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ENERGY-SAVING METHOD IN WIRELESS SENSOR NETWORKS

Abstract. Relevance. WSNSs are characterized by many autonomous nodes that are expected to operate for extended pe-
riods without battery replacement or recharging. This poses a significant challenge for researchers and developers to find
effective energy-saving methods that can substantially extend the autonomous operating time of the nodes and ensure the
stable and reliable functioning of the entire network. The object of research is the processes of energy consumption and
functioning of Wireless Sensor Networks. Purpose of the article is the development and investigation of an energy-saving
method in Wireless Sensor Networks based on the use of machine learning algorithms, particularly artificial neural net-
works of the Kohonen map type and their modifications, in order to ensure the most efficient utilization of node energy re-
sources, optimize data transmission and processing processes, and increase the duration of autonomous operation and the
reliability of sensor network functioning under variable operating conditions. Research results. An energy-saving method
based on modified Kohonen maps has been developed. The proposed approach involves multifactor clustering of nodes
considering their energy parameters, adaptive selection of transmission routes, regulation of node activity modes, and
online retraining of the map. Conclusions. The energy consumption of nodes depends not only on the hardware configura-
tion but also on the method of data exchange organization, the chosen network topology, transmission frequency, and envi-
ronmental conditions. The issue of energy depletion in individual nodes is critical, as it can lead to network fragmentation
or complete network failure. Therefore, there is a need for dynamic, intelligent management that considers both local and
global characteristics of the network.
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Introduction

Modern wireless sensor networks are one of the key
infrastructure components across various fields of human
activity, such as environmental monitoring, industrial
process control, healthcare, smart homes and cities, agri-
culture, and military applications. The widespread adop-
tion of such networks is driven by their capability for
continuous data collection, transmission, and analysis
from many spatially distributed sensor nodes. At the
same time, the growing number of sensor devices, the
increasing volume of processed data, and the expansion
of geographic deployment areas significantly raise the
demand for energy autonomy of these systems.

One of the most critical challenges faced by wire-
less sensor networks is ensuring a prolonged operational
period of the nodes without the need to replace power
sources or recharge batteries. A typical solution is to
power the nodes using autonomous batteries, the re-
placement of which in large-scale or hard-to-reach net-
works is a complex and economically inefficient task.
This is why energy efficiency becomes a crucial factor
that directly impacts the viability and practical applicabil-
ity of sensor networks.

The issue of node energy consumption is further
complicated by the fact that a typical sensor device ex-
pends energy not only for data transmission but also for
data reception, processing, and maintaining functionality
in standby mode. Given the limited power supply re-
sources, the need for a comprehensive approach to energy
efficiency is evident. Therefore, the relevance of re-
searching energy-saving methods lies in finding a balance
between performance, reliability, and the duration of au-
tonomous node operation.

This work presents a detailed analysis of modern
methods for reducing energy consumption in wireless
sensor networks. Particular attention is given to energy-
efficient routing protocols, algorithms for managing node

and sensor operating modes, strategies for reducing the
volume of data to be transmitted, methods of adaptive
signal power control, and the potential for using renewa-
ble energy sources to ensure maximum autonomy of sen-
sor devices. The results of this analysis will help formu-
late recommendations for the integrated use of various
technologies and approaches, which will significantly
enhance the efficiency of wireless sensor networks under
real-world conditions.

The purpose of this work is the development and
investigation of an energy-saving method in wireless
sensor networks based on the use of machine learning
algorithms, particularly artificial neural networks of the
Kohonen map type and their modifications, to ensure the
most efficient utilization of node energy resources, opti-
mize data transmission and processing processes, and
increase the duration of autonomous operation and the
reliability of sensor network functioning under variable
operating conditions.

Main part

The operation of sensor nodes in wireless sensor
networks is determined by a combination of hardware,
software, and environmental factors, each of which af-
fects performance, stability, energy consumption, and the
duration of autonomous operation. Key factors include:
the type and sensitivity of the sensor (the choice of sensor
depends on the type of physical quantity being measured.
The higher the resolution and sensitivity, the more energy
the sensor may consume); the power and architecture of
the microcontroller (the processor’s computing power
determines the ability to locally process data before
transmission. More powerful microcontrollers reduce the
amount of data transmitted but may consume more ener-
gy themselves); the type and capacity of the power source
(the battery or energy storage device limits the node's
operation time. The type of power source and the possi-
bility of energy harvesting are also important); energy
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consumption modes (the availability of sleep, wake-up,
standby, and active communication modes are critical for
optimizing energy usage. Switching between modes must
be controlled and adaptive); the communication protocol
(the selected protocol affects transmission range, speed,
and energy cost. Low-energy protocols are often chosen
for long-term deployments); network topology and rout-
ing algorithms (a node may be an endpoint or a relay.
Acting as a relay for others increases its energy consump-
tion. Uneven load distribution among nodes leads to early
depletion of certain elements in the network); data collec-
tion and transmission frequency (frequent measurements
and transmissions increase energy usage. Optimizing this
frequency is critical in designing energy-efficient algo-
rithms); environmental conditions (temperature, humidi-
ty, interference levels, terrain, and other physical factors
can affect sensor reliability and communication quality,
causing additional energy expenditures); node software
(optimized software, task schedulers, and adaptive algo-
rithms can significantly reduce energy usage); local deci-
sion-making capability (nodes capable of analyzing col-
lected data independently — e.g., classifying events or
filtering noise — can reduce the number of transmitted
packets and save energy).

