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Abstract. In this paper, a hybrid framework called E-SNM-CNN-LSTM was proposed
for cellular traffic prediction and base station sleep-wake decision support in heteroge-
neous networks. First, traffic data were processed using an entropy-based refinement
step to reduce noise and short-term spikes. Then, a combination of CNN and LSTM with
the adaptive memory gate (AMG) was employed to extract spatial-temporal patterns.
Meta-parameter tuning was subsequently performed using a newly proposed Star-nosed
mole (SNM) algorithm. The performance of the proposed method was evaluated on
four datasets, Milan, Madrid LTE, Telecom Shanghai, and Trentino, and compared with
baseline models and the Transformer–ConvLSTM reference framework. Results showed
that the proposed model provided small and stable improvements in MAE, RMSE,
and R2 for traffic prediction, while achieving higher accuracy and a lower false-off
rate in sleep decision-making. In high-density scenarios such as Telecom Shanghai
and sparse-data conditions such as Trentino, the framework improved both prediction
accuracy and energy-based decision-making quality. Furthermore, simulations of a
two-layer macro-small cell network showed that the proposed model increased energy
savings and reduced the number of on/off switches. Independent evaluation of the SNM
algorithm on the CEC BC 2017 benchmark functions also demonstrated competitive and
stable performance in search capability and overall ranking. Overall, the findings indicate
that the proposed framework is a practical and reliable solution for efficient energy
management in 5G and beyond networks, supporting sustainable operation and intelligent
resource utilization across heterogeneous wireless communication environments while
maintaining robust performance under diverse network traffic conditions.
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1 Introduction

In heterogeneous 5G networks and beyond, base station energy consumption has become a ma-
jor factor in operational cost and network stability. Among the various strategies to reduce this
consumption, dynamic and intelligent switching of base stations based on traffic conditions has
a special place [26, 37, 47, 61]. However, the success of this strategy is entirely dependent on
the accuracy of network load forecasting, because any error in traffic estimation can lead to un-
necessary outages, increased latency, degraded service quality, and instability between active
and sleep states [22, 48, 61]. In the 6G network landscape, the growth of scale, diversity of ser-
vices, and the need for near-real-time decision-making have increased the importance of traffic
forecasting more than ever before; thus, this prediction has become a fundamental component
for energy management, resource allocation, and quality of service assurance [15, 21, 58, 63].
Accordingly, research has moved from simple threshold-based methods to data-driven models
and deep learning. Review studies show that models such as LSTM, spatiotemporal mixed net-
works, and graph-based approaches provide higher accuracy than classical methods in many
scenarios [48, 68]. However, these models are usually associated with challenges such as high
computational complexity, sensitivity to sudden traffic changes, difficulty in generalizing in
dynamic environments, and limited implementation at the edge [47, 68].

Among these approaches, hybrid architectures such as CNN+LSTM have attracted much at-
tention due to their ability to simultaneously extract local features and temporal patterns. These
structures have provided a good balance between prediction accuracy and computational cost
in many network and communication applications [9, 66]. However, previous research expe-
rience shows that the final performance of these models is highly dependent on the tuning of
parameters and meta-parameters. In practice, even if the appropriate architecture is chosen,
suboptimal parameter tuning can lead to loss of accuracy and instability in energy-driven deci-
sions [5, 43]. Therefore, some studies have used evolutionary and metaheuristic algorithms to
tune the metaparameters of deep models and reported significant improvements in error metrics
[30, 65].

However, in the field of cellular traffic forecasting, and especially in frameworks designed
to support base station sleep strategies, a coherent framework that includes evolutionary pa-
rameter tuning as an independent and purposeful part of the CNN+LSTM architecture is still
lacking [22, 56]. Compared with the closest related study, by Vengaimarbhan and Rajinigirinath
[56], the proposed framework introduces two main novelties. First, the prediction backbone is
redesigned from a ConvLSTM-based structure to a lighter CNN–LSTM architecture, which
reduces computational overhead while preserving the ability to model spatiotemporal traffic
patterns. Second, the key hyperparameters and adaptive-memory coefficients are not tuned
manually or empirically; instead, they are optimized by the proposed Star-Nosed Mole (SNM)
algorithm. Therefore, the main novelty of this paper lies in combining entropy-based prepro-
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cessing, CNN–LSTM feature extraction, AMG-based memory adaptation, and SNM-driven
hyperparameter tuning within a unified framework for traffic forecasting and base-station sleep
control. The closest related work in the literature is the study by Jiang et al. [23], but the
Transformer–ConvLSTM baseline used for comparison is the model of Vengaimarbhan and Ra-
jinigirinath [56]. In this work, the model of Vengaimarbhan and Rajinigirinath [56] is treated
strictly as the baseline model, while the study by Jiang et al. [23] is cited as related work with-
out implying reuse of its methods. Accordingly, this paper presents a sleep prediction and
decision-making framework for base stations, in which a CNN+LSTM submodel is used to
simultaneously extract spatial and temporal traffic features, and its meta-parameters are auto-
matically tuned by the proposed evolutionary algorithm “Star-Nosed Mole Algorithm”. The
aim of this approach is to maintain prediction accuracy while enabling practical deployment in
real 5G/6G networks.

The main research gap addressed in this study is the lack of a lightweight and deployable
framework for cellular traffic prediction that jointly considers prediction accuracy, computa-
tional cost, and energy-aware sleep control. To address this gap, the present work contributes:
(i) entropy-based traffic refinement, (ii) a CNN–LSTM backbone with adaptive memory gating,
(iii) SNM-based hyperparameter tuning, and (iv) a unified evaluation of forecasting accuracy,
sleep-control reliability, and energy saving.

2 Literature Review

2.1 Traffic Prediction as a Foundation for Energy Management

A review of the research conducted shows that reducing energy consumption in cellular net-
works, especially through dynamic and intelligent sleep of base stations, has increasingly be-
come dependent on accurate traffic prediction [37, 38, 48, 61]. In dense networks, power-on
and power-off decisions will only be efficient if they are based on a correct understanding of
the network load pattern; otherwise, inappropriate power-offs and frequent oscillations between
active and sleep modes will both reduce the quality of service and weaken energy efficiency
[37, 61].

In new network generations, especially with the move towards 6G, this issue has become
more important, because the high scale of the network, the heterogeneity of services, and the
need for rapid response have made energy management a problem dependent on prediction
[21]. For this reason, traffic forecasting is no longer just an analytical tool, but is part of the
infrastructure of network decision-making.
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2.2 Transition from Classical Methods to Deep Learning

In the past, many traffic forecasting methods relied on fixed rules, predetermined thresholds,
and simple statistical models. Although these approaches were acceptable in simple environ-
ments, they lacked sufficient accuracy and stability in the dynamic and changing scenarios of
today’s networks [48]. This has led to the focus of research gradually shifting towards data-
driven models and deep learning.

Deep models have a high ability to extract complex patterns from large data sets and can
better learn nonlinear relationships between features and output [5, 22]. In the networking do-
main, these models have also been used for tasks such as traffic forecasting, channel estimation,
resource allocation, and network behavior analysis [21, 30, 46, 66]. However, despite the in-
creased accuracy, these models usually require higher computational costs and are not always
robust to sudden traffic spikes or noisy data [5, 16].

2.3 Sequence-based Models and the Role of LSTM

Since network traffic inherently has temporal patterns, LSTM has become one of the most com-
mon choices for predicting this type of data [48]. In someworks, LSTMhas been used to predict
dynamic demand in networks beyond 5G and its output has been used in network management
decisions [27]. Also, in edge-oriented environments, LSTM-based encoder–decoder models
have been used for multivariate traffic prediction [28]. Deep learning approaches have also
been applied to related temporal problems in mobile networks, such as predicting traffic peaks
[32] and personalizing predictions across sites through layer-wise federated learning [29].

However, LSTM alone has limitations when dealing with very complex patterns or long
sequences [43]. For this reason, many researchers have moved towards combining it with other
architectures to both improve accuracy and overcome some of the limitations of purely temporal
models [5, 22].

2.4 Combining CNN and LSTM for Spatiotemporal Data

In addition to the temporal dimension, network traffic data also has spatial and local structures.
For this reason, combining CNN and LSTM has been proposed as one of the effective solutions
for analyzing this data [22, 57]. In this architecture, CNN first extracts local and structural
features, and then LSTM models temporal patterns using this compact representation.

This approach has also had positive results in communication applications. For example,
in some studies related to channel estimation and telecommunication data analysis, the combi-
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nation of CNN and LSTM has shown good accuracy and stability [57]. Also, reviews related
to the application of CNN in communication show that this model performs well in extract-
ing features from complex data [30, 46]; more broadly, CNN-based architectures have shown
strong feature-extraction capability in other data-intensive domains such as image segmentation,
which supports their adoption for spatiotemporal traffic modeling [40]. In the specific context
of cellular traffic, CNN–LSTM combinations enhanced with frequency-domain filtering [18]
and lightweight multiservice, multimodal feature fusion [31] have both been reported to im-
prove prediction quality while controlling model size. Therefore, the use of CNN+LSTM for
traffic prediction is conceptually and empirically quite justified, especially in scenarios where
both spatial and temporal correlation are important.

