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Abstract— For 5G networks, designed to handle a range of applications,

such as enhanced mobile broadband (eMBB), ultra reliable low-latency

communications (URLLC), and massive machine-to-machine communica-

tions (mMTC), energy efficiency is a key performance criterion. It is es-

sential to achieve an optimal balance between energy efficiency and other

important elements, such as latency, throughput, connection density, and

reliability. This applies to both base stations and user equipment (UEs).

This work presents a new energy saving model. A technique is developed to

save energy consumption in 5G networks based on predicted load values us-

ing tow load prediction algorithms. This is achieved by allocating power to

access points (APs) based on a dynamic threshold selected based on math-

ematical data analysis and varying with network load changes. Further-

more, optimal threshold values and threshold change steps are identified

that achieve the highest energy savings in the studied network. MATLAB

and GraphPad are the primary tools for simulation, analysis, and visual-

ization. A significant improvement in energy efficiency was achieved, with

acceptable energy savings of approximately 20% at certain threshold val-

ues and threshold changes. Overall, the study highlights the effectiveness

of machine learning algorithms in load prediction, making them promis-

ing strategies for reducing energy consumption in 5G systems, improving

performance and efficiency while maintaining core performance metrics. It

also provides valuable insights into future developments in energy-efficient

5G technologies.

I. INTRODUCTION

The rapid deployment of 5G networks has revolutionized mo-

bile communications, delivering unparalleled speed, connectiv-

ity, and reliability. As 5G infrastructure grows, its power re-

quirements increase, raising serious energy efficiency concerns

for customers and service providers alike. The growing num-

ber of Internet of Things (IoT) devices, smartphones, and au-

tonomous systems means that optimizing 5G network power is

becoming even more critical. The dynamic requirements and

use cases of 5G -which include (eMBB), (mMTC), and ultra

reliable, and (URLLC) -often place a significant burden on tra-

ditional power management techniques. Fortunately, new ad-

vances in artificial intelligence (AI), particularly in the areas of

deep learning and machine learning, are opening up new ways

to address many of the challenges facing various systems, and

have been adopted in 5G networks to address several issues, in-

cluding energy-related ones. Real-time energy savings for both

user devices (UEs) and base stations can be achieved through

deep learning methods, which use data-driven models to predict

and respond to network conditions [1]

The next sections of this study are organized as follows: Re-

lated Work, methods and materials, the model and steps, simu-

lation results and evaluation, conclusion, recommendations, and

references.

II. RELATED WORK

Energy efficiency in wireless communication systems has

been a major research focus for many years, leading to vari-

ous strategies aimed at decreasing power consumption in cellu-

lar networks. In the realm of 4G and earlier technologies, tradi-

tional methods for conserving energy included resource alloca-

tion, base station sleep modes, and power control for user equip-

ment. However, the intricate and varied nature of 5G networks

necessitates more advanced solutions [2]. Numerous studies

have explored energy-saving methods for 5G networks, some

based on machine learning and others not. For example, re-

searchers [2] introduced the concept of Green 5G, which aims to

reduce operational energy consumption by encouraging the use

of energy-efficient devices, network densification, and the inte-

gration of renewable energy sources. Strategies such as coordi-

nated sleep patterns, small cell deployment, and massive MIMO

have been explored to reduce energy consumption at base sta-

tions while ensuring quality of service. However, these tech-

nologies often react to changes rather than immediately adapt to

5G traffic dynamics.

The work presented by [3] demonstrated that the use of ma-

chine learning (ML) techniques for wireless network power

management has gained increasing popularity recently. By an-



alyzing traffic patterns, supervised learning algorithms have en-

abled networks to predict times of low demand and adjust re-

source allocation appropriately. Similarly, reinforcement learn-

ing (RL) has been used to control power in multi-user envi-

ronments, enabling the system to develop optimal power-saving

strategies based on feedback. The application of deep learning

in the context of 5G energy management is still a nascent field.

