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Abstract

Synchronization Signal Blocks (SSBs) support initial access, synchronization, and beam
management in fifth-generation networks. However, the periodic transmission of SSBs
contributes to background electromagnetic field (EMF) exposure, while increasing the SSB
periodicity may increase the waiting time experienced by newly arriving User Equipment
(UE). This paper proposes an EMF-aware adaptive SSB periodicity control framework that
integrates Long Short-Term Memory (LSTM)-based demand prediction with a Proximal
Policy Optimization (PPO) controller. Aggregated Internet usage measurements collected
by Telecom Italia in Milan in 2013 at 10 min resolution are transformed into a traffic-derived
UE arrival proxy. The LSTM model forecasts the proxy for the subsequent control interval,
and the PPO policy selects a SSB periodicity from 5, 10, 20, 40, 80, and 160 ms. The optimiza-
tion reward combines normalized SSB EMF power density and normalized aggregate UE
waiting time, thereby avoiding dimensional and numerical-scale inconsistencies between
the two objectives. The LSTM and PPO models are developed using six chronological weeks
of data and evaluated without parameter updates over a seven-day held-out period. The
prediction-driven controller achieves a mean SSB EMF power density of 3.67 × 10−5 W/m2

and a weekly average waiting time of 19.22 ms per person. Relative to the fixed 20 and
40 ms configurations, the proposed controller reduces mean EMF power density by approx-
imately 65.4% and 30.8%, respectively. Its waiting time is close to that of the fixed 40 ms
configuration and substantially lower than that of the fixed 80 ms configuration. Although
the fixed 80 ms configuration provides lower EMF power density, it incurs considerably
greater waiting time. The results show that the proposed framework provides an adaptive
intermediate operating point between the lower waiting time of short fixed periodicities
and the lower EMF exposure of long fixed periodicities.

Keywords: electromagnetic field (EMF) exposure; synchronization signal block (SSB); 5G
new radio; reinforcement learning

1. Introduction
The deployment of fifth-generation (5G) mobile networks is significantly altering wire-

less communication technologies, facilitating unprecedented data speeds and enhanced
connectivity. This technological evolution promises progress in multiple sectors, including
healthcare, automotive, entertainment, and industrial automation, enabling advances such
as remote surgery, driverless automobiles, immersive virtual reality, and smart manufactur-
ing. Among the numerous enabling components of 5G networks, Synchronization Signal
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Blocks (SSBs) play an important role by providing essential reference signals that support
initial access, synchronization, and beam management [1].

SSBs are specifically designed to deliver critical reference signals that assist User
Equipment (UE) in executing fundamental activities such as cell detection, synchronization,
and effective beam management [2]. In 5G New Radio (NR), SSBs are fundamental to initial
access procedures, influencing the efficacy of cell selection, handover operations, and beam
alignment precision [3,4]. Effective beam management enabled by SSBs guarantees depend-
able connections, minimizes interference, and enhances network resource allocation, hence
directly impacting overall network performance and user Quality of Experience (QoE).
Because user activity may be distributed unevenly across beam directions and vary over
time, adaptive allocation of SSB transmission resources has been investigated to improve
initial-access efficiency compared with uniform SSB allocation [5].

Nonetheless, with the increasing deployment of 5G infrastructure, apprehensions
over Electromagnetic Field (EMF) exposure from wireless networks have escalated. Public
concerns of the possible health dangers of EMF exposure have increased significantly,
leading regulatory agencies globally to establish rigorous guidelines and recommendations
to mitigate health hazards linked to EMF radiation. International regulations, such as
those published by the International Commission on Non-Ionizing Radiation Protection
(ICNIRP), have imposed specific thresholds for maximum permissible EMF levels to protect
public health [6]. Compliance with these rigorous limits is crucial for regulatory adherence
and for improving the public acceptance of 5G technology, promoting socially responsible
network rollout.

SSB transmissions, marked by their periodic broadcasting, directly affect the electro-
magnetic field exposure levels encountered by the public. Our earlier measurement-based
study [7] quantified the EMF power density caused by SSB transmissions and highlighted
the potential to reduce unnecessary SSB broadcasts to minimize EMF exposure. Shorter
SSB periods, characterized by frequent signal transmission, typically enhance communi-
cation reliability and decrease UE initial access latency, consequently ensuring seamless
connectivity and improved user satisfaction. Nonetheless, these recurrent transmissions
increase EMF power density levels, potentially intensifying public exposure. Conversely,
extending the delay between SSB transmissions significantly lowers EMF exposure but may
adversely affect network performance by prolonging initial access waiting times, leading to
unsatisfactory user experiences. Consequently, a complex and significant trade-off occurs
between reducing EMF emissions and maintaining high-quality user connectivity, which
requires advanced solutions.

To effectively tackle this complex trade-off, an innovative reinforcement learning
(RL)-based approach is proposed that can dynamically select the appropriate SSB peri-
odicity. Our approach predicts future user-demand levels using traffic-derived estimates
by applying long short-term memory (LSTM) neural networks [8]. These networks are
trained using the Milan city dataset, which provides urban internet-usage measurements
at a 10 min resolution. In this work, a chronological seven-week period from November to
December 2013 is used. The first six weeks are reserved for LSTM and PPO model develop-
ment, while the subsequent seventh week is held out exclusively for the final evaluation of
the integrated framework [9]. No observations from the test week are used during model
training or parameter selection.

The established RL framework uses these predictions to adjust SSB periodicities to
reduce EMF exposure while concurrently keeping user waiting times within acceptable lim-
its. In contrast to static SSB configurations, the proposed framework provides an adaptive
mechanism that responds to temporal variations in the traffic-derived demand proxy.
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Our principal contributions in this paper include the following: (1) the development
and validation of a robust predictive model for accurately forecasting estimated UE arrival
proxy utilizing data from Milan Internet Traffic Dataset; (2) the design of a RL framework
that dynamically and autonomously adjusts SSB periodicity to minimize public exposure to
EMF while keeping a low average UE access delay; and (3) extensive, realistic simulations
to assess the effectiveness of the proposed approach. The results demonstrate that the
proposed prediction-driven controller reduces SSB EMF power density relative to the fixed
20 ms and 40 ms configurations while maintaining substantially lower waiting time than the
fixed 80 ms configuration. The adaptive controller therefore provides an intermediate EMF–
delay operating point rather than outperforming every fixed periodicity in both objectives.

The subsequent sections of this work are structured as follows: Section 2 offers a
comprehensive analysis of the current research concerning SSB periodicity optimization,
electromagnetic field control tactics in 5G implementations, and the utilization of rein-
forcement learning methodologies in wireless networks. Section 3 presents our system
model, the fundamental assumptions, and the exact problem formulation. Section 4 details
our proposed RL algorithm, predictive modeling approach, and implementation strategy.
Section 5 contains the performance evaluation, encompassing simulation configurations,
outcomes, and analysis. Finally, Section 6 concludes the work by presenting our findings.

2. Related Works
Recent studies have highlighted the important role of SSBs in supporting critical tasks

such as cell discovery, synchronization, and beam management. More broadly, synchro-
nization itself is essential in 5G systems, where accurate time and frequency alignment
is necessary to achieve high data rates, low latency, and reliable communication. Prior
works have examined the role of SSBs in enabling reliable connectivity, particularly under
high-mobility conditions. For example, the authors in [10] proposed a joint optimization of
SSB beam planning and Unmanned Aerial Vehicle (UAV)-based cell selection using Deep
Reinforcement Learning (DRL) to reduce handover failures along aerial highways. In a
related study, the same authors developed a DRL framework for SSB beam selection in
massive MIMO highway scenarios, improving UAV cell association and link reliability
under dynamic mobility. These studies demonstrate the applicability of deep reinforce-
ment learning to SSB beam planning, beam selection, and mobility-aware cell association.
However, their decision variables concern the spatial configuration of SSB beams and the
serving-cell selection process rather than the temporal periodicity of SSB transmission.
They therefore provide the relevant background on learning-based SSB control but are not
treated as prior solutions to the EMF-aware SSB periodicity-selection problem considered
in this work [11].