2.5 Graph-based and Attention-based Approaches

In recent years, graph-based models have been considered to more accurately capture the de-
pendencies between cells and network points [3]. In these models, the network is represented as
a graph and the relationships between nodes are learned with the help of graph neural networks.
This approach can capture spatial–temporal relationships better than many classical models, but
in return is usually associated with higher computational cost and complexity [16]. Several re-
cent studies illustrate this trend in cellular and general traffic settings, including state-transition
graph attention networks for cell-level prediction [51], spatial-temporal Chebyshev graph net-
works for IoT-based intelligent transportation systems [64], attention-based spatial-temporal
graph networks [45], and dual-branch spatial-temporal graph neural networks with attention
for cellular traffic [8].

Similarly, attention-based and transformative models have been used to improve traffic fore-
casting [41, 58]. These models perform well in capturing long-range dependencies, but due to
their training complexity and high computational requirements, their implementation in edge en-
vironments or in resource-constrained systems is not always straightforward [58]. Lightweight
hybrid-attention networks [53] and diffusion-convolutional GRU models combined with multi-
head attention [62] have both been proposed to mitigate this cost while retaining most of the
accuracy benefit. Hence, although these architectures are attractive in terms of accuracy, they
still pose practical deployment and implementation cost issues.

2.6 Using Traffic Prediction in Base Station Sleep Strategies

With the strengthening of the role of traffic prediction, a significant part of the research has
directly applied this prediction to base station sleep decisions. In some studies, CNN–LSTM
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hybrid architectures have been used for load prediction and base station sleep control, and en-
ergy consumption reduction has been reported [22]. Data-driven sleeping strategies built di-
rectly on traffic prediction have also been proposed and shown to reduce energy use in both
homogeneous and heterogeneous cellular deployments [33, 59, 70], and stochastic models of
the sleep/wake process itself have been used to analyze energy efficiency in 5G base stations
[24]. Graph-based traffic prediction has additionally been coupled with reinforcement learning
for joint load balancing and sleep control [36]. In some other works, reinforcement learning
or self-organizing methods have also been proposed for base station sleep control, but these
methods usually either require a lot of simplification or are accompanied by limited guarantees
in optimality [30, 46].

In more recent studies, hybrid approaches based on transformers and ConvLSTM have also
been proposed for base station sleep control, which provide better accuracy, but the computa-
tional complexity and the need for fine-tuning of parameters are still their main challenges [49].
Methods based on multi-attribute prediction, dynamic switching, and variable thresholds have
also been proposed, but on a large scale, their sensitivity to settings and management overhead
are significant [35, 44].

Zhang et al. [68] proposed an inverted-transformer-based framework for mobile traffic fore-
casting and dual-level base-station sleep control. They demonstrate the strength of transformer-
based models in capturing long-range dependencies and supporting sleep decisions. However,
transformer-based approaches are typically more computationally demanding and less suitable
for lightweight deployment. In contrast, the present study uses a CNN–LSTM backbone with
adaptive memory gating and SNM-based tuning to achieve a more practical balance between
accuracy, complexity, and real-time deployability.

2.7 The Role of Parameter Tuning and Evolutionary Algorithms

One of the important findings of the literature is that the performance quality of deep learning
models is seriously dependent on the tuning of meta-parameters [19, 60]. In many cases, even
if the model structure is appropriate, the inappropriate choice of the number of layers, filter
sizes, number of hidden units, learning rate, or input window size can cause a loss of accuracy.

To deal with this problem, various studies have used evolutionary and meta-heuristic algo-
rithms to tune models. These methods have led to improved accuracy and stability in various
fields, including wind speed prediction, air pollution prediction, tool life, intrusion detection,
and industrial production prediction [19]. A similar pattern has been reported outside the net-
working domain as well; for example, a CNN–LSTM model tuned by an improved sparrow
search algorithm has been used for oil-well production prediction, with the metaheuristic search
again yielding more stable and accurate results than manual tuning [69]. Also, in network traf-
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fic prediction, the use of genetic optimization to tune graph models has reported positive results
[19].

However, most of these studies have either focused on graph-based models or used meta-
parameter tuning as a side effect; as a result, a coherent framework that uses evolutionary tuning
as a core part of the CNN+LSTM architecture in cellular traffic prediction and base station sleep
decision-making has received less attention [56].

Recent studies confirm the usefulness of evolutionary optimization for tuning deep mod-
els. For example, Ampratwum and Nayak [3] applied genetic-algorithm-based hyperparame-
ter optimization in cellular traffic prediction, and Andi et al. [4] used chaotic particle swarm
optimization for LSTM tuning. These studies support the view that metaheuristic search can
enhance robustness and accuracy of deep prediction models.

2.8 Summary of the Literature Review and Research Direction

The literature review shows that three main conclusions can be drawn in this area. First, traf-
fic prediction is the basis of energy-based decision-making in next-generation networks, and
without it, dynamic and intelligent base station sleep cannot lead to sustainable savings [48].

Second, deep learning models, especially CNN, LSTM, and graph-based or attention-based
methods, have improved the prediction accuracy; however, computational cost, complexity, and
difficulty of practical deployment remain major obstacles [41].

Third, the tuning of meta-parameters plays a decisive role in the final performance of the
model, and the use of evolutionary algorithms can make the search in the parameter space more
efficient and the results more stable [19, 34].

Accordingly, the main research gap is that there is still no unified, lightweight, and deploy-
able framework for cellular traffic prediction that both takes advantage of the CNN+LSTM
architecture and tunes its parameters optimally. For this reason, the present paper, relying on a
CNN+LSTM submodel and the proposed evolutionary algorithm “Star-Nosed Mole”, and con-
sidering the model presented in [56], seeks to provide amethod that can both increase prediction
accuracy and be suitable for use in base station sleep strategies in real 5G and 6G networks.

Although Ref. [56] is the closest related work, our approach remains lighter and more de-
ployable thanks to the CNN–LSTM backbone and SNM-based hyperparameter tuning. The
proposed entropy refinement and adaptive memory gating (AMG) further balance accuracy and
efficiency, enabling joint evaluation of traffic forecasting and energy-aware sleep decisions un-
der multiple urban scenarios.
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3 Proposed E-SNM-CNN-LSTMModel

In this study, a cellular traffic prediction and base station sleep control framework for heteroge-
neous 5G networks and beyond is presented, which is based on the combination of a lightweight
spatiotemporal model and an evolutionary optimization mechanism. The main idea of the pro-
posed method is that, instead of relying on heavy and expensive models, a CNN+LSTM sub-
model is used to simultaneously learn spatial and temporal patterns, and along with it, the meta-
parameters are automatically tuned by the proposed evolutionary algorithm of the star-nosed
mole. This design is inspired by dynamic traffic and sleep prediction frameworks in cellular
networks, but tries to balance prediction accuracy, computational complexity, and edge deploy-
ment [22, 58].

The overall architecture of the system consists of several main parts: data preprocessing,
entropy-based traffic filtering, spatial feature extraction with CNN, temporal dependency mod-
eling with LSTM, and finally the decision layer for base station sleep. In this structure, first
the raw traffic data is prepared to reduce the strong noise and meaningless fluctuations as much
as possible. Then, the local features and structures embedded in the data are extracted by the
convolutional network and its output is transferred to the LSTM to learn short-term andmedium-
term temporal patterns. This approach takes advantage of the capacity of CNN in extracting
compact representations and the power of LSTM in modeling sequences [54, 66].

The proposed framework, titled E-SNM-CNN-LSTM, is designed to predict cellular traffic
and support the base station sleep strategy. This framework is inspired by spatiotemporal and
attention-based hybrid models, but has two key differences: first, it uses CNN+LSTM as the
core of prediction, instead of just using heavier structures such as ConvLSTM [56]; second, it
does not leave the tuning of meta-parameters to manual or empirical use, but rather leaves it to
an intelligent evolutionary process.

In this research, a framework named “E-SNM-CNN-LSTM” is proposed for cellular traffic
prediction and dynamic sleep strategy implementation for base stations. The main idea of this
framework is that:

• First, the raw traffic is refined with an entropy-based coding step to attenuate purely
random fluctuations and enhance meaningful patterns;

• Then, spatial patterns are modeled by a convolutional network and the time-varying trend
is modeled by an LSTM;

• A transformer-inspired attention mechanism highlights important time steps;

• Finally, the architectural parameters and coefficients of the memory gates are automati-
cally adjusted by the evolutionary algorithm of the star-nosed mole (SNM).
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In the following, the new algorithm of the star-nosed mole is first presented, and then the
steps of the proposed model are discussed.

3.1 Star-Nosed Mole Algorithm (SNM)

The star-nosed mole is found in eastern Canada and the northeastern United States. Its habitat
is lowland and damp areas and it feeds on aquatic insects, worms, mollusks, and small fish. The
animal’s skin is covered with black waterproof fur and it has a large tail and legs. It is between
15 and 20 centimeters long, weighs 55 grams, and has 44 teeth. The 22 fleshy tentacles at the
end of the animal’s snout distinguish it from other mole rats. It is believed that these highly
sensitive tentacles identify food by detecting electric currents while hunting. The star-nosed
mole requires only 230milliseconds from detection to consumption of prey, making it the fastest
mammal.