In traditional wireless sensor network systems, deci-
sions regarding routing, energy management, and node
operation modes are made based on rigid rules or statisti-
cal models. This approach often fails to account for the
complex dynamics of the network, changing environmen-
tal conditions, battery degradation, or unexpected over-
loads of individual nodes. Therefore, the application of
machine learning algorithms, which allow adaptive opti-
mization of network operation considering variable pa-
rameters and accumulated experience, is gaining increas-
ing relevance.

One of the key tasks in the context of energy saving
is node clustering, i.e., grouping nodes into clusters based
on such features as battery level, geographic location,
traffic density, and load. Machine learning enables this
clustering to be performed dynamically rather than stati-
cally, with the structure of the clusters being updated as
the network state changes. For instance, k-means meth-
ods, hierarchical clustering, or algorithms based on self-
organizing maps can automatically determine the optimal
number and configuration of clusters, helping reduce
energy losses from routing and prevent overload of indi-
vidual nodes.

Another important area is activity prediction of
nodes and intelligent scheduling of sleep/wake cycles.
Using historical activity data, typical sensing patterns, or
external parameters (e.g., daily temperature variations,
movement, or noise), learning algorithms can predict
when a node is likely to be heavily loaded and adjust its
operating mode accordingly. This approach maintains a
balance between energy consumption and data transmis-
sion quality.

In addition, the use of classification and regression
methods enables real-time assessment of the network
state and decision-making regarding route changes or
switching nodes to energy-saving modes.

Reinforcement learning-based approaches also de-
serve attention. In such models, nodes or node groups

learn to make energy-efficient decisions through interac-
tion with the environment — by trial and error. For exam-
ple, an agent can learn to deactivate secondary nodes or
adjust transmission power in response to changing net-
work conditions, receiving “rewards” for saving energy
without compromising service quality.

Finally, recent research focuses on integrating deep
learning to detect complex dependencies in the large vol-
umes of data generated by the network. For example,
convolutional neural networks enable the identification of
recurring traffic patterns, while recurrent neural networks
allow for forecasting future node loads. This creates the
foundation for proactive energy and transmission man-
agement.

In article [1], a modified Kohonen map method is
proposed to improve the performance of artificial neural
networks through the clustering of sensor nodes—
parameters such as hop count, energy levels, sensitivity,
and delay are calculated. The author suggests using artifi-
cial neural network-based clustering of sensor data,
which leads to enhanced energy saving in wireless sensor
networks.

In article [2], the DL-GMA approach is proposed,
which is a deep learning-based grouping model aimed at
improving energy efficiency in wireless sensor networks.
By utilizing advanced grouping and clustering tech-
niques, DL-GMA optimizes energy consumption, en-
hances network stability and scalability, reduces conges-
tion, and improves quality of service. However, the au-
thors note certain limitations in their work, including
network heterogeneity, mobile nodes, communication
overhead, and the limited scale of the evaluation, which
require further investigation.

In article [3], an integrated concept is proposed to
enhance energy efficiency based on machine learning
methods and intelligent data analysis. The author states
that a unified model for sensor selection and event detec-
tion can learn from historical data and solve operational
tasks such as energy efficiency, event detection accuracy,
and service quality assurance in the case of sensor fail-
ures. However, the work has some shortcomings, as
many functional and practical issues remain unresolved,
particularly those related to network retraining.

The analysis of the sources confirms the relevance
of using artificial neural networks of the Kohonen map
type to improve energy efficiency in wireless sensor net-
works.

The essence of using Kohonen maps in energy-
saving tasks lies in building an optimized model for dis-
tributing functions among network nodes. In typical wire-
less sensor networks, only a portion of the nodes perform
critical tasks such as routing or data aggregation. The use
of Kohonen maps enables the identification of nodes best
suited to perform these functions based on a set of crite-
ria: battery charge level, call frequency, signal quality,
transmission intensity, load level, etc. Thus, node clusters
are formed, within which cluster heads or relays are se-
lected to minimize energy consumption across the entire
system.

