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ABSTRACT Reducing energy waste in cellular radio systems is critical for lowering the carbon footprint of
wireless communication networks. In current deployments, radio power amplifiers (PAs) typically operate at
a fixed high supply voltage regardless of physical resource block utilization (PRB-U), leading to unnecessary
energy consumption. This work investigates a machine learning-based approach on real field data for
dynamically switching the PA supply voltage between two hardware-supported levels, thereby adapting
the available radio-frequency (RF) output power capacity to predicted traffic demand. While many prior
approaches focus on network-level control, the proposed method performs voltage optimization at the
level of individual radio units. Eight models are evaluated under two task formulations: 1) classification
of voltage levels and 2) regression of PRB-U followed by mapping to voltage states. The results show
that machine learning can achieve substantial energy savings, although effectiveness varies across radios.
Underestimations, defined as instances where the predicted voltage is lower than required, are minimized
more effectively by classification models than by regression approaches, resulting in a more reliable trade-
off between energy efficiency and connectivity. A customized Feedforward Neural Network classifier and
a Random Forest model perform best, outperforming both statistical baselines and more complex temporal
architectures, achieving F1 scores of 0.35 and 0.29 respectively while reducing energy consumption by
over 12%. In contrast, a baseline ARIMA model shows poor predictive performance with an F1 score
of 0.09 despite similar energy savings. Explainability analysis using SHAP indicates that current PRB-U
is the most influential feature, while the superior performance of nonlinear models suggests that linear
utilization-based approaches are insufficient for reliable switching decisions. These results demonstrate the
potential of learning-based PA voltage control as a new mechanism for improving the energy efficiency of
cellular radio systems while maintaining service reliability.

INDEX TERMS Dynamic voltage scaling, energy efficiency, machine learning, explainable artificial
intelligence, load forecasting, time series analysis.

I. INTRODUCTION

THE Paris Agreement is a significant milestone in
climate policy making, adopted on December 12, 2015

[1]. This legally binding treaty, established under the United
Nations, outlines in Article 2a the goal of “holding the
increase in the global average temperature to well below
2◦C above pre-industrial levels and pursuing efforts to limit

the increase to 1.5◦C”. January 2025 was the warmest on
record, with temperature levels 1.75◦C above pre-industrial
levels [2].

Significant reductions in global energy consumption and
emissions are required across all sectors [3] to meet the goals
outlined in the Paris Agreement. One strategy to support
this transition is the incorporation of machine learning
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(ML)-based methods to enable more energy-efficient solu-
tions. As many energy systems rely on sequential,
sensor-collected data, time series forecasting can play a
central role in enabling predictive control and dynamic
adaptation.

Time series forecasting has advanced rapidly in recent
years, supported by the increasing availability of data [4].
It is widely applied in domains such as healthcare, finance,
and industrial production [4], and has also shown promise in
energy efficiency applications [5]. A wide range of methods
exist, from traditional statistical models to machine learning
techniques [6].

In line with these developments, ML models have gained
traction over traditional statistical approaches due to their
ability to capture complex patterns and long-term depen-
dencies in data [4]. Various neural architectures, such as
Deep Neural Networks (DNNs), Graph Neural Networks,
Convolutional Neural Networks (CNNs), and Transformers,
have shown strong potential in this domain [7], [8]. Despite
their success, deep learning models such as Transformers
can face certain limitations in time series forecasting tasks,
such as inefficiencies and diminishing returns when increas-
ing the look-back window length. Furthermore, CNNs have
shown strong results in time series tasks. For example, in
one study of stock market forecasting, CNNs outperformed
the Long Short-Term Memory model (LSTM) networks by
30% in accuracy [9].

Moreover, [10] conducted a comprehensive benchmarking
study across a wide range of real-world tabular datasets
and found that models like XGBoost and Random Forests
consistently outperformed deep learning models on medium-
sized datasets. Their results emphasize the strength of these
classical approaches in scenarios where data is limited, noise
is present, and the data is non-rotationally invariant, such
that forming linear combinations of features may introduce
misleading representations. Recently, [11] demonstrated the
superior performance of tree ensemble methods, such as
XGBoost and Random Forests, in multi-armed bandit prob-
lems as well.

Energy consumption forecasting using time-series data
is inherently challenging due to its nonlinear, non-
stationary, and seasonally dependent nature [12]. Deep
learning methods have demonstrated strong performance
improvements in large-scale energy forecasting tasks
such as electric load demand and renewable generation
prediction [5], [13].

Another area where time-series predictions for energy
efficient operations have been applied is that of cellu-
lar base stations (BSs). Foundational frameworks such as
the EARTH model establish a mapping between radiated
radio-frequency (RF) output power and total supply power,
demonstrating an approximately linear relationship between
transmit power and BS power consumption [14]. This lin-
ear load-dependent abstraction has been widely adopted
in subsequent work, including [15], [16], [17]. Power

scaling with respect to component carriers has likewise been
approximated using linear models [16], reinforcing the
prevalence of load-based representations in radio energy
analysis.

More recently, research has focused on refining BS
power consumption modeling using both analytical and
data-driven techniques. In [16], machine learning is com-
bined with analytical modeling to characterize load- and
configuration-dependent behavior across diverse 5G BS
setups. In parallel, [15] investigates probabilistic forecasting
of Physical Resource Block (PRB) utilization to improve
energy efficiency in Open RAN deployments by reducing
unnecessary capacity over-allocation while minimizing the
risk of capacity shortfall.

While these studies enhance load modeling and forecast-
ing accuracy, energy savings are typically realized indirectly
through improved prediction combined with existing linear
PRB-to-power mappings. Explicit hardware-level actuation
mechanisms are generally not considered.

In particular, discrete adaptation of the power amplifier
(PA) supply voltage under practical hardware cost con-
straints has not been systematically explored. Adjusting
the PA supply voltage directly constrains the maximum
available RF output power range and therefore influences
DC input power consumption at the source. However,
supporting multiple PA supply voltage levels increases hard-
ware complexity, requiring additional DC-DC regulation
stages, validation effort, and calibration overhead. It is
therefore important to evaluate achievable energy savings
under restricted actuation capability.

Furthermore, controlling the voltage from the radio is of
increased interest in the context of Open RAN, where archi-
tectural disaggregation motivates energy-efficient control
strategies at each level of the stack, rather than centralized
network-wide optimization.

This paper addresses the above gap by developing a
machine learning–based methodology for predicting the
PA supply voltage required to satisfy upcoming downlink
throughput demand at the radio unit level. The focus is
on the PA, which converts DC input power to RF output
power delivered at the antenna port. The objective is to
enable dynamic switching between two predefined PA sup-
ply voltage levels such that RF output capability aligns with
predicted PRB utilization while respecting hardware cost
constraints. By adapting the supply voltage based on pre-
dicted load conditions, unnecessary DC power consumption
can be reduced without compromising performance during
peak demand.

Importantly, the proposed approach operates at the capa-
bility level rather than at the waveform level. In contrast to
envelope tracking techniques, which continuously modulate
the PA supply voltage at instantaneous signal timescales, the
proposed method selects between discrete operating regions
based on predicted load conditions while leaving the RF
waveform unchanged.
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A limitation of the proposed approach is that a discrete
two-level voltage configuration cannot achieve the theo-
retical minimum energy consumption obtainable through
continuous supply adaptation. The objective of this study
is therefore not to approximate continuous tracking, but
to evaluate whether substantial energy savings can still be
achieved under a practical two-level hardware constraint.

The study proceeds in four main stages. First, it explores
whether ML-based methods can provide benefits in the
target use case. Second, it compares classification and
regression models, including the selection of appropriate
evaluation metrics for hyperparameter tuning. Third, it
identifies the most effective model architecture based on
predictive performance. Lastly, it investigates which input
variables are most influential in determining voltage levels,
using SHAP [18] for model interpretation.

These stages form the basis for the following research
questions, which guide the investigation throughout the
paper:

• RQ1: Are machine learning techniques useful for
dynamic adaptation of voltage in radios?

• RQ2: What are the advantages and disadvantages of
using classification and regression in the case of energy
efficient radios?

• RQ3: Which machine learning models are most benefi-
cial in terms of energy saving and optimal connectivity?

• RQ4: Which input variables are most influential for the
top-performing models in determining voltage levels in
energy-efficient radios?

II. PROBLEM FORMULATION
In practical radio deployments, the PA supply voltage is
typically configured for worst-case operation, allowing the
radio unit to support peak traffic demand at any time. While
this supports reliable service delivery, it results in subopti-
mal energy efficiency during periods of low utilization.

The PA supply voltage directly influences both the max-
imum achievable RF output power and the PA efficiency
η [14]. Therefore, operating at a higher supply voltage
than necessary leads to unnecessary DC power consumption
when the traffic load is low.

The objective of this work is to dynamically adapt the
PA supply voltage such that sufficient RF output power is
maintained to meet real-time traffic demand while mini-
mizing the DC input power. The proposed framework is
intended to be applicable across radio units with comparable
hardware, and this paper presents and evaluates the approach
across five radio units. An overview of the framework is
shown in Figure 1. Sensor measurements, including PRB
utilization, power consumption, and temporal context, are
collected at the radio unit and used in a prediction layer. Two
alternative machine learning approaches are considered. In
the regression-based formulation, a model predicts the PRB
utilization for the next time interval, from which the required
RF output power PRF,req is estimated. This requirement

constrains the selection of the PA supply voltage. In the
classification-based formulation, a model directly predicts
the appropriate PA supply voltage level. In both cases, the
voltage decision is applied through a DC–DC converter
that adjusts the PA supply voltage between two hardware-
supported levels. In parallel, the radio signal path follows the
standard transmission chain, where PRB allocation drives
baseband signal generation and IFFT/OFDM modulation
before amplification by the power amplifier. The PA pro-
duces the RF output power PRF,out, which is delivered to
the antenna. This path is not modified by the proposed
approach but defines the RF output power requirement
that the predicted load and resulting PA supply voltage
must satisfy. The selected voltage level determines the PA
efficiency η(VPA) and the corresponding DC input power,
which is computed as PDC = PRF,out/η(VPA) for energy
evaluation. The inset in Figure 1 illustrates the PA efficiency
curves for the two selectable supply voltage levels. The
relationship between predicted PRB utilization and required
RF output power is motivated in Subsection II-A.