Figure 1: Star-nosed mole

This numbermay seem a bit excessive, but with 100,000 nerve fibers in each fiber of the star-
nosed mole’s brain, it can process all the data. This mammal’s tactile sensor is five times greater
than that of humans, allowing it to hunt, walk, and swallow at high speed. The star-nosed mole
can recognize and swallow prey within 120 milliseconds. For this reason, it holds the Guinness
World Record [17] for the fastest swallow among mammals, a finding also documented in the
scientific literature [11, 14].

The star-nosed mole is a small, semi-aquatic vole found in the lowlands of northern North
America [10]. It has over 25,000 sensory receptors in its tactile organs, known as Eimer’s
organs, and is about the size of a hamster. With the help of its Eimer’s organs, it senses seismic
waves [67].

The star-nosed mole lives in lowlands and wet areas, feeding on small invertebrates such
as aquatic insects and terrestrial insects [7], and has also been found in dry grasslands further
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from water and on the other side of the mountains as high as 1676 m. However, the star-nosed
mole prefers wet areas and swamps [52].

Not much is known about the reproductive cycle of the star-nosed mole. They are more
social than other moles and live in small colonies, and it is believed that pairs stay together to
mate throughout the winter. After mating, there are usually four to five offspring in late spring
or early summer. The breeding season begins in early spring, and the female produces only one
litter per year, unless the first litter is unsuccessful [71].

3.1.1 Summary of the Star-Nosed Mole’s Behavior in the Stages of the Proposed
Algorithm

The proposed algorithm is inspired by the biological and behavioral characteristics of this an-
imal. This algorithm takes advantage of the sexual differentiation of males and females, and
the reproduction and birth of 4 to 5 offspring at a time, to diversify the population, and applies
mechanisms of elitism and replacement of the best solutions.

This animal lives in both terrestrial and aquatic environments. In the terrestrial environment,
it uses its tentacles to search for food in the soil. To do this, 10 pairs of tentacles search different
areas and the 11th pair of tentacles makes the final detection. In the aquatic environment, this
animal finds food by creating bubbles around the search area.

In the algorithm, 10 neighbors are created around each search area (a possible solution) and
if a neighbor has a better fitness (using the 11th pair of tentacles to calculate fitness) than the
current area, that neighbor is selected as the next area to search. The way the soil is searched and
the neighbors are created is accompanied by changes (parameter w) such that initially smaller
areas are searched and over time the search areas to find food become larger (exploratory behav-
ior). In search of food in water, this animal creates bubbles around the search site and selects
the next search site by smelling these bubbles. The algorithm also considers the generation
of bubbles (10 bubbles) with random and decreasing behavior (parameter O), which initially
searches a larger area and over time this area becomes smaller (exploitative behavior). This
animal pays attention to its caloric intake in choosing food, and this behavior is achieved in the
algorithm with a pair of 11 tentacles that are used to calculate fitness and move towards the best
fitness (foraging theory).

Steps of the Star-Nosed Mole Algorithm.

Step 1. Create the initial population of the star-nosed mole with Equation (1), which is repre-
sented by the matrix equivalent in Equation (2).
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Figure 2: Pair of tentacles of a star-nosed mole

Specify the initial population size by generating females as between 45% and 55% of the
population using a random function and generating the remaining number of the population as
males. In Equation (1), the floor function specifies an integer between 0.45 and 0.5 of the total
population N as females (Nf ) and the rest as males (Nm):

Nf = ⌊0.5− 0.05× rand×N⌋ , Nm = N −Nf , (1)

whereNf is the number of female mice,Nm is the number of male mice,N is the total number
of mice, and rand is a random function that returns a number between 0 and 1.

The population is represented by the position matrix

X =


x11 · · · x1d
...

...
...

xN1 · · · xNd

 . (2)

Step 2. Evaluate the objective function (using the 11th pair of tentacles for detection) and
identify the best answer as the bait (the highest fitness means the bait with the highest caloric
value, which must be eaten, and the mouse moves to that area).

Bait position. For each agent (mouse) we have 10 positions; 2 positions with higher fitness
are selected and considered as bait. The update is performed assuming both are baits, and then
the average between the two answers is taken; the answer obtained becomes the new position.
The objective function matrix is

fitness =


fitness1

...
fitnessN

 . (3)

Step 3. The star-nosed mole searches for food in both soil and water environments. It is
assumed that the probability of searching for prey in soil and water is 50%. Therefore, the
selection of neighbors (search points) is performed in one of two cases for each mouse:
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Search_X(j) =

Search_X(j)1, P ≤ 0.5,

Search_X(j)2, P > 0.5,
(4)

where Search_X(j)1 is related to soil search and Search_X(j)2 is related to water search.
Search in soil (exploratory behavior). Creating 10 neighbors (a fixed number of 10 neigh-

bors, or search points, corresponding to 10 tentacles) is done by moving the tentacles of the
mouse’s snout with parameter∆1:

Search_X(j)1 = X(i) + ∆1, (5)

where Search_X(j)1 represents the location of the jth search point in the soil (searching with
each tentacle in the snout). Small values of∆1 result in a small-range search, while large values
allow for a global search:

∆1 =
(
rand ·Xrand − rand · x(i)

)
·
∥∥∥∥Bait_x1 + Bait_x2

2
− x(i)

∥∥∥∥ · w. (6)

In Equation (6), the two search points that have the highest fitness and their average are
used to calculate ∆1 (the tentacles of the mouse’s snout always move towards the best food
sources with higher caloric value, and this is taken into account by using the average of the two
search points with the highest fitness).

Figure 3: Land search (survey of 10 surrounding points, using the average of two potential prey positions)

As the algorithm iterations progress and the search agents Bait_x1 and Bait_x2 converge,
they become closer to each other (the distance between the best solutions found decreases be-
cause the best solutions are around the original optimum of the problem), or similar. Therefore,
at the end of the algorithm, a move towards a bait (search point) occurs, thus helping the al-
gorithm converge to the optimum of the problem. (Thus, using the average does not harm the
convergence of the algorithm; for example, if a search agent is at position 4 and another is at
position 2, the average is position 3, and the algorithm moves towards position 3.)

Here, “rand” is a random number with a uniform distribution between 0 and 1,Xrand is the
random position of a search agent, w is a nonlinear weight controlling the search range of the
snout. In this regard, the first term shows that X(i) moves to a random position (Xrand). For
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Figure 4: Soil search

the second term, with increasing iteration, X(i) approaches the mean (Bait_x1 + Bait_x2)/2
and the Euclidean distance between the positions of the baits with higher caloric value andX(i)

(the current position of the search point) decreases.
In Equation (6), the presence of the random coefficient rand and the use of the random

position of the search point Xrand ensure diverse behavior of the algorithm when searching
regions of the problem space. w in the third term is given by

w = randn ·
(
iter

rand
Maxiter

)
, (7)

where randn is a random vector with a normal distribution with mean 0.5 and standard deviation
1, rand is a random number with a uniform distribution between 0 and 1, iter is the current
iteration number, and Maxiter is the final iteration number. In Equation (7), the value of w
increases with the number of rounds of the algorithm, so that the selection of neighbors (search
points) starts from the nearest points and moves toward the farthest points.

Water search (exploitative behavior). The star-nosed mole sniffs out prey by randomly
creating bubbles around the prey area. The creation of search points is a neighborhood search
in water with the effect of∆2 in Equation (9). The creation of 10 neighbors (a fixed number of
10 neighbors, or search points, corresponding to 10 bubbles) is done by smelling bubbles with
parameter ∆2. (This animal produces between 8 and 12 bubbles per second and searches the
underwater space to find prey.)

Search_X(j)2 = X(i) + ∆2, (8)

∆2 = ∥Bait_x1 − x(i)∥ ·O + Bait_x1, (9)

O = randn · e
b

iter rand
Maxiter


· sin

(
2π

(
iter

rand
Maxiter

))
. (10)



In
Pr
es
s

14 Star-Nosed Mole Optimization for Traffic Forecasting

Figure 5: How w changes over iterations

Figure 6: Water search (360 degrees)

Figure 7: Water search
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In Equations (8)–(10),∆2 is the distance of the mouse’s current point to the best point (bait),
Bait_x1 is the best answer obtained (bait), and x(i) is the current search point. Search_X(j)2

represents the position of the jth search point in the water (search with bubbles). The parameter
O is a random behavior with the effect of a sine term and a decreasing exponential function,
and causes the search to move from large areas to smaller areas over time. The value of b is
a random variable in the range [−1, 1]. Searching in water is an exploitative behavior because
the distance of the current solution to the best solution is the criterion for movement, and in this
direction the effects of the O parameter are decreasing.

Figure 8: How O changes over iterations

Step 4. Determine the objective function value for each search point (search_point) in the
neighborhood and determine the best search point.

Step 5. If the best search point in the neighborhood has a better objective function value
than the current search point, execute Step 6; otherwise, proceed to Step 7.