A key advantage of using Kohonen maps in this
task is their ability for unsupervised learning, meaning
such a neural network does not require pre-labeled data to
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function. This is especially important in scenarios where
reliable a priori information about the network status may
not be available. During the learning process, the Ko-
honen map forms a topologically ordered structure where
nodes with similar characteristics are grouped together,
allowing for effective dynamic clustering in real time.

Moreover, this type of artificial neural network is
well suited for adaptation to changes within the network.
For example, if certain nodes fail or the environmental
configuration changes, the Kohonen map can be retrained
or adapted to the new conditions without requiring a
complete system restart. This ensures the resilience and
survivability of wireless sensor networks, which is criti-
cally important in remote or hard-to-reach environments.

Despite the effectiveness of classical self-organizing
Kohonen maps for clustering tasks and reducing energy
consumption in wireless sensor networks, for complex,
dynamic, and large-scale environments, the standard Ko-
honen map architecture or its sequential learning process
may prove insufficiently flexible [4]. This has led to the
emergence of a few modifications that improve adaptabil-
ity, scalability, and real-time accuracy. Such enhanced
models open new horizons for implementing energy-
efficient management in sensor networks, considering
changes in network topology, load levels, power element
status, and external influences.

There are also several architectures that are modifi-
cations of the classical Kohonen map. In hierarchical
architecture, the network consists of multiple organiza-
tional levels, where each successive level refines the pre-
vious one. This approach is particularly effective for large
sensor networks with heterogeneous node distribution. A
hierarchical structure enables multilevel clustering — first
dividing the network into regions based on their position
on the grid and then forming energy-optimal clusters
within each region. This significantly simplifies routing,
reduces the number of inter-cluster transmissions, and
allows for localized network adaptation.

Another promising direction involves adaptive maps
that change their structure during the learning process.
Unlike classical maps with a fixed number of neurons,
adaptive maps can add or remove neurons in response to
changes in data input. This is critically important for sen-
sor networks where the number of active nodes can vary
over time due to energy depletion, physical damage, or
changes in the environmental configuration. Adaptive
topology modification allows the system to maintain
clustering accuracy and effective network management
without the need for complete retraining. Another type of
modification enables dynamic map expansion in the di-
rection of highest data complexity. In sensor networks,
this allows more attention to be automatically devoted to
areas with high traffic or a high risk of overload, provid-
ing more detailed energy management in critical regions.

An alternative approach to improving the efficiency
of Kohonen maps is the modification of the training pro-
cess. The standard Kohonen map training algorithm is
based on unsupervised learning with gradual reduction of
the neighborhood radius and learning rate. Classical train-
ing requires a significant number of iterations and con-
stant processing of input data, which may result in exces-
sive energy consumption when implemented on real

nodes with limited resources. Therefore, several modifi-
cations have been proposed to improve energy efficiency
and adaptation to sensor network conditions.

Training on data subsets suggests using random or
statistically representative subsets instead of the entire
input dataset. This reduces the amount of information
transmitted to the main node or computing center, thereby
lowering energy costs for communication. Additionally,
local training on nodes or clusters with limited data re-
duces the number of iterations and improves scalability.

The classical Kohonen map algorithm requires pre-
processing of the entire training set. Incremental learning,
in contrast, allows the map to adapt to each new input
vector individually. This approach accounts for changes
in network state in real time without full retraining and
also reduces the need for storing large data volumes on
the nodes. Training with a dynamic neighborhood radius
implies that the neighborhood radius is adapted dynami-
cally — for example, depending on the variance of the
input data or the energy resource level of the sensor
nodes. This allows for the reduction of unnecessary up-
dates and focuses the training process only on those
nodes where changes are truly significant, thereby saving
energy. In energy-aware learning, an additional parameter
is introduced into the weight update function that ac-
counts for the current battery charge level of a node. If a
node has a low charge, its participation in the training
process is reduced or excluded. In this way, the system
automatically avoids overloading the resources of nodes
that are close to depletion and ensures a more balanced
load distribution across the network.

In priority-based learning, the weight coefficients
are updated more frequently for inputs corresponding to
high-priority events or clusters with high energy con-
sumption. This allows computational resources to be fo-
cused on more energy-intensive areas and enables quick-
er adaptation to change that may threaten the network’s
viability. In the quantized Kohonen map, discretization of
the input data space is introduced, which reduces the di-
mensionality of the training dataset and computational
costs. In WSNs, this lowers the need for precise meas-
urement of physical quantities and allows nodes to oper-
ate with coarser but more energy-efficient sensors or to
transmit smaller-sized data packets.