From a hardware perspective, supporting multiple discrete
PA supply voltage levels increases implementation cost.
Designing DC–DC converters with multiple independent
output voltage levels increases circuit complexity and com-
ponent count [19]. This results in higher design complexity
and implementation cost for each supported voltage level.

To balance energy efficiency improvements with hardware
feasibility, this study considers a two-level PA supply volt-
age architecture, consisting of a high-voltage mode for peak
load support and a low-voltage mode for reduced traffic
conditions. The threshold separating the two voltage levels
is described in Subsection II-B.

Under this practical constraint, we investigate the achiev-
able energy savings and assess whether significant reduc-
tions in DC input power can be obtained without introducing
additional hardware complexity.

The remainder of this section formally defines the mod-
eling problem, including the target definition, the voltage
control process, feature description, data characteristics, and
the evaluation methodology.

A. TARGET DEFINITION
Prior studies have shown that the PA constitutes the dom-
inant load-dependent component of base station power
consumption [14]. The supply power has been shown to
follow an affine dependence on the RF output power
[20], indicating that dynamic power variations are primarily
driven by transmit power.

More recently, radio-level AAU power models [16]
decompose the total power consumption into static com-
ponents and a transmit-dependent term:

PAAU = P0 + PBB + PTran + PPA +
1
η

CX
c=1

PTX,c. (1)

where η defines the efficiency of the PA.
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Fig. 1. System overview of the proposed ML-based two-level PA supply voltage control. Sensor measurements
are used in a prediction layer to estimate future load or directly classify the PA supply voltage level. The
selected voltage is applied through a DC–DC converter to the PA, which produces the RF output power PRF,out
delivered to the antenna. The inset illustrates the PA efficiency curves for the two selectable supply voltage
levels.

In this formulation, only the transmit term is traffic
dependent. Reference [16] further state that the transmit
power increases approximately linearly with the number of
allocated PRBs.

A PRB consists of 12 subcarriers in the frequency domain
and a fixed number of orthogonal frequency division mul-
tiplexing (OFDM) symbols in the time domain [21]. For
the purposes of this study, the key insight is that PRB
utilization (PRB-U) reflects the proportion of a radio’s total
data-handling capacity that is currently in use. Formally,
PRB-U is,

PRB-U =
NPRB, allocated

NPRB, max
(2)

Under the assumption of approximately constant transmit
power spectral density per scheduled PRB at the system
level, the aggregate RF output power can be modeled as pro-
portional to the fraction of utilized PRBs. This assumption
is consistent with OFDM, where the available system band-
width is divided into multiple orthogonal subcarriers that
transmit data symbols simultaneously [22]. In many OFDM
system configurations, particularly when static resource allo-
cation is assumed, each subcarrier is assigned approximately
equal transmit power. Consequently, the total transmit
power scales approximately with the number of active
subcarriers and, by extension, with the number of sched-
uled PRBs. Similar assumptions are commonly adopted in
OFDM-based studies where equal transmit power per sub-
carrier is assumed [23], [24], [25]. The aggregate RF output
power can therefore be modeled as proportional to the
fraction of utilized PRBs:

PRF,out = PRF,max · PRB-U, (3)

This formulation treats PRB utilization as a proxy for
transmit load, which is consistent with prior Open RAN
forecasting work [15], [17], where PRB utilization is used
as a surrogate for transmit load.

Hence, this study predicts PRB utilization as a time-series
forecasting problem and estimates the corresponding RF
output power using the known maximum transmit power
of the considered radio.

B. VOLTAGE CONTROL FRAMEWORK
The voltage control investigated in this work targets the PA,
which converts DC input power PDC,in into RF output power
PRF,out. In this study, PRF,out denotes the conducted RF output
power at the antenna port, i.e., the power delivered from the
PA to the antenna interface prior to radiation.

The mapping between conducted RF output power and
the total DC supply power has been formalized in the
EARTH energy efficiency framework [14], where the RF
output power Pout is linked to the total supply power Pin
through a load-dependent model.

In practice, direct control of RF output power is not pos-
sible, but it can be influenced indirectly through adjustments
of the PA supply voltage using a DC–DC converter. Reduc-
ing the supply voltage lowers the maximum achievable RF
output power while simultaneously reducing the DC input
power by increasing the PA efficiency η in (1). Conse-
quently, the voltage level must be selected such that the
required PRF,out can be delivered while minimizing PDC,in.
Latency and hardware response constraints introduced by
the DC–DC converter are assumed to be managed within
the system design by delaying the RF signal to match the
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Algorithm 1 PRB-U Voltage Level Adjustment
1: Predict PRB-U:

If binary classification:
Predict class ŷ ∈ {0, 1}

Else if regression:
Predict continuous utilization ŷc

Map continuous prediction to binary class:

ŷ←

(
0, if ŷc < 0.25
1, otherwise

2: Adjust the voltage level based prediction:
If ŷ = 0, decrease voltage by 50%
Else no voltage change

3: Estimate energy savings from PDC in based on voltage
level

If ŷ = 0, estimate 15% reduction in PDC in
Else no change

converter delay. Furthermore, the transition time between
voltage levels is designed to be only a small fraction of the
symbol duration. Consequently, the delay is assumed to be
minimized and negligible.

To provide intuition for this relationship and motivate the
voltage threshold used in this study, we consider a simplified
model in which the RF output power scales with the square
of the supply voltage, assuming constant resistance. This
approximation follows from the basic electrical relation
P = U2/R [26], resulting in

PRF,out ∝
U2

R
∝ U2. (4)

Supporting multiple PA supply voltage levels increases
hardware complexity due to the need for additional DC–DC
converter outputs and switching circuitry. To limit hardware
cost and complexity, this work therefore considers a two-
level PA supply voltage architecture consisting of a high
and a low voltage level.

The high level corresponds to standard operation, while
the low level represents a 50% voltage reduction. Con-
sequent with (4), reducing the voltage by half leads to
approximately a quarter of the RF output power. Under the
assumption of constant spectral power density, this corre-
sponds to a decision threshold of 0.25 in PRB utilization
for initiating voltage reduction.

Figure 2 shows histograms of the PRB-U values for each
radio. The distributions indicate that the majority of PRB-U
values for the five selected radios fall below the threshold,
suggesting substantial potential for power savings.

The dynamic voltage adjustment process is structured into
the following steps for each predictive model:

C. FEATURE DESCRIPTION
All data in this study is collected through field-deployed
sensors in Ericsson’s products. Figure 2 presents the PRB-U
for five randomly selected radios of the same type but with

Fig. 2. Histograms of PRB-U values for each radio unit, divided
into 30 segments each.

different serial numbers (radio 1 to 5). The PRB-U values in
Figure 2 exclude nighttime hours (00:00 to 05:00), during
which the radios are assumed to be in sleep mode with zero
utilization. The five radios exhibit overall low utilization,
indicating a potential for energy savings.
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Fig. 3. Heatmaps of PRB-U intensity across weekdays and time
of day.

Figure 3 shows how the PRB-U values of the instances in
Figure 2 are distributed over time. Low-utilization instances
are shown in blue, and high-utilization instances in red. The
dataset used for training and evaluation was collected from
two internal measurement systems at Ericsson. The training
set spans from 2025-01-17 to 2025-03-06 and contains
23,520 raw data points, corresponding to 4,704 samples
per radio. An independent test set was constructed using
data from 2025-03-08 to 2025-03-22, resulting in 7,200
additional instances.

Each radio reports measurements at 15-minute intervals,
corresponding to 96 samples per day. The dataset comprises
both time-series and static features, where the time-series

measurements capture the temporal evolution of operational
variables relevant to power demand prediction. The training
set represents approximately 47 days of observations per
radio, while the test set covers roughly 14 days.

The list of features is as follows; serialNumber: which
radio the data belongs to, timestamp: the date and time of
the measurement, PowerConsumption: an array of PDC in
consumed every 6 seconds during the 15-minute interval,
MinPowerConsumption: the lowest value in the PowerCon-
sumption array, MaxPowerConsumption: the highest value
in the PowerConsumption array. The feature PRB-U is the
target variable and is measured as the average utilization
during the 15-minute interval, voltage is an array of voltages
measured every 6 seconds and current is an array of current
measurements every 6 seconds. The PowerConsumption
array contains 3̃-5 missing entries, which were addressed
by forward-filling, assuming the last observed measurement
remained valid until a new value was recorded.

Current and Voltage are excluded from the analysis.
Current to avoid multicollinearity, as it is found to be highly
correlated with power. Voltage is excluded since it is theoret-
ically static and, in practice, exhibits very low variance both
within and across the analyzed radios. Additionally, Serial-
Number was excluded to encourage generalization and avoid
overfitting to specific devices. The resulting dataset contains
no identifying information, which supports the development
of device-agnostic models. However, lagged values of the
temporal features are still constructed separately for each
device, meaning that some device-specific structure remains
in the data.

