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Abstract—Future smart energy infrastructures will increas-
ingly rely on public cellular networks to support communication
for mixed critical infrastructure services. These applications
impose heterogeneous communication requirements and must
remain reliable even under high network load and constrained
energy availability. This paper presents a framework for reliable
low-latency cellular communication with energy awareness. It is
evaluated in Network Simulator 3 (ns-3) in a mixed-criticality
scenario that combines energy and mobility applications with
consumer applications. The proposed approach combines Net-
work Slicing for guaranteed resource isolation with predictive
proactive grants for periodic mission-critical traffic, based on
realistically emulated IEC 61850 communication patterns. Base
stations are among the most power-intensive components of
the cellular infrastructure, yet critical infrastructure commu-
nication depends fundamentally on their continued operation.
Under energy-constrained conditions such as blackout scenarios,
phased component deactivation offers a viable strategy to reduce
their consumption without abandoning critical communication
services. A novel base station energy model formalizes this de-
activation process, with Network Slicing ensuring that dedicated
resources remain guaranteed for the highest-priority grid devices
throughout. Both implementations are released as open-source
ns-3 modules. Simulation results show that end-to-end latencies
below Sms can be achieved while consistently exceeding the
packet delivery ratio target of 99.9999 % through guaranteed
resource allocation. Progressive base station deactivation reduces
power consumption by up to 77 % in the most critical scenario,
while Network Slicing preserves full communication functionality
for the highest-priority grid devices throughout.

Index Terms—Network Slicing, gNB Energy Model, URLLC,
ns-3, Simulation

I. INTRODUCTION

HE ongoing digitalization of critical infrastructures is

increasing their dependence on shared cellular networks
for reliable communication, with Smart Grids representing
one prominent example. This evolution introduces new com-
munication demands, driven by the increasing integration of
distributed energy resources, intelligent substations, electric
vehicles, and large-scale sensor deployments. To support these
developments, communication networks must provide not only
wide-area connectivity and scalability, but also highly reliable
and low-latency transmission capabilities for critical infras-
tructure operations.

Public cellular networks provide a promising foundation for
addressing these requirements. The continuous evolution of
mobile networks towards increasingly capable and globally
available infrastructure makes them a promising communi-
cation platform for critical infrastructures, including Smart
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Grids, avoiding the need for dedicated, application-specific
networks. At the same time, integrating critical infrastructure
communication into such shared public infrastructure intro-
duces substantial challenges, particularly due to the hetero-
geneous criticality of applications and their strict Quality of
Service (QoS) requirements.
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Fig. 1: Mixed-criticality smart infrastructure and priority-
driven communication over cellular networks under congestion
and energy-constrained conditions.
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Critical infrastructure functions, such as protection and
automation mechanisms in High Voltage (HV) infrastructure,
require ultra-low latency and extremely high communication
reliability. Highly critical components such as HV substations
occur only infrequently within the overall network, whereas
non-critical best-effort devices are widely distributed. This
mixed-criticality structure requires prioritization and resource
allocation strategies within the Radio Access Network (RAN)
that can simultaneously serve devices with fundamentally
different communication requirements, as illustrated in Fig. 1.
For critical applications such as HV protection systems, la-
tency targets of up to Sms [1] and reliability requirements of
99.9999 % [2] must be fulfilled to ensure stable and secure
grid operation. Mechanisms such as network slicing, 5G
Quality of Service Identifier (5QI) differentiation, and Ultra-
Reliable Low-Latency Communication (URLLC), introduced
with 5G NR and continuously refined in subsequent releases,
provide an important basis for meeting these requirements, but
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their operation under energy-constrained conditions remains
insufficiently explored.

The energy consumption of mobile networks constitutes a
further factor that must be considered alongside communica-
tion performance. Modern cellular base stations are among
the most power-intensive components of the cellular infras-
tructure, with typical power values for complex cells reaching
around 8000 W per site [3]. As critical infrastructures such
as Smart Grids are inherently linked to energy management
and resilience, the cellular infrastructure that supports their
communication becomes an energy-relevant component of
the overall system. This dependency becomes critical during
power shortages or partial blackouts, where grid-side energy
availability may be limited to battery backup. Under such
conditions, reducing base station power consumption through
phased component deactivation is a viable strategy, but only if
the communication reliability of the highest-priority grid de-
vices can be guaranteed throughout the process. Network Slic-
ing provides precisely this guarantee by ensuring dedicated,
isolated resources for mission-critical traffic independently of
the operational state of the base station.