Research has shown that deep learning can improve energy con-

sumption in base stations. Some studies, such as [4], have relied

on convolutional neural networks (CNNs) to efficiently schedule

resources, while others have investigated recurrent neural net-

works (RNNs) to predict traffic patterns over time to enhance

energy efficiency. Despite these strides, there is still room to

improve the use of deep learning techniques in comprehensive

energy saving strategies in 5G networks, particularly those that

can be adapted in real-time across both user equipment and in-

frastructure. The study in [5] proposed the Radio Resource Con-

trol (RRC) INACTIVE STATE technology, which included the

addition of a new state for the user device to the two states of

connected (RRC) and idle (RRC). This state was named INAC-

TIVE STATE, and the device switches to this state when there is

no data traffic, returning to the connected state when data arrives

within a short period. The advantage of this technology is that

the transition from the inactive to connected state takes a shorter

time than the transition from idle to connected state. However,

its disadvantage is that small data cannot be transmitted in the

inactive state. In [6], this study presents an improvement on the

traditional cell switch on/off technique previously used to con-

serve energy in 5G systems. Cell states were switched between

on and off based on the traffic exchanged, with some cells be-

ing off and others operating, depending on the load associated

with each cell. However, switching off cells can degrade sys-

tem performance, as some cells that remain active require ad-

ditional traffic to serve their own traffic, which means greater

energy consumption. The researchers in this study proposed the

switch on/off technique based on machine learning techniques

and developed a model of the general architecture of this tech-

nique. This model consists of a public module whose task is to

collect data, followed by a decision module responsible for con-

serving energy by measuring performance indicators and setting

the threshold accordingly. The output is then sent to the final

module, called the execution module, which is responsible for

updating the network management database. This technique has

proven effective in reducing energy consumption. The study [7]

proposed the idea of using Long Short-Term Memory (LSTM)

technology to predict data center load. This technology is a

smart neural network architecture used in deep learning, pri-

marily for short-term load prediction. LSTM can process not

only single data points such as images, but also data sequences

such as video or speech, as LSTM consists of multiple mem-

ory cells. The results of this study demonstrated high accuracy

in load prediction, making it one of the most important tech-

nologies used in this field. Researchers [8] have introduced a

new technique for predicting users’ hourly and daily load. This

method overcomes some of the limitations of traditional predic-

tion methods, such as the difficulty of handling nonlinear data,

and the limitations of machine learning techniques in feature ex-

traction, such as the difficulty of interpreting training results and

limited learning capacity. The proposed technique, called Deep

Cycle Neural Network (DCNN), aims to apply deep learning to

analyze user energy data to accurately predict short-term load.

High-dimensional features were used to predict the total daily

load, then predict the hourly load by selecting low dimensional

features. The results demonstrated that the proposed technique

simplifies the prediction process and improves accuracy. It com-

bines a deep learning Convolutional Neural Network (CNN) al-

gorithm with the LSTM load prediction technique. Given the

importance of energy efficiency for 5G and 6G, and with the

expected presence of a trillion IoT devices equipped with non-

rechargeable batteries, researcher [9] provided a comprehensive

assessment of the cost of achieving the desired latency and re-

liability of radio communications when applying energy-saving

techniques. They also provided a comprehensive review of the

most important energy-saving features of the 3GPP standard,

such as energy-efficient RRC idle state, early migration pro-

cedures, small data transfer without RRC state transition, and

other techniques. Among the most important recommendations

resulting from this study are that PDCCH skipping is inappro-

priate for critical services that require very low latency, such as

URLLC services. Furthermore, it is important to ensure that

collisions do not occur in grant-based uplink transmissions to

achieve the required latency gains. The work presented by [10]

provides an overview of the evolution of energy-saving tech-

nologies supported by the 5G NR standards, taking into account

other key performance indicators such as throughput and la-

tency, in addition to highlighting the main trends in green com-

munications development and future improvements beyond 5G.

Many scientific studies that addressed the topic of energy sav-

ing in 5G and post-5G networks were discussed and reviewed

in the work presented by researchers [11], where the advantages

and disadvantages of each were discussed, as well as the basic

limitations of the available solutions such as computational cost,

scalability, and deployment complexities. The research aims to

design a system that combines two algorithms: one for load pre-

diction and the other for energy saving, with the aim of reduc-

ing energy consumption, improving performance, and increas-

ing efficiency in 5G network communication systems. The per-

formance of two load prediction algorithms was tested, the first

one is not based on machine learning (Seasonal Autoregressive

Integrated Moving Average (SARIMA)), and the second one is

based on machine learning (Random Forest (RF)). An energy-

saving technique was developed that relies on a dynamic thresh-

old that varies with network and load conditions, relying on data

analysis and determining the most appropriate statistical distri-

bution.

III. METHODS AND MATERIALS

This research was conducted based on recent scientific stud-

ies and research related to 5G Cellular systems and technolo-

gies, as well as scientific articles on load prediction techniques,

their types, and characteristics. The results of these studies were

taken into consideration, and the MATLAB programming en-

vironment and GraphPad software were used to program and

analyse the system under study, display, and compare the results.

The implementation steps consisted of the following stages:

1. Obtaining 5G network data for the study.
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2. Selecting two load prediction algorithms and applying them

to the studied data.