Two main preprocessing actions are taken. First, the
mean and median values are derived from the six-second
interval array of the PowerConsumption feature. Second,
three temporal features are extracted from the timestamp
feature. Each is transformed using sine and cosine functions
to account for its cyclic nature. The function is shown
in (5), where x denotes the original variable, and the
divisor corresponds to the maximum value of x, e.g., 24
for hours and 7 for weekdays. This transformation ensures
that conceptually similar values, such as 23:00 and 01:00
in hours, receive similar representations, thereby capturing
their inherent cyclical relationship.

xcos = cos
�

2π
x

max(x)

�
, xsin = sin

�
2π

x
max(x)

�
(5)

Table 1 lists all features used in the modelling pro-
cess. The features maxPowerConsumption, minPowerCon-
sumption, and medianPowerConsumption, along with the
sinusoidal transformations of weekday, hour, and minute,
are treated as non-temporal features (i.e., no lagged values
included). In contrast, meanPowerConsumption and PRB
Utilization (PRB-U) are incorporated with lagged values,
where the lag length is determined through hyperparameter
optimization, later described in Section III-A. The mean-
PowerConsumption is the only power-related feature for
which lagged values are included, in order to reduce model
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TABLE 1. Features after data preprocessing, all power statistics
are derived from PDC in.

Fig. 4. Absolute Pearson correlation coefficients between the
features and the target variable PRB-U.

complexity. Since all power-related features are derived
from the same 6-second resolution data and therefore carry
overlapping information, the inclusion of multiple lagged
versions is considered redundant. Preliminary feature impor-
tance experiments using a Temporal Fusion Transformer,
which is later introduced in Section III-A, indicate that
meanPowerConsumption had the highest predictive impor-
tance, justifying its selection for temporal modelling.

Figure 4 shows the absolute Pearson correlation coeffi-
cients between the features listed in Table 1 and the target
variable, PRB-U. All power-related variables showed strong
correlations with the target variable and were therefore
included. The hour feature in sine and cosine, showed

Fig. 5. Autocorrelation of PRB-U as a function of lag, where
colors indicate different radio units.

TABLE 2. Class distribution in each data set.

relatively high correlations. Other temporal features were
less predictive, but they were kept based on unknowns about
the radios’ location. For example, if a cell site is located
near a train station, it may have regular traffic surges at
predictable minutes or weekdays.

Additionally, the autocorrelation function of the PRB-U
time series is presented in Figure 5. For all radios, the auto-
correlation is strongest at the smallest lag values, indicating
pronounced short-term temporal dependence. This statistical
property implies that the most recent PRB-U observation
contains substantial predictive information for subsequent
time steps in a one-step-ahead forecasting setting.

D. CLASS IMBALANCE
To examine class balance between high- and low-voltage
states, the distribution of the target variable PRB-U was
analyzed. As shown in Table 2, the dataset exhibits class
imbalance, with the positive class consistently underrep-
resented across all data splits. In this formulation, the
negative class corresponds to the lower voltage level, while
the positive class denotes the higher voltage level. This
predominance of low utilization was previously observed
in the histograms shown in Figure 2.

E. EVALUATION METRICS
The performance of the models is evaluated using three main
criteria: energy savings, number of underestimations, and
F1 score. For regression models, additional metrics include
mean squared error (MSE) and mean absolute error (MAE).

Energy savings are calculated as the difference between
the static power curve (Ps) and the dynamic power curve
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(Pd) over a given time interval [t1, t2], where P is PDC in.
This is approximated using a Riemann sum as specified in
Equation (6). The derivation from power P to energy E is
explained further in Appendix A.

Esaved =

Z t2

t1

�
Ps,t − Pd,t

�
dt ≈

t2X
t=t1

�
Ps,t − Pd,t

�
(6)

The number of false negatives, denoted as underesti-
mations, is computed as the number of times the binary
prediction ŷ (0 or 1) is below the actual prediction y.
Equation 7 shows the formal calculation used.

Underestimations =

t2X
i=t1

1{ŷi<yi} (7)

The F1 score is defined as the harmonic mean of precision
and recall [27], as:

F1 Score = 2 ·
Recall · Precision

Recall + Precision
. (8)

The MSE and MAE for the regression models are given
by (9) and (10).

MSE =
1
n

nX
i=1

(ŷi − yi)2 (9)

MAE =
1
n

nX
i=1

|ŷi − yi| (10)

III. MACHINE LEARNING FRAMEWORK
This section presents the machine learning framework used
to evaluate the proposed system. It begins with an overview
of the predictive models in Section III-A. Section III-B then
describes how these models are adapted for the task. The
hyperparameter tuning strategy is presented in Section III-C,
and Section III-D describes the complexity and inference
cost analysis. Finally, Section III-E introduces the SHAP
framework used for model interpretability.

A. MODELS
In this study, several machine learning models are evaluated.
Two tree-based models are considered: Random Forest [28]
and Extreme Gradient Boosting (XGBoost) [29]. Additional
models include K-Nearest Neighbors (KNN) [30] and Sup-
port Vector Machine (SVM) [31]. The neural network models
include a Feedforward Neural Network (FFNN), Long Short-
Term Memory (LSTM) [32], Convolutional Neural Network
(CNN) [33], and the Temporal Fusion Transformer (TFT)
[13], a state-of-the-art architecture designed for multi-
horizon time-series forecasting.

The Temporal Fusion Transformer (TFT) is a transformer
based model designed specifically for time series forecasting
[13]. It processes different types of input, including static
metadata and time varying known and unknown variables,
separately, which improves its ability to effectively leverage
structured time series data. The model architecture integrates
LSTMs and Gated Residual Networks (GRNs), enabling

dynamic feature selection and adaptive complexity based
on input relevance and data characteristics.

Additionally, we include an Autoregressive Integrated
Moving Average (ARIMA) model [34] as a classical time
series baseline, along with several moving average bench-
marks. ARIMA is widely adopted in traffic and resource
utilization forecasting studies and serves as a standard linear
reference model for short-horizon prediction tasks [35]. The
moving average benchmarks, denoted as Naive mean t,
where t indicates the number of past observations included
in the mean, provide simple persistence-based references.
Such naive predictors are commonly used to establish lower
performance bounds in one-step-ahead forecasting settings.
As illustrated by the autocorrelation analysis in Figure 5, the
PRB-U time series exhibits strong short-term persistence.
This further motivates the inclusion of classical linear base-
lines such as ARIMA and simple moving-average predictors
for one-step-ahead forecasting.

It should be noted that the proposed task focuses on
one-step-ahead prediction. While recent state-of-the-art deep
learning models, such as the TFT, have demonstrated strong
performance in long-horizon time series forecasting, short-
horizon prediction problems are often well-approximated by
recent observations. Therefore, both classical linear base-
lines and advanced deep temporal models are included to
provide a comprehensive evaluation across methodological
paradigms.

B. TASK SPECIFIC ADAPTATION OF MODELS
We adapt the architectures of the FFNN, LSTM, and CNN
models to suit the specific characteristics of the task, rather
than relying on standard implementations. In particular,
the LSTM and CNN models are implemented in a hybrid
structure with separate processing streams for temporal
and non-temporal features, referred to as HybridLSTM and
HybridCNN. Processing all features jointly through tempo-
ral layers would introduce unnecessary model complexity
and increase the number of recurrent parameters. Moreover,
mixing non-sequential features into temporal processing
may dilute the temporal inductive bias of the model, as
such layers are designed to capture structured temporal cor-
relations. By separating temporal and non-temporal feature
streams, the architecture preserves the intended modeling
capacity of each component while reducing unnecessary
computational overhead. This consideration is particularly
important for the deployment in radio units, where compu-
tational resources are constrained.

Given these deployment constraints, the feature set was
deliberately kept compact. While additional engineered tem-
poral features could be introduced, they would increase input
dimensionality without clear empirical benefit, particularly
given the one-step forecasting objective and the rapidly
decaying autocorrelation structure shown in Figure 5. Con-
sequently, lag length was selected as the primary tunable
temporal feature.
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Fig. 6. Overview of the HybridLSTM architecture with two
separate input streams.

The FFNN consists of a single input stream contain-
ing all features, as it does not explicitly model temporal
dependencies. The number of hidden layers was treated as
a hyperparameter to adapt model capacity to the chosen
lag length. Larger lag values increase input dimension-
ality and temporal context, potentially requiring greater
representational capacity, whereas shorter inputs risk over-
parameterization if the network is too deep. Residual
connections were included as a tunable hyperparameter,
as they are known to facilitate optimization and improve
gradient flow in deeper networks [36]. Since network depth
was itself tuned, residual connections may provide bene-
fits when deeper architectures are selected, while offering
limited advantage for shallower configurations. They were
therefore treated as a tunable architectural component.

Batch normalization (BN) was applied after each linear
transformation to improve training stability and convergence
[37]. BN is widely adopted as a standard architectural com-
ponent in modern neural networks and primarily influences
optimization dynamics rather than model capacity. For this
reason, BN was fixed across all configurations. Preliminary
experiments indicated that removing BN reduced training
stability without improving generalization. Additionally, BN
adds negligible parameter overhead relative to the dense
layers while consistently improving optimization stability.
In contrast, dropout directly controls regularization strength
and was therefore treated as a tunable hyperparameter (range
0–0.5). The full hyperparameter space for all models is
described in Appendix C, and detailed descriptions of the
FFNNs architecture can be found in Appendix B.