This paper investigates priority-driven and energy-aware
cellular communication for mixed critical infrastructures, us-
ing Smart Grid communication as a representative and de-
manding evaluation scenario. A novel base station energy
model enables phased component deactivation under energy-
constrained conditions, while Network Slicing and predictive
proactive grants ensure that communication reliability and
latency requirements for mission-critical IEC 61850 traffic
are preserved under both nominal and degraded network
conditions.

II. RELATED WORK

This section reviews existing work across two research areas
relevant to this paper, namely, uplink scheduling for URLLC
services in 5G networks with prioritization utilizing network
slices and base station power consumption modeling.

1) Predictive Dynamic Network Slices:

Regarding reliability in grant-free access, [4] proposes a
framework for URLLC User Equipments (UEs) leveraging Au-
toregressive Integrated Moving Average (ARIMA)-based pre-
diction of future network load to enable adaptive resource allo-
cation for low latency constraints. [5] uses a Deep Reinforce-
ment Learning (DRL)-based uplink scheduler to eliminate
latency-inducing scheduling requests, while prior work from
our group investigated proactive, prediction-based resource
management for 5G uplink slicing [6] using Long Short-
Term Memory (LSTM) models. [7] employs Medium Access
Control (MAC)-level predictions of buffer status reports to
reduce head-of-line delay for vehicular UEs using bidirectional
LSTM within the simulation framework ns-3. Other works
successfully incorporate Random Forest models for data rate
prediction outlining its applicability while maintaining low
complexity in model training [8]. Additionally, a recent ns-3
based study [9] presents an end-to-end evaluation framework
demonstrating that dedicated QoS flows can isolate 4K video

traffic from best-effort background loads. However, the slicing
here relies on a standard Proportional Fair scheduling, without
5QI-based traffic class differentiation, URLLC-specific latency
guarantees, or any mechanism for coordinated resource shut-
down. All those aspects are central to the blackout scenario
addressed in this work.

2) Energy Modeling of Mobile Radio Networks:

A central challenge in energy-saving for mobile radio networks
is the energy consumption of base stations, which account for
the largest share of RAN power usage [10]. Thus, research
in this area falls into the categories of modeling the base
station energy consumption as well as developing strategies
to reduce it. The authors of [11] propose a data-driven power
consumption model derived from real-world measurements,
where a technology- and frequency-specific linear regression
model is shown to outperform neural network approaches.
However, the model is derived from a limited set of hardware
configurations and measurements aggregated at hourly granu-
larity, whereas this work targets optimization at the millisec-
ond timescale. At a larger scale, [12] combines ML-based and
expert-driven models to predict network energy consumption
and UE throughput under carrier shutdown configurations. The
results were simulated using a custom agent-based model with
focus on carrier shutdown dynamics and UE handovers, thus
additional effects e.g. in scheduling operations were neglected
in this perspective. Focusing on energy-saving of base stations,
[13] implements a network-state-aware base station switching
mechanism directly in ns-3, toggling power states based on
UE connectivity and traffic activity, though the scope is limited
to mmWave scenarios. [14] takes a learning-based approach,
formulating carrier shutdown as a deep reinforcement learning
problem where actions cover not only carrier deactivation but
also the reallocation of traffic and users to remaining active
carriers and thus optimizing Quality of Experience (QoE) for
users. For the energy modeling of base stations within ns-3
itself, [15] provides a basic energy module for 5G mmWave
gNBs, though with a focus on mmWave and without a detailed,
measurement-based characterization of power consumption. In
this work, we introduce an enhanced network state modeling
in ns-3 to sub-6 GHz deployments in alignment with O-
RAN working group specifications [16], and instantiate the
energy efficiency modeling principles of [17] within a con-
trolled simulation environment. Whereas, literature focuses on
general improvements in energy consumption of mobile radio
networks, we couple the energy saving strategies to prioritized,
low latency network slices in the event of a grid blackout and
subsequent re-establishment of normal operation.

Unlike prior work, we publicly release all ns-3 extensions
developed in this study, providing the research community
with a reproducible, openly available platform for energy-
aware slicing evaluation under varying network conditions.

III. SYSTEM ARCHITECTURE

The proposed system architecture describes the ns-3-based
simulation framework used to implement and evaluate the
considered cellular communication mechanisms for mixed
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Fig. 2: Architecture of the proposed simulation framework.
The figure shows the extended UE and gNB protocol stacks
in ns-3 and the additional modules implemented for network
slicing, predictive proactive grants, and RAN energy modeling.

critical infrastructures in a representative Smart Grid scenario.
Fig. 2 provides an overview of the implemented extensions and
their integration into the simulated UE—-gNB protocol stack.