3. Analysing the predicted data using GraphPad.

4. Optimizing the energy-saving technique and applying it to

the studied network.

5. Calculating the achieved energy savings.

6. Presenting and analysing the results.

A. Network and traffic model in 5G network

Mathematical modelling of traffic and networks in 5G sys-

tems focuses on understanding data traffic patterns, user mobil-

ity, and overall network performance with the goal of optimiz-

ing resources such as bandwidth, latency, and energy efficiency.

Given that 5G networks manage a variety of traffic types, such

as enhanced mobile broadband (eMBB), massive machine-type

communications (mMTC), and ultra-reliable low-latency com-

munications (URLLC), the mathematical models need to reflect

the unique requirements and characteristics of each of these ser-

vices.

A.1 Network Model in 5G

According to [12], the capacity of a communication link can

be modelled using Shannon’s capacity theorem, which gives the

theoretical maximum data rate over a noisy channel:

C = B log2

(

1+
S

N

)

(1)

B. Used algorithms:

B.1 SARIMA:

At certain points in time, the time series may be non-

stationary due to variations in the average values over time

within the seasonal range under study. For this reason, a sea-

sonal ARIMA model, called SARIMA, was developed to com-

bine seasonal and non-seasonal factors. It is abbreviated as

SARIMA (p, d, q) × (P, D, Q)S [13]. Where:
• The symbols (b, d, q) are defined in the ARIMA model.

• The symbols (P, D, Q) are the seasonal values of the symbols

(b, d, q).

• The symbol S indicates the time period over which the sea-

sonal pattern repeats.
The SARIMA model (p,d,q)× (P,D,Q)S is represented by the

following equation:

φ(B)Φ(Bs)∆d∆D
s yt = c+θ(B)Θ(Bs)Wt [13] (2)

Where:
• D is the seasonal difference of order D, defined as ∆D

S = (1−
BS)D,

• φ(B) and θ(B) are the non-seasonal autoregressive (AR) and

moving average (MA) polynomials of order p and q, respec-

tively,

• Φ(BS) and Θ(BS) are the seasonal AR and MA polynomials

of order P and Q, respectively.
The SARIMA model is one of the most important models used

to predict future values of time series, due to its accuracy and op-

timality in most cases. It relies heavily on previously observed

values in the time series under study, in order to provide optimal

predictions with minimal errors. Accordingly, this model was

chosen to study the proposed system [13].

B.2 RF:

Leo Breiman developed the term ”random forest” (RF) to

describe an ensemble of unpruned classification or regression

trees, which are generated by randomly selecting specific sam-

ples from training data. The prediction process is the result of a

majority vote, or in other words, it is a set of predictions within

the ensemble. The authors of [14] claim that random forests are

characterized by the following:

• Fast training and prediction.

• Can be used for high-dimensional problems.

• Ease of parallel implementation.

• Naturally handles both regression and multi-class classifica-

tion.

• Accounts for missing values.

• Unsupervised learning.

C. The model and steps:

C.1 Phase 1:

There are many types and patterns of data traffic in 5G net-

works, which may be exchanged simultaneously by multiple de-

vices in varying quantities. Therefore, the idea of predicting

data traffic and network load emerged with the aim of precisely

controlling and managing radio resources, controlling energy

consumption in the system, and minimizing losses as much as

possible. In the field of load prediction, many algorithms have

been developed, and extensive research and studies have been

conducted to compare and analyze their performance. Some of

these algorithms rely on machine learning, while others do not,

and they differ in terms of specifications, testing methods, and

accuracy. This phase included the implementation of two types

of load prediction algorithms: the first is a developed technique

that does not rely on machine learning, namely SARIMA, and

the second is a machine learning-based technique, namely RF.

The load in the studied network was predicted using these two

algorithms and the prediction accuracy of each was measured.

Then, the values of the predicted cell load data were analyzed

using GraphPad. The aim of the analysis was to find the most

appropriate probability distribution for the data and determine

the most appropriate initial threshold value based on the result-

ing distribution.