Figure 6 illustrates the LSTM architecture. The input is
partitioned into sequential and static feature streams. The
sequential features pass through one to four stacked LSTM
layers, with depth treated as a hyperparameter. The static
features pass through two fully connected layers with ReLU
activation functions, whose dimensionalities are indepen-
dently tuned. The outputs of both branches are concatenated
and fed to the final prediction layer. Detailed descriptions of
the LSTM module, static module, and concatenation module
are provided in Appendix B.

Figure 7 illustrates the structure of the HybridCNN
model. As in the LSTM architecture, the input is divided
into sequential and static feature streams. However, the
two sequential signals, PRB utilization and mean power
consumption, are processed in separate branches. This
separation allows each temporal signal to be modeled
with independently tuned convolutional hyperparameters,

Fig. 7. Overview of the HybridCNN architecture with three
separate input streams.

TABLE 3. Hyperparameter optimization setups used in optuna,
Including the selection criterion, Optimization objective, and
number of trials.

reflecting their potentially different statistical characteris-
tics. The static features are processed in a dedicated fully
connected branch. In the LSTM, both temporal signals are
processed jointly because recurrent units learn shared tem-
poral dynamics efficiently [32]. In the CNN, convolutional
filters are more sensitive to signal scale and local structure,
so separating branches allows independent receptive field
and channel allocation.

Detailed architectural configurations of the CNN are
provided in Appendix B.

C. HYPERPARAMETER OPTIMIZATION
Hyperparameter optimization is performed using Optuna
[38], an open-source framework for automated hyperparam-
eter search. Optuna employs Bayesian optimization methods
such as the Tree-structured Parzen Estimator (TPE) [39] to
guide the search over the parameter space. In this work, the
TPESampler is used for sampling candidate configurations,
combined with the MedianPruner to terminate unpromising
trials early.

For each model, three distinct sets of optimal hyperpa-
rameters are obtained, corresponding to the three Optuna
setups described in Table 3. Each setup–model combination
is optimized over 100 trials. The F1 score is used as the
selection criterion to guide the hyperparameter search in
two setups, as it prioritizes the correct identification of true
positives over true negatives. This choice is particularly
relevant given the strong class imbalance in the data: only
approximately 1% of the instances belong to the positive
class. In the third setup, MSE is used as the selection
criterion instead, following a standard regression-oriented
approach.
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TABLE 4. Dominant prediction-time complexity of the evaluated
models. The expressions indicate proportional scaling with the
main architecture-dependent factors and omit lower-order
operations such as activation Functions, Normalization,
Dropout, Pooling, and element-wise additions.

The hyperparameter search space for each model can be
seen in Appendix C. The optimal hyperparameter setup for
each model can be seen in Appendix D.

D. MODEL COMPLEXITY AND INFERENCE
All models in this study are trained offline. Therefore, the
relevant deployment cost is the prediction-time overhead
rather than the training complexity. First, the dominant
operations performed during inference are considered: dis-
tance computations for KNN [40], kernel evaluations for
SVC/SVR [31], tree traversal for RF and XGBoost [28],
[29], and forward-pass operations for neural-network-based
models [32], [41], [42]. The resulting dominant prediction-
time complexities are summarized in Table 4, where Ntrain
is the number of stored training samples, d is the input
feature dimension, NSV is the number of support vectors,
and CK is the cost of one kernel evaluation. For the tree-
based models, TRF and TXGB denote the number of trees
in the Random Forest and XGBoost models, respectively,
and Dmax is the maximum tree depth. For the FFNN, din
is the input dimension, H is the hidden size, and B is the
number of hidden-to-hidden blocks. For the HybridLSTM,
τ is the lag length, Fseq is the number of sequential features
per time step, H is the hidden size, and K is the number of
recurrent layers. For the HybridCNN, τi, Ci, and ki denote
the input sequence length, number of output channels, and
kernel size of convolutional branch i. For the TFT, Tseq
denotes the number of temporal input steps, including the
encoder/history window and decoder/forecast horizon, H is
the hidden dimension, and ds is the number of static features.

For models using a flattened input vector, such as the
FFNN, the input dimension is given by din = 11 + 2 · lag,
where the constant term corresponds to static features and
the lag-dependent term corresponds to flattened sequential
features. Since the FFNN consists of one input projection
followed by hidden blocks of equal width, the dominant
cost comes from the input-to-hidden and hidden-to-hidden
transformations.

For the recurrent models, the HybridLSTM cost scales
linearly with the sequence length, since the recurrent com-
putation is repeated for each time step. An LSTM layer
computes four gate transformations at each time step: input,
forget, cell, and output gates [32]. Therefore, the dominant

LSTM cost depends on the sequence length, sequential
feature dimension, hidden size, and number of recurrent
layers.

For the HybridCNN, the dominant inference cost comes
from the two one-dimensional convolutional branches. Since
each branch uses one input channel, this cost scales with the
input sequence length, the number of output channels, and
the kernel size. The static and concatenation branches con-
sist of small fully connected transformations and therefore
contribute lower-order terms. The complexity derivations for
the HybridLSTM and HybridCNN are further detailed in
Appendix E.

For the TFT-based model, the dominant inference cost
comes from the recurrent encoder/decoder, gated residual
networks, and temporal self-attention [13]. The recurrent
and feed-forward components scale with the number of
temporal steps and the hidden dimension, while the masked
multi-head self-attention introduces a quadratic dependence
on the temporal sequence length due to pairwise interactions
across time steps. Thus, the TFT complexity is represented
using the dominant recurrent/feed-forward and attention
terms.

The expressions in Table 4 characterize the dominant
prediction-time scaling of each model family. For KNN and
SVC/SVR, inference cost scales linearly with the number
of stored training samples or support vectors, while tree-
based models scale with the number and depth of the trees.
For the neural-network models, the scaling depends on how
temporal information is processed: the FFNN flattens lagged
inputs into the input dimension, the HybridLSTM applies
recurrent computations at each time step, the HybridCNN
applies convolutional operations over the temporal input,
and the TFT additionally includes a self-attention term with
quadratic dependence on the sequence length.

The complexity terms describe asymptotic scaling and do
not fully capture implementation-level overhead. Therefore,
architecture-specific model descriptors and single-sample
inference latency are also reported. The model descriptors
correspond to stored samples for KNN, support vectors for
SVC/SVR, trees and nodes for tree-based models, and train-
able parameters for neural-network-based models. Inference
latency is measured on 100 test samples over 10 repetitions
and reported as the mean and standard deviation of the per-
sample prediction time. All measurements are performed on
the CPU under identical hardware and software conditions.

E. SHAP ANALYSIS
SHapley Additive exPlanations (SHAP) is a unified, model-
agnostic framework for interpreting predictions by assigning
each feature a SHAP value, which quantifies its contribution
to the model output based on principles from game theory
[18], [43]. These values provide an interpretable approxima-
tion of the original model and support both local and global
interpretability [18].

SHAP analysis is applied to two models, one tree-based
and one neural network-based. The two models are selected
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because of their strong performance with respect to the
trade-off in minimizing restarts and maintaining energy
savings. The analysis is conducted to identify which input
features influence their predictions and to understand how
the models approach the trade-off between minimizing
restarts and maintaining energy savings.
TreeExplainer is used for the feature

importance analysis of the tree-based model, while
GradientExplainer is applied to the neural-
network-based model. GradientExplainer is chosen
over DeepExplainer due to the presence of batch
normalization layers, which are not well supported by the
latter.

IV. EXPERIMENTAL RESULTS
This section begins by outlining the experimental setup in
Section IV-A. The predictive performance of the models is
then presented in Section IV-B, followed by complexity and
inference results in Section IV-C and a SHAP-based inter-
pretability analysis in Section IV-D. Finally, Section IV-E
introduces a method for managing the trade-off between
energy savings and underestimations.

A. SETUP
The models are trained and evaluated on five randomly
selected radios. The data is aggregated across all five units,
without any identifiers indicating which specific radio each
data point originates from. This decision was made to
increase the generalizability of the algorithms, and avoid
problems such as including new radio units never seen by
the models before.

Final evaluations are conducted using the best hyperpa-
rameters identified through Optuna for each model–setup
combination (see Table 3). Performance is assessed using the
F1 score, the number of underestimations, and the estimated
energy savings. For the regression models, MSE and MAE
are also included.

All tuned hyperparameters and their corresponding search
ranges are provided in Appendix C, while the final selected
values for each model are listed in Appendix D.

B. PREDICTION RESULTS
Table 5 shows the evaluation results for all machine learning
models and selected baseline models, based on test data
aggregated across all radios. The model names in Table 5
include suffixes indicating the task formulation and tuning
objective. Models labeled with c are trained as classifiers.
Models labeled with F1 r are trained as regressors and
tuned using the F1 score, while models labeled with r are
also regressors but tuned using MSE. This notation is used
consistently across several result tables.

The naive mean baseline models were implemented
with up to 96 steps back in time (24 hours), four top-
performers are included in Table 5. Naive mean 48
is included because it achieved the highest energy
savings. Naive mean 3 for having the lowest MSE,

TABLE 5. Evaluation results for all models, Including
benchmarks and machine learning methods, on the test
dataset.

Naive mean 2 for achieving the highest F1 score, and
Naive mean 1, since it resulted in the smallest number of
underestimations. As previously described in Section II-E,
the last number indicates how many past values are included
in the mean.

The worst case scenario for underestimations across the
five radios is 68 while the optimal energy saving is 12.83%.
As shown in Table 5, the FFNN classifier achieves the
highest F1 score at 0.35 and records the second-lowest
number of underestimations. The lowest energy saving is
observed for the TFT classifier, at 11.78%, while all other
models save at least 12.34% of the previously utilized kWh.
In contrast, the TFT classifier achieves the best result in
terms of minimizing underestimations. The highest energy
savings, at 12.83%, is achieved by the naive mean 48
benchmark model, closely followed by the KNR and TFT
regression models. However, these models also produce the
maximum possible number of underestimations and an F1
score of 0, effectively never predicting the positive class
correctly.
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Fig. 8. Scatter summary of all evaluated models showing energy
saving versus the number of underestimations across different
training setups.

