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ADAPTIVE REINFORCEMENT LEARNING-BASED ROUTING ALGORITHM FOR
ENERGY-EFFICIENT IOT WIRELESS SENSOR NETWORKS

The article proposes an adaptive routing algorithm for improving energy efficiency in wireless sensor networks within
Internet of Things environments. The proposed approach is based on reinforcement learning and enables sensor nodes to dynamically
adapt routing decisions according to network conditions and residual node energy. The algorithm uses the Q-learning method to
determine optimal transmission paths and minimize total energy consumption of the network. Simulation experiments were conducted
using the NS-3 network simulation environment. The obtained results demonstrate that the proposed approach reduces energy
consumption, increases network lifetime, and improves data transmission reliability in comparison with classical routing protocols such
as LEACH and PEGASIS. The results confirm the effectiveness of reinforcement learning methods for adaptive routing in dynamic IoT
environments.
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CIIIKO Omnena

KuiBcbkuit HanioHansHUH yHiBepcuter iMeHi Tapaca IlleBuenka

AJANITUBHUM AJITOPUTM MAPIIPYTHU3AIIIl HA OCHOBI HABUAHHA 13
HNIAKPIIJIEHHAM J1JIA EHEPTOE®EKTUBHUX BE3/IPOTOBUX CEHCOPHHUX
MEPEX IHTEPHETY PEYEW

Y cTatri nporoHYETHCS ananTUBHUY anropUTM MapLupyTuauii 4ns MiABULYEHHS E€HEProepeKTUBHOCTI 6€34p0oToBuX
CEHCOPHUX MEPEX Y CEPEnoBULLYaX THTEPHETY peyes. 3arporioHoOBaHui rigxig 6a3yeTbcad Ha HaBYaHHI 3 IMAKPIIEHHIM | 403BO/ISE
CEHCOPHUM BY3/1aM AMHAMIYHO 3AanTyBaTH PILLUEHHS LOAO MapLupyTu3zallii BIAMNOBIAHO 4O MEPEXEBUX YMOB Ta 3a/MILLKOBOI eHeprii
By3/1a. AJIropuTM BUKOPUCTOBYE METOA Q-HABYAHHS [V18 BU3HAYEHHS ONMTUMAJIbHUX LUISXIB MNEPEAaYl Ta MIHIMIZaLli 3ara/ibHoro
CIIOXUNBAHHS EHEPIII MEPEXErO.

[lpoBegeHo aHasi3 iCHyroYMX MPOTOKO/IB EHEProe@EKTUBHOI MapLupy Tv3aLlii, 30kpema LEACH T1a PEGASIS, Ta BusBieHo ix
OBMEXEHHS B ANHAMIYHUX CEPEAOBULLAX 3 HECTABIIbHOK TOMO/OIEID Ta 3MIHHUMY PIBHSMY 3apaay BY3/1iB. Po3po6rieHni anroputm
VYCYBAE LI OBMEXEHHS 3aBASKN GAANTUBHOMY MEXAHI3MY TNPUVHATTS PIlEHb Ha OCHOBI QyHKUI BUHAropoay, SKka BpPaxoByeE K
EHEPIOCIIOXUBAHHS, TaK [ HagiHICTL KaHasy 3B'S3Ky. CEeHCODHI BY3/M BUCTYNAIOTL areHTamMu HaBYaHHS, L0 B3aEMOJIOTL I3
MEPEXXEBUM CEPEAOBULUEM [ [TOCTYMOBO GPOPMYIOTH ONMTUMATbHY CTPATErIO MapLUpy TU3aLii 6e3 LeHTPa/1i30BaHoro yrpas/iiHHS.

MoZgestoBasibHIi EKCNEPUMEHTY POBOANIINCS 3 BUKOPUCTaHHIM CEPEAOBMLLA MOAEMOBAHHS MEpexXI NS-3 a1 mepexi 3 100
BYy3/1aMy Ta 1104aTKOBUM PIBHEM eHeprii 2 L. OTpuMAaHi pe3y/ibTaTv JEMOHCTDYIOTb, LUYO 3aIIPOITOHOBaHMA ITiAXIA 3MEHLLYE 33ra/lbHE
EHEPIOCIIOXUBAHHS MEPEXI MPUO/IM3HO Ha 25%, 36ITbLIYE TEPMIH CITYXOM MEPEXI NMPHOIU3HO Ha 30% Ta MOKpaLye HaaMiHICTb
nepegadi JaHux LISIXOM 3HUKEHHS BTPAT NMaKeTiB [ 3aTpMMOK repeaadi npnbnsHo Ha 15% MOpIBHSHO 3 KIIaCuYHUMY [1POTOKOIaMM
mapLupytrzadii LEACH 1a PEGASIS.

Pe3ysibTatv rigTBEDLAKYIOTE EQPEKTUBHICTE METOLIB HABYAHHS 3 [MGKDIN/IEHHIM /189 aAanTvBHOI maplupytuzauyii 8
AnHamidHnx  cepegosuiyax IHTEpHETy peyed. 3arporioHoBaHmyi METoq Moxe 6yTu 3aCTOCOBaHMM Yy CUCTEMAax €KOJIOrYHOro
MOHITOPUHTY, PO3YMHIY iHBPAaCTPYKTypi, MPOMUCIIOBIV aBTOMATU3aUIT Ta Clflb CbKOrOCIIOAaPChKUX MEPEXKAX.