The architecture consists of three main components. First,
a Network Slicing mechanism is implemented at the radio
access level to separate traffic flows with different service
requirements. A custom OFDMA-based Network Slice Sched-
uler at the gNB MAC layer enables slice-specific Physical
Resource Block (PRB) reservations combined with intra-
slice prioritization based on 5QI-aware Proportional Fair (PF)
scheduling. Second, the scheduling framework is extended by
predictive proactive grants that use a trained prediction model
to anticipate recurring uplink transmissions from mission-
critical devices based on IEC 61850 traffic patterns. Third, an
analytical gNB energy model based on [17] is integrated into
ns-3 to estimate base station energy consumption from both
static configuration parameters and dynamic operating condi-
tions. The model considers factors such as transmit power,
antenna configuration, system bandwidth, network load, and
component shutdown states.

In addition, the simulation environment incorporates real-
world geospatial data from OpenStreetMap (OSM) [18] and
cellular base station location data from [19]. Infrastructure
assets and base stations are placed according to actual de-
ployment locations within the considered area, providing a
realistic basis for evaluating the Network Slicing, predictive
scheduling, and energy-aware mechanisms considered in this
work.

A. Implementation of Network Slicing in ns-3

The network slicing functionality is implemented as an
extension of the MAC-layer scheduler in the 5G-LENA frame-
work and is publicly released as an open-source contribution'.
The scheduler introduces slice-aware resource allocation while
preserving the existing 5QI-based prioritization mechanisms of
the simulator. For this purpose, the implementation employs

Thttps://github.com/tudo-cni/ns3-network-slicing
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Fig. 3: Two-stage network slicing procedure. The inter-slice
stage allocates resources across slices, while the intra-slice
stage schedules UEs within each slice using 5QI-aware prior-
itization.

a hierarchical two-stage design that provides guaranteed re-
source isolation across slices while retaining full prioritization
flexibility within each slice. The first stage determines the
resource budget of each slice, whereas the second stage selects
the concrete UEs and flows within the assigned slice resources.

The scheduling principle is illustrated in Fig. 3. In the
first step, the available frequency-domain resource grid is
partitioned between the configured slices and a best-effort
resource pool. This partitioning is performed at slice level
and defines which part of the available radio resources may
be used by each slice during the current scheduling interval.
In the second step, the resources assigned to each slice are
filled with the corresponding UEs according to the intra-slice
scheduling decision. The resulting allocation therefore reflects
both the configured slice structure and the service requirements
of the active flows.

Each slice is assigned an identifier and a reservation share
defining its guaranteed fraction of available Resource Block
Groups (RBGs), while UEs are associated with the corre-
sponding slice according to their service class. The reservation
shares are derived from the traffic characteristics of the served
devices. Since IEC 61850 devices typically exhibit determin-
istic and largely periodic transmission patterns, the required
resource share of each slice can be estimated reliably and
configured accordingly. The shares therefore remain fixed dur-
ing operation, preserving strict resource isolation and ensuring
that the capacity reserved for mission-critical services remains
available when required.

The intra-slice scheduler operates within the resource budget
assigned by the inter-slice controller. Within this budget, UEs
and logical channels are scheduled using the proportional-fair
mechanism of the 5SG-LENA 5QI scheduler, balancing channel
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utilization and long-term fairness among users. In addition
to the proportional-fair component, the scheduler retains the
standard-compliant 5QI-based QoS handling of 5G-LENA.
This hierarchical design separates resource isolation from
service differentiation, allowing critical services to receive
guaranteed resources while retaining flexible prioritization
within each slice.

B. ML-based Predictive Proactive Scheduling

Protection and control devices in smart grid infrastructure
depend on timely uplink transmissions to report fault events
and state changes under strict latency constraints. To elimi-
nate the overhead introduced by the conventional scheduling
request procedure for such devices, the proposed architecture
employs a machine learning-based proactive grant allocation
mechanism that predicts upcoming transmissions and pre-
allocates radio resources, enabling the UE to transmit imme-
diately upon packet arrival.

Packet Size

uL AT UL uL uL UL UL oo

Data || Data || Data Data Data Data Data | | | Data Data
:
URLLC UE t -
High Voltage Look-back window =0 Look-ahead { UM
Substation horizon
Inter-
Arrival
Trafﬁcl Extraction Times | Random Forest IAT
Observation . -
. of Key Regression Packet Size
and History 4 F=——" —
Buffer Information Pafcket Model Next-Step
gNodeB Sizes Predictions

Fig. 4: Concept of the predictive proactive grant mechanism
using previously observed uplink packet sizes and inter-arrival
times to estimate future transmission activity within a config-
urable look-ahead horizon.