Figure 8 summarizes the percentage energy saved and
number of underestimations. The figure is based on the
statistics presented in Table 5. The scatter plot shows a
distinct separation between the classification models and the
regression-based approaches, classification algorithms per-
forming better in terms of underestimations while regression
models have a higher energy saving.

The bar charts in Figure 9 illustrate the performance
of the three machine learning model setups across the
three shared evaluation metrics: energy savings, number
of underestimations, and F1 score. The first bar chart in
Figure 9, shows a consistent trend in energy savings across
all models. Notably, the only model that fails to achieve at
least 12% energy savings is the TFT classifier.

The second bar chart in Figure 9 highlights a more varied
performance in terms of underestimations. The classifier
versions of the models generally perform best, followed by
the regression model selected based on F1 score. In contrast,
the regression model chosen using the more conventional
MSE criterion exhibits the weakest performance.

The third bar chart in Figure 9 illustrates model perfor-
mance in terms of F1 score across the different setups, which
shows the greatest variation among the three evaluation
metrics. The figure shows that the classification variant
achieves the highest F1 score in five of the eight model
types. The regression variant optimized for MSE performs
the worst in almost all models, except for RF, where it
ranks second. The regression variant optimized for F1 score
generally achieves intermediate performance.

The regression models are evaluated on two additional
metrics: MSE and MAE. The results are presented in
Table 6. The RF regressor selected based on MSE (row
1) achieves the best performance on both metrics, closely
followed by the same architecture selected based on F1
score (row 2). Additionally, the XGB model, also based

Fig. 9. Grouped bar charts of model performance in energy
savings, underestimations and F1 score.

on decision trees, produces comparable results. The tree
architectures are hence dominating in these metrics. In
contrast, the TFT model selected using MSE shows the
weakest performance on both MSE and MAE.

Selecting an optimal model for implementing dynamic
voltage control in radios requires balancing the trade-off

between maximizing energy savings and minimizing under-
estimations of voltage requirements. While greater energy
savings can be achieved, this often increases the risk of
failing to meet sudden spikes in power demand. Further
research is needed to quantify the impact of underestima-
tions relative to energy savings and to develop principled
methods for weighting these factors in decision-making.
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TABLE 6. Results from regression-specific evaluations.

As demonstrated in Figure 8, the RF and FFNN classifiers
demonstrate particularly favorable performance in terms of
this trade-off. Both achieve energy savings of approximately
12.4% while generating fewer underestimations than most
other models. Moreover, these classifiers offer flexibility
through adjustable decision thresholds, as discussed in
Section IV-E.

The superior performance of RF and FFNN models can
be explained by both the structural characteristics of the
task and the properties of the dataset. The voltage switch-
ing problem is inherently threshold-based and operates on
structured tabular inputs with limited short-term temporal
dependence. RFs are well suited to such problems, as
decision trees partition the feature space through threshold-
based splits that naturally align with the binary switching
objective. Moreover, tree ensembles are known to perform
strongly on moderate-sized tabular datasets and are robust
to noise and class imbalance.

The FFNN similarly benefits from the low-dimensional
engineered feature representation. Since temporal depen-
dencies are explicitly captured through lag features, the
task reduces to learning a mapping in structured tabular
space, where moderate-capacity feedforward networks often
generalize effectively.

In contrast, CNN and LSTM architectures introduce
stronger inductive biases and higher parameterization tai-
lored to sequential feature extraction and adaptive memory
modeling. Given the one-step prediction horizon, explicit
lag encoding, and limited minority-class examples, these

mechanisms may not provide additional benefit and may
even hinder stable learning of rare high-voltage events.

The ARIMA and naive mean baselines perform noticeably
worse than the learning-based models in predicting high
PRB-U instances. Although the autocorrelation analysis in
Figure 5 indicates strong correlation at short lag values,
these methods rely on relatively simple linear or averaging
dynamics. Consequently, they are unable to capture the
more complex relationships between the input features and
PRB-U dynamics, which limits their performance on this
task.

Furthermore, the TFT introduces substantially greater
model complexity. Given the moderate dataset size and the
relatively simple temporal structure of this task, the addi-
tional capacity does not translate into improved performance
and may instead lead to less stable training.

Overall, the classification-based models outperformed the
regression-based models for the voltage switching task. A
key reason is the alignment between the learning objective
and the deployment objective. The control mechanism is
inherently binary, selecting between two discrete PA voltage
levels based on whether the predicted demand exceeds a
threshold. Classification models directly optimize decision
boundary separation, whereas regression models minimize
continuous prediction error (e.g., MSE), which does not
explicitly prioritize correct threshold decisions.

In addition, the dataset exhibits strong class imbalance,
with only a small fraction of instances corresponding to
high PRB-U values. In the classification formulation, this
imbalance was explicitly addressed through class-weighted
loss functions, which encouraged the models to prioritize
the correct identification of rare high-demand instances.
In contrast, the regression models optimized symmetric
error objectives such as MSE, which penalize over- and
underestimations equally and do not explicitly account for
the rarity of high-voltage events.

This difference is particularly relevant because the voltage
switching problem is inherently cost-asymmetric: misclassi-
fying high-demand instances as low voltage may risk service
degradation, whereas unnecessary high-voltage activation
primarily incurs a marginal energy overhead.

Given the discrete actuation constraint of the two-level
voltage system, directly modeling the binary decision proved
more effective than estimating a continuous voltage trajec-
tory. Additionally, while regression models may achieve
lower point-wise voltage prediction error, the evaluation
metric of interest in this application is switching accuracy
and energy-performance trade-off, not continuous voltage
estimation.

The performance of the models was also evaluated indi-
vidually for each radio. Table 7 presents the potential
energy savings and number of underestimations per radio
under the assumption of perfect predictions. The energy
savings represent the theoretical maximum achievable on
this dataset, while the underestimation counts reflect the
worst possible outcome for that metric.
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TABLE 7. Upper range of metrics for each unit.

The results in Table 7 indicate that the effectiveness
of the proposed approach varies across radio units. The
achievable energy savings range from 12.42% to 13.04%,
while the number of restarts varies between 0 and 33. These
differences can largely be explained by the distribution of
PRB-U values across radios. Radios 1, 3, and 4 contain few
instances in the higher PRB-U range, whereas radios 2 and 5
exhibit a greater concentration of such instances. It is likely
that other units in the broader population may display even
more extreme behaviors.

A detailed per-radio evaluation (reported in Appendix F)
shows that all radios benefit from machine learning in terms
of energy savings. However, the models struggle to capture
sudden spikes in demand. In particular, none of the models
detect the rare peaks in radios 1 and 3, while radio 4 exhibits
no peaks at all.

In contrast, radios 2 and 5 achieve both energy
savings and relatively low underestimation counts
(Tables 31 and 34), indicating greater suitability for
ML-based control. These results suggest that machine
learning methods may be effective for certain radios
but not universally beneficial, particularly under the
two-voltage-level setting with the lower level fixed
at 50%.

This behavior can be explained by differences in the
traffic distributions across radios. For radios that never
exceed the switching threshold, the optimal policy reduces
to a constant low-voltage configuration, and no decision
boundary needs to be learned. In such cases, machine
learning offers no additional benefit beyond a static
rule.

For radios with only very few above-threshold instances,
the situation is still challenging. Although a decision
boundary exists, the severe class imbalance limits the num-
ber of minority-class samples available for training. This
reduces the statistical reliability of boundary estimation and
increases uncertainty in predicting rare high-demand events.
Consequently, the model’s potential benefit is constrained by
the limited learning signal.

In contrast, radios exhibiting more frequent transitions
across the threshold provide informative samples near
the decision boundary and meaningful switching opportu-
nity, enabling ML models to learn discriminative patterns
and achieve measurable gains under the two-level voltage
constraint.

TABLE 8. Inference-related descriptors and average
single-sample inference latency for the classical
machine-learning models. Latency is reported as
mean ± standard deviation, With median in parentheses.

C. COMPLEXITY AND INFERENCE
Table 8 reports the main inference-related descriptors and
single-sample inference latencies for the final classical
machine-learning models. Since the dominant prediction-
time cost differs between model families, the descriptors are
defined as tree nodes for tree-based models, support vectors
for SVC/SVR, and stored samples for KNN. The Details
column reports the kernel type for SVC/SVR and the input
feature dimension d where relevant.

Among the classical models, XGB achieved the lowest
median latency across all three tasks, although its mean
latency showed higher variability due to occasional timing
outliers. RF had the highest latency in all three tasks,
consistent with the need to traverse a larger ensemble of
decision trees during each prediction. The Regression MSE
SVR also showed higher latency than the other support-
vector models, consistent with its larger number of support
vectors and the use of an RBF kernel.

Table 9 reports the parameter count and single-sample
forward-pass latency for the neural-network models. The
FFNN models achieved the lowest latency across all three
tasks, which is expected since they apply a fixed sequence
of dense transformations to a flattened input vector. The
HybridCNN models had slightly higher latency than the
FFNN models despite having relatively small parameter
counts, reflecting the additional latency from convolution,
pooling, and reshaping operations. The HybridLSTM mod-
els were slower than the FFNN and HybridCNN models
because their gated recurrent computations are repeated over
the input sequence. The TFT models had the highest latency,
consistent with their larger architectures and the use of
recurrent components, gated residual networks, and temporal
attention.