Notable, 3GPP NR defines fixed periodic configurations for SSB transmissions, typi-
cally ranging from 5 ms to 160 ms [12]. While such static settings simplify implementation,
they fail to adapt to temporal variations in user activity. As a result, short fixed periods (e.g.,
20 ms) reduce access latency but also increase background EMF exposure, whereas long
periods (e.g., 80 ms or 160 ms) reduce EMF but significantly increase user wait times. Our
earlier study [7] experimentally quantified this trade-off, demonstrating that shorter SSB
periodicities lead to higher power density and throughput, while longer ones reduce EMF
at the cost of degraded access performance. These findings demonstrate the EMF and access
delay trade-off associated with fixed SSB configurations and motivate the investigation of
traffic-aware periodicity selection.

The growing deployment of 5G infrastructure has been accompanied by increased
public scrutiny regarding EMF exposure, with many studies focusing on assessing health
risks associated with continuous exposure to radiofrequency EMF. International bodies such
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as the ICNIRP have provided guidelines emphasizing the critical need to maintain public
EMF exposure within safe limits [6]. Accordingly, numerous researchers have addressed
EMF management specifically in the context of emerging 5G technologies. For example,
Chiaraviglio et al. reviewed the EMF exposure implications of massive MIMO deployments,
underscoring the heightened potential for exposure near densely deployed base stations
and reviews the challenges of deploying 5G under strict EMF regulations, demonstrating
through real-world case studies how EMF saturation and legal constraints significantly
impact network planning, service quality, and infrastructure costs, highlighting that most
current approaches address EMF exposure through offline planning or static constraints
rather than adaptive, traffic-aware control mechanisms [13].

In parallel, the distinctive transmission characteristics of 5G, including massive MIMO,
directional beamforming, and operation over wider frequency ranges, have motivated
research on both EMF-aware network design and improved exposure-assessment methods.
Elzanaty et al. [14] examined misconceptions and unresolved questions concerning 5G EMF
exposure and proposed EMF-aware cellular-network design approaches intended to reduce
human exposure while maintaining communication performance. In contrast, the study
in [15] focused on the limitations of conventional exposure-assessment methods when
applied to 5G systems and investigated modeling approaches suited to beamformed and
spatially varying transmissions. These studies establish the broader need for EMF-aware
network operation and reliable exposure assessment, but they do not consider adaptive
SSB-periodicity selection.

In response to these limitations, machine learning techniques, particularly RL, have
increasingly been applied to manage complex trade-offs in wireless communication sys-
tems. RL is well suited for such problems because it optimizes decisions dynamically
through repeated interaction with a time-varying environment. For example, paper [16]
investigated deep learning frameworks to enhance physical-layer functions in 5G, includ-
ing Non-Orthogonal Multiple Access, massive MIMO, and mmWave, showing that neural
networks can significantly improve channel estimation and resource allocation under dy-
namic conditions. Paper [17] formulated handover control in a 5G cellular network as a
reinforcement-learning problem, in which a centralized agent selected handover actions
using UE radio measurement reports to improve long-term mobility performance. Collec-
tively, these works highlight the potential of RL for adaptive and context-aware resource
management. However, most prior applications have focused on beamforming, spectrum
allocation, or mobility management, leaving open questions about how RL can be leveraged
for control signals such as SSBs.

Adaptive modification of SSB periodicity has previously been discussed in the context
of network energy saving and traffic dependent operation. For example, time-domain
energy saving techniques can increase the SSB periodicity during low activity conditions
to create longer opportunities for gNodeB (gNB) sleep operation [18]. These existing
approaches primarily target network energy consumption rather than public EMF exposure.
In contrast, the present study investigates traffic-aware SSB periodicity selection using
a LSTM predictor and a PPO controller, with normalized SSB EMF power density and
aggregate user waiting time included explicitly in the optimization objective.

3. System Model
We consider a 5G macro-cell deployment where a base station periodically broad-

casts SSB to support cell discovery, synchronization, handover procedures, and beam
management. The 3GPP specification defines discrete transmission periodicities:

TSSB ∈ {5, 10, 20, 40, 80, 160} ms (1)
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where shorter periods improve access responsiveness but increase signaling overhead and
EMF exposure, while longer periods reduce signaling overhead and EMF at the cost of
higher user access delay.

During each SSB burst, the gNB transmits one or more SSBs over different beams
using beam sweeping. The average user access delay is therefore directly proportional to
the chosen TSSB, as defined in the previous subsection. The choice of SSB periodicity thus
constitutes the key decision variable in our system model.

3.1. SSB EMF Power Density Calculation

While SSBs are critical for network operation, their continuous transmission results in
persistent background EMF exposure. As illustrated in Figure 1, each SSB is transmitted
within a burst window of one radio frame and can be beamformed toward multiple
directions in Figure 2, resulting in periodic directional exposure patterns.

Figure 1. Structure of a Synchronization Signal Block (SSB) in 5G NR [7].

Figure 2. Beam pattern. Normalized azimuth radiation patterns of the eight SSB transmit beams at
an elevation angle of 0◦. Each coloured curve represents one beam steering direction.
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Each SSB comprises the Primary Synchronization Signal (PSS), Secondary Synchro-
nization Signal (SSS), Physical Broadcast Channel (PBCH), and the associated PBCH de-
modulation reference signals. The SS/PBCH block occupies 240 contiguous subcarriers in
the frequency domain and four OFDM symbols in the time domain [19]. The total energy
transmitted by a SSB is proportional to the received Synchronization Signal Reference
Signal Received Power (SS-RSRP), scaled over time. In this work, we quantify the time-
averaged EMF power density resulting from SSB transmissions based on physical-layer
parameters, as derived from our prior measurement-based study [7]. The time averaged
received power contribution associated with one SSB beam is modeled as follows:

PSSB = SS-RSRP ·
Nsym · tsym

TSSB
(2)

where we have the following:

• SS-RSRP is the received power per SSB resource;
• Nsym is the number of OFDM symbols per SSB (typically 4);
• tsym is the duration of one symbol (e.g., 33.3 µs at 30 kHz sub carrier spacing);
• TSSB is the SSB transmission periodicity.

To capture multi-beam operation, the total average received power from all L beams
is computed as follows:

⟨PSSB⟩ =
L

∑
i=1

SS-RSRPi ·
NRE · tsym

TSSB
(3)

where NRE denotes the total number of resource elements occupied by the SSB block
(e.g., 127 + 240 + 223 + 240 in different symbols), yielding a duration scaling factor of
approximately 1.38.

In the physical layer simulation used in this work, this distance dependent propagation
effect is represented through the SS-RSRP evaluated at the receiver location. The received
SSB power is subsequently converted into power density using the effective aperture of the
receiving antenna.

Pd =
4π

λ2Gr
⟨PSSB⟩ (4)

where Pd is the received power density, λ is the wavelength, and Gr is the receiver antenna
gain. In our implementation, the EMF contribution of SSB transmissions is calculated via
this model at a reference location (e.g., R = 50 m), using simulation-calibrated SS-RSRP
values and antenna patterns. The factor λ2Gr/(4π) represents the effective aperture of the
receiving antenna. Therefore, the obtained simulated SS-RSRP values can be converted into
incident power density at the receiver location.