The basic concept is illustrated in Fig. 4. A history buffer
at the gNB observes previous uplink transmissions of a se-
lected URLLC UE. From this look-back window, scheduling-
relevant features such as packet sizes and inter-arrival times are
extracted and provided to a predictive model. The model esti-
mates whether additional uplink packets are expected within a
configurable look-ahead horizon. If future traffic is predicted,
the scheduler can prepare uplink resources in advance and
assign a proactive grant to the corresponding UE.

The traffic patterns used for this mechanism are derived
from the IEC 61850-based substation scenario shown in Fig. 5,
in which the Remote Terminal Unit (RTU) serves as the com-
munication gateway to the remote Supervisory Control and
Data Acquisition (SCADA) system via the cellular uplink. The
architecture is emulated using the open-source libIEC61850
library [20], with more than 1000 individual scenarios ex-
ecuted across systematic parameter sweeps of transmission
intervals, message sizes, and timing jitter, accumulating over
ten hours of network traffic. From the recorded traces, inter-
arrival time and packet size are extracted as features, capturing
the essential timing and load characteristics of the traffic
without requiring application-level payload inspection. To ac-
count for event-driven behavior, selected runs include a critical
occasion transition, in which reporting frequency increases

under critical system conditions. This transition represents
realistic emergency or fault situations, where selected devices,
particularly protection-related infrastructure components, tem-
porarily increase their communication activity. The dataset
is partitioned into training (70 %), validation (15 %), and
test (15 %) subsets and uses the inter-arrival time and packet
size of the subsequent transmission as prediction targets for
proactive grant allocation, with the test set reserved for final

evaluation.
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Fig. 5: IEC 61850 substation communication architecture,
illustrating the hierarchical levels and their associated traffic
types. The architecture serves as the basis for the traffic emu-
lation used to generate representative communication patterns

for training the predictive scheduling model.

IEC 61850 communication in the considered substation
scenario is characterized by highly structured traffic patterns,
consisting primarily of periodic monitoring messages and
recurring event-driven communication. As a result, future
transmissions can often be inferred from a limited history of
recent packet arrivals and sizes, making the prediction task
well suited for a regression-based approach.

A Random Forest regressor was selected as the prediction
model due to its ability to capture nonlinear relationships
between traffic features while remaining robust and computa-
tionally efficient. To determine a suitable model configuration,
different lookback and lookahead settings were evaluated,
followed by hyperparameter optimization using grid search
with five-fold cross-validation. The final model employed a
lookback window of 10 samples, a lookahead horizon of three
future transmissions, 200 decision trees, and a maximum tree
depth of 30.

Since proactive grant allocation depends on correctly pre-
dicting both the timing and size of future transmissions,
inter-arrival time and packet size were jointly estimated. To
account for timing variations and communication jitter, grant
reservations were applied within a tolerance window of 2 ms
around the predicted transmission instant.

Fig. 6 shows representative one-step-ahead (t+1) and three-
step-ahead (t + 3) predictions on the test dataset. A grant
prediction is considered successful when both the transmis-
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Fig. 6: Predicted versus actual inter-arrival time and packet size at one-step (t+1) and three-step (t+3) horizons, evaluating the
Random Forest model used for Proactive Grant scheduling on IEC 61850 traffic.

sion time and the required resource reservation are predicted
correctly within the configured tolerance window. The com-
bined consideration of inter-arrival time (IAT) prediction and
packet size estimation resulted in an overall grant prediction
hit accuracy of 93.3 %, enabling reliable proactive resource
reservation for future transmissions.

C. Base Station Energy Model in ns-3

To evaluate the energy consumption of 5G base stations
under realistic network conditions, we implemented an ana-
lytical power model for the gNB Active Antenna Unit (AAU)
within the ns-3 simulator. The implementation is based on
the analytical model presented by Piovesan et al. [17] and is
released as an open-source extension. It integrates with the
5G-LENA NR module and the ns-3 energy framework.

The reference model decomposes the AAU power consump-
tion into five components. The full expression used in our
implementation is given in (1) and evaluated per scheduling
slot; the corresponding symbols are summarized in Table L.

T
PAAU = PO + PBB + Z Ma'u,t DTran,t

t=1

Prran
T

+ Z Mac,t DPA,t fsym,t

t=1

D

Ppa

C
1 .
+ E E PT”:L)?,LC mln(pc + pctrl,cy 1)
c=1 "~

Pout

While the reference model in [17] provides the analytical
structure, it is formulated as a load-averaged expression and
does not, in its original form, account for the slot- and symbol-
level dynamics that arise in an event-driven simulator. To
integrate it faithfully into the per-slot execution of ns-3 and to
make it consistent with the symbol- and control-level behavior

Zhttps://github.com/tudo-cni/ns3- gNB-energy-model

TABLE I: Parameters of the AAU power consumption model.