The FFNN models also achieved lower latency than the
classical models, indicating that they provide a favorable
trade-off between predictive performance and inference cost
among the evaluated approaches.

Computational complexity, architecture-specific descrip-
tors, and measured latency capture different aspects of
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TABLE 9. Parameter count and average single-sample
forward-pass latency forneural-network models. Latency is
reported as mean ± standard deviation,with median in
parentheses.

inference cost. Therefore, both the dominant prediction-
time complexity in Section III-D and the single-sample
latency reported in this section are relevant. The latency
results should mainly be interpreted as a relative comparison
under identical CPU-based experimental conditions, since
absolute inference time may differ on deployment hardware.
Nevertheless, all evaluated models show low single-sample
latency relative to the voltage-control interval considered
in this study. For deployment, model complexity, memory
requirements, and inference cost should be considered when
selecting the final model architecture.

D. EXPLAINABILITY
An explainability analysis is conducted on two represen-
tative models to identify the features that most strongly
influence the predictions. Among the eight evaluated mod-
els, the RF and the FFNN classifiers are selected for
this purpose. The RF classifier is chosen as it achieved
the lowest number of restarts among the statistical mod-
els (see Table 5), indicating stability within this category.
The FFNN classifier is included as a representative neural
network–based model. Although the TFT achieved a slightly
lower number of restarts, its energy-saving performance was
substantially lower. Therefore, the FFNN is considered a
more balanced model in terms of the trade-off between
stability and energy efficiency.

Figure 10 presents the global SHAP summary plot for the
RF classifier, illustrating the distribution of feature contribu-
tions to the prediction of class 1. The most influential feature
is PRB-U at the current time step (t–0). Lower values of
PRB-U are associated with negative SHAP values, reducing
the probability of predicting class 1, whereas higher values
yield positive SHAP contributions, increasing the likelihood
of a high-level classification. The SHAP magnitudes for
this feature range approximately from −0.10 to + 0.15
in probability space, indicating that instantaneous resource
utilization exerts a substantial influence on the model output.

The dominance of PRB-U at the current time step
is consistent with the pronounced short-term temporal

Fig. 10. SHAP values from the RF model for class 1 (high
voltage).

dependency observed in the radio resource utilization data,
as illustrated by the autocorrelation plot in Figure 5. Since
the task involves predicting PRB-U at the subsequent time
step, the most recent system state therefore contains sub-
stantial predictive information.

However, while short-term temporal dependency provides
a strong predictive signal, it is insufficient to fully explain
the superior performance of the RF classifier. Linear time-
series baselines, including ARIMA and moving-average
models, achieved substantially weaker performance in terms
of the energy-saving versus underestimation trade-off. This
indicates that the task cannot be adequately solved through a
simple persistence or linear autoregressive mechanism alone.
Although current PRB utilization constitutes the dominant
feature, the consistent performance gap between the RF
model and linear approaches suggests that more complex
feature interactions and threshold effects play an important
role in accurately identifying switching decisions.

The second most influential feature, mean power con-
sumption at the current time step, exhibits SHAP values
within a similar range (approximately −0.10 to + 0.15) as
the PRB-U. Unlike PRB-U, however, both low and high
values of mean power consumption are associated with
positive and negative SHAP contributions depending on
context. This indicates that its relationship with the predicted
class is not strictly monotonic. Instead, the contribution of
instantaneous power consumption depends on the surround-
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Fig. 11. SHAP values from the FFNN model for class 1 (high
voltage).

ing feature configuration, further supporting the presence of
nonlinear interactions captured by the RF model.

The remaining high-importance features are likewise
associated primarily with the current time step, reinforcing
the importance of recent temporal information in this pre-
diction task. In contrast, static calendar-based features such
as hour, minute, and weekday display comparatively small
SHAP magnitudes. This suggests that the RF model relies
primarily on short-term dynamic patterns in system load and
power behavior rather than static temporal indicators.

For the FFNN model, the SHAP summary plot for class 1
predictions is presented in Figure 11. Similar to the RF
classifier, the most influential feature is PRB-U at the current
time step (t–0). However, the magnitude of its contribution
is substantially larger, ranging approximately from −0.4 to
+ 0.6 in probability space. Lower values of PRB-U decrease
the predicted probability of class 1, whereas higher values
increase it. The wider SHAP range indicates that the FFNN
places stronger emphasis on the instantaneous utilization
level when forming predictions.

In contrast to the RF model, one static temporal feature,
specifically the cosine encoding of the minute, exhibits
moderately higher SHAP magnitudes in the FFNN (approx-
imately −0.1 to + 0.1). This suggests that the FFNN
incorporates certain periodic temporal patterns to a greater
extent than the RF. Nevertheless, the remaining static fea-
tures display comparatively small SHAP values, indicating

that dynamic temporal variables remain the dominant con-
tributors to the model output.

The larger SHAP magnitude assigned to PRB-U at t–0
suggests that this feature exerts a more concentrated influ-
ence in the FFNN than in the RF model, where importance is
distributed more evenly across multiple features. This indi-
cates that the FFNN relies more heavily on the instantaneous
utilization level, whereas the RF integrates information from
a broader set of temporal inputs. Such concentration of
attribution may increase the FFNN’s sensitivity to variations
in PRB-U, while the more distributed attribution pattern
of the RF could contribute to greater stability. However, a
definitive assessment of robustness would require dedicated
sensitivity analysis beyond SHAP-based attribution.

The SHAP analysis further suggests that several fea-
tures exhibit consistently small attribution magnitudes across
both models. This indicates that the feature space could
potentially be reduced without substantial loss in predictive
performance. However, a systematic feature selection study
would be required to determine the minimal feature subset,
which is left for future work.

Figure 12 presents local SHAP explanations for indi-
vidual predictions from both the RF and FFNN models.
Subfigures (a) and (b) correspond to an instance correctly
classified as class 1, while (c) and (d) illustrate a positive
instance that is misclassified as class 0 (i.e., a false negative).

For the correctly classified instance, the FFNN assigns
the largest contribution to PRB-U at the current time step,
indicating strong reliance on instantaneous utilization. In
contrast, the RF model distributes attribution more evenly
across several features, with mean power consumption at
the current time step receiving the largest contribution. This
reflects the broader feature integration observed in the global
SHAP analysis.

In the false negative case, both models exhibit a more
distributed attribution pattern compared to the correctly
classified instance, with multiple features contributing to
the final prediction. This broader distribution suggests that
no single feature provides a sufficiently strong signal to
drive the prediction toward class 1. Despite incorporating
information from several inputs, the models fail to assign a
high probability to the positive class. The FFNN predicts a
probability of 19%, whereas the RF assigns 46%, indicating
that the RF is closer to the decision boundary in this
case.

These observations are consistent with the global SHAP
results: the FFNN demonstrates stronger reliance on
PRB-U at the current time step, while the RF exhibits a
more distributed attribution structure.

Figure 13 shows some SHAP explanations for the
negative class. The subfigures (a) and (b) illustrate cor-
rectly classified negative instances, while (c) and (d) show
instances that are mistakenly classified as positive (i.e.,
false positives). PRB-U at the current timestep remains the
most influential feature for the FFNN in both cases. For
the RF model, PRB-U at the current timestep is the most
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Fig. 12. SHAP explanations for positive samples. True positives
and false negatives are shown for both models.

important feature in the true negative case, whereas mean
power consumption at the current timestep dominates in the
false positive case. For the false positive, the FFNN assigns
a high probability of 83% to the positive class, while the
RF model assigns a lower probability of 58%.

Fig. 13. SHAP explanations for negative samples. True
negatives and false positives are shown for both models.

E. EXPLORING THE TRADE-OFF BETWEEN ENERGY
SAVINGS AND UNDERESTIMATIONS
To analyze the trade-off between energy savings and under-
estimations, we conduct a threshold-shifting evaluation
using the classification models’ probability outputs. The
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Fig. 14. Model performance trade-offs under varying thresholds. Color encodes threshold level.

classification threshold is varied from 0.01 to 0.99 to observe
how different operating points affect model behavior. This
enables exploration of how decision thresholds can be
adapted to deployment-specific constraints, such as accept-
able restart frequency or energy-saving targets.

Figure 14 illustrates the resulting trade-off curves for
each model. This approach of varying the classification
threshold demonstrates the explicit trade-off between the two
evaluation metrics across models. The results indicate that
some models are more sensitive to threshold tuning than
others. For example, the SVC model exhibits a substantial
increase in both restarts and energy savings even for small
threshold shifts.

The FFNN model demonstrates the steepest improvement
curve with a low number of restarts, achieving only 5
underestimations at an energy saving of 10%. It is followed
by the HybridLSTM and RF models, both of which manage
to achieve approximately 10% energy savings with no more
than 10 restarts in total.

Although machine learning is found to be relevant for the
dynamic voltage scenario in radios, an important question
before implementation is how many underestimations are
acceptable for a given customer and radio unit. Threshold

shifting provides a simple mechanism to adjust this trade-off,
enabling the same model to operate at different points on the
energy–reliability spectrum depending on the deployment
requirements.

In practice, this allows the decision threshold to be tuned
according to operational priorities, for example prioritizing
fewer restarts at the cost of reduced energy savings, or
conversely allowing more aggressive energy reduction.

F. LIMITATIONS
It should be noted that ML models, particularly deep
learning models, typically perform better when trained on
large datasets. The dataset in this paper comprises approxi-
mately data 18,000 instances, which is moderate in size for
structured time-series data. However, the dataset is highly
imbalanced, with few instances in the positive class. This
imbalance may have limited the models’ ability to learn
patterns associated with rare high-utilization events. As a
result, the performance of the ML-based models presented
in this work might improve if trained on a larger and more
balanced dataset.