Call Detail Records (CDRs) are created by the Telecom Italia

cellular network in Milan, with the aim of recording and track-

ing user activity for billing and administration purposes. The

data is obtained through accounts applied to these records,

which include call, SMS and internet services. The simulation

included measuring some parameters for both algorithms, which

are:

• MAE: Mean absolute error

• MAPE: Mean Absolute Percentage Error

• RMSE: Root Mean Square Error

The simulation results were as shown in Figure 1
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Fig. 1: MAE, MAPE, and RMSE parameters for RF and

SARIMA

We note from the values that in the case of load prediction in

the studied 5G network, the RF algorithm performs better than

SARIMA. It is 3% better in terms of MAE and RMSE, and 17%

better in terms of MAPE. This makes it more suitable and ef-

fective when building a model or system to reduce energy con-

sumption in a 5G network based on predicted load values. It is

also worth noting that SARIMA’s performance is largely accept-

able. Ultimately, RF and SARIMA are two different techniques

used in various fields of machine learning and data analysis. The

choice between RF and SARIMA depends on the nature of the

data and the specific problem being solved. The RF algorithm

is preferred when the dataset is large and diverse, and when we

need to handle multiple features. On the other hand, SARIMA

is preferred when working with time series data with a seasonal

or cyclical pattern and where temporal relationships are evident.

C.2 Phase 2:

After the cell load prediction phase, the GraphPad data anal-

ysis software was used to find the closest distribution to the nor-

malized predicted data. Based on the analysis results, an initial

value was determined for the dynamic threshold used in the third

phase, which is the energy consumption reduction phase. The

results of the data analysis process resulted in two types of pos-

sible distributions: (Sum of two Gaussians) distribution and the

(Sum of two Lorentizian) distribution, for both SARIMA and

RF.

• Sum of two Lorentizian: It is a continuous probability distri-

bution that describes many phenomena, such as spectral lines

and resonance. It is characterized by being symmetrical, re-

sembling a bell, and having heavy tails. It extends farther out

to the edges, making it prone to having values far from the

center [15].

• Sum of two Gaussians: The Gaussian distribution is a contin-

uous probability distribution in statistics and science. It is also

characterized by its symmetrical ”bell” shape and is used to

describe many natural and random phenomena (such as mea-

surement errors or exam scores). This model is well known

for its ability to model data that contain more than one central

cluster or pattern, and unlike the Lorentzian, the tails of the

sum of Gaussians decline more quickly, just like the single

Gaussian [16].

The resulting curves are shown in the diagrams below.

Figure 2 shows the results of data analysis when the RF algo-

rithm is used to predict load. Figure 2a shows the blue line,

which represents a mathematical function resulting from the

(sum of the two Lorentizian) functions. This function is used

to model the expected load of the cell. The red dots represent

experimental or simulated data for the expected load of the cell.

Figure 2b shows the blue line, which represents a mathematical

function resulting from the (sum of the two Gaussians) func-

tions. This function is used to model the expected load of the

cell. The red dots represent experimental or simulated data for

the expected load of the cell.

Figure 3 shows the results of data analysis when the SARIMA

algorithm is used to predict load. Figure ?? and Figure3b shows

the same results as the previous ones, but in the case of the

SARIMA algorithm.

We notice that the curve resulting from the (sum of the two

Lorentizian) functions gives a shape resembling a ”saddle” or

”double dome”, and it appears that the predicted data generally

follow the shape of the theoretical curve, with some slight vari-

ations. Also, we notice that the curve resulting from the (sum

of the two Gaussian) functions gives a shape resembling a ”hill”

or ”single peak,” and the predicted data generally seem to fol-

low the shape of the theoretical curve as well. Both functions

(Lorentz and Gauss) show a good fit to experimental data, but

there may be slight differences in how accurately each repre-

sents the data. The mathematical function is chosen based on

how well it matches the experimental data and the objectives of

the study.

Based on a visual analysis of the curves, it can be seen that

the most appropriate distribution for the studied data is the sum

of two Gaussians. This is because the shape of the curve re-

sulting from the sum of two Gaussian functions best matches

the shape of the experimental data, showing a single peak re-

sembling a ”hill” shape, and the data generally follows this pat-

tern [16]. Because the data under study does not contain many

extreme values, the Lorentz distribution is not the best choice.

Furthermore, the mean and variance of this distribution cannot

be defined, which is why we rely on the Gauss distribution as

the most appropriate distribution for the data under study [15].

From [16], the basic equations for the sum of two Gaussian dis-

tributions are given as follows:

one = Amplitude1 · exp

(

−0.5

(

X −Mean1

SD1

)2
)

(3)

two = Amplitude2 · exp

(

−0.5

(

X −Mean2

SD2

)2
)

(4)

Y = one+ two (5)

where:
• one and two represent the first and the second Gaussian func-

tion.