3.2. Traffic-Derived UE Arrival Proxy

To enable anticipatory and EMF-aware control of SSB periodicity, the proposed
framework requires an indicator of future user demand. Since the Milan Internet Traffic
Dataset does not directly record UE cell-entry events, aggregate traffic measurements
are transformed into a traffic-derived UE arrival proxy, which serves as the input de-
mand signal for the prediction and control framework. This subsection outlines the data
transformation pipeline.

The demand data are obtained from the “Telecommunications–SMS, Call, Internet–MI”
dataset released by Telecom Italia through Harvard Dataverse [9,20]. The dataset contains
spatially aggregated telecommunications activity recorded over Milan during November
and December 2013. In this study, only the Internet-activity measure, aggregated over
geographical grid squares and 10 min intervals, is used, which is resampled into 5 ms. The
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dataset does not contain UE-level trajectories, physical cell-entry events, or random-access
measurements. As direct UE entry information is unavailable, we estimate the number
of users entering the coverage area based on the assumption that each user contributes
a fixed average amount of traffic. Although this assumption simplifies the relationship
between aggregate traffic volume and user arrivals, it provides a practical approximation
for constructing a temporally varying demand signal from publicly available data.

Let I(t) denote the aggregate Internet-usage value recorded during the 10 min interval
indexed by t. The corresponding traffic-derived estimate of the number of active UEs is
computed as follows:

N̂UE(t) =
⌊

I(t)
Iuser

⌋
(5)

where Iuser denotes the assumed average traffic contribution per user during one 10 min in-
terval. In all experiments, the assumed average traffic contribution was set to Iuser = 0.0325
traffic units per user per one 5 ms resampled interval. This value is a modeling assumption
used to scale the aggregated Internet-activity sequence and is not inferred from direct
UE-level measurements.

To construct a proxy for new UE arrivals, the positive first-order difference between
consecutive active-UE estimates is calculated as follows:

∆NUE(t) = max(NUE(t)− NUE(t − ∆t), 0) (6)

This operation captures the net increase in UE population, discarding departures or
idle periods. To align with the control interval of the RL agent (10 min), we further apply a
rolling sum over a 10 min window:

Nenter(t) =
t

∑
k=t−10min

∆NUE(k) (7)

This transformation yields a smooth and high-resolution time series representing
estimated UE ingress behavior in dense urban conditions. Since traffic demand varies
across users, applications, and time periods, the derived arrival sequence is interpreted as
an approximation. Nevertheless, the proposed framework is independent of the specific
estimation method and can readily incorporate direct network measurements, such as
active UE counters or random-access statistics, when available.

3.3. Access Delay

When a UE enters during epoch t, it must wait until the next SSB transmission config-
ured by the period TSSB. Let ut,i ∈ [0, ∆) denote the i-th UE’s intra-epoch entry offset (ms).
The per-UE wait wt,i equals the time to the next SSB burst and is computed as

wt,i =
(
TSSB − (ut,i mod TSSB)

)
mod TSSB (8)

The per-epoch total and average waits are

Wt =
Nenter(t)

∑
i=1

wt,i (9)

ŵt =
Wt

max(1, Nenter(t))
(10)

where Wt denotes the total waiting time accumulated by all UEs that enter the coverage
area during epoch t, and ŵt represents the average per-UE waiting time in epoch t.
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3.4. Optimization Problem Formulation

The objective of this work is to determine the optimal SSB periodicity TSSB that balances
user access performance with EMF exposure. On one hand, shorter TSSB reduces average
waiting time but increases background EMF radiation; on the other hand, longer TSSB

lowers EMF exposure but leads to larger access delays.
Accordingly, the problem can be expressed as the minimization of a weighted

cost function.
To eliminate the dimensional and numerical-scale differences between the delay and

EMF objectives, both quantities are normalized before being combined. The normalized
EMF power density is defined as

P̃d(t) =
Pd(t)
Pd,5ms

(11)

where Pd,5ms is the power density associated with the 5 ms SSB periodicity, which is the
maximum power density among the considered SSB configurations.

The normalized total waiting time is defined as

W̃t =
Wt

(160 ms)Nmax
(12)

where Nmax is a fixed normalization constant equal to the maximum traffic-derived UE
arrival count observed in one 10 min interval of the dataset, i.e., Nmax = maxt Nenter(t).
Since each UE wait is bounded by the maximum considered SSB periodicity of 160 ms,
(160 ms)Nmax represents the maximum aggregate waiting time used for normalization.
Consequently, P̃d(t) and W̃t are dimensionless and bounded within [0, 1].

min
π

E
[
wa(1 − α)P̃d(t) + wbαW̃t

]
s.t. TSSB ∈ {5, 10, 20, 40, 80, 160} ms

W̃t ≥ 0, P̃d(t) ≥ 0,

(13)

where P̃d(t) and W̃t denote the normalized EMF power density and normalized total
waiting time, respectively. The parameter α ∈ [0, 1] controls the principal trade-off between
the two objectives: increasing α places greater emphasis on reducing user waiting time,
whereas decreasing α places greater emphasis on reducing EMF exposure. The coefficients
wa and wb are fixed objective weights, and π denotes the SSB periodicity selection policy.

This formulation captures the inherent trade-off in adaptive SSB configuration: mini-
mizing EMF exposure requires infrequent SSB transmissions, while minimizing user access
delay requires frequent transmissions. As a result, static fixed periodicity configurations
cannot adapt their operating point to temporal changes in the demand proxy.

4. EMF-Aware Adaptive SSB Periodicity Control Framework
In this section, we present the proposed EMF-aware adaptive SSB periodicity control

framework that integrates traffic prediction and RL into a unified decision-making pipeline.
Building upon the system model and problem formulation described in Section 3, our
approach is designed to proactively adjust the SSB transmission periodicity according to
predicted user arrival patterns while minimizing both EMF exposure and access delay.
The framework consists of three tightly coupled components: (i) a LSTM-based predic-
tive module that forecasts estimated UE arrival proxy from real-world urban traffic data;
(ii) a custom reinforcement learning environment that models the interaction between SSB
periodicity, EMF power density, and user access delay; and (iii) a PPO-based decision
agent that learns an optimal traffic-aware SSB selection strategy. The workflow, shown in
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Figure 3, provides an end-to-end process that enables the gNB to dynamically adjust its
SSB configuration with foresight rather than reactively.

Figure 3. Overall workflow of the proposed adaptive SSB periodicity control framework. Aggregated
Internet usage data are transformed into a traffic-derived UE arrival proxy and forecast using a
LSTM predictor. The predicted demand proxy is used by a PPO agent operating within a custom RL
environment to select a SSB periodicity that balances EMF exposure and user access latency.

4.1. System Workflow Overview

The proposed framework operates by tightly coupling traffic prediction, EMF calcula-
tion, and RL to achieve proactive and adaptive TSSB control. Figure 3 illustrates the end-
to-end workflow. The process begins with aggregated urban Internet-usage traces, which
are transformed into a traffic-derived UE arrival proxy and forecast using a LSTM-based
predictor. These predicted values provide a forward-looking estimate of the traffic-derived
demand level for the next control interval.

The predicted entering rate, together with the previous SSB configuration, forms the
input state to a custom RL environment. This environment computes two key performance
indicators for each candidate TSSB: (i) the EMF power density generated by SSB transmis-
sions and (ii) the UE access delay induced by the periodicity choice. Based on this state
and the evaluated reward, a PPO agent selects the SSB periodicity to be applied for the
next interval.