Symbol Description Symbol  Description

Paavu Total AAU power Ne MCPA efficiency, car. ¢
Py Baseline power Pr'¢", ~ Max. TX power, car. ¢
Ppp Baseband power No. of carriers

Proyan Transceiver power fsym,t Symbol-activity factor
Mgyt Auvail. RF chains, ¢t Ngata,+ Data symbols/slot
Dtran,t Power per RF chain Niotal,t+ Total symbols/slot

T No. of trx. groups Pe Data load fraction
Ppa PA power Petri,c Control load fraction
Mage,t Active RF chains, ¢ N cRifl,c Control REs/slot
Dpa Static MCPA power/chain Nrp . Resource blocks, car. ¢
Pout Transmit power

observed at the PHY layer, we introduce two small refinements
to the original formulation. Both leave the model’s parameters
and its limiting cases unchanged, but they improve its accuracy
under realistic, time-resolved scheduling.

The first refinement concerns the power-amplifier term Pp 4.
In the reference model this term is a constant offset whenever
the carrier is active. We replace it by an activity-dependent
term that scales with a symbol-activity factor fgy., ¢, defined
as

N ata .

datat g symbol shutdown enabled
fsym,t = Ntotal,t 2)

1 otherwise

Here foym, is the amplifier’s duty cycle within a slot, i.e.
the fraction of data-bearing symbols. It captures symbol-level
discontinuous transmission (DTX), where the PA is switched
off during empty symbols, and excludes control symbols so
that Pp4 vanishes to the idle point Py + Pgp + Prren at
pe = 0 and recovers M. Dpa, at full load.

In the reference model, the transmit power P,,; scales only
with the data load p.. However, the downlink control channels
(e.g. PDCCH) also radiate power through the PA. We therefore
add a separate control load fraction p.r;., which measures
the share of the slot capacity occupied by control resource
elements and is counted only while data is being transmitted
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(pe > 0), since idle control overhead is already part of Fy. It
is defined as

RE
thrl,c .
— ifp. >0
Pectrl,c = NRB,C Ntotal,c 3)
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Fig. 7: Architecture of the proposed gNB energy model
in ns-3. The model combines scenario-specific deployment
information with live PHY-layer utilization statistics and
supports runtime adaptation through configurable AAU- and
transceiver-group parameters.

As shown in Fig. 7, the model is integrated with the
ns-3 energy framework and attaches to the 5G-LENA NR
base station at the physical layer. For each slot in which
the base station accesses the channel, dedicated monitoring
interfaces report the scheduler’s resource block utilization,
the number of data and control symbols, and the current
transmit power. The model is configured through a set of base
station level attributes and a hardware parameter set defined
per carrier. Each carrier belongs to a transceiver group that
represents one physical radio front end. The static transceiver
and amplifier power is accounted once per transceiver group,
whereas the radiated power is accounted per carrier. Carriers
sharing a front end belong to the same transceiver group,
while distinct bands or panels form separate groups within
one base station. Internally, the power is always computed
in normalized form, where full load corresponds to a value
of one. This allows a direct comparison with the analytical
reference curves. The normalized values can then be mapped
to absolute power figures using per-component measurements
reported by the O-RAN Alliance Working Group in [16],
which provide power consumption characteristics for different
base station configurations and load conditions. For each
slot, the model derives the demand load fraction from the
scheduler’s allocation, updates a smoothed load estimate using
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Fig. 8: Validation of the implemented ns-3 gNB energy model
against the analytical reference model from [17], showing
close agreement in load-dependent and shutdown-state power
consumption.

an exponentially weighted moving average that drives the
energy saving state, and evaluates the individual power com-
ponents, aggregating the static hardware terms per transceiver
group and the radiated power per carrier. Four energy saving
mechanisms are available. Symbol shutdown scales the static
amplifier power by the ratio of active data symbols to total
symbols per slot. Channel shutdown reduces the number of
active RF chains under low load. Carrier shutdown deactivates
an entire carrier, and deep dormancy leaves only the baseline
power once all carriers of a base station are switched off.