Step 6. Update the search velocity vector based on Equations (11)–(12) and create a new
search point position based on Equation (13). The search velocity vector is

V =
[
v1 · · · vd

]
, (11)

V = randn · fitness(i)− search_point_fitness(j)
∥x(i, d)− search_point_x(j, d)∥

, (12)

where the random number “randn” generates different solutions and increases the global search.
The ith search point vector is considered relative to the jth search point in the neighborhood,
fitness(i) and search_point_fitness(j) represent the objective value of search point i and neigh-
boring search point j, respectively, and d represents the problem dimension. Equation (13)
determines the new position of the search point:

newX(i) = X(i) + Vi, (13)
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where newX(i) represents the new position of search point i. The vector of a search agent in
the new state includes the vector of that agent in the previous state plus the velocity value.

Updating the position. The star-nosed mole algorithm randomly selects another search point
LF (x) (a Lévy-flight function representing the exploration direction). If the objective function
of this search point is more optimal than that of the current search point X(i), the search con-
tinues in the same direction of movement; otherwise, it changes direction toward the best prey
found so far:

if fitness(LF ) < fitness(i) : newX(i) = X(i) + randn ·
(
LF (x)−X(i)

)
, (14)

else : newX(i) = X(i) + randn ·
(
Bait_X −X(i)

)
,

LF (x) = 0.01× u× σ

|v|1/β
, (15)

σ =

 Γ(1 + β)× sin
(
πβ

2

)
Γ

(
1 + β

2

)
× β × 2(β−1)/2


1/β

, Γ(x) = (x− 1)!.

Reproduction. Performing the mating operator, which can occur between each male and a
female: in this move, each male mates with a female within the reproductive radius R (Equa-
tion (16)) and four offspring are produced. The reproductive radius has a decreasing trend and
decreases with the number of iterations of the algorithm; at the beginning of the algorithm, the
production of offspring is higher, and at the end of the algorithm it decreases (in the life of
this animal, reproduction occurs more when there is more food and less when food resources
are reduced, because with reduced food resources, mice must move away from other mice to
find food, which in turn reduces reproduction). The selection of the female is performed by
examining the fitness of the remaining mice, such that the fitness is calculated for each female
and the female mouse with the highest fitness is more likely to be selected for reproduction.

The reproduction of this animal is between 4 and 5 offspring, and in the algorithm 4 off-
spring are produced from 2 parents. The production of 4 offspring increases the population of
search agents; of the 4 offspring produced, those that are better than their parents (have better
fitness) replace them, and the two weaker offspring are eliminated (eliminating solutions with
low fitness, i.e., elitism). For each female mouse, the fitness is calculated and a roulette-wheel
selection is used according to fitness:

R =
Ub − Lb(

Maxiter − iter
)
+ ε

, (16)

offspringj,1 = β1 ×Malej + (1− β1)× Femaleij , (17)
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offspringj,2 = (1− β1)×Malej + β1 × Femaleij , (18)

offspringj,3 = β2 ×Malej + (1− β2)× Femaleij , (19)

offspringj,4 = (1− β2)×Malej + β2 × Femaleij . (20)

Here, offspringj,1 through offspringj,4 are the first through fourth offspring of the mating,
and β1 and β2 are random numbers with a uniform distribution between 0 and 1. In Equa-
tions (16)–(20), Ub is the upper bound of the variables, Lb is the lower bound of the variables,
ε = 0.0001, and β1 and β2 are random numbers with a normal distribution with mean 0.5 and
standard deviation 1.

Step 9. Substitute offspring for parents if they are better, and eliminate weak solutions.
Step 10. Compute the objective function for the search agents.
Step 11. Check the termination condition. If the number of iterations is exhausted, return

the optimal solution; otherwise, repeat Steps 3 to 10.

Pseudocode of the Star-Nosed Mole Algorithm. The SNM algorithm can be interpreted
mathematically as a population-based search process that alternates between exploration and
exploitation (See Figure 9). The soil-search operator promotes global exploration by generat-
ing candidate neighbors around the current solution, while the water-search operator intensifies
local search around promising solutions. The reproduction operator preserves strong candi-
dates and generates new ones through recombination. Boundary handling keeps all candidate
solutions feasible, and the termination rule returns the best solution after the evaluation budget
is exhausted. Compared with PSO, GWO, and DE, SNM differs in how it balances neighbor-
based search, adaptive step control, and reproduction-based diversification.

3.2 Steps of the Proposed Model

The general steps of the proposed model, following the structure in [56], include five modules:
preprocessing and entropy coding, spatial feature extraction with CNN, temporal modeling with
LSTM and an adaptive memory gate, a transformer attention layer, an SNM optimization layer,
and a base station sleep decision layer mounted on top of this entire structure.

3.2.1 Entropy-based Traffic Coding

Mobile network traffic usually behaves erratically and, in many cases, is accompanied by sud-
den jumps, short-lived fluctuations, and significant noise. If this data is fed to the input of the
model without filtering, the model may become overly sensitive to transient changes or fail to
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Figure 9: Pseudocode of the star-nosed mole algorithm
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recognize real trends. To mitigate this problem, the proposed method uses an entropy-based
filtering step.

The goal of this step is to attenuate parts of the data that are less informative or are simply
due to random fluctuations, while meaningful and recurring patterns become more prominent.
In this way, the final model input is of higher quality and the CNN+LSTM network can learn
real traffic patterns more stably. This step is especially important in dense and dynamic cellular
environments, because in such conditions short-term fluctuations can severely affect prediction
performance.

Suppose that, for a cell and a service (e.g., Internet), the traffic sequence is

X = {x1, x2, . . . , xn}, (21)

where xt is the traffic volume in time interval t. Using the empirical distribution of values, the
Shannon entropy is calculated as

H(X) = −
n∑

t=1

p(xt) log p(xt). (22)

If

H(X) ≤ 1

n

n∑
t=1

H(X), (23)

the traffic in that interval is considered highly unstable and entropy-dependent smoothing is
applied:

x′t = αxt + (1− α)xt−1, (24)

whereα is a coefficient that decreases with increasing entropy (high entropy⇒ stronger smooth-
ing). For sections with low entropy, the value of α is chosen close to 1 to preserve the original
waveform as much as possible.

After smoothing, an entropy weight is assigned to each sequence:

w(X) =
H(X)

Hmax
, (25)

and the weighted sequence is defined as

Xencd = w(X) ·X. (26)

Furthermore, the data are normalized by min–max scaling:

Xnorm =
xt − xmin
xmax − xmin

, (27)

and transformed into input–output sequences using a sliding window. If the time window length
is L, the training samples are constructed as follows:
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[x1, . . . , xL]→ y1 = xL+2,

[x2, . . . , xL+1]→ y2 = xL+2,

...

[xk, . . . , xk+L−1]→ yk = xk+L.

(28)

ForB cells andC service types, the final input data is a three-dimensional tensorX ∈ RT×B×C .

3.2.2 Spatial Pattern Extraction with CNN

After data filtering, convolutional layers are responsible for extracting spatial and local patterns.
In the traffic prediction problem, these features can include correlations between neighboring
cells, spatial variations in network load, or local structures embedded in the input data. CNN
transforms the initial data representation into a set of compact and meaningful features by ap-
plying learned filters.

Using CNN in this section has two important advantages. First, it reduces the number of
learnable parameters compared to fully connected models and, as a result, reduces the training
cost. Second, due to its ability to extract local features, it provides a suitable input for the
temporal part of the model. For this reason, CNN acts as a feature extractor in the proposed
framework and prepares the necessary spatial information for the next step [30, 46, 57].

In order to understand the relationship between neighboring cells (cells in a city, region, or
spatial grid), a convolutional network is first applied on the spatial dimension. At each time
point t, a slice of data is considered as

Xt ∈ RB×C . (29)

By applying one-dimensional convolutional filters along the cell dimension, spatial features are
extracted:

Zt = σ
(
Wconv ∗Xt + bconv

)
, (30)

where ∗ is the convolution operator, σ(·) is a nonlinear activation function (e.g., ReLU),Wconv
is the filter matrix, and bconv is the bias. The feature map Zt represents the combination of the
cell’s traffic with its nearest neighbors.

By stacking these maps along the time dimension, the spatial feature sequence is obtained:

Z = {Z1, . . . , ZT }, (31)

which becomes the input to the LSTM section.
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3.2.3 Temporal Modeling with LSTM and Adaptive Memory Gate (AMG)

The output of the CNN layers is fed into the LSTM network to model temporal dependencies in
the traffic data. Since network traffic is inherently a sequential phenomenon, the ability of the
LSTM to retain past information and learn the relationship between different time steps plays
an important role in the quality of the prediction [5, 27, 48].

In this section, the LSTM attempts to track traffic changes over short and medium time
frames and estimate future trends based on past patterns. This feature is particularly useful for
base station sleep decisions, as making the right decision in this area depends on knowing the
future state of the network load. However, for the model not to be vulnerable to long sequences
or sharp changes, its parameters must be carefully tuned, a problem that is solved in this research
through an evolutionary algorithm [5, 43].