• SD1 and SD2 are the standard deviations for each function.
The goal of determining the most appropriate distribution for

the data was to use it to determine the initial threshold value for

the next stage. The mean values of each of the two Gaussian

functions were taken, their average was calculated, and adopted

as the initial value for the dynamic threshold, for both the RF

and SARIMA algorithms.
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(a) Comparing with the “sum of the two Lorentzian” distribution (b) Comparing with the “sum of the two Gaussians” distribution

Fig. 2: Analysis of the normalized cell predicted load by RF

(a) Comparing with the “sum of the two Lorentzian” distribution (b) Comparing with the “sum of the two Gaussian” distribution

Fig. 3: Analysis of the normalized cell predicted load by SARIMA

In the case of using RF to predict load, the results of the data

analysis were as shown in Table 1:

TABLE I: The results of the data analysis predicted using RF

Sum of two Gaussians Value

Mean1 9.668

Mean2 18.68

Sum 28.34

Average 14.17

In the case of using SARIMA to predict load, the results of

the data analysis were as shown inTable 2:

TABLE II: The results of the data analysis predicted using

SARIMA

Sum of two Gaussians Value

Mean1 14.02

Mean2 15.05

Sum 29.07

Average 14.53

C.3 Phase 3:

This phase involved developing an energy optimization model

using MATLAB, targeting base stations (BSs) by dynamically

adjusting network parameters based on real-time traffic condi-

tions. This model aims to improve energy efficiency while main-

taining overall network performance. The proposed strategy in-

volves dynamic power allocation to the BS. In other words, the

dynamic threshold actively adapts to changes in load. The net-

work uses the dynamic threshold as a mechanism for adaptive

resource control, becoming more conservative when the load is

high and more lenient when the load is low. This approach aims

to balance resource efficiency with ensuring quality of service

for users at different times of the day.

The power consumed by the BS in a densely populated net-

work can be expressed as:

Pi = ∑
i

Si

(

Pidle +
1

η
Ptrans,i

)

(6)

where:

• Ptrans,i: the transmission power of the i-th station,

• Pidle: the base station power consumption in non-transmitting

state,
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• η: the efficiency coefficient,

• Si: the signal.

The following are the constraints that must be met to ensure the

effectiveness of the proposed model: The user’s received power

must meet the minimum data transfer rate:

N

∑
i=1

xi ·SINRi j ≥ R j (7)

The transmitted power must be within the permissible range:

Pmin ≤ Pi ≤ Pmax (8)

The primary goal is to ensure that the power is as low as possi-

ble:

Min Ptotal =
N

∑
i=1

Si

(

Pidle +
1

η
Pi

)

(9)

C.4 Power Allocation Algorithm Steps:

After initial setup, parameter adjustment, and cell load predic-

tion, the predicted load is normalized, and the load trend (load

tendency) is then calculated. This is followed by dynamically

adjusting the threshold based on the load and load tendency, and

then dynamically allocating power in proportion to the thresh-

old. Finally, the amount of energy saved is calculated using the

dynamic power allocation mechanism, in addition to determin-

ing the optimal parameter values that provide the greatest energy

savings.

To calculate the dynamic threshold, follow these steps:

• The dynamic threshold is initialized and parameters are de-

fined, such as the threshold change step and the initial startup

threshold value, which is equal to the mean of the first and

second centers of the Gaussian distribution.

• For each time step:

• The previously Normalized Cell Predicted Load (NCPL) is

compared with the previously

Normalized Full Network Predicted Load (NFNPL), along with

their slopes.

If the conditions are as follows:

• If NCPL < NFNPL and CPLT < FNPLT , decrease the thresh-

old by 2× threshold change step.

• If NCPL ≥ NFNPL and CPLT < FNPLT , decrease the thresh-

old by threshold change step.

• If NCPL < NFNPL and CPLT ≥ FNPLT , increase the thresh-

old by threshold change step.

• Otherwise, increase the threshold by 2× threshold change step.

The threshold is fixed in the range between 0 and 1, the dynamic

threshold value is stored for each time step, and finally the per-

centage of power allocation is plotted over time: the power al-

location is displayed as a percentage with the optimal values of

the parameters used. The flowchart in Figure 4 illustrates the

steps of the previous algorithm.

Fig. 4: Power Allocation Algorithm flowchart

IV. SIMULATION RESULTS AND EVALUATION:

In this section, we present the results of the proposed algo-

rithm and the resulting energy savings improvement for the stud-

ied network. The dataset used in this study was obtained from

Harvard University and contains information on telecommuni-

cations activities in the city of Milan for billing and network

management purposes. Telecom Italia’s mobile network gener-

ates call detail records (CDRs), from which this data was ob-

tained.

A. The first case: RF algorithm

Figure 5 illustrates how the Normalized Cell Predicted Load

(NCPL) values change and fluctuate as the dynamic threshold

changes over time. Blue Curve (NCPL): This curve shows the

predicted and measured load on a 5G network cell over time (in

hours). Higher values indicate increased network usage, such

as increased active users or higher data volume. Lower values

indicate decreased network usage.