We validate the implementation against the total normalized
power consumption of the reference model [17]. For valida-
tion, the transmit power is varied over different downlink PRB
load levels while the resulting power consumption is moni-
tored. The symbol shutdown, carrier shutdown, and deep dor-
mancy mechanisms are evaluated individually and compared
against their respective reference behavior. Fig. 8 compares the
analytical reference values, shown in grey, with the output of
our model, shown in green. The simulated behavior closely
follows the reference, reproducing both the load-dependent
trend and the observed scatter. The close agreement across
all evaluated load levels and shutdown mechanisms confirms
that the implementation accurately reproduces the behavior of
the analytical reference model.

D. Realistic Simulation Environment and Scenario Modeling

To evaluate the proposed scheduling and energy manage-
ment mechanisms under realistic conditions, the simulation
scenario is based on the Dortmund harbor district, as illus-
trated in Fig. 9. A dedicated preprocessing pipeline combines
publicly available infrastructure data from OSM [18] with
cellular deployment information obtained from [19]. The ex-
tracted geographic coordinates are translated directly into the
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ns-3 environment, allowing communication and power system
entities to retain their actual spatial relationships.
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Fig. 9: Geospatial critical infrastructure communication sce-
nario in the Dortmund Harbor district, combining cellular
infrastructure with distributed energy assets and safety-critical
protection applications.

The resulting topology incorporates both cellular and
mixed-criticality infrastructure. Real gNB locations are used
and configured according to common deployment practices,
employing the n28 band for wide area coverage and the
n78 band for high capacity services. The Smart Grid model
includes high voltage substations, distribution stations, pho-
tovoltaic installations, industrial metering points, and elec-
tric vehicle charging stations. Particular attention is given
to protection traffic associated with high voltage substations,
which constitutes one of the most demanding IEC 61850
communication services in terms of latency requirements.

IV. EVALUATION AND RESULTS

This section evaluates the implemented communication
mechanisms within a realistic simulation environment, assess-
ing their capability to fulfill the strict latency and reliability
requirements of critical infrastructure applications, exemplified
by Smart Grids. The analysis focuses on the implementation
and evaluation of two resource management mechanisms:
slice-based resource reservation for separating traffic classes
and predictive proactive grants for reducing uplink latency in
periodic mission-critical traffic. The evaluation is conducted
using the Dortmund harbor district scenario introduced in the
previous chapter. Beyond communication performance, energy
awareness at the base station level is a central aspect of this
evaluation, as constrained energy availability requires phased
component deactivation while simultaneously preserving reli-
able communication for the highest-priority services. Network
Slicing is the key enabler of this interdependence, with pre-
dictive proactive grants further tightening the latency budget
for time-critical flows under these constrained conditions.

A. Simulation Configuration

The evaluation is conducted within the ns-3 simulation
environment (v3.47), extended by the 5G-LENA module
(v4.2), using the Dortmund harbor district scenario introduced
in the previous chapter. To ensure a realistic representation
of current cellular infrastructure, the network configuration
follows practical deployment parameters for both coverage
and capacity layers. The setup employs two frequency bands,
with n28 operating in Frequency Division Duplex (FDD) mode
to provide wide-area coverage and n78 operating in Time
Division Duplex (TDD) mode to deliver additional capacity.
Furthermore, devices participating in the mixed-criticality sce-
nario are assigned application-specific SQI values according
to their communication requirements, enabling differentiated
treatment of critical and non-critical traffic. Network Slicing
guarantees resource availability for critical traffic, with pre-
dictive proactive grants additionally applied to high-voltage
substation flows for further latency reduction. The complete set
of simulation and traffic parameters is summarized in Table II.

TABLE II: Simulation setup and scenario configuration.

Parameter Band

n28 n78
Frequency 700 MHz 3.5GHz
Duplex mode FDD TDD
Bandwidth 20 MHz 60 MHz
MIMO 4 x4 64 x 64
TDD pattern - 7D2U

SCS / MCS table
BS TX power
Channel model
Sectors per gNB

BS / UE height
Assigned 5QI values

Traffic (Smart Grid)
Traffic (Best-effort)

30kHz / 3GPP Table 1
49 dBm

Urban / Suburban

3 (120° each)

40m/ 1.5m

6,7, 8,9, 83, 84, 85

IEC 61850-modeled traffic
A = 100-200 packets per second, 100-1000 Byte

Slice: Critical
Slice: Standard
Slice: Low
Slice: Best-effort

6 High-Voltage protection systems (Proactive Grants)
EV chargers, PV, energy distribution, smart meters
Low-Voltage distribution boxes

Non-critical traffic

Simulation 60s (+500 ms init/cool-off), 10 seeds

B. Performance Analysis of Prioritization Mechanisms

The performance of the proposed prioritization mechanisms
is evaluated under increasing network load in terms of latency
and reliability. For this purpose, the number of active UEs is
gradually increased to analyze the scalability and robustness
of the different configurations. The considered setups include
the default configuration without prioritization, 5QI-based
traffic differentiation, Network Slicing, the combined 5QI and
slicing approach, and the proposed predictive proactive grant
mechanism for the most critical HV substation devices.