The development of an effective energy-saving
method for wireless sensor networks requires a combina-
tion of adaptive input data analysis, consideration of node
energy constraints, and the network’s ability to self-adjust
[4]. In this context, modified Kohonen maps serve as a
key component of the intelligent energy management
model. A method is proposed based on dynamic node
clustering using an adapted Kohonen map training algo-
rithm [5], which considers the energy state of nodes, traf-
fic density, position on the coordinate grid, and transmis-
sion history. The concept of the method involves building
an energy-weighted Kohonen map that is updated in
online mode and makes decisions regarding the formation
of node clusters, selection of energy-optimal cluster cen-
ters, determination of efficient transmission routes with
minimal energy loss, and adaptation of node operating
modes (active, idle, sleep). The implementation stages of
the method (Fig. 1) are as follows:
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Implementation Stages of the Method

Initial training of SOM Clustering of nodes and . .
. —> —
based on node states selection of cluster centers Adaptive routing

The system receives input
data from nodes: battery
level, transmission
frequency, number of
neighbors, and link index

A set of clusters is formed,
within which cluster head
nodes are selected

A routing table is generated
and updated based on
changing conditions in the
SOM

o L M t of nod
L Periodic retraining of SOM anagement ot node
energy modes

The SOM is retrained using
an incremental approach

Nodes that can be switched
to sleep or semi-active
mode without loss of data
integrity are identified

Fig. 1. Implementation Stages of the Method

1) Initial SOM Training Based on Node States. In
the first stage, the system receives input data from the
nodes: battery level, transmission frequency, number of
neighbors, and link index. Based on these features, a Ko-
honen map is created with a dynamically adapted neigh-
borhood radius and energy-weighted weight updates,
where nodes with lower battery levels have reduced in-
fluence on the formation of the topology.

2) Node Clustering and Cluster Head Selection. Af-
ter training, the map forms a set of clusters within which
cluster head nodes are selected. The cluster head selection
algorithm considers the maximum remaining energy,
minimum distance to other nodes in the cluster, and load
history. This ensures balanced distribution of balanced
load and avoids premature exhaustion of individual
nodes.

3) Adaptive Routing. Within each cluster, a routing
table is formed and updated considering changing condi-
tions such as energy depletion in a node or traffic in-
crease. SOM is used not only for clustering but also for
building a network-wide load-weighted map. This ena-
bles traffic redirection to avoid overloaded or low-energy
nodes.

4) Periodic Retraining of the Kohonen Map. The
method includes cyclic retraining of the map using an
incremental online approach. This allows the system to
remain adaptive even in dynamic conditions, such as
changes in network topology or partial node failures. The
learning radius and update coefficient are reduced de-
pending on the stability of the cluster structure.

5) Management of Node Energy Modes. Based on
the cluster structure and the state of the network, the algo-
rithm identifies nodes that can be switched to sleep or
semi-active mode without compromising data integrity.
This implements a cyclic wake-up strategy for the nodes,
which significantly reduces average energy consumption.

The proposed method represents a practical and
promising approach to resource management in wireless
sensor networks.

Conclusions

During this research, an analysis of the energy-
saving problem in wireless sensor networks was conduct-

ed, and the rationale for using machine learning methods
— particularly modified Kohonen maps — as an effective
tool for adaptive network resource management was sub-
stantiated. The energy consumption of nodes depends not
only on the hardware configuration but also on the organ-
ization of data exchange, the selected network topology,
transmission frequency, and environmental conditions.
The problem of energy depletion in individual nodes is
critical, as it can lead to network fragmentation or com-
plete system failure. Therefore, there is a need for dynam-
ic, intelligent management that considers both local and
global characteristics of the network.

Clustering, prediction, and adaptive control models
— especially those implemented through reinforcement
learning or deep learning — can enhance both the energy
resilience of the network and the overall quality of ser-
vice.

As a result, machine learning not only provides en-
ergy savings but also creates the foundation for building
self-learning, autonomous next-generation systems.

Thanks to their topological ordering and unsuper-
vised learning capability, Kohonen maps enable the for-
mation of energy-optimal clusters, the selection of the
most suitable nodes to act as cluster heads, and the dy-
namic reconfiguration of network structure based on
changes in energy states. This ensures balanced load dis-
tribution and reduces the number of transmissions within
the network.

Machine learning algorithms offer qualitatively new
opportunities for adaptive, self-learning, and energy-
efficient functioning of wireless sensor networks. Their
implementation results in reduced energy consumption,
increased reliability, and minimized human intervention
in the operation of such systems.