Red Curve (DT - Dynamic Threshold): This curve represents

a dynamic threshold that changes over time. This threshold rep-

resents the point at which the network may begin implementing

resource management or usage regulation mechanisms to avoid

congestion and ensure quality of service. This threshold may de-

pend on various factors such as cell capacity, the required quality

of service, or network policies.

Based on the comparison between the load and the dynamic

threshold, energy is allocated. When the load is low, high-

energy values can be allocated and all resources allocated. Con-

versely, when the load is high and the network is under pres-

sure, energy and resources must be managed effectively to avoid

problems.
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Fig. 5: NCPL changes with DT in the case of RF

In general, Figure 6 shows how the power allocation percent-

age (PA) changes over time (in hours). Interpreting the different

phases of the curve:

• The period from hour 0 to approximately hour 8: During this

period, we observe that the cell load (NCPL) is very low, well

below the relatively high dynamic threshold (DT). In this case,

the system is able to allocate almost all of the power (as seen

in the previous curve at 100

• The period from approximately hour 8 to approximately hour

13: Here, we witness a sharp increase in the cell load (NCPL).

The load begins to approach the dynamic threshold and then

significantly exceeds it. This increasing congestion in the net-

work, which exceeds a specific capacity (represented dynam-

ically by the threshold), is likely the main reason for the grad-

ual decrease in the power allocation ratio we observed earlier.

The system temporarily reduces the percentage of power allo-

cated to each user or service to manage congestion and prevent

network collapse when demand exceeds the available capacity

as determined by the dynamic threshold.

• Period from approximately 13 hours to approximately 20

hours: During this period, the cell load (NCPL) drops signifi-

cantly and rapidly, becoming well below the dynamic thresh-

old (DT). This reduction in network demand allows the sys-

tem to lift the constraints imposed on power allocation, which

explains the rapid return of the power allocation ratio to nearly

100

• Period from approximately 20 hours to the end of the pe-

riod: Here, we see that the cell load (NCPL) begins to rise

again, approaching the dynamic threshold (DT), and some-

times slightly exceeding it. This is consistent with the slight

fluctuations in the power allocation ratio seen in the previ-

ous curve during this period. When the load increases and

approaches the permissible limit (the dynamic threshold), the

system may slightly adjust the power allocation to maintain

stable performance.

V. RESULTS DISCUSSION

Comparing the two curves, it becomes clear that the power

allocation ratio in a 5G system is likely a dynamic response

mechanism to changes in cell load. When cell load increases

and approaches or exceeds the threshold, the power allocation

ratio is reduced to manage congestion and ensure service con-

tinuity. When the load decreases and falls below the threshold,

the system switches back to allocating more power.

Fig. 6: The power allocation percentage (PA) over time

The output of the energy consumption reduction algorithm

is shown in Figure 7 and Table 3 where the best values for

the parameters that give the greatest energy savings were found

depending on the startup threshold and the step value. The

three-dimensional curve represents the simulation results of the

proposed algorithm and illustrates the relationship between the

starting threshold values, the threshold step size, and the result-

ing energy savings. We note the following:

X-axis: Represents the optimal starting threshold value for

the algorithm. This threshold determines when the algorithm

begins activating energy-saving mechanisms based on a specific

level of load or activity in the network. Values range from 0 to

1. Values close to 0 mean that the algorithm starts early at low

load levels, while values close to 1 mean that it only starts at

high load levels.

Y-axis: Represents the optimal step size for changing the

threshold. It shows the magnitude of these increases or de-

creases in the threshold. Values range from 0 to 1. Smaller val-

ues represent subtle and gradual changes in the threshold, while

larger values represent more drastic changes.

Z-axis: Represents the optimal energy savings achieved.

A. Curve Notes:

• High-saving areas: We notice a clear peak (in yellow and light

green) in a specific part of the curve. This indicates an opti-

mal or near-optimal combination of starting threshold values

and step size that achieves the greatest energy savings. At the

point indicated by the index (X: 0.001, Y: 0.253, Z: 20.3546),

the algorithm appears to achieve high energy savings.