To track traffic changes over time, LSTM layers are used on the CNN output. If zt is the
flattened spatial feature vector at time t, the standard LSTM equations are

ft = σ
(
Wfzt + Ufht−1 + bf

)
, (32)

it = σ
(
Wizt + Uiht−1 + bi

)
, (33)

c̃t = tanh
(
Wczt + Ucht−1 + bc

)
, (34)

ct = ft ⊙ ct−1 + it ⊙ c̃t, (35)

ot = σ
(
Wozt + Uoht−1 + bo

)
, (36)

ht = ot ⊙ tanh(ct), (37)

where ht is the output at time t and ct is the internal cell state.
In order for this memory to adapt the amount of past information it retains depending on

how quiet or busy the traffic is, an “adaptive memory gate” (AMG) is placed on the LSTM
gates. The general form of the modified gates is

fAMG
t = σ

(
W ∗

f zt + U∗
fht−1 + bf + βf∆f

)
, (38)

iAMG
t = σ

(
W ∗

i zt + U∗
i ht−1 + bi + βi∆i

)
, (39)

oAMG
t = σ

(
W ∗

o zt + U∗
oht−1 + bo + βo∆o

)
, (40)

where βf , βi, βo are the AMG control coefficients;∆f ,∆i,∆o are terms calculated from traffic-
fluctuation indices (e.g., short-term variance or small-window entropy); and these coefficients
β are adjusted by the SNM algorithm.

Thus, the internal state and the new output are updated as

ct = fAMG
t ⊙ ct−1 + iAMG

t ⊙ c̃t, (41)

ht = oAMG
t ⊙ tanh(ct). (42)
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During periods when traffic is very volatile, AMG increases the effective forgetting value
so that momentary fluctuations do not accumulate in the memory. During stable periods, the
gates are adjusted to retain a longer memory of the past.

3.2.4 Transformer-based Attention Layer (TEA)

Although LSTMmodels the time sequence to a large extent, over long timescales it may not be
able to accurately determine which past moments are most important for predicting the future.
To enhance this aspect, the output sequence of the LSTM layer is fed to a transformer attention
block.

Suppose the last LSTM layer produces the sequence

H = [h1, . . . , hT ] ∈ RT×dh . (43)

First, three mappings that are common in transformers are applied:

Q = WQH, (44)

K = WKH, (45)

V = WV H. (46)

Then, self-attention is calculated as

Attn(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V. (47)

By employing multiple parallel attention heads, the model can simultaneously consider dif-
ferent types of temporal patterns (e.g., daily or weekly cycles, or responses to short-term events).
The output of this block, denoted Hattn, is transformed into a summary vector either by tem-
poral averaging or by a final attention layer, and then connected to the output fully-connected
layer:

ŷ = Wout · Pool
(
Hattn)+ bout. (48)

Here ŷ is the traffic estimate for future steps for each cell and service type, which is used directly
in the base station on/off decision-making module (DBSSS).

3.2.5 Automatic Parameter Tuning with the Star-Nosed Mole Algorithm (SNM)

The most important distinguishing feature of the proposed method is the use of the evolution-
ary Star-Nosed Mole algorithm to tune the hyperparameters of the CNN+LSTM model. This
algorithm is inspired by the foraging behavior of the star-nosed mole and explores the hyperpa-
rameter search space as a population-based method.
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In this algorithm, each member of the population represents a complete configuration of
the model; for example, the number of convolutional filters, the size of the convolution win-
dows, the number of layers, the number of LSTM units, the dimensions of the latent vector, the
learning rate, and the length of the input sequence are among the parameters adjusted in the
search process. Then, based on the value of the objective function, the better members are rein-
forced and directed to more suitable regions of the search space, while weaker configurations
are removed or recombined to maintain population diversity.

The goal of this process is to find a combination of parameters that produces the least pre-
diction error and the least computational overhead. In other words, the evolutionary algorithm
acts as an intelligent searcher that takes the CNN+LSTMmodel out of the costly trial-and-error
manual-tuningmode and pushes it towards optimal tuning. This approach is also consistent with
results reported in other fields, where combining deep networks with evolutionary algorithms
has led to improved accuracy and stability [4, 6, 9, 19, 34, 42, 58].

In fact, manually tuning the number of layers, filter sizes, number of LSTM units, learning
rate, AMG coefficients, and other parameters is both time-consuming and often leads to sub-
optimal settings. To solve this problem, the evolutionary star-nosed mole (SNM) algorithm is
used as the parameter-tuning layer.

In SNM, each candidate solution (a mouse) represents a parameter vector θ that includes:

• CNN parameters: number of layers, number of filters per layer, kernel size, and pooling
size;

• LSTM parameters: number of layers, number of units per layer, dropout rate;

• Learning parameters: learning rate, batch size;

• AMG parameters: the values of βf , βi, βo and the associated values in∆f ,∆i,∆o.

Fitness Function for SNM. For each parameter vector θ, an instance of the E-SNM-CNN-
LSTM model with those settings is built, trained on the training data, and evaluated on a val-
idation subset. The objective function, in addition to the prediction error, also considers the
stability of the base station on/off decisions:

F (θ) = RMSE(θ) + λ1

(
1−R2(θ)

)
+ λ2 SwitchVar(θ), (49)

where RMSE(θ) is the root-mean-square error of the traffic prediction, R2(θ) is the coefficient
of determination, SwitchVar(θ) is the variance of the number of station on/off switches over
time based on these predictions, and λ1 and λ2 are weighting coefficients. The solution with
the lowest value of F (θ) is selected as the final configuration of the model.
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3.2.6 Base Station Sleep Decision Layer

After traffic prediction, the model output is sent to the base station sleep decision module. This
part can be implemented as an adaptive threshold-based policy, a constrained optimizer, or a
lightweight learning-based controller [22, 28, 35, 38, 44, 49, 50]. The main logic of this step in
the present study is that if the predicted traffic in the future period is less than the level required
to maintain optimal performance, some base stations or underloaded cells are transferred to
sleep mode. Conversely, if the model predicts an increase in load, the network operational state
is maintained or more resources are activated. In this way, sleep decision-making is directly
based on traffic prediction and moves away from static and non-adaptive decisions.

Algorithm 1 Sleep/wake decision rule
Input: predicted_traffic_next, τsleep, τwake, h, min_dwell
Output: state, false_shutdown, dwell_counter
1: state← Active
2: dwell_counter← 0

3: if predicted_traffic_next < τsleep then
4: state← Sleep
5: dwell_counter← dwell_counter +1

6: else if predicted_traffic_next > τwake then
7: state← Active
8: dwell_counter← 0

9: else ▷ between thresholds
10: if state = Sleep and dwell_counter < min_dwell then
11: state← Sleep
12: dwell_counter← dwell_counter +1

13: else
14: state← Active
15: dwell_counter← 0

16: end if
17: end if ▷ Optional hysteresis behavior
18: if state = Sleep and predicted_traffic_next ≥ τsleep then
19: state← Sleep
20: end if ▷ False-shutdown condition
21: false_shutdown← (state = Sleep) and (predicted_traffic_next > τwake)
22: return state, false_shutdown, dwell_counter

Parameter values used in this study: τsleep = 0.3, τwake = 0.7, h = 0.05, min_dwell = 5

minutes.
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4 Results

4.1 SNM Results on Benchmark Functions

To evaluate the search power of the star-nosed mole algorithm and ensure that the tuning of the
E-SNM-CNN-LSTM model’s meta-parameters is not solely dependent on the specific traffic
data, the SNM algorithm was also tested on a set of standard benchmark functions. This al-
lows the search power of SNM to be measured in a context independent of the original problem
and compared with several other methods. In this section, the performance of SNM is com-
pared with the following metaheuristic algorithms: the Dragonfly Algorithm (DA) [39], Par-
ticle Swarm Optimization (PSO) [55], the Crayfish Optimization Algorithm (COA) [20], the
Flow Direction Algorithm (FDA) [25], the Equilibrium Optimizer (EO) [12], the Arithmetic
Optimization Algorithm (AOA) [1], the Cheetah Optimizer (CO) [2], and the Yellow Ground
Squirrel Algorithm (YGSA) [13]. To fully test the proposed method, the CEC-BC-2017 bench-
mark function set, which includes 29 benchmark functions, is used. This benchmark function
set has high-dimensional functions as well as combinatorial functions and is a good challenge
for comparing optimization methods.

Functions 1 to 7 are functions with a single optimum in two dimensions, functions 8 to 13
are high-dimensional functions with multiple optima, functions 14 to 23 have multiple optima
with fixed dimensions, and functions 24 to 29 are high-complexity composite functions. The
Friedman test has been used to rank the set of functions. For all benchmark functions, the
proposed method (SNM) has been run with 30 search agents (mice) for 500 iterations, or a
maximum of 10,000 function evaluations, and the same budget has been used for the other
methods.

Table 1 shows the comparison of the proposed SNM method on functions F1 to F7, where
SNM is the best method and has a low standard deviation. On function F5, the SNM method
ranks after the CO method.

The results of the SNM method outperformed the other methods on the high-dimensional
functions F9, F10, and F11. In F9 and F10, the SNMmethod reached the global optimum, while
the other methods were unable to converge to the global optimum. On function F8, one of the
most difficult functions in this class, the SNM method ranks second after CO. For functions
F12 and F13, FDA performed better, while the SNM method achieved competitive results, es-
pecially on F12; overall, on the benchmark functions F8 to F13, SNM achieved the second-best
performance after FDA. On the fixed-dimension functions (F14 to F23), the performance of
all methods is similar, and the SNM results are very competitive with the other methods. On
functions F14, F16, F17, F18, and F19 in this class, SNM achieved the global optimum; on the
remaining functions, the SNM results were very close to the global optimum.
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The composite benchmark functions are the most challenging: on functions F24 to F29,
the performance comparison shows that, in general, the YGSA method performed better than
the other methods. On most of these functions, SNM ranks fourth among the methods, after
YGSA, CO, and PSO. Although SNM achieved fourth place in this category, its results remain
competitive with CO and PSO on most functions.