During PPO training, the environment computes the resulting reward and records
the state transition for subsequent policy updates. During final evaluation, the trained
PPO parameters remain fixed, and the reward is recorded only for performance assessment.
The environment computes the resulting reward, closes the feedback loop, and updates the
PPO policy parameters. By iterating through this predictive and adaptive loop, the system
learns a traffic-aware SSB control policy that minimizes EMF exposure while maintaining
acceptable user access performance.
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4.2. LSTM-Based User-Entry Prediction Model

Forecasting future variations in the traffic-derived UE arrival proxy enables proactive
SSB periodicity control. Rather than relying solely on instantaneous traffic observations,
the proposed system employs a LSTM recurrent neural network, originally introduced
by Hochreiter and Schmidhuber [8], to capture temporal dependencies and nonlinear
fluctuations in the traffic-derived demand proxy. The predictor operates on aggregated
Internet-usage traces from the Milan dataset, which are transformed into traffic-derived
UE arrival-proxy sequences as described in Section 3.2.

To enhance temporal feature richness, the predictor augments each traffic observation
with engineered calendar and cyclical features: hour of day, day of week, time of day
sine and cosine encodings, weekend indicators, and business hour flags. These features
enable the model to capture both short-term variations and longer-term temporal patterns,
particularly the daily cycles present in urban telecommunications activity.

The supervised learning dataset is constructed using a sliding-window mechanism.
Given a lookback window of L = 144 time steps (one day of 10 min intervals), the input
tensor for each sample is as follows:

Xt =
[
ft−L, ft−L+1, . . . , ft−1

]
(14)

where fk contains both data traffic values and deterministic time features at index k. The tar-
get variable is the UE arrival proxy at the next interval:

yt = δ(t) (15)

The LSTM predictor comprises two recurrent layers containing 64 and 32 hidden units,
respectively. The first LSTM layer returns the complete sequence to the second recurrent
layer. A dropout rate of 0.2 is applied after each LSTM layer, followed by a fully connected
layer with 16 rectified linear unit neurons and a single linear regression output:

δ̂(t + 1) = fLSTM(Xt; Θ) (16)

where Θ denotes the set of trainable network parameters. The model is optimized using
the Adam optimizer with mean-squared error (MSE) loss. Early stopping is used to
prevent overfitting. The training and validation sequences are both drawn chronologically
from the six-week development partition, with the final portion of this partition reserved
for validation. The held-out seventh week is not used for model fitting, early stopping,
or hyperparameter selection.

For final evaluation, a walk-forward inference strategy is adopted to preserve temporal
causality. At each interval of the held-out test week, the predictor uses only the most
recent observations available up to that interval to generate the next-step forecast. Future
observations from the test week are never included in the input window. The LSTM
parameters remain fixed throughout this evaluation period.

The final output of this module is the predicted UE arrival proxy δ̂(t + 1), which is
passed directly into the RL environment as one of the primary components of the state
representation. By providing forecasts of the traffic-derived demand proxy, the LSTM
predictor enables the PPO agent to anticipate changes in the input demand signal, reduce
unnecessary SSB transmissions during low-proxy periods, and adapt the SSB periodicity
according to the predicted operating condition.
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4.3. Integration of LSTM Prediction Within the RL Environment

The predicted traffic-derived UE arrival proxy generated by the LSTM module serves
as a key input to the reinforcement learning environment, enabling forecast-driven rather
than purely reactive TSSB control. Unlike traditional SSB configuration schemes that rely
solely on instantaneous load measurements, the proposed framework incorporates future
traffic estimates to anticipate both high-load and low-load conditions. This predictive
capability allows the controller to reduce unnecessary SSB transmissions during low proxy
intervals while selecting shorter periodicities when the predicted demand proxy increases.

In each control interval t, the LSTM predictor outputs the one-step-ahead estimate
δ̂(t + 1) of the UE arrival rate. This predicted value is combined with the previous SSB
periodicity to form the RL state vector:

st =
[

δ̂(t + 1), one-hot(at−1)
]

(17)

where at−1 denotes the TSSB selected during the previous interval. The RL environment
then uses this state to simulate the resulting EMF exposure, compute the per-UE and total
access delay, and evaluate the reward corresponding to each candidate action.

By incorporating the predicted UE arrival proxy directly into the state, the RL agent
is able to learn traffic-aware behaviors. During low-load intervals, the agent learns to
increase the TSSB to reduce background EMF exposure, while in high-load intervals it
adapts by selecting shorter periodicities to maintain acceptable access delay. This predictive
RL formulation offers a significant advantage over purely reactive schemes, which can only
respond to traffic changes after they occur.

The LSTM and PPO components are trained and evaluated using strictly separated
chronological partitions. During PPO training, the environment uses only traffic-derived
arrival sequences and corresponding forecasts from the six-week development period.
During final evaluation, the trained LSTM and PPO parameters are frozen, and the frame-
work processes the held-out seventh week sequentially. At each test interval, the PPO
agent receives forecasts generated from information available up to that time. This proce-
dure prevents observations from later test intervals from influencing earlier predictions or
control decisions.

Through this tight coupling between prediction and control, the proposed system
achieves forward-looking SSB adaptation that reduces EMF exposure, improves traffic
responsiveness, and maintains stable communication performance across a wide range of
urban traffic conditions.

4.4. Reinforcement Learning Environment Design

To enable the PPO agent to learn an adaptive SSB periodicity policy, we design a
custom RL environment that accurately emulates the interaction between TSSB, Pd, and Wt.
The environment operates on 10 min control intervals and is implemented as a Gym-
compatible environment, allowing seamless integration with the PPO training pipeline. Its
design follows the access-delay model and EMF formulation introduced in Section 3.

4.4.1. State Representation

At the beginning of each interval t, the environment constructs the RL state vector:

st =
[
δ̂(t + 1), one-hot(at−1)

]
(18)

where δ̂(t+ 1) is the predicted UE arrival proxy obtained from the LSTM predictor, and at−1

encodes the previously applied SSB periodicity. This representation captures both future
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traffic intensity and recent control actions, enabling the PPO agent to learn temporal
consistency and switching behavior.

4.4.2. Action Space

The action space is discrete and corresponds exactly to the SSB transmission periodici-
ties defined in 3GPP NR:

A = {5, 10, 20, 40, 80, 160}ms (19)

Each action represents the SSB periodicity selected by the controller for the subsequent
10 min control interval. The environment assumes that the selected configuration becomes
effective at the beginning of that interval. This abstraction isolates the effect of TSSB on EMF
exposure and access delay and does not model the signaling procedure required to apply
the configuration in a deployed network.

The action applied in the environment represents a control decision rather than an
instantaneous physical layer switch in an operational network. In practice, changes to the
serving-cell SSB periodicity would require coordination with the applicable RRC configura-
tion and may interact with system information scheduling, measurement configuration,
and random-access procedures. Such changes would therefore be applied on a slower,
semi-static timescale and would be subject to reconfiguration latency, UE compatibility,
and vendor-specific implementation constraints. The 10 min control interval used in this
study is intended to represent a supervisory network-management timescale over which
such reconfiguration could be completed; the signaling exchange itself is not modeled [12].

4.4.3. Environment Dynamics

Upon receiving action at, the environment retrieves all UE entry timestamps within
the current window and computes the per-UE wait times based on the SSB-access model:

wt,i =
(
TSSB − (ut,i mod TSSB)

)
mod TSSB (20)

where ut,i is the intra-interval entry offset. The total waiting time and the average per-UE
waiting time are subsequently obtained from (9) and (10), respectively. Simultaneously,
the Pd associated with the selected periodicity is derived from the SSB power model
introduced earlier. In this manner, the environment produces two performance metrics for
each interval: Wt and Pd.