• Presence of flat or minimally variable regions: Some regions

of the curve appear relatively flat, meaning that changing the

values of one of the axes (start threshold or step size) within

this range may not significantly impact the energy savings.
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TABLE III: Simulation results in the case of RF and sum of two Gaussians

startup threshold best threshold change step best power saving best

0.253 0.001 20.35%

TABLE IV: Simulation Results in the case of SARIMA and Sum of two Gaussians

startup threshold best threshold change step best power saving best

0.248 0 19.73%

Fig. 7: The greatest energy savings with the best values for the

parameters

B. The second case: SARIMA algorithm

As in the previous case, the proposed energy-saving algorithm

was applied to the SARIMA load prediction algorithm for com-

parison and performance analysis. The results were as follows:

Figure 8 shows the change in the NCPL values for the dynamic

threshold over time, where we see: The period from 0 to approx-

imately 6: During this period, the cell load is relatively low and

stable at around 0.2. In contrast, the dynamic threshold (DT)

is high, approaching 1. This indicates that the network is un-

derutilized and that there is ample capacity available before the

network needs to activate resource management mechanisms.

The period from approximately 6 to approximately 9: The

cell load begins to rise sharply and rapidly, reaching its peak at

approximately 1:00 PM. During this period, the dynamic thresh-

old decreases significantly, reaching its lowest levels, almost ex-

actly when the load is at its peak. This behavior of the dynamic

threshold indicates that the network is adjusting the threshold

based on expected or actual load and becomes more stringent in

managing resources during peak times.

The period from approximately 9:00 PM to approximately 18:

The cell load continues to remain relatively high with some fluc-

tuations. The dynamic threshold remains low during most of this

period, indicating that the network remains in a more conserva-

tive resource management mode due to high demand.

Period from approximately 18 hours to approximately 24

hours: Cell load begins to gradually decrease. Conversely, the

dynamic threshold begins to rise again as the load decreases.

By the end of the period, the load returns to low levels, and the

dynamic threshold rises again to high values.

Fig. 8: NCPL changes with DT in the case of SARIMA

In general, the Figure 9 shows how the power allocation per-

centage (PA) changes over time, and the different phases of the

curve are: Before approximately 7 hours (high and stable power

allocation): During this period, the cell load (blue curve) was

relatively low, and the dynamic threshold (red curve) was high.

When the load is low and the threshold is high, there is no sig-

nificant pressure on the system, and thus a high percentage of

power can be allocated stably.

Between 7 hours and around 8.5 hours (sharp drop in power

allocation): This is the most interesting part. We notice that this

sharp drop in power allocation roughly coincides with the pe-

riod when the cell load starts to increase significantly, while the

dynamic threshold continues to decrease. This indicates that the

system, as the load began to approach the low dynamic thresh-

old, temporarily reduced power allocation to this cell to man-

age resources more efficiently or to avoid congestion as the load

continued to increase. This could have redirected some of the

power to other cells that needed it more at that moment.

After approximately 8.5 hours (sharp rise in power alloca-

tion): After the sudden drop, power allocation quickly returns

to a high level. This coincides with the cell load continuing to

increase and exceeding the low dynamic threshold. The reason

for this sudden spike may be that the system recognized the in-

creased need for power as the load increased significantly, and

thus reallocated more power to meet this increased demand.
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Fig. 9: The power allocation percentage (PA) over time

The output of the power consumption minimization algorithm

is shown in Figure 10 and Table 4 where the best values of the

parameters that give the greatest power savings are found de-

pending on the startup threshold and step value, in the case of us-

ing SARIMA for load prediction. Looking at the curve, we can

observe a clear peak in energy savings. There is a clear region

in the curve (located approximately at X values close to 0 and Y

values around 0.25) where the highest energy savings of 19.73

(approaching 20) are achieved. This indicates that there is an

optimal combination of starting threshold values and threshold

step changes that results in maximum energy efficiency accord-

ing to this algorithm and the load data predicted using SARIMA.

Fig. 10: The greatest energy savings with the best values for the

parameters

VI. CONCLUSION

Based on the results obtained in this study, several important

conclusions can be drawn.

First, the threshold step size has a significant impact on en-

ergy savings. There exists an optimal range of step sizes that

achieves the best performance. Very small step sizes may result

in a slow response to variations in network load, while exces-

sively large step sizes can introduce unnecessary fluctuations in

energy savings and system behaviour.

Second, the start-up threshold plays a critical role in deter-

mining energy efficiency. Varying the start threshold reveals that

there is a specific range of values that leads to improved energy

savings. Extremely low start thresholds may trigger energy-

saving mechanisms prematurely, even when the network load

is low, potentially degrading performance without yielding sub-

stantial savings. Conversely, excessively high start thresholds

may delay the activation of energy-saving mechanisms, result-

ing in missed opportunities to reduce power consumption during

moderate load conditions. Consequently, analysing the traffic

characteristics and identifying an appropriate probability distri-

bution are essential steps in determining an effective start thresh-

old value.