To compare all the results obtained on the 29 benchmark functions, the Friedman test was
used, and the ranking results are shown in Figure 10.

Figure 10: Ranking of optimization methods based on the Friedman test

As shown in Figure 10, the lowest (best) rank is obtained by the proposed method (SNM),
followed by the Cheetah Optimizer (CO), and after these two methods the third rank is ob-
tained by the Yellow Ground Squirrel Algorithm (YGSA). The benchmark experiments were
conducted using the CEC-BC-2017 function set, which is a widely used standard suite for eval-
uating metaheuristic optimization algorithms.
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4.2 Results of the Proposed E-SNM-CNN-LSTMModel in Traffic Prediction

In this section, the performance of the proposed E-SNM-CNN-LSTM framework is evaluated
from two perspectives: first, its ability to accurately and stably predict cellular traffic, and
second, the extent to which this prediction affects the base station sleep strategy and energy-
consumption reduction. To perform this evaluation, the results of the proposed model are com-
pared with several baseline models, including versions without evolutionary optimization, as
well as with the advanced Transformer–ConvLSTM-based framework presented in [56].

4.2.1 Implementation Settings and Test Scenarios

All models are implemented in the Python environment using standard deep learning libraries.
In order to make the comparisons fair and reliable, the test conditions for all methods were
considered to be as similar as possible. In these experiments, a quad-core i7 processor, 32 GB
of RAM, and a mid-range GPU were used for initial training. The training process was carried
out for a maximum of 80 epochs, and if the validation performance did not improve, early
stopping was activated. An MSE-based cost function with a light L2 penalty on the weights
was used to train the models. The data were divided into 70% for training, 15% for validation,
and 15% for testing; this division was performed temporally, without disturbing the order of
observations. Before entering the data into the model, min–max normalization was applied to
each traffic series.

To comprehensively examine the performance of the proposed method, three experimental
scenarios were considered. The first scenario was dedicated to predicting cellular traffic at the
city level. The second scenario was related to the study of the effect of traffic forecasting on
sleep policy in a two-layer macro–small cell network and was compared with similar frame-
works in [38, 49, 56]. The third scenario was designed to evaluate the role of the star-nosed
mole algorithm in optimizing the meta-parameters. In all scenarios, the input window length
was considered to be 12 consecutive time intervals and the prediction horizon was considered
to be 3 future time intervals; this choice is consistent with common settings in the literature and
is considered suitable for short-term sleep decision-making.

The manuscript uses real-world cellular traffic datasets; dataset sources, time periods, and
coverage are summarized in Table 2 [56].

4.2.2 Comparative Models

To determine the contribution of each part of the proposed architecture, four groups of com-
parative models were defined. The first group was a simple LSTM model in which only one
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Table 2: Dataset description

Dataset name Source Time period Temporal resolution Number of cells Number of samples Real/Simulated

Milan LTE Urban data 2019–2020 15 min 72 70,080 Real
Madrid LTE Urban data 2019–2020 15 min 68 70,080 Real
Telecom Shanghai Urban data 2019–2020 5 min 120 5,045,760 Real
Trentino Urban data 2019–2020 5 min 40 5,045,760 Real

Table 3: Operator-level comparison

Operator Biological inspiration /
analogy

Role in SNM Notes

Entropy-based traf-
fic coding

Information-theoretic
weighting of samples;
selectively amplifies infor-
mative patterns

Preprocessing; reduces
noise and spikes

Replaces raw traffic with denoised,
normalized input

CNN–LSTM back-
bone

Concept of extracting lo-
cal spatial features (CNN)
and feeding them into a se-
quence model (LSTM)

Feature extractor; pre-
pares temporal model-
ing

Core temporal–spatial backbone

Adaptive Memory
Gate (AMG)

Analogy with selective and
adaptive control of infor-
mation flow

Adaptive gate; dynamic
control based on traffic
cues

Controls internal memory dynam-
ics; adjusts gates using β coeffi-
cients and∆ terms

Transformer-based
Attention (TEA)

Inspired by selective focus
in cognitive systems

Captures long-range
pattern relations

Attention layer based on trans-
former blocks; handles complex
temporal patterns

SNM optimization
layer

Inspired by foraging and
resource-search behavior
in nature

Core parameter-tuning
component

Produces tuned hyperparameters
and AMG coefficients; combines
RMSE, R2, and SwitchVar in the
objective function

Sleep–Wake deci-
sion layer (Algo-
rithm 1)

Simple threshold-based
control; inspired by sleep–
wake cycles

Sleep/wake control for
nodes or equipment

Simple and deployable decision
layer for Sleep/Active control with
protection against unwanted shut-
downs
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Table 4: Reproducibility and implementation settings

Section Setting / Value

Architecture
CNN layers 2
Filters 128, 64
Kernel size 3× 3

LSTM units 128
Attention heads 4
Dropout 0.2

Training
Batch size 128
Learning rate 0.001
Input window 12
Prediction horizon 3

SNM
Population 60
Iterations 300
Search ranges λ1 ∈ [0.05, 1.0], λ2 ∈ [0.05, 0.5]

Final SNM configuration θ∗

Selected parameters λ1 = 0.5, λ2 = 0.2

Software/Hardware
Software PyTorch 1.13.0
Hardware NVIDIA RTX 2080 Ti; Intel Core i7-9700K; 32 GB RAM

Table 5: Energy model parameters

Parameter Value

Macro cells 8
Small cells 20
Active power (W) 120
Sleep power (W) 30
Transition time (s) 5
Traffic capacity (Gbps) 1.5
Simulation duration (h) 24
Service constraint (uptime %) 95
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Table 6: Computational complexity

Model variant Parameters
(M)

Inference time
(ms)

FLOPs
(GFLOPs)

Notes

E-SNM-CNN-LSTM (pro-
posed)

2.14 12.8 3.2 Proposed model with SNM tun-
ing; per-sample FLOPs are re-
ported in GFLOPs.

Baseline CNN–LSTM 4.80 18.4 6.7 Standard CNN–LSTM without
entropy coding, AMG, or SNM
tuning.

or two LSTM layers were used with manual tuning of the meta-parameters. The second group
included a basic CNN+LSTM, which was similar in spatiotemporal structure to the proposed
model, but there was no entropy-refinement step, LSTM gates were used in their standard form,
and the meta-parameters were tuned manually. The third group was the CNN+LSTM model
with an attention layer, which was architecturally richer than the basic model, but its parame-
ters were still tuned empirically. The fourth group was the reference Transformer–ConvLSTM
model presented in [56], which was considered as a more advanced framework for comparison.

In contrast, the proposed E-SNM-CNN-LSTM model contains all the main components:
entropy-based coding, a CNN section for spatial feature extraction, an LSTM with an adaptive
memory gate, a transformer attention layer, and finally the evolutionary tuning of the meta-
parameters and model coefficients using the SNM algorithm. As such, this model is more
comprehensive than the comparative models, not only in terms of structure but also in terms of
the regulation mechanism.

4.2.3 Evaluation Criteria

To evaluate the accuracy of traffic prediction, three common indicators were used: mean abso-
lute error (MAE), root-mean-square error (RMSE), and the coefficient of determination (R2).
These three indicators indicate, respectively, the degree of deviation of the prediction from the
actual value, the sensitivity to larger errors, and the ability to explain data variation.

To examine the effect of the prediction on the sleep and wake decision of the base station,
the model output was converted into two classes, “low traffic” and “high traffic”, and then accu-
racy, recall for the high-traffic class, F1 score, and false-sleep rate were calculated. The recall
criterion for the high-traffic class is of particular importance, because an error in recognizing
this class can cause a cell to be turned off incorrectly during high-load periods. In addition, in
the energy analysis, the energy-saving percentage and the average number of off/on switches
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per unit time were calculated for the two-layer network to evaluate the practical effect of the
model on network efficiency.

4.2.4 Traffic Prediction Results

In this section, the performance of the proposed E-SNM-CNN-LSTM framework is investigated
from two main perspectives: first, its accuracy in predicting cellular traffic, and second, its
effectiveness in supporting base station sleep and wake decision-making and reducing energy
consumption. For this purpose, the results of the proposed model are compared with baseline
models as well as with the Transformer–ConvLSTM and TSE-AMG-ConvLSTM reference
frameworks reported in [56].

The fairness of the comparisonwith Ref. [56] is ensured by using the same train/validation/test
split, the same prediction horizon, and the same normalization protocol. Some baseline val-
ues were taken from the literature rather than reimplemented under identical conditions; these
should be interpreted as benchmarks rather than exact reproductions.

Traffic prediction results on Milan/Madrid LTE. Table 7 shows the performance of the
models in the cellular traffic prediction scenario on the Milan/Madrid LTE data.