4.4.4. Reward Function

The environment returns a scalar reward that encodes the EMF–latency trade-off. Since
the total waiting time and EMF power density have different physical units and numerical
scales, the normalized quantities defined in (11) and (12) are used in the reward calculation.

rt = −
[
wa(1 − α)P̃d(t) + wbαW̃t

]
(21)

where α ∈ [0, 1] controls the principal trade-off between user waiting time and EMF
exposure. Increasing α assigns greater importance to reducing aggregate waiting time,
whereas decreasing α places greater emphasis on reducing SSB-induced EMF power density.
The coefficients wa and wb are fixed scaling factors used in the implemented reward
function to adjust the relative contributions of the two normalized objectives. Because
P̃d(t) and W̃t are dimensionless and normalized to comparable ranges, these parameters
express the intended optimization preference rather than compensating for differences in
physical units.
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4.5. Deep Reinforcement Learning Model

In this section, we present the deep reinforcement learning (DRL) framework used
to learn an adaptive SSB periodicity policy that jointly minimizes EMF exposure and
access delay. Unlike value-based methods such as Q-learning or Double Deep Q-Network
(DDQN), the proposed framework employs PPO, an on-policy policy-gradient algorithm
that constrains successive policy updates through a clipped surrogate objective [21]. This
makes PPO well suited for traffic-dependent SSB control, where the agent must learn a
stochastic, load-aware policy based on fast-varying user arrival patterns.

4.5.1. RL Framework

The adaptive TSSB selection problem is formulated as a sequential decision-making
task in which an agent interacts with the 5G cell environment and learns a policy that
balances EMF exposure and user access latency. At every 10 min interval t, the environment
provides the agent with a state vector st that encapsulates the predicted user entering
rate and the most recent SSB configuration. Based on this observation, the agent selects
a SSB periodicity at ∈ A, where A = {5, 10, 20, 40, 80, 160}ms. Within the simulation
environment, the selected periodicity is applied to the downlink SSB transmission structure
for the entire 10 min control interval.

After the action is executed, the environment transitions to a new state st+1 and
computes a scalar reward rt+1, which combines the normalized EMF power density
and normalized aggregate waiting time produced during the current control interval.
This interaction defines a Markov decision process (MDP) characterized by the tuple
(S ,A,P ,R), where S is the continuous state space, A is the discrete action set of candidate
SSB periodicities, P governs the transition dynamics imposed by real user-arrival patterns,
and R encodes the EMF–latency trade-off.

The goal of the RL agent is to learn a stochastic policy πθ(a|s), parameterized by θ,
that maximizes the expected discounted return

J(θ) = Eπθ

[
∞

∑
k=0

γkrt+k+1

]
(22)

where 0 < γ ≤ 1 is the discount factor. A stochastic policy is essential for SSB control,
as optimal periodicity depends on time-varying traffic conditions in which multiple actions
may yield comparable reward. Deterministic or greedy decision rules often fail in such non-
stationary environments, particularly when the entering rate follows strong daily cycles.

PPO restricts harmful policy deviations while still enabling sufficiently large improve-
ments during training. This robustness is critical for the SSB control problem, where the
agent must learn consistent long-term behavior across thousands of traffic cycles while
adapting smoothly to abrupt fluctuations in user arrival rates.

4.5.2. State, Action, and Reward Design

The performance of the PPO agent largely depends on the quality of the state represen-
tation, the action granularity, and the reward shaping strategy. In the proposed framework,
these components are designed to enable the agent to balance EMF exposure and user access
delay while adapting to the highly non-stationary entering patterns observed throughout
the day.

(1) State Space: Each state st is represented by a 7-dimensional feature vector:

st =
[
δ̂(t + 1), one-hot(at−1)

]
(23)
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The first component represents the LSTM-predicted UE arrival proxy for the next
control interval, while the one-hot encoding of the previous action at−1 provides the
policy with context regarding the recent SSB periodicity configuration. This compact
state representation captures both anticipated short-term traffic load and the temporal
dependence induced by previous configuration choices.

(2) Action Space: The agent selects one of six discrete SSB periodicities:

A = {5, 10, 20, 40, 80, 160}ms (24)

which correspond to the valid periodicities defined in 3GPP NR specifications. Short
periodicities (e.g., 5–20 ms) improve initial-access responsiveness but increase EMF power
density due to more frequent SSB transmissions. Conversely, longer periodicities (e.g.,
80–160 ms) reduce EMF exposure but increase connection waiting time. The agent must
therefore learn a policy that selects actions appropriate for the current traffic level while
minimizing unnecessary oscillations.

4.5.3. PPO Actor–Critic Architecture

PPO is well suited for this control problem as it ensures stable policy updates through
a clipped surrogate objective while retaining sufficient flexibility to explore alternative SSB
configurations during fluctuating load conditions.

Figure 4 illustrates the two-network design used in the proposed system. Both the
actor and critic networks adopt a multilayer perceptron (MLP) architecture consisting of
two fully connected hidden layers, each with 64 units and rectified linear unit (ReLU)
activation. This structure strikes an effective balance between model expressiveness and
computational efficiency, enabling the policy to operate in real time.

Figure 4. Illustration of the PPO actor–critic architecture used for adaptive SSB periodicity control.
(a) The actor network receives the system state and outputs a categorical distribution over the six SSB
actions. (b) The critic network estimates the state value V(s) that guides advantage estimation during
training. Both networks use two fully connected hidden layers with 64 ReLU units each.

(1) Actor Network: As shown in Figure 4a, the actor maps the input state st to
a categorical distribution over the six candidate SSB periodicities. Formally, the actor
computes the following:

πθ(a|s) = softmax(Wπh + bπ) (25)

where Wπ and bπ denote the weight matrix and bias vector of the actor output layer, re-
spectively, and h denotes the shared hidden representation learned by the network. The
stochastic nature of the policy πθ enables smooth adaptation to changing traffic condi-
tions, allowing the agent to explore longer or shorter SSB periodicities depending on
environmental uncertainty.
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(2) Critic Network: Figure 4b shows the critic network, which estimates the state-value
function V(s) needed for advantage computation during PPO updates. The critic shares
the same hidden-layer structure as the actor but employs a linear output layer:

Vϕ(s) = Wvh + bv (26)

where Wv and bv denote the weight matrix and bias term of the critic output layer, re-
spectively. By providing a low-variance baseline for policy gradient estimation, the critic
stabilizes learning and prevents divergence, even when the traffic load exhibits rapid
temporal fluctuations driven by diurnal cycles.

The unified actor–critic design allows PPO to learn from both short-term feedback
(immediate wait time and EMF level) and long-term consequences (accumulated delay and
exposure trends). As a result, the RL agent develops a policy capable of selecting TSSB that
maintain low EMF emissions without compromising user accessibility.

4.5.4. PPO Training Procedure

The PPO agent is trained exclusively using the six-week development partition. The
traffic-derived UE arrival sequences from this period define the training environment
encountered during trajectory collection. The environment may be traversed repeatedly
across training episodes, but no samples from the subsequent one-week test partition are
introduced. All reward normalization constants and reward parameters are determined
using the development data and are fixed before final evaluation.

The PPO agent is trained using on-policy trajectory rollouts collected from the custom
SSB control environment. During each rollout, the agent interacts with the environment
for U steps, generating a sequence of experience tuples (st, at, rt+1, st+1) that capture the
state transitions and immediate reward feedback. These tuples are stored in a trajectory
memory, which is later sampled in mini-batches for joint actor–critic updates, as illustrated
in Figure 5.

Figure 5. PPO training flow used in the proposed framework. Experience tuples are stored in
trajectory memory and sampled as mini-batches for joint actor and critic updates. The actor is
optimized using the clipped objective LCLIP(θ), while the critic is updated using the value loss LV(µ)

derived from the temporal-difference error.