The study further demonstrates that, in 5G systems, the adop-

tion of intelligent resource allocation mechanisms is beneficial

for balancing energy efficiency with the dynamic load demands

of the network. This balance can be achieved through the use of

a dynamic threshold-based power management strategy. When

the cell load is relatively low and the threshold is high, a higher

percentage of power is allocated. As the load increases and ap-

proaches a lower dynamic threshold, power allocation is tem-

porarily reduced as a resource management measure. Once the

load exceeds the threshold, the system returns to allocating a

higher level of power to satisfy the increased demand.

Finally, it should be noted that the presented results are spe-

cific to the considered scenario and modelling assumptions. En-

ergy savings may vary across different 5G network environ-

ments, and the optimal configuration may also depend on ad-

ditional factors not addressed in this study, such as Quality of

Service (QoS) requirements and user experience. As a result,

a trade-off between energy efficiency and network performance

may exist and should be carefully considered in practical de-

ployments.

A. Recommendations

Based on the findings of this work, the following recommen-

dations can be drawn:

• When developing energy reduction techniques for 5G net-

works, it is essential to consider both the individual cell load

and the overall network load, as well as their respective tem-

poral variations and slopes.

• Random Forest (RF) and Seasonal Autoregressive Integrated

Moving Average (SARIMA) are distinct techniques com-

monly used in machine learning and data analysis. The results

of this study indicate that their performance is comparable

for the investigated scenario, as both achieved similar energy

savings. Consequently, the choice between RF and SARIMA

should depend on the characteristics of the data and the spe-

cific problem. RF is more suitable for large and heteroge-

neous datasets involving multiple features, whereas SARIMA

is preferable for time-series data with clear seasonal or cycli-

cal patterns.

• The proposed dynamic thresholding approach demonstrates

acceptable energy savings in 5G networks. In particular, ap-

propriate combinations of the start-up threshold and switching

step can be selected to maximise energy efficiency and may

serve as a reference for similar network scenarios.

• Implementing power-reduction algorithms during peak and

congestion periods may be beneficial, as network load is sig-

nificantly higher during these times. This approach can help

mitigate the additional overhead introduced by algorithmic

complexity, computational processes, and resource consump-

tion.

9



REFERENCES

[1] A. K. Bhat, V. Gojanur, and R. Hegde, “5g evolution and need: A study,”
in International Conference on Electrical, Electronics, Signals, Commu-
nication and Optimization (EESCO), 2015, pp. 1–4.

[2] O. Shurdi, L. Ruci, A. Biberaj, and G. Mesi, “5g energy efficiency
overview,” European Scientific Journal, vol. 17, no. 3, p. 315, 2021.

[3] D. Ailyn and A. Samy, “Machine learning applications in wireless network
optimization and management,” 2024.

[4] A. Mughees, M. Tahir, A. Sheikh, and A. Ahad, “Towards energy efficient
5g networks using machine learning: Taxonomy, research challenges, and
future research directions,” IEEE Access, vol. 8, pp. 187 498–187 522,
2020.

[5] “Nr and nr-ran overall description; stage 2 (release 15),” 3GPP, Tech. Rep.
TS 38, December 2018.

[6] Y. Gao, J. Chen, Z. Liu, B. Zhang, Y. Ke, and R. Liu, “Machine learn-
ing based energy saving scheme in wireless access networks,” in Interna-
tional Wireless Communications and Mobile Computing (IWCMC), 2020,
pp. 1573–1578.

[7] Q. Guo et al., “Research on lstm-based load prediction for edge data cen-
ters,” in IEEE International Conference on Computer and Communica-
tions (ICCC), 2018, pp. 1825–1829.

[8] W. Zhu, Y. Zeng, Z. Kang, and J. Fu, “Deep learning based short term load
prediction in smart grids,” in IEEE International Conference on Electronic
Information and Communication Technology (ICEICT), 2020, pp. 674–
678.

[9] A. A. Esswie, “Power saving techniques in 3gpp 5g new radio: A com-
prehensive latency and reliability analysis,” in IEEE Wireless Communi-
cations and Networking Conference (WCNC), 2022, pp. 66–71.

[10] Y.-N. R. Li, M. Chen, J. Xu, L. Tian, and K. Huang, “Power saving tech-
niques for 5g and beyond,” IEEE Access, vol. 8, pp. 108 675–108 690,
2020.

[11] A. Ichimescu, N. Popescu, E. Popovici, and A. Toma, “Energy efficiency
for 5g and beyond 5g: Potential, limitations, and future directions,” Sen-
sors, vol. 24, p. 7402, 2024.

[12] O. Rioul and J. Magossi, “Shannon’s formula and hartley’s rule: A math-
ematical coincidence?” American Journal of Physics, 2014.
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