Additionally, the dataset consists of aggregated data from
all five radio units, with no identifiers indicating the origin of
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each data point. Since usage patterns vary across individual
radios, it is uncertain whether patterns learned from one
radio can be generalized to others. Improved results might
be achieved by training separate models per radio unit or
by incorporating features that distinguish between different
radio types or configurations.

From a generalizability perspective, this study evaluates
the proposed voltage-control approach using data from five
radio units. Although the overall approach is intended as
a general framework for reducing energy consumption by
adapting the voltage level to predicted traffic demand, the
trained models themselves may not generalize to radio units
not included in the training data, particularly if these units
exhibit traffic patterns that differ substantially from those
observed in the training set. In practical deployment, models
would therefore likely need to be trained or adapted using
data from the target radio units, or from a broader and more
representative set of radio units. While certain recurring
patterns may be common, such as peaks being preceded
by upward trends and dips by downward trends, as shown
in Fig. 3, traffic patterns are expected to vary significantly
across deployment scenarios. Furthermore, the data was
collected only during winter and early spring, so seasonal
variation in PRB utilization may affect the results. Broader
temporal and deployment coverage is therefore needed to
assess generalizability further.

In addition, some deployment contexts may exhibit dis-
tinct traffic behavior, such as rural units along train tracks,
where passing trains can cause short but intense traffic
bursts. Such patterns may affect both model generalizability
and the achievable energy-saving benefit, since the gain from
voltage adaptation depends on the temporal PRB-utilization
pattern of the radio unit. Since the proposed approach
is evaluated on a limited set of radio units, assessing
its generalizability and benefit under substantially different
deployment scenarios is left for future research.

Finally, the computational energy required for model
inference is not explicitly measured. While inference latency
is reported as an indicator of computational overhead, the
processor-level energy cost in deployment is not measured.

V. CONCLUSION
This paper investigates machine learning approaches for
dynamically controlling the supply voltage of the PA in radio
units, enabling adaptation of the available RF output power
capacity between two hardware-supported voltage levels.

The results show that machine learning is a promising
strategy for voltage control over time (RQ1). However,
dynamic voltage adaptation introduces a trade-off: while
energy savings can be substantial, underestimations risk
causing connectivity disturbances. Additionally, perfor-
mance varies across radio units—some benefit less from ML
and may perform as well or better with simple benchmark
models or static voltage settings. This is particularly evident
for radios with very few high-voltage occurrences, where

limited peak examples make it difficult for models to learn
the patterns preceding high-demand events.

Of the explored approaches, classification outperforms
regression in minimizing underestimations (RQ2). For
regression models, tuning based on F1 score rather than
MSE is more effective at reducing underestimations without
compromising energy savings. This highlights a mismatch
between standard regression training objectives and the
operational goal of avoiding missed high-demand peaks, as
well as the absence of asymmetric loss terms penalizing
missed high-demand events.

The RF classifier and a custom FFNN emerge as strong
candidates for the task (RQ3). The RF achieves 42 underes-
timations with 12.43% energy savings, while the FFNN has
34 underestimations and saves 12.41% energy. These results
suggest that capturing nonlinear relationships in the data
is beneficial, however more complex temporal architectures
provide limited additional value for this task. The FFNN
also showed low inference latency, making it a favorable
candidate when both predictive performance and computa-
tional cost are considered.

Explainability analysis reveals that both models rely pri-
marily on current PRB-U values (RQ4). The RF distributes
importance more evenly across the features while the FFNN
shows stronger dependence on a single dominant input. This
is consistent with the strong temporal correlation between
current and next-step PRB-U values. However, the inferior
performance of purely linear models suggests that a linear
dependence on this feature alone is insufficient.

A key advantage of the classification setup is access
to prediction probabilities, which allows threshold tuning
to balance energy savings and underestimations. With this
approach, the FFNN classifier achieves only 5 underestima-
tions with 10% energy savings.

Overall, this work contributes to the development of
energy-aware radio systems by demonstrating that machine
learning can effectively control PA voltage levels to save
energy in radio units. The study highlights a previously
underexplored optimization dimension in radio systems:
adapting the hardware-supported PA voltage level to match
predicted traffic demand. Even with only two voltage levels,
the results indicate that energy savings of approximately
12% are achievable without introducing unacceptable relia-
bility risks.

FUTURE WORK
Future work should investigate the real-world impact of
voltage underestimations on service quality to guide model
design and deployment strategies. In addition, exploring
scenarios with more than two voltage levels may further
improve the achievable trade-off between energy efficiency
and hardware design cost.

APPENDIX
The first Appendix, A, details the calculation of energy sav-
ings from power changes. The following Section B details
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the architectures of FFNN, LSTM, and CNN. Following, C
details the full search spaces for each model and D details
the optimal space after tuning the models.

A. ENERGY SAVING CALCULATION
This appendix explains how the saved energy is calculated.

We consider two power curves defined over discrete time
steps and aim to compute the difference in total energy
consumption between them. The static power curve repre-
sents the power consumed under a constant, high voltage
throughout the interval, while the dynamic power curve
represents the power when the voltage varies over time.
Power is calculated as the product of current and voltage,
as shown in Equation 11:

P = I ∗ V (11)

The power at time t for the static and dynamic case can
therefore be expressed as:

Pstatic,t = Vstatic · Istatic,t (12)
Pdynamic,t = Vdynamic,t · Idynamic,t (13)

where Vdynamic,t ≤ Vstatic for all discrete time steps t ∈
{1, 2, . . .,T }.

To relate energy and power, we use the fundamental
definition of instantaneous power (P) as the rate at which
work (dW) (or energy) is done [44]:

P =
dW
dt

(14)

Rearranging this gives the energy consumed during a
specific time step i, where Pi is the power during the time
step, and ∆t is the time step duration. Here, Pi is assumed
to be constant over the duration ∆ t.

In the continuous case, energy is defined as the integral
of power over time. Thus, over a time interval [t1, t2], the
energy consumed along a power curve is given by:

W = lim
∆t→0

t2X
i=t1

Pi · ∆t =

Z t2

t1
P(t) dt (15)

To compute the saved energy, we take the difference
between the static (unoptimized) power curve, Pstatic(t), and
the dynamically adjusted power curve, Pdynamic(t), over a
time interval [t1, t2]:

Esaved =

Z t2

t1

�
Pstatic(t) − Pdynamic(t)

�
dt (16)

Since the system is sampled at discrete time steps, this
integral is approximated using a Riemann sum:

Esaved ≈

t2X
t=t1

�
Pstatic,t − Pdynamic,t

�
· ∆t (17)

Fig. 15. FFNN architecture with stacked hidden layers.

TABLE 10. Scalers and their abbreviations.

B. MODEL ARCHITECTURES
This appendix presents the detailed architectures of the
neural network models employed in the study.

Fig. 15 illustrates the architecture of the adjusted
FFNN.

Fig. 16 shows the architecture of the LSTM, and Fig. 17
the CNN.

C. HYPERPARAMETER SEARCH SPACE
This appendix specifies the hyperparameter space which
was investigated for each model. Table 10 shows abbre-
viations used for those including scaler options. Any cell
marked with - indicates that the other task formulations
have that parameter but it is not available in that specific
one.

D. COMMON PARAMETERS
Several hyperparameters were shared across multiple mod-
els. Among these were the choice of scaler and the lag in
the data. Scalers were adopted from the Scikit-learn
library and the lag was set to be up to one day.
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Fig. 16. Overview of the components of the HybridLSTM
architecture.

TABLE 11. Hyperparameter search space for data
preprocessing.

For the neural network models, additional common hyper-
parameters included the optimizer, learning rate, and number
of training epochs. All except the number of epochs were
included as tunable parameters within the Optuna optimiza-
tion process. Epochs was set to 125 across models.

E. STATISTICAL MODELS
The search spaces for the hyperparameters related to data
preprocessing, which are shared across most non-neural
models, are presented in Table 11. Where scaler is the scaler
used for the data and lag the amount of look back the
model gets. The hyperparameter search spaces specific to
the different models are displayed in the following tables.

1) RANDOM FOREST REGRESSOR
Table 12 gives the optimal parameters found through optuna
for RF. n estimators refers to the number of trees in the
forest, max depth to the depth that the trees are allowed,

Fig. 17. Overview of the components of the HybridCNN
architecture.

min samples split is the minimum number of samples
needed for a split, and min samples leaf the minimum
number of samples required to create a node [45].

2) EXTREME GRADIENT BOOSTING
Similarly to RF, n estimators indicated the number of trees
[45]. learning rate decreases the contribution of each tree
by its rate, max depth is as in RF the max allowed depth
of the trees, subsample is the percentage of samples used to
train each individual tree. Finally, colsample bytree

3) K-NEAREST NEIGHBORS
The unsupervised ML algorithm was given the search space
as shown in Table 14. First, n neighbors is the number of
neighbors used to make a prediction, weights decides how
much each neighbors’ value contributes with [45]. leaf size
aids in memory and speed of the algorithm, and p decides
the function for distances.

4) SUPPORT VECTOR MACHINE
The C parameter controls the strength of the regularization
[45]. The kernel coefficient is calculated according to the
parameter gamma, scale, epsilon controls the radius out
from which there is no penalty added during training phase.
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TABLE 12. Hyperparameter search space for RF.

TABLE 13. Hyperparameter search space for XGB.

TABLE 14. Hyperparameter search space for KNC/R.

TABLE 15. Hyperparameter search space for SVC/R.