At the end of each rollout, the advantage estimates Ât are computed using generalized
advantage estimation (GAE), which balances bias and variance through a decay parameter
λGAE ∈ [0, 1].
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Serving as a low-variance baseline, the actor parameters are updated by maximizing
the clipped surrogate objective

LCLIP(θ) = E
[
min

(
rt(θ) Ât, clip(rt(θ), 1 − ϵ, 1 + ϵ)Ât

)]
(27)

where rt(θ) denotes the probability ratio between the new and old policies [21]:

rt(θ) =
πθ(at|st)

πθold
(at|st)

(28)

The clipping parameter ϵ prevents excessively large policy updates, thereby stabilizing
training and avoiding performance collapse.

In parallel, the critic network is updated by minimizing the squared error between its
predicted value Vµ(st) and the Monte Carlo return Rt:

LV(µ) = E
[(

Vµ(st)− Rt
)2
]

(29)

where the return is defined as

Rt =
∞

∑
k=0

γkrt+k+1 (30)

The value-loss gradient stabilizes advantage estimation and ensures reliable learning
signals for the actor update.

During training, the actor and critic parameters are optimized using stochastic gradient
descent over several epochs per rollout. Entropy regularization is added to encourage
exploration, particularly in low-load regions where multiple SSB periodicities may yield
comparable reward. This training regimen enables PPO to discover a robust SSB periodicity
policy that remains effective under strongly time-varying user arrival patterns.

The characteristics of the SSB periodicity control problem make PPO particularly well
suited compared to value-based methods such as Q-learning or DDQN. First, the traffic
load and user arrival patterns exhibit strong non-stationarity due to daily and weekly
cycles. This requires a learning algorithm capable of adapting smoothly to evolving data
distributions. The stochastic policy πθ(a|s) maintained by PPO enables the agent to adjust
its SSB selection strategy continuously without relying on brittle greedy decisions.

Second, SSB periodicity selection involves a discrete but highly nonlinear action space,
where different SSB periods produce complex trade-offs between EMF power density and
user access delay. PPO’s clipped surrogate objective allows the policy to improve steadily
even when reward gradients are noisy or when multiple actions yield similar outcomes.
This stability is critical for avoiding oscillatory behavior, such as rapid switching between
short and long periodicities, which could degrade system performance.

Third, the actor–critic structure of PPO enables efficient variance reduction through
advantage estimation, allowing the agent to learn from sparse or noisy reward signals. This
is especially beneficial in EMF-aware optimization, where the immediate EMF level may
not fully capture the long-term effect of sustained SSB configurations. The critic provides a
learned baseline that guides the actor toward policies that reduce long-term EMF exposure
while maintaining acceptable access latency.

Finally, unlike off-policy value-based algorithms that rely on replay buffers, PPO
operates on-policy and is therefore naturally synchronized with the LSTM-based traffic
predictor. The predictor and PPO agent evolve together, allowing the system to incorporate
real-time forecasting and adapt transmission periodicity proactively. This synergy results
in a robust and responsive control mechanism capable of delivering lower EMF power
density without sacrificing user experience.
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4.6. End-to-End Forecast-in-the-Loop SSB Control

The components described in the preceding subsections operate jointly to provide
a real-time adaptive SSB periodicity control mechanism. In this final step, we integrate
the LSTM-based traffic predictor, the RL environment, and the PPO decision agent into
a unified forecast-in-the-loop control process. At each 10 min interval, the system first
forecasts the upcoming UE arrival proxy, constructs the RL state, and selects TSSB based
on the learned policy. The selected periodicity determines the access delay experienced by
arriving users and the resulting EMF power density. These measurements are combined
into a reward that guides policy improvement during training. Algorithm 1 summarizes
the complete operational pipeline, showing how prediction and control are tightly coupled
to enable proactive, traffic-aware, and EMF-efficient SSB configuration.

Algorithm 1 Forecast-in-the-loop adaptive SSB periodicity control

1: Input: Trained LSTM predictor fLSTM, trained PPO policy πθ , maximum traffic-derived
arrival count Nmax, and reference power density Pd,5ms

2: Output: Adaptive SSB periodicity decisions TSSB(t)
3: for each control interval t do
4: Observe historical traffic features Xt
5: Predict the next-step traffic-derived UE arrival estimate:

δ̂(t + 1) = fLSTM(Xt)
6: Construct the RL state:

st =
[
δ̂(t + 1), one-hot(at−1)

]
7: Select an action:

at ∼ πθ(· | st)
8: Map the selected action to a SSB periodicity:

TSSB(t) ∈ {5, 10, 20, 40, 80, 160}ms
9: Apply TSSB(t) during control interval t

10: Compute the waiting time of each arriving UE:
wt,i =

(
TSSB(t)− (ut,i mod TSSB(t))

)
mod TSSB(t)

11: Compute the total waiting time:

Wt =
Nenter(t)

∑
i=1

wt,i

12: Compute the EMF power density Pd(t) associated with TSSB(t)
13: Normalize the total waiting time:

W̃t =
Wt

(160 ms)Nmax
14: Normalize the EMF power density:

P̃d(t) =
Pd(t)
Pd,5ms

15: Compute the reward:
rt = −

[
wa(1 − α)P̃d(t) + wbαW̃t

]
16: if the framework is operating in training mode then
17: Observe the next state st+1
18: Store the transition (st, at, rt, st+1)
19: end if
20: end for
21: return {TSSB(t)}

5. Results and Evaluation
This section presents a comprehensive performance evaluation of the proposed

forecast-in-the-loop adaptive SSB periodicity control framework. The objective is to ex-
amine how effectively the system balances EMF exposure and user access delay when
operating under realistic, time-varying traffic conditions derived from the Milan dataset.
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To this end, we assess both the individual components of the architecture and the end-to-
end behavior of the integrated LSTM–RL pipeline. The evaluation comprises five parts:
(i) characterization of the EMF power density associated with different SSB transmission
periodicities; (ii) performance analysis of the LSTM-based user-entry prediction model;
(iii) training dynamics and policy behavior of the PPO agent; (iv) an investigation of the
EMF–latency trade-off emerging from adaptive SSB control; and (v) benchmarking of the
proposed method against static SSB configurations, a myopic rate-aware controller, and an
oracle upper bound with perfect future information. Together, these results demonstrate
the benefits of incorporating traffic forecasting and reinforcement learning into EMF-aware
network control.

5.1. Experimental Setup

The development data include all observations from 4 November to 15 December
2013, while the held-out test period extends from 16 December to 22 December 2013.
Each observation represents one 10 min interval. The LSTM input window contains
144 consecutive observations, corresponding to the preceding 24 h. In addition to the
Internet-activity value, the predictor uses sine and cosine encodings of hour of day, minute
of hour, and day of week.

The predictor comprises two LSTM layers with 64 and 32 hidden units, respectively.
A dropout rate of 0.2 is applied after each recurrent layer, followed by a fully connected
layer containing 16 ReLU neurons and a single linear output. The model is trained using
the Adam optimizer with mean-squared error loss, a batch size of 32, and a maximum
of 50 epochs. Early stopping is applied with a patience of 10 epochs while restoring the
weights associated with the lowest validation loss. The NumPy and TensorFlow random
seeds are both set to 42.

All input variables are transformed to the interval [0, 1] using a Min–Max scaler
fitted exclusively to the development data. Prediction over the test week is recursive: the
first forecast uses the final 144 development observations, and each subsequent forecast
uses the previously predicted Internet activity value together with the calendar features of
the next timestamp. The LSTM therefore predicts aggregated Internet activity, after which
the predicted sequence is transformed into the traffic-derived arrival proxy used by the
PPO controller.