Fig. 10 shows the resulting mean packet delivery ratio and
end-to-end latency for prioritized critical infrastructure traffic,
represented by HV protection systems in Smart Grids, together
with the corresponding Best Effort background traffic. In the
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Fig. 10: Impact of different prioritization mechanisms on communication performance under increasing network load. (a) Mean
packet delivery ratio and (b) mean end-to-end latency (bands: mean jitter between consecutive packets) for prioritized devices,
comparing default scheduling, 5QI-based prioritization, Network Slicing, and Predictive Proactive Grants.

default configuration, both latency and packet losses increase
rapidly as the number of UEs grows, indicating early network
congestion and insufficient resource availability for critical
traffic. Since all devices compete equally for radio resources,
mission-critical communication cannot be reliably protected
under high load.

Introducing 5QI-based prioritization improves latency com-
pared to the default case, as traffic classes with higher priority
receive preferential scheduling. However, because the applied
scheduler is still based on weighted proportional resource
allocation, it cannot guarantee packet delivery under severe
congestion. This behavior is reflected in Fig. 10 (a), where
packet losses remain observable at high network load despite
the applied prioritization.

Network Slicing provides a stronger isolation mechanism
by reserving dedicated resources for specific service classes.
As a result, the slicing-based configurations eliminate packet
loss for prioritized devices across the considered load range,
consistently exceeding the reliability target of 99.9999 %. This
behavior follows directly from the static resource reservation
within the corresponding network slices, which guarantees the
availability of resources for critical traffic independently of
Best Effort load conditions. Predictive proactive grants have
no direct impact on reliability, as packet delivery is already
ensured by the resource isolation provided through Network
Slicing.

While Network Slicing primarily improves reliability, the
latency results shown in Fig. 10 (b) reveal additional benefits
of the proposed hierarchical prioritization approach, where
the shaded bands indicate the latency variation and therefore

the jitter seen by the application. Compared to standalone
5QI scheduling, the combination of 5QI and Network Slicing
further reduces end-to-end latency and visibly narrows this
band, since the reserved resources are available independently
of the Best Effort load, keeping the waiting time until a
transmission opportunity nearly constant. The lowest latency
is achieved when predictive proactive grants are enabled for
the most critical HV substation devices. By allocating uplink
resources in advance based on predictable traffic patterns, the
Scheduling Request (SR) and grant procedure can be partially
bypassed, reducing signaling overhead and delays. Conse-
quently, the average latency remains close to 4 ms even under
high network load, complementing the reliability benefits of
Network Slicing.

C. Energy-Constrained Network Performance

Beyond reliability and latency, the energy demand of the
gNB is a relevant factor for the integration of mobile network
infrastructure into Smart Grid communication, particularly
under emergency or resource-constrained operating conditions.
This subsection evaluates gNB power consumption under an
incremental power reduction strategy, in which the radio con-
figuration is progressively scaled down across several defined
phases, and examines whether the prioritization guarantees
provided by Network Slicing remain effective as the network
is degraded.

The base station parametrization corresponds to the config-
uration given in Table II. The reduction strategy investigated
here follows a defined deactivation plan comprising seven
phases of increasing severity, summarized in Table III. Starting
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Fig. 11: Stepwise gNB power-reduction and per-slice uplink rates in the considered smart-grid scenario with 800 UEs. As
the available base-station capacity is reduced, slicing maintains the critical HV-protection and smart-grid priority slices until a
critical network state is reached, where deep dormancy is applied and only the most critical traffic remains served.

from the baseline configuration, the n78 bandwidth is gradu-
ally reduced in two steps, first from 60 MHz to 40 MHz, then
from 40 MHz to 20 MHz, together with corresponding transmit
power adjustments. Subsequently, the least-loaded n78 sector
per site is deactivated, followed by deactivation of the two
least-loaded sectors, and finally complete shutdown of the
n78 layer through band-level deep dormancy. A final, critical
phase reduces the network to a single active n28 sector across
all sites, with the remaining sectors set to deep dormancy,
representing a worst-case emergency configuration.

TABLE III: Stepwise gNB power reduction plan for energy
conservation in critical infrastructure scenarios.