Modified Kohonen maps are an effective, scalable,
and adaptive tool for managing energy consumption in
wireless sensor networks. They not only enhance energy
efficiency but also ensure fault tolerance, adaptability,
and integration with other intelligent technologies.

An energy-saving method based on modified Ko-
honen maps has been developed.

The proposed approach involves multifactor cluster-
ing of nodes considering energy parameters, adaptive
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selection of transmission routes, regulation of node activi-  sensor network, represent an effective means for building
ty modes, and online retraining of the map. Thus, modi-  energy-efficient, self-learning, and flexible sensor sys-
fied Kohonen maps, integrated into the architecture of the  tems.
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MeTton eHepro3depe:keHHs1 B 0€3MPOBIAHUX CEHCOPHUX MepeKax
B. C. I'apma, B. O. Isuenko, O. I1. Mixans, B. I'. 3naiiarox

AHoTanisi. AKTyaJIbHiCTh. Be3npoBiTHI CEHCOPHI Mepeki XapaKTePH3YIOThCSI BEIUKOIO KUIBKICTIO aBTOHOMHHUX BY3IIiB,
SIKi TIOBHHHI TPUBAIKI Yac mpaIfoBaTti 0e3 3aMiHu abo MiA3apsIKy HKEPEN KuBJeHH. Lle cTaBuTh mepe AOCTiIHUKaMHU 1 pO3-
pOOHMKAaMU 3aBAaHHS IMOLIYKY €()EKTUBHHX METOMIB eHepro30epe:eHHs, 3aTHUX CYTTEBO IPOJOBXKUTH IEpiof aBTOHOMHOL
po6oTu By3iB Ta 3abe3neynTy cTabinbHy i HafiiHy poOOTy Beiei Mepexi. O6’€KT TOCTIMKeHHS . IPOIIECH SHEPrOCIIOKUBAHHS
Ta QyHKIIOHYBaHHs OE3MPOBIJHUX CEHCOPHHUX Mepexk. MeTa cTaTTi: po3pobka MeToy 6araToBapiaHTHOTO CHHTE3Y JIMCKPETHO-
Ka3yallbHHX MOJeNeH elleMeHTapHUX (QYHKIIN orepaliii KepoBaHUX iHPOPMAII€0 KU PO3MUPUTH MOKIMBOCTI ITPOEKTYBaHHS
MaJio pecypcHHX npucTpoiB peanizanii CET-onepaniit s noOynoBu kpunrorpadiqHuX CHCTEM 3 IOABIIHUM YIpaBIiHHAM
nporiecoM muppyBanHs. Pe3yabTaT gocaimkeHns. Po3podieHo MeTo ] eHepro30epekeHHs, Mo 0a3yeThess Ha MOAN(DIKOBaHUX
kaprax Koxonena. 3anpornonoBanuii miaxix nependadae 6ararohakTopHy KJIACTEPH3AIIO BY3JIiB 3 ypaxXyBaHHIM €HEpPreTHIHHX
napamerpiB, aJanTHBHUN BUOIp MapIIPyTiB mepenadi, peryioBaHHS PSKHMIB aKTUBHOCTI BY3JiB i OHJIaiHOBE MepeHaBYaHHS
kapTi. BrucHoBkH. EHeprocnoxuBaHHs By3JIiB 3aJISKUTh HE JIMIIE BiJ amapaTHoi KoHGirypauii, a it Big crocoOy opraHizamif
00MiHy AaHMMH, 0OpaHOT TOIOJIOTIT MeperKi, YaCTOTH Mepeaay Ta yMOB HaBKOJMIIIHBOTO cepenoBuina. [IpobieMa eHepreTHYHOro
BHCHA@)XCHHS OKPEMHUX BY3JIB € KPUTHYHOIO, OCKIJIbKM BOHA 3/IaTHA CHPUYMHUTH (pparMeHTalliio abo MOBHHUIl BHXiZ Mepexi 3
nany. Came TOMy BHHHKae OoTpeba B AMHAMIYHOMY, IHTEIEKTyaTbHOMY YIPaBIIiHHI, SIKE BPAXOBYE K JOKaJbHI, TaK i TII00aNbHi
XapaKTEePUCTUKN MEPEXKI.

KaoudoBi cnoBa: Ge3mpoBiHa CEHCOpPHA Meperka, €HeprocloKuBaHH:, kapTa KoxoHeHa, MallMHHE HABYaHHS, K1acTe-
pu3allisi, aJanTUBHA MapIIPyTH3aLlisl, BY30JIL.
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