The reinforcement learning environment runs with the same 10 min control gran-
ularity as the dataset. At each control interval, the environment receives (i) the traffic-
derived UE Arrival Proxy expected to enter the cell in the next window and (ii) a one-
hot encoded representation of the SSB periodicity applied in the current interval. These
two quantities jointly form the observation that is fed to the PPO agent. Based on this
observation, the environment computes the resulting UE access delay using the analytical
model and evaluates the induced EMF power density using the physical-layer formulation
described in Section 3. The agent then selects a SSB periodicity from the discrete action set
{5, 10, 20, 40, 80, 160}ms to be applied for the subsequent interval.

The PPO agent is implemented using the Stable-Baselines3 reinforcement-learning
library [22]. The policy adopts a multilayer perceptron actor–critic architecture with
two fully connected hidden layers, each containing 64 ReLU neurons. The discount factor
is set to γ = 0.99, and generalized advantage estimation is applied using λGAE = 0.95.
Policy updates employ a clipping threshold ϵ = 0.20 and are optimized using the Adam
optimizer with a learning rate of 5 × 10−5. Each training run spans 6480 interaction steps,
corresponding to several full traversals of the diurnal traffic pattern and ensuring exposure
to a wide range of load conditions. For all experiments, the reward parameters were fixed
at wa = 5, wb = 1, and α = 0.4. Here, wa scales the normalized SSB-induced power-density
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term, wb scales the normalized aggregate waiting-time term, and α controls the relative
emphasis placed on reducing waiting time.

SSB-induced EMF power density is computed according to Equations (2)–(4), using
calibrated SS-RSRP values from our prior measurement study [7] and a reference observa-
tion point located 50 m from the transmitting antenna. This configuration is representative
of typical public-exposure distances in dense urban deployments and provides a fair and
consistent basis for comparing all baseline and RL-driven SSB periodicity strategies.

All simulations, including LSTM training, walk-forward prediction, environment
rollout, and PPO optimization, are executed entirely on an NVIDIA RTX-3080 GPU, which
accelerates both the neural-network prediction tasks and the RL training loop.

The evaluation compares five controller configurations: fixed SSB periodicities of
20, 40, and 80 ms; the proposed prediction-driven controller; and an observed-proxy
controller. The prediction-driven controller supplies the LSTM-predicted traffic-derived
arrival proxy to the trained PPO policy, whereas the observed-proxy controller supplies the
corresponding observed proxy value to the same policy. The observed-proxy controller is
included as a reference for examining the effect of prediction.

5.2. Characterization of SSB-Induced EMF Power Density

We begin by examining the EMF exposure generated by SSB transmissions under
different periodicity configurations. Understanding this relationship is essential, as SSB
periodicity determines the duty cycle of broadcast signals and therefore directly influences
background exposure levels experienced by nearby users.

The time-averaged power density associated with a given SSB period is computed
using the physical-layer model, which incorporates calibrated SS-RSRP measurements
and the beam-sweeping structure outlined in Section 3. For each valid SSB periodicity
TSSB ∈ {5, 10, 20, 40, 80, 160}ms, we calculate the corresponding time-averaged power
density from the simulated SS-RSRP at a reference receiver location 50 m from the gNB
antenna. The same receiver location, antenna configuration, and propagation conditions
are used for all SSB periodicities.

Figure 6 illustrates the sharp inverse relationship between TSSB and the resulting EMF
power density. Shorter transmission intervals (5–10 ms) lead to higher time-averaged power
density because the SSB bursts are repeated more frequently. Increasing the periodicity from
5 ms to 160 ms reduces the calculated SSB-induced power density from 4.23 × 10−4 W/m2

to 1.3 × 10−5 W/m2, corresponding to an approximately 32-fold reduction under the same
simulated receiver conditions. These numerical values are summarized in Table 1, which
confirms that SSB periodicity is a dominant factor governing baseline downlink EMF levels.
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Figure 6. Relationship between SSB periodicity and power density.
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Table 1. Time-averaged EMF power density at 50 m for various SSB periodicities.

SSB Periodicity (ms) Power Density (W/m2)

5 0.000423
10 0.000211
20 0.000106
40 0.000053
80 0.000026

160 0.000013

5.3. LSTM Internet Traffic Prediction

Accurate Internet traffic forecasting provides the demand information required by
the proposed controller. Figure 7 compares the one-step-ahead LSTM predictions with
the observed Internet traffic during the first day of the held-out evaluation week. At this
stage, the LSTM predicts the aggregated Internet traffic sequence rather than the number
of arriving UEs. The predicted traffic is subsequently converted into a traffic-derived UE
arrival proxy, which is supplied to the controller for adaptive SSB periodicity selection.
Therefore, the resulting UE arrival proxy represents an estimate derived from network
traffic and should not be interpreted as a direct measurement of physical UE entries.
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Figure 7. LSTM prediction of internet traffic during the first day of the evaluation week.

Table 2 reports the mean absolute error (MAE), mean squared error (MSE), and root-
mean-squared error (RMSE) of the Internet traffic predictions for each day of the seven-day
evaluation period. The overall MAE, MSE, and RMSE are 0.7168, 0.8748, and 0.9353,
respectively. These results quantify the one-step-ahead forecasting accuracy of the LSTM
model before the predicted traffic is converted into the UE arrival proxy used by the
proposed controller.

Table 2. Daily internet traffic prediction errors of the LSTM model over the evaluation week.

Metric Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Overall

MAE 0.5840 0.7839 0.6856 0.6196 0.7667 0.7481 0.8297 0.7168
MSE 0.5685 1.0083 0.8199 0.6487 0.9758 0.9213 1.1809 0.8748
RMSE 0.7540 1.0041 0.9055 0.8054 0.9878 0.9599 1.0867 0.9353

https://doi.org/10.3390/electronics15153491

https://doi.org/10.3390/electronics15153491


Electronics 2026, 15, 3491 21 of 26

From a system perspective, the most important observation is that the LSTM forecasts
are sufficiently accurate for downstream reinforcement learning. Since the RL policy
relies only on short-term load trends rather than exact point predictions, small forecasting
deviations do not degrade performance. This robustness is confirmed in later sections,
where the RL agent driven by predicted arrivals achieves nearly identical behavior to the
agent driven by traffic-derived arrivals.

5.4. RL Training Behavior and Learned Policy Characteristics

We now examine the learning dynamics of the PPO agent and the structure of the
resulting adaptive SSB periodicity policy. Throughout training, the agent interacts with the
custom environment described in Section 4, receiving predicted user-entry rates, selecting
a SSB periodicity, and observing the resulting wait time and EMF penalties. The goal is to
identify a policy that delivers low EMF exposure during light-load periods while ensuring
minimal access delay under high traffic.

Figure 8 presents the evolution of the average episodic reward over 6480 training steps.
The reward increases rapidly during the first few episodes, indicating fast discovery of
high-performing periodicity patterns. Beyond approximately six episodes, the learning
curve stabilizes with small fluctuations, suggesting convergence to a consistent policy.

Figure 8. Average reward over training episodes.

To gain insight into the structure of the policy itself, we analyze the frequency dis-
tribution of SSB periodicities selected during evaluation on the test week. As shown in
Figure 9, the learned policy exhibits a bimodal behavior: short periodicities (e.g., 20 ms)
are selected during high-traffic intervals to minimize UE access delay, while long peri-
odicities (e.g., 160 ms) dominate during low-load intervals to reduce unnecessary EMF
exposure. Intermediate periodicities appear less frequently, indicating that the PPO agent
has learned to exploit the extremes of the design space rather than oscillating among
similar configurations.