Phase Configuration

All sectors active, Band n28 + n78

n78 bandwidth reduced to 40 MHz

n78 bandwidth reduced to 20 MHz
Least-loaded n78 sector per site deactivated
Two least-loaded n78 sectors per site deactivated
All n78 sectors in deep dormancy

One n28 sector active; rest deep dormant

Normal operation

BW reduction I

BW reduction IT
Partial n78 shutdown I
Partial n78 shutdown II
Full n78 shutdown
Emergency mode

Each phase corresponds to a concrete modification of the
radio configuration, including bandwidth reduction, transmit-
power adaptation, or carrier deactivation, thereby directly
affecting both power consumption and the available radio
capacity. As n78 sectors are deactivated, their associated UEs
are rerouted onto the n28 coverage layer, increasing the load on
the remaining active sectors. Consequently, the available radio
resources must be shared among a larger number of UEs, mak-
ing efficient traffic prioritization increasingly important in the

111

later deactivation phases. Since Network Slicing has already
been shown to reliably prioritize critical IEC 61850 Smart
Grid traffic over best-effort traffic, this subsection further
investigates whether this prioritization remains effective as the
network is progressively degraded. To this end, the achieved
data rates of the critical, sliced devices are analyzed across the
deactivation phases, in order to verify that prioritized critical
communication remains stable even under significant power-
driven network reduction.

The resulting power consumption across the seven phases is
shown in the upper panel of Fig. 11, where the individual re-
duction measures are applied successively to demonstrate their
cumulative effect. Total Radio Unit (RU) power consumption
decreases with each phase, although the contribution of the
individual measures differs considerably. Bandwidth reduction
yields only limited savings, reducing consumption by approx-
imately 4 % and 7 % relative to the baseline while all sectors
remain active. Significantly larger gains are achieved through
n78 deactivation, reaching reductions of approximately 18 %,
36 %, and 53 % for the successive shutdown phases. This
behavior is expected, as the later phases progressively place
larger portions of the radio infrastructure into dormancy rather
than merely reducing the utilization of active resources. The fi-
nal emergency configuration, in which only a single n28 sector
remains operational, lowers the total RU power consumption
by approximately 77 % compared to normal operation. In this
state, only the minimum infrastructure required to maintain
critical communication remains active.

The lower panel of Fig. 11 reports the corresponding mean
per-UE uplink data rate and packet delivery rate, separated by



traffic class. During the gradual reduction of radio resources,
the critical HV-protection slice remains stable throughout all
phases, while the smart-grid priority slice is maintained only
as long as sufficient residual capacity is available. In the final
emergency configuration, the network serves only the most
critical traffic.

Best-effort traffic degrades as resources are removed, with
the most pronounced reduction occurring already during the
n78 bandwidth scaling phases. Here, available capacity is
reduced while the number of served UEs remains unchanged,
directly affecting both data rate and packet delivery rate.
Subsequent sector deactivations have a comparatively smaller
impact, as affected UEs can still be served by the remaining
sectors and the n28 coverage layer. As a result, the loss of ca-
pacity is partially compensated despite the reduced number of
active sectors. Only when the network reaches the emergency
configuration are the remaining resources reserved exclusively
for critical communication, causing all non-critical traffic to
be dropped. Overall, the results demonstrate that the slicing
scheduler first absorbs resource shortages within the lower-
priority traffic classes while preserving the service guarantees
of the highest-priority applications for as long as network
resources permit.

V. CONCLUSION

Our proposed framework demonstrates the feasibility of
jointly addressing traffic prioritization and energy-aware op-
eration for critical infrastructure communication over public
cellular networks. By combining Network Slicing with ML-
based predictive proactive grants, the framework provides
guaranteed resources for critical traffic while reducing uplink
access delays, achieving end-to-end latencies below 5 ms and
exceeding the 99.9999 % reliability target under high network
load. Furthermore, the results show that critical communi-
cation services can be maintained under severely energy-
constrained operation, where progressive component deacti-
vation lowers base station power consumption by up to 77 %.
This requires coordinated traffic prioritization and guaranteed
resource allocation alongside energy-aware network operation.
As radio resources are progressively reduced and infrastructure
components enter dormancy, Network Slicing sheds non-
critical services while preserving communication for the most
critical protection and control functions. These mechanisms
are not specific to this scenario: comparable mixed-criticality
deployments with similarly heterogeneous requirements, such
as industrial automation or transport infrastructure, can build
on the same approach. The slicing scheduler and the gNB
power model are released as open-source ns-3 modules to
support reuse and reproducibility. Future work will extend the
evaluation to larger and more dynamic deployments with UE
mobility, aperiodic traffic, and more adaptive slice manage-
ment.
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