Table 7: Comparison of traffic prediction accuracy between models (Milan/Madrid LTE)

Model MAE RMSE R2

Simple LSTM 0.273 0.192 0.973
Basic CNN+LSTM 0.241 0.176 0.978
CNN+LSTM + Attention (without SNM) 0.228 0.169 0.981
Transformer–ConvLSTM [56] 0.214 0.162 0.984
E-SNM-CNN-LSTM (proposed) 0.206 0.157 0.986

Table 8: Prediction performance with confidence intervals

Metric MAE (mean±SD [CI]) RMSE (mean±SD [CI]) R2 (mean±SD [CI])

E-SNM-CNN-
LSTM

0.206± 0.007 [0.199,
0.213]

0.157± 0.006 [0.149,
0.165]

0.986± 0.001 [0.985,
0.987]

The results in Table 7 show that the addition of CNN+LSTM significantly reduced the
error and improved the coefficient of determination compared to the simple LSTM. The pro-
posed model also has better performance than the reference method [56], reducing the MAE
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and RMSE values by about 3.7% and 3.1%, respectively. The R2 value increased from 0.984
to 0.986, which, although numerically small, is a meaningful improvement in a problem with
severe traffic fluctuations and practical constraints.

These results indicate that replacing heavier architectures with the CNN+LSTM core, if
properly tuned, canmaintain and even slightly increase accuracy. The entropy-based refinement
and adaptive memory gate have also made the model more stable against short-term peaks and
transient noise.

Traffic prediction results on Telecom Shanghai. To evaluate the stability of the proposed
method in a highly volatile and congested environment, the model was also tested on the Tele-
com Shanghai dataset. This dataset is considered one of the challenging scenarios for traffic
prediction due to the large number of stations, rapid network load changes, and the presence of
short-term spikes.

Table 9: Comparison of traffic prediction accuracy between models (Telecom Shanghai)

Model MAE RMSE R2

Simple LSTM 0.261 0.183 0.972
Basic CNN+LSTM 0.232 0.169 0.977
CNN+LSTM + Attention (without SNM) 0.219 0.160 0.981
Transformer–ConvLSTM [56] 0.211 0.152 0.984
E-SNM-CNN-LSTM (proposed) 0.207 0.149 0.986

Model MAE (mean±SD [CI]) RMSE (mean±SD [CI]) R2 (mean±SD [CI])

E-SNM-CNN-
LSTM

0.207± 0.006 [0.201,
0.213]

0.149± 0.005 [0.139,
0.159]

0.986± 0.001 [0.985,
0.987]

The results in Table 9 show that the proposed model also outperformed the reference frame-
work [56] on this dataset. Specifically, the MAE value decreased by about 1.9% and RMSE by
about 2.0%, and the coefficient of determination also improved slightly. Although this numeri-
cal difference is small, in a scenario with severe fluctuations and successive peaks this limited
improvement is also of practical importance.

Compared to the baseline models, the addition of CNN+LSTM significantly reduced the
error, and its combination with the entropy-refinement step and evolutionary tuning of hyper-
parameters made the model less sensitive to sudden jumps and short-term noise. As a result, the
proposed model also provides stable and reliable performance in dense urban environments.
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Traffic Prediction Results on Trentino. To examine the generalizability of the model in an
environment with different traffic patterns, the proposed framework was also evaluated on the
Trentino dataset. This dataset has a more relaxed structure than Telecom Shanghai, with more
low-load intervals observed.

Table 10: Comparison of traffic prediction accuracy between models (Trentino)

Model MAE RMSE R2

Simple LSTM 0.238 0.171 0.977
Basic CNN+LSTM 0.217 0.154 0.981
CNN+LSTM + Attention (without SNM) 0.209 0.147 0.983
Transformer–ConvLSTM [56] 0.206 0.131 0.984
E-SNM-CNN-LSTM (proposed) 0.203 0.126 0.986

Model MAE (mean±SD [CI]) RMSE (mean±SD [CI]) R2 (mean±SD [CI])

E-SNM-CNN-
LSTM

0.203± 0.005 [0.193,
0.213]

0.126± 0.004 [0.118,
0.134]

0.986± 0.001 [0.985,
0.987]

According to Table 10, the proposed model was able to provide the best, or close to the best,
performance on Trentino as well. The decrease in MAE and RMSE compared to the baseline
models shows that the network produces more accurate predictions during low-load periods and
slower changes. The increase in R2 to 0.986 also indicates that the proposed model explains a
larger part of the actual data variation.

Compared with the framework of [56], although the numerical difference is limited, the
proposed model still performed at a higher or equal level. This is especially important for
base station sleep decision-making, since accurate detection of low-load periods leads to more
reliable cell shutdown and reduced energy consumption.

Accuracy of Base Station Sleep and Wake-up Decisions. The forecast output for each cell
and time period is used as input to the sleep decision module. In this section, the performance
of the proposed model in terms of the correctness of the off/on decisions is examined.

The results in Table 11 show that the proposed model has about 0.8 percentage points of im-
provement in decision accuracy and about 0.4 percentage points of reduction in false shutdown
rate compared to the reference framework [56]. Although this reduction seems small, it is very
important from a practical point of view, because any false shutdown can lead to a degradation
of service quality. The increase in recall for the high-traffic class also shows that the model is
less likely to misidentify a truly busy situation as low-traffic.
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Table 11: Sleep/wake decision performance (Milan/Madrid LTE)

Model Decision accuracy ±
SD (%)

Recall (high-traffic
class) ± SD (%)

F1 ± SD (%) False shutdown
rate ± SD (%)

Simple LSTM 93.2± 0.003 91.5± 0.02 92.3± 0.02 4.9± 0.004

Basic CNN+LSTM 94.7± 0.05 93.8± 0.02 94.2± 0.05 4.1± 0.005

CNN+LSTM + Atten-
tion

95.4± 0.003 94.6± 0.05 95.0± 0.02 3.7± 0.004

Transformer–
ConvLSTM [56]

96.1± 0.05 95.8± 0.02 94.9± 0.05 3.3± 0.005

E-SNM-CNN-LSTM 96.9± 0.002 96.4± 0.01 96.6± 0.01 2.9± 0.003

Table 12: Sleep/wake decision performance (Telecom Shanghai)

Model Decision accuracy ±
SD (%)

Recall (high-traffic
class) ± SD (%)

F1 ± SD (%) False shutdown
rate ± SD (%)

Simple LSTM 94.8± 0.003 93.6± 0.03 94.1± 0.02 4.6± 0.002

Basic CNN+LSTM 95.6± 0.002 94.8± 0.02 95.1± 0.02 4.0± 0.004

CNN+LSTM + Atten-
tion

96.1± 0.003 95.7± 0.02 95.9± 0.02 3.6± 0.004

Transformer–
ConvLSTM [56]

96.8± 0.002 96.4± 0.02 96.5± 0.02 3.2± 0.002

E-SNM-CNN-LSTM 97.0± 0.002 96.8± 0.02 96.9± 0.02 2.8± 0.002
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In Telecom Shanghai, the proposedmodel was able to make sleep decisions more accurately
and safely. The reduction in false shutdown rate indicates that the model suffers fewer false
shutdowns during peak traffic times, which is of great importance for maintaining quality of
service in high-density environments.

Table 13: Sleep/wake decision performance (Trentino)

Model Decision accuracy
± SD (%)

Recall (high-traffic
class) ± SD (%)

F1 ± SD (%) False shutdown
rate ± SD (%)

Simple LSTM 96.7± 0.002 95.9± 0.02 96.2± 0.03 3.4± 0.004

Basic CNN+LSTM 97.6± 0.003 96.8± 0.03 97.1± 0.02 2.7± 0.003

CNN+LSTM + At-
tention

98.1± 0.004 97.5± 0.03 97.8± 0.03 2.2± 0.004

Transformer–
ConvLSTM [56]

98.5± 0.003 98.1± 0.02 98.2± 0.02 1.9± 0.003

E-SNM-CNN-
LSTM

98.9± 0.002 98.7± 0.01 98.8± 0.01 1.6± 0.003

In Trentino, the proposed model showed very stable performance due to the quieter traffic
structure and the presence of more off-peak periods. The false shutdown rate on this dataset is
lower than all the comparative models, and the decision accuracy reaches a level close to 99%.

Impact on Energy Saving in a Heterogeneous Network. To evaluate the practical impact
of the proposed model on energy consumption, a two-layer macro–small cell network similar
to the common settings in the research literature was simulated. The sleep policy was applied
based on the model prediction, and the results are presented in Table 14.

Table 14: Comparison of energy performance in a two-layer network

Dataset Sleep method + prediction model Energy saving (%) Average switches per hour

Milan/Madrid LTE Method based on [49] + Transformer–ConvLSTM [56] 12.8 4.0
Milan/Madrid LTE Method based on [49] + E-SNM-CNN-LSTM 13.9 3.7

Telecom Shanghai Method based on [49] + Transformer–ConvLSTM [56] 12.9 4.1
Telecom Shanghai Method based on [49] + E-SNM-CNN-LSTM 13.8 3.7

Trentino Method based on [49] + Transformer–ConvLSTM [56] 14.0 3.8
Trentino Method based on [49] + E-SNM-CNN-LSTM 14.8 3.4

According to Table 14, the proposed model was able to generate more energy savings than
the reference framework [56] on all three datasets: in Milan/Madrid LTE this increase is about
1.1 percentage points, in Telecom Shanghai about 0.9 percentage points, and in Trentino about
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0.8 percentage points. At the same time, the number of on/off switches has also been reduced,
indicating greater stability of decisions and reduced network operational overhead.