To further quantify the relationship between predicted load and chosen actions,
Figure 10 shows a two-dimensional heat map mapping the predicted user-entry rate to the
probability of selecting each SSB periodicity. Short intervals are preferred when the pre-
dicted user-entry count exceeds the 95th percentile of historical values, while long intervals
dominate in the lowest quartile. This monotonic load–action alignment demonstrates that
the learned policy is context-aware and responds adaptively to traffic variations rather than
resorting to a static pattern.
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Figure 9. Frequency distribution of the selected SSB periods during deployment.

Figure 10. Heat map of predicted UE arrival proxy versus selected SSB periodicity.

We additionally evaluate the temporal stability of the policy by measuring the number
of action switches per hour. Excessive switching may indicate policy instability or sensitivity
to prediction noise. Figure 11 presents the switching frequency of the PPO agent over the
seven-day evaluation period. The number of switches varies between zero and six per hour,
with most intervals exhibiting approximately three to five switches. Although occasional
intervals contain no switching, the policy generally updates the selected SSB periodicity
several times per hour. These results indicate that the agent responds dynamically to
variations in the predicted traffic demand.

Figure 11. Action switch rate.
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Overall, these results indicate that the PPO agent successfully learns an interpretable
and traffic-aware control strategy. The policy converges consistently across training runs,
selects actions consistent with the underlying EMF–latency trade-off, and remains sta-
ble over time. This provides strong evidence that reinforcement learning is an effective
mechanism for adaptive SSB periodicity control in dynamic urban environments.

5.5. Seven-Day EMF Latency Trade-Off Comparison

To evaluate whether the performance of adaptive SSB periodicity control remains
consistent under different daily traffic conditions, we calculate the average SSB EMF power
density and average UE waiting time per person for each day of the complete seven-day
test period. Figures 12 and 13 present the daily results for the proposed prediction-driven
controller, the same trained policy supplied with the actual traffic-derived arrival sequence,
and the fixed 20, 40, and 80 ms SSB configurations.
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Figure 12. Daily average SSB-induced EMF power density over the complete seven-day test period
for the fixed-periodicity and adaptive SSB control strategies.
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Figure 13. Daily average UE waiting time per person over the complete seven-day test period for the
fixed-periodicity and adaptive SSB control strategies.
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The prediction-driven controller represents the intended operating mode of the pro-
posed framework, in which the PPO policy receives the demand proxy forecast generated
by the LSTM model. The observed proxy controller uses the same trained PPO policy
but receives the corresponding observed traffic-derived arrival sequence. This reference
configuration removes prediction error and allows its effect on the control decisions to
be examined. The fixed 20, 40, and 80 ms configurations are included to represent static
SSB operation.

Figure 12 shows that the prediction-driven controller maintains a lower daily average
SSB EMF power density than the fixed 20 and 40 ms configurations throughout the complete
test week. Its values remain between those of the fixed 40 and 80 ms configurations.
The fixed 20 ms configuration produces the highest power density, while the fixed 80 ms
configuration produces the lowest value among the static baselines. The observed proxy
controller produces higher power density than the prediction driven controller on each
test day.

Figure 13 shows the corresponding daily average waiting time per person. The fixed
20 ms configuration produces the lowest waiting time, with daily values close to 10 ms,
whereas the fixed 80 ms configuration produces values of approximately 37 to 40 ms.
The prediction-driven controller maintains daily average waiting times of approximately
18 to 21 ms, which are substantially lower than the fixed 80 ms results and generally close
to the fixed 40 ms results. The observed proxy controller produces lower waiting time than
the prediction-driven controller.

The complete numerical results are reported in Tables 3 and 4. Over the seven-day
test period, the prediction-driven controller achieves a mean SSB EMF power density of
3.67× 10−5 W/m2 and a weekly average waiting time of 19.22 ms per person. The observed
proxy controller achieves a mean power density of 4.69× 10−5 W/m2 and a weekly average
waiting time of 10.59 ms per person.

Table 3. Daily average SSB-induced EMF power density over the seven-day test period
(×10−5 W/m2).

Method 16 DEC 17 DEC 18 DEC 19 DEC 20 DEC 21 DEC 22 DEC Mean

Fixed 20 ms 10.60 10.60 10.60 10.60 10.60 10.60 10.60 10.60
Fixed 40 ms 5.30 5.30 5.30 5.30 5.30 5.30 5.30 5.30
Fixed 80 ms 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60
Observed-proxy controller 4.40 5.20 4.60 4.60 5.00 4.60 4.50 4.69
Prediction-driven controller 3.40 4.00 3.50 3.60 3.70 3.70 3.90 3.67

Table 4. Daily average UE waiting time per person over the seven-day test period.

Method 16 DEC 17 DEC 18 DEC 19 DEC 20 DEC 21 DEC 22 DEC Weekly Mean

Fixed 20 ms 9.51 9.28 9.42 9.31 9.17 9.64 9.22 9.36
Fixed 40 ms 19.50 20.15 19.36 18.98 19.65 19.40 18.66 19.39
Fixed 80 ms 39.90 40.06 40.16 39.13 38.87 39.18 37.53 39.22
Observed-proxy controller 10.66 10.50 10.87 10.42 10.29 10.89 10.54 10.59
Prediction-driven controller 20.19 18.39 20.21 20.73 19.28 19.18 17.15 19.22

These results show that prediction error changes the SSB periodicities selected by the
trained PPO policy. The prediction-driven controller selects an operating point with lower
EMF power density and higher waiting time than the observed proxy controller. Since the
demand of a future interval is unavailable when the control decision is made, the prediction-
driven results represent the practical operating condition of the proposed framework.
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6. Conclusions
This paper presented an EMF-aware framework that integrates LSTM-based demand

prediction with PPO-based SSB periodicity control in a 5G network simulation. Aggregated
Internet usage measurements from the Milan dataset were transformed into a traffic-derived
UE arrival proxy and used to evaluate the controller over a seven-day held-out period.
The proposed controller selected among SSB periodicities of 5, 10, 20, 40, 80, and 160 ms
according to the predicted demand proxy, while the reward jointly considered normalized
SSB power density and aggregate user waiting time.

Over the complete test week, the prediction-driven controller achieved a mean SSB
power density of 3.67 × 10−5 W/m2 and a weekly average waiting time of 19.22 ms per
person. Compared with the fixed 20 ms configuration, this corresponds to an EMF power
density reduction of approximately 65.4%. Compared with the fixed 40 ms configuration,
the reduction is approximately 30.8%, while the average waiting time remains close to that
of the fixed 40 ms baseline. The fixed 80 ms configuration achieves a lower EMF power
density than the proposed controller, but it results in a substantially higher average waiting
time. Therefore, the proposed method provides an intermediate operating point between
the low delay of shorter fixed periodicities and the lower EMF exposure of longer fixed
periodicities, rather than outperforming every static configuration in both objectives.

The observed proxy controller achieved a lower waiting time of 10.59 ms per person
but a higher mean power density of 4.69 × 10−5 W/m2. This difference shows that predic-
tion errors influence the SSB periodicities selected by the trained PPO policy. Nevertheless,
the prediction-driven configuration represents the intended operating condition because
the demand of a future control interval is not available when the SSB periodicity decision
is made.

The proposed method is evaluated as a network controller. The Milan dataset does not
directly measure physical UE entries, and the derived arrival sequence should therefore be
interpreted as a traffic-based demand proxy. Practical implementation would additionally
require consideration of SSB configuration signaling, reconfiguration latency, system infor-
mation scheduling, and vendor specific constraints. Future work will evaluate the frame-
work using direct network measurements, extend the model to multiple cells, and investi-
gate practical configuration procedures under changing traffic and propagation conditions.
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