
antenna array configurations. These relative field strengths
are presented on a power dB scale: 20 log10(

EMRT
EZF

). The
results reveal a more pronounced disparity between the two
precoding schemes for the 4 × 4 array compared to the
8×8 array, which can be attributed to the limited interference

mitigation capacity of the 4× 4 array. Specifically, with an
increasing number of users, the difference between MRT and
ZF field strengths becomes more significant, reaching an
increase of 15 dB for the 4× 4 array in contrast to a 5 dB
increase for the 8× 8 array. This aligns with the enhanced
spatial multiplexing capabilities of the 8 × 8 array, which
allows for more effective management of interference among
closely positioned users.

The increasing divergencewith higher user counts suggests
that ZF precoding will reduce exposure more as user
count rises, likely due to the growing complexity of spatial
multiplexing multiple users. For non-users, the relative
median field strengths are, on average, 5 dB and 3 dB
lower than for users in the 4× 4 and 8× 8 configurations,
respectively. This finding is consistent with the observation
that interference suppression techniques primarily benefit
users. Despite the stochastic reduction in exposure levels
achieved by ZF compared to MRT, non-users positioned
in unintended hotspots partially counteract this reduction,
leading to smaller differences in field strengths between the
two schemes for non-users.

In the literature, the authors in [12] show that ZF results
in lower normalized antenna gains than MRT. This will
ultimately result in lower observed field strengths overall,
which corresponds with our results. In addition, in [41], it is
indicated that eigen-mode zero-forcing results in a bigger
reduction in exposure than eigen-beamforming as the user
count increases. These two beamforming techniques operate
similarly to ZF and MRT respectively. Specifically, the
differences in observed field strengths for the two methods
found in this study are 0 dB for a single user, 0.2 dB for two
users, 1.2 dB for five users, and 3.1 dB for eight users. This
trend closely corresponds to the trend depicted in Fig.6.

Moreover, the similarity in relative IQRs for both users
and non-users indicates that the overall impact of the
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FIGURE 7. Maximum exposure evaluation. The maximum exposure ratio ξ (see (16)) for users (a) and non-users (b) as function of number of users. The
highest observed exposure is below 4% of the ICNIRP reference value. Higher maximum exposures are observed for the 8×8 array compared to the
4×4 array. For MRT, there is no correlation between user count and maximum exposure. For ZF, the maximum exposure decreases with user count.

chosen precoding scheme on variability in exposure remains
comparable for both groups. This suggests that while
ZF precoding effectively reduces median exposure levels
compared to MRT, its impact on the distribution of exposure
across the population is the same for both users and non-users.

3) MAXIMUM EXPOSURE
Fig. 7 presents the maximum exposure values across all
iterations of each scenario, expressed as a ratio relative to
the ICNIRP exposure guidelines (as outlined in Section II-C).
These values represent the theoretical worst-case scenario for
a specific number of users within the study area. However,
because the total transmit powers of the antennas are used
irrespective of the number of users being served, these
maximum values may not correspond to a realistic worst-case
scenario in operational conditions [42]. Nevertheless, they
still offer valuable insights into the potential maximum
exposure levels under high BS power conditions.

The results demonstrate that maximum exposure levels
across all configurations remain well below the ICNIRP
guidelines for the general public, ensuring that maximum
exposures comply with established health guidelines. The
maximum exposure ratio is less than 4% over all scenarios
and configurations.

For theMRT precoding scheme, maximum exposure levels
exhibit no significant correlation with the number of active
users. This outcome likely arises from the calculation of
maximum values across multiple iterations, where absolute
maxima are determined by the specific spatial arrangements
in each iteration. In certain scenarios, a cluster of users may
lead to elevated exposure levels due to interference, despite
the distribution of transmit power among a larger user base.

In contrast, the maximum exposure levels for ZF precoding
display a decreasing trend with increasing user numbers.
This trend can be attributed to the interference mitigation

capabilities of ZF precoding, which reduce the occurrence of
scenario-specific exposure peaks resulting from overlapping
beams. By minimizing interference among an increasing
number of users, ZF effectively lowers the maximum
exposure values. However, a minor exception occurs between
40 and 50 users, where a slight increase of 0.01% is observed
in the maximum non-user exposure. This likely results from
a specific scenario in which the addition of the 10 users
increase the magnitude of an unintended hotspot at the
location of the non-user.

IV. CONCLUSION
In this study, a spatio-temporal method, denoted as the
‘‘ABM-RT method’’, is proposed to assess human exposure
to electromagnetic fields (EMFs) in 5G networks in realistic
urban environments. The method integrates an agent-based
model (ABM) for pedestrian movement simulation and
a Ray-Tracing (RT) approach to calculate electric field
strengths for both active users and non-users. Various
antenna configurations and precoding schemes, specifically
maximum ratio transmission (MRT) and zero-forcing (ZF),
are analyzed to understand their impact on user and non-user
exposure.

The results demonstrate that an 8×8 antenna array results
in 5.2 dB to 3.7 dB higher field strengths compared to an
4 × 4 array, depending on the number of active users.
In addition, non-user exposure also increases with larger
antenna arrays, with differences of up to 2.4 dB. Comparing
precoding schemes, ZF precoding is found to reduce user
and non-user exposure compared to MRT by up to 9.6 dB
and 1.1 dB respectively. The analysis of interquartile ranges
(IQRs) further suggests that the impact of precoding scheme
on the exposure distributions is effectively the same for
users and non-users. Moreover, the analysis of maximum
exposure levels relative to the ICNIRP limit show that even
in the worst-case scenarios, the maximum observed exposure
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remains well below 4% of the ICNIRP reference level for the
general public.

These findings underline the need for spatio-temporal
assessment of exposure in 5G networks. The stochastic
results also provide valuable insights for network designers
and policymakers to optimize network configurations and
mitigate EMF exposure risks.

Future research will explore the impact of different pedes-
trian movement patterns and varying beamwidth configura-
tions on EMF exposure. Additionally, the method can be
extended to evaluate exposure in different environments. The
exposure levels in different countries, cities and environment
types will be quantified and categorized. Lastly, the model
could be adapted to include next-generation networks such as
6G with higher frequencies or different antenna technologies
like distributed MaMIMO.
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