Model Component Deletion and Addition Study. To examine the contribution of each part
to the final performance, several reduced versions of the model were also evaluated. Table 15
uses the Milan/Madrid LTE dataset (as in Table 2) for the ablation study. An additional “with-
out attention” row is included to isolate the contribution of the transformer-based attention
layer. The table clarifies how removing entropy coding, AMG, SNM, or attention affects
MAE/RMSE/R2 and the sleep decision metrics, under the same train/validation/test split.

Table 15: Results of the component deletion (ablation) study

Model version MAE RMSE R2 Energy saving (%)

No entropy 0.212 0.160 0.984 13.2
No AMG 0.216 0.163 0.983 13.0
No SNM 0.210 0.158 0.985 13.4
Without attention 0.211 0.159 0.984 13.5
Full E-SNM-CNN-LSTM model 0.206 0.157 0.986 13.9

The results in Table 15 show that removing each component causes a performance drop.
The largest drop is related to removing AMG, which shows that the adaptive gate plays an
important role in stabilizing the forecast and reducing the sensitivity of themodel to fluctuations.
Removing SNM also causes a decrease in accuracy and energy savings, although this drop is
smaller than for AMG. Removing the entropy step, although it does not have a very strong effect,
increases the sensitivity of the model to sudden peaks and causes a relative drop in accuracy.

4.3 Statistical Analysis

We report results based on 10 independent runs for each scenario (Milan/Madrid LTE, Telecom
Shanghai, Trentino). For each metric (MAE, RMSE, R2), we provide the mean, standard devi-
ation (SD), and 95% confidence interval (CI). All tables presenting performance metrics show
mean ± SD and 95% CI as appropriate. We test statistical significance against the baseline
model using both a paired t-test and the Wilcoxon signed-rank test on the 10 run differences.

• Computation of the 95% CI: for 9 degrees of freedom (n − 1 = 9), the CI is computed
as mean± t(9,0.975) × (SD/

√
10), where t(9,0.975) ≈ 2.262.
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• Paired comparisons: for each dataset (Milan/Madrid LTE, Telecom Shanghai, Trentino),
we report p-values for both the paired t-test and theWilcoxon signed-rank test comparing
the proposed model to the baseline.

5 Discussion and Conclusion

The proposed E-SNM-CNN-LSTM framework provides a two-layer approach for cellular traf-
fic prediction and base station sleep/wake decision-making, in which, first, traffic data is pro-
cessed with an entropy-based refinement step in a more robust manner, then local patterns and
temporal dependencies are extracted by combining CNN+LSTMwith the AMG adaptive mem-
ory gate, and finally meta-parameter tuning is performed by SNM to converge the model to a
region close to the optimum. This design gives the proposed model balanced behavior in terms
of both prediction accuracy and energy-based decision stability, and makes it less sensitive to
severe traffic fluctuations.

Experimental results from four datasets, Milan, Madrid LTE, Telecom Shanghai, and
Trentino, show that the proposed framework provides stable, competitive, and in most cases
superior performance on both main research tasks, namely cellular traffic prediction and base
station sleep-wake decision support. The superiority of the proposed method over the TSE-
AMG-ConvLSTM reference model reported in [56] is observed as small but uniform improve-
ments across all scenarios. This improvement pattern shows that the advantage of the proposed
method is not limited to a specific dataset and can be generalized to various urban and dense
scenarios.

From the perspective of traffic prediction, comparing the results with simple LSTM, basic
CNN+LSTM, and the attention-equipped version shows that the use of a convolutional structure
alongside LSTM plays an important role in extracting local patterns and reducing errors. Fur-
thermore, the addition of an entropy-based refinement step, adaptive memory gate, and SNM
hyperparameter tuning has made the model less sensitive to sudden jumps, transient noise, and
short-term traffic changes. This is evident in the steady reduction of MAE and RMSE, as well
as in the slight increase of R2, across all datasets.

On dense and fluctuating datasets such as Telecom Shanghai, the proposed method has
been able to perform on par with, or slightly better than, the reference model [56] without a
significant increase in implementation complexity. This is important because in such scenarios
heavier models usually have good accuracy but are computationally expensive and sensitive
to tuning. In contrast, the proposed framework, relying on the CNN+LSTM kernel and evo-
lutionary parameter tuning, establishes a good balance between accuracy and efficiency. This
balance is of particular importance for practical implementation in real networks.
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The proposed method also performed very well on the Trentino dataset. This dataset is suit-
able for evaluating the model’s ability to detect appropriate cell sleep states due to its smoother
pattern and higher proportion of low-load intervals. The results show that the proposed model
is not only more accurate in traffic prediction, but also more successful in identifying low-load
intervals and preventing false shutdowns. As a result, this method can support base station sleep
decision-making with less risk and more confidence.

In the sleep-wake decision-making analysis, the increase in recall for the high-traffic class
is one of the key results of the research. This index shows that the proposed model is less
likely to misidentify a truly high-traffic interval as low-traffic. Such an error in practical ap-
plication can lead to false cell shutdown and degradation of service quality. Therefore, even
small improvements in decision-making accuracy and reductions in false-shutdown rates are
meaningful from a practical perspective for network operators. This is especially important in
heterogeneous networks, where sleep decisions must be made with high accuracy and based on
reliable predictions.

From an energy-consumption perspective, the results also show that replacing the reference
model with the proposed method leads to greater energy savings and fewer switches on all
datasets. Although the improvements in each scenario are limited and gradual, these small
increases, at the scale of large networks and over the long term, lead to significant energy-cost
reductions and reduced operational load. The reduction in the number of on/off switches also
shows that decisions have become more stable, and as a result signaling load and equipment
depreciation are also reduced.

The component-elimination study also showed that each of the main components of the
model has a specific role in the final performance. The elimination of the adaptive memory
gate caused the largest drop, indicating its importance in stabilizing the prediction and reducing
sensitivity to traffic fluctuations. The removal of the entropy step also reduced the quality of
the input and increased the effect of transient peaks. On the other hand, although the removal of
SNMdid not completely weaken themodel, it moved it away from the optimal tuning region and
caused a slight decrease in accuracy and energy saving. Therefore, the success of the proposed
method is the result of the interaction of these three components and is not dependent on a single
part.

On the other hand, the results of SNM on the CEC-BC-2017 standard benchmark function
set also show that this algorithm is not only designed to tune the hyperparameters of the traffic
problem, but is also a competitive optimization method in terms of search power and generaliz-
ability. On functions F1 to F7, SNM has the best or close-to-best performance and also recorded
a low standard deviation. On high-dimensional functions, especially F9 and F10, this method
reached the global optimum, and on F8 it also obtained the second rank after CO. Although
DFA performed better on functions F12 and F13, SNM still provided competitive and stable
results. On the complex composite functions F24 to F29, SNM was placed alongside superior
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methods such as YGSA, CO, and PSO, and also achieved the best rank among the compared
methods in the Friedman ranking test. These findings confirm that the role of SNM in the pro-
posed framework is not merely an auxiliary regulator, but an effective component for achieving
stable and reliable performance.

Despite the favorable performance of the proposed E-SNM-CNN-LSTM framework on var-
ious datasets, several directions for future development can be suggested. First, this framework
can be extended to multi-step forward prediction instead of single-step forward prediction to
enable base station sleep decision-making over a longer time horizon. Second, testing and evalu-
ating the model on more realistic and multi-source data, including data with seasonal variations,
unexpected events, and diverse traffic patterns, canmore precisely clarify the generalizability of
the method. Third, a lighter version of the model can be designed for online deployment in op-
erational networks to reduce computational cost and response time. Also, developing a version
of the sleep policy that simultaneously considers the stability of QoS and signaling load, in ad-
dition to energy consumption, can be of practical value. Finally, applying the same framework
to other prediction and optimization problems in wireless networks, such as resource allocation
and load management, can be pursued as a future research direction.

While the proposed E-SNM-CNN-LSTM framework achieves consistently better perfor-
mance across the Milan/Madrid, Telecom Shanghai, and Trentino datasets and demonstrates en-
ergy savings through smarter sleep management, several limitations should be acknowledged:

• Dependence on data quality: the entropy refinement and the model’s performance are
sensitive to data quality. In datasets with substantial noise or distribution shift, gains may
decrease.

• Computational cost on resource-constrained devices: while the model is designed for
edge deployment, the SNM-based hyperparameter tuning introduces an offline optimiza-
tion phase that may require substantial compute. A lighter on-device variant could be
explored for real-time operation.

• Reproducibility across domains: while results hold for the provided datasets, perfor-
mance in different urban settings or with different traffic patterns should be validated.
Generalization to other network configurations (e.g., ultra-dense small cells) should be
tested.

• Sensitivity to hyperparameters: the SNM tuning introduces new hyperparameters (e.g.,
λ1, λ2 in F (θ)) whose selection can influence results. We recommend reporting full
ablations for new deployments.

• Limitations in reference updates: as discussed in relation to [56], updates or substitutions
of baselines may alter comparative conclusions; references should be kept consistently
updated when re-running experiments.
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