TABLE 16. Hyperparameter search space for neural networks’
common hyperparameters.

Lastly, kernel is used to calculate the similarity or difference
between data points. Selecting its function is crucial for
creating a functional model.

F. NEURAL NETWORKS
The common search spaces are presented in Table. 16.
Scaler describes the way data is transformed for the ML
models, lag value defines the lag in the data and hence the

TABLE 17. Hyperparameter search space for FFNN.

TABLE 18. Hyperparameter search space for CNN.

TABLE 19. Hyperparameter search space for LSTM.

information back in time that the models get. Batch size
is the number of samples used at a time during training,
optimizer controls the change of the model during training
phase. The learning rate lr is closely connected to the
optimizer in that it chooses the amount of change that is
done in every training loop. The parameter grad clip can
be activated to decrease the change of exploding gradients.
hidden size is the number of neurons in the hidden layers
and use sigmoid defines if a last sigmoid activation func-
tion is used in the model.
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TABLE 20. Hyperparameter search space for the dataset
configuration.

TABLE 21. Hyperparameter search space for TFT.

TABLE 22. Optimal hyperparameters RF.

1) FEED FORWARD NEURAL NETWORK
Num layers is the number of hidden layers in the neural
net, dropout rate prevents overfitting by setting a neuron’s
output to 0 with the specified rate. The activation func
controls the activation function used and use residuals
controls whether residuals are used.

TABLE 23. Optimal hyperparameters XGB.

TABLE 24. Optimal hyperparameters KNC/R.

TABLE 25. Optimal hyperparameters SVC/R.

TABLE 26. Optimal hyperparameters FFNN.

2) CONVOLUTIONAL NEURAL NETWORK
Table 18 shows the hyperparameter space for the hybrid
CNN model. 1 and 2 in the end of the first 12 parameters
indicates whether it is applied to the first or second con-
volutional block. The channels created by the convolution
is controlled by branch out channels, kernel size is the
size of the kernel convolving over the sequence. Kernel
size is defined to never be larger than the input size, lag,
as it is impossible to convolve a larger kernel than the
input.
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TABLE 27. Optimal hyperparameters LSTM.

TABLE 28. Optimal hyperparameters CNN.

The stride defines the jump after each convolution,
padding parameter is the potential extra input added to
the beginning and end of the sequence. The parameter
ad avg pool controls the size of the output of the Adap-
tiveAvgPool1d layer, which takes a mean and creates an
output of the specified size. The max pooling parame-
ter controls the kernel size parameter of the MaxPool1d
layer [46].

Static hidden is the neuron size of the non-sequential
hidden layer and out static of its output layer.
Conc hidden is the neuron size of the concatenation

TABLE 29. Optimal hyperparameters TFT.

later. Out to concat controls the resize using a
AdaptiveAvgPool1d layer of each individual output
before entering the concatenation layer. The activation
parameters control the activation function for each block as
indicated by its suffix.

3) LONG SHORT MEMORY
Table 19 shows the individual tuning parameters for the
hybrid LSTM model. lstm layers represents the number of
hidden layers included in each LSTM module in the model.
The lstm dropout parameter determines the dropout rate
applied between hidden layers inside each LSTM module;
it is only used if the number of hidden layers is greater than
one. The static hidden size 1 and static hidden size 2
parameters control the sizes of the first and second linear
layers in the static branch of the LSTM.

4) TEMPORAL FUSION TRANSFORMER
The search space for the TFT is presented in Table 21.
Since the TFT was implemented using the pytorch-
forecasting library, the data was converted to a PyTorch
Forecasting time series dataset. While tuning the TFT
model, the parameters for the time series dataset were tuned
as well. Since the Pytorch Forecasting library has different
namings and configurations than regular neural networks
implemented in torch, the TFT did not share the same
common parameters as the other neural networks.

The search space for the dataset configuration is presented
in Table 20.

max encoder length and max prediction length
define the maximum number of time steps included in
the encoder and decoder, respectively. The length of the
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TABLE 30. Full evaluation radio 1.

encoder is the TFT’s equivalent of the lag value.
encoder random ratio controls the fraction of
max encoder length to select as the minimum encoder
length. The Boolean flag add relative time idx controls
whether to include relative time indices for sequences.
These indices range from encoder length to prediction
length. add target scales decides if target scales for static
real features should be added, and add encoder length
if encoder length should be added to static real variables.
randomize length enables random variation in encoder
lengths per sample. The target normalizer and scaler
parameters define the normalization strategies applied to
the target and input features, respectively.

The parameter setup for the TFT model is shown in
Table 21. The hidden size represents the number of neurons
in each hidden layer. The lstm layers parameter determines
the number of LSTM layers to include in the model. The
dropout rate is controlled by the dropout parameter. The
attention head size represents the number of attention
heads to include, and hidden continuous size specifies the
hidden size for the layers processing continuous variables.

TABLE 31. Full evaluation radio 2.

reduce on plateau patience controls the patience before
reducing the learning rate by a factor of 10. The hyperparam-
eter share single variable networks determines whether
the encoder and decoder share the single-variable networks.
causal attention controls whether the decoder is allowed
to attend to future time steps. The learning rate and
batch size parameters were described in Section C.

G. OPTIMAL HYPERPARAMETER SETTINGS
This appendix shows the optimal hyperparameters for each
model.

H. ARCHITECTURE-SPECIFIC COMPLEXITY
EXPRESSIONS
This appendix provides the architecture-specific expressions
used to motivate the dominant complexity terms in Table 4.
These expressions are approximate and omit lower-order
operations such as activation functions, dropout, normaliza-
tion, pooling, concatenation, and element-wise additions.

For the HybridLSTM, let τ denote the lag length, Fseq the
sequential feature size per time step, H the LSTM hidden
size, K the number of layers in the first LSTM block, S the
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TABLE 32. Full evaluation radio 3.

number of static input features, S 1 and S 2 the hidden sizes
in the static branch, and dout the output dimension. Since
an LSTM computes four gate transformations at each time
step, the approximate prediction-time cost is proportional to

CostLSTM ∝ τ[4(FseqH + H2) + 4(K − 1)(2H2)

+ FseqH + 4(2H2)] + S S 1

+ S 1S 2 + (H + S 2)dout. (18)

The dominant recurrent term is therefore proportional to

CostLSTM ∝ τ(FseqH + KH2). (19)

For the HybridCNN, let τi denote the input sequence
length of convolutional branch i, Ci the number of output
channels, and ki the kernel size. Let S denote the static input
dimension, Hs the static hidden size, S out the static branch
output size, R the resized branch output dimension, Hc the
concatenation hidden size, and dout the output dimension.
The approximate prediction-time cost is proportional to

CostCNN ∝ τ1C1k1 + τ2C2k2 + S Hs + HsS out

+ 3RHc + Hcdout. (20)

TABLE 33. Full evaluation radio 4.

The dominant convolutional term is therefore proportional
to

CostCNN ∝ τ1C1k1 + τ2C2k2. (21)

I. EVALUATION PER RADIO
This appendix specifies the evaluation of the individual
Radios. First, Table 30 shows the evaluation for radio
1. It is highly imbalanced and only has three possible
underestimations and thus three instances in the positive
class. None of the machine learning or benchmark methods
were able to accurately predict any of these instances. The
benchmark models performed comparably to the machine
learning models on this test set. No model demonstrated
superior performance; accordingly, no values are highlighted
in bold.

Table 31 presents the evaluation results for radio 2. This
dataset contains more instances of the positive class com-
pared to radio 1. In this case, the machine learning models
outperform the benchmarks in terms of underestimations.
The Naive mean 48 model achieves the highest energy
savings, although this is accompanied by the maximum
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TABLE 34. Full evaluation radio 5.

number of underestimations. The second-best performers in
terms of energy savings are two machine learning models:
the TFT regressor optimized for MSE and the KNR model
optimized for MSE, both achieving savings of 13.02%.
However, similar to naive_mean_48, neither of these
models successfully predicted any positive class instances.
The model achieving the highest energy savings while also
identifying some positive instances is the HybridLSTM
optimized for MSE, which attained 12.98% savings and
correctly predicted 1 out of 30 positive instances. The
second-best in this regard is the Random Forest optimized
for MSE, which achieved 12.96% savings with 28 out of 30
underestimations.

In terms of underestimations, the TFT classifier achieved
the best performance with only 11 underestimations, cor-
rectly predicting approximately 60% of the positive class
instances. The FFNN classifier had 15 underestimations and
achieved 12.03% energy savings, compared to 9.81% for the
TFT classifier.

Radio 3, similar to radio 1, contains few instances of
the positive class—-two in total. None of the ML models

or benchmarks successfully predict any of these positive
instances. Notably, 17 out of 24 ML models achieve the
maximum possible energy saving of 12.75%, as do several
of the benchmarks. The results are provided in Table 32.

Table 33 presents the results for radio 4, which contains
zero instances of the positive class. Consequently, the volt-
age can always be set to the lower level. All benchmark
models and ML models, except two configurations, correctly
maintain the voltage at the lower level throughout. This is
evidenced by their achieving the maximum possible energy
savings for radio 4, as shown in Table 33.

Lastly, Table 34 presents the results for radio 5, which
has a similar proportion of positive instances as radio 2 (see
Table 31). Several machine learning models, including the
RF and XGB optimized for MSE, achieve the maximum
possible energy savings of 12.42% while also correctly
predicting some of the higher-utilization instances. The
FFNN classifier demonstrates the best performance in terms
of underestimations, closely followed by the TFT classifier.
However, the FFNN classifier outperforms the TFT classifier
across all evaluation metrics.
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