Kmo4oBi crioBa.: ITHTEPHET peyqer, 6e34pOTOBI CEHCOPHI MEPEX], HABYAaHHS 3 IMAKDINIEHHIM, Q-HaBYaHHS, aaropuTM
mapLupyT1zalii, eHeproe@eKTUBHICTbL
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PROBLEM STATEMENT IN GENERAL TERMS
AND ITS CONNECTION WITH IMPORTANT SCIENTIFIC OR PRACTICAL TASKS

The Internet of Things (IoT) has become a key enabling technology for many application domains, including
smart cities, healthcare systems, industrial automation, and environmental monitoring. Due to the rapid development
of sensor technologies, communication protocols, and distributed computing infrastructures, IoT systems provide new
opportunities for automation, efficient resource management, and improvement of quality of life. However, wireless
sensor networks, which constitute the technological foundation of IoT environments, operate under strict energy
constraints caused by the limited power capacity of sensor nodes [1-3].

One of the critical challenges in the deployment of large-scale IoT networks is efficient energy management
in order to extend the operational lifetime of the network. Traditional routing protocols such as LEACH and PEGASIS
are based on static or semi-static communication structures that do not always consider dynamic changes in network
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topology or variations in node energy levels [2]. In practical scenarios, sensor nodes may fail, deplete their energy
resources, or change their communication conditions, which complicates the maintenance of optimal routing paths [4-
6].

Recent research indicates that machine learning techniques, particularly reinforcement learning (RL), can
significantly improve routing adaptation in dynamic network environments [4, 6-8]. Reinforcement learning allows
network nodes to autonomously make routing decisions based on local information about the network state and
historical transmission data [10-11]. In particular, the Q-learning algorithm enables nodes to learn optimal routing
strategies by maximizing cumulative rewards, thereby reducing energy consumption and improving communication
efficiency [4, 10].

In this work, an adaptive routing algorithm based on reinforcement learning is proposed for IoT wireless
sensor networks. The main objectives of the research are as follows:

- analysis of existing energy-efficient routing approaches in loT networks;

- development of an adaptive routing algorithm based on the Q-learning method;

- simulation of the proposed algorithm in the NS-3 network simulation environment;

- evaluation of the effectiveness of the proposed method in comparison with classical routing
protocols such as LEACH and PEGASIS.

The obtained results can be applied to optimize the operation of IoT systems in various domains, including
environmental monitoring, smart buildings, logistics systems, and agricultural monitoring networks. The proposed
method demonstrates the potential of reinforcement learning techniques for improving the autonomy and energy
efficiency of IoT networks.

ANALYSIS OF RESEARCH AND PUBLICATIONS

Energy efficiency is one of the key challenges in the design and operation of wireless sensor networks used
in Internet of Things environments. Since sensor nodes usually operate on limited battery resources, efficient routing
strategies play a crucial role in extending the operational lifetime of the network.

A large number of routing protocols have been proposed to address the problem of energy consumption in
wireless sensor networks. Among the most widely used approaches are hierarchical routing protocols such as LEACH
(Low-Energy Adaptive Clustering Hierarchy) and PEGASIS (Power-Efficient Gathering in Sensor Information
Systems). These protocols aim to reduce communication overhead by organizing sensor nodes into clusters or chains,
thereby minimizing the number of direct transmissions to the base station [1,2].

The LEACH protocol uses a cluster-based architecture in which cluster heads are periodically selected to
aggregate and forward data from member nodes to the base station. This approach reduces communication costs and
balances energy consumption among nodes. However, the random selection of cluster heads may lead to uneven
energy distribution and reduced efficiency in dynamic network environments.

The PEGASIS protocol improves the LEACH approach by organizing nodes into a communication chain
where each node communicates only with its nearest neighbor. Data is gradually aggregated along the chain and
transmitted to the base station by a designated leader node. Although PEGASIS can reduce communication energy
costs, it still relies on relatively static routing structures and does not fully adapt to changes in network topology or
node energy levels.

In recent years, researchers have increasingly explored the use of machine learning techniques to improve
routing efficiency in wireless sensor networks. In particular, reinforcement learning has attracted significant attention
due to its ability to support adaptive decision-making in dynamic environments.

Reinforcement learning-based routing methods allow sensor nodes to learn optimal communication strategies
through interaction with the network environment. Instead of relying on predefined routing rules, nodes continuously
update their routing policies based on observed rewards and network feedback. Such approaches enable better
adaptation to topology changes, node failures, and variations in energy availability [3].

Despite the promising results reported in recent studies, many reinforcement learning-based routing methods
focus primarily on optimizing routing paths without explicitly considering the residual energy of sensor nodes or the
long-term balance of network energy consumption.

Therefore, there remains a need for adaptive routing algorithms that simultaneously consider communication
efficiency and energy balancing in wireless sensor networks.

In this context, the development of an energy-aware routing approach based on reinforcement learning
represents an important research direction for improving the performance and sustainability of IoT networks.

REINFORCEMENT LEARNING FOR ADAPTIVE ROUTING IN IoT NETWORKS
Reinforcement Learning is a machine learning paradigm based on the concept of learning through interaction
with an environment. In this approach, an intelligent agent learns to make decisions by performing actions and
receiving feedback in the form of rewards or penalties. The objective of the agent is to maximize the cumulative
reward obtained over time, which leads to the formation of an optimal decision-making strategy.
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In wireless sensor networks, reinforcement learning can be applied to routing optimization by allowing sensor
nodes to adaptively select communication paths according to current network conditions. Instead of relying on
predefined routing rules, nodes continuously adjust their behavior based on feedback from the network environment.
This adaptive mechanism makes reinforcement learning particularly suitable for dynamic IoT systems where network
topology, communication conditions, and energy availability may change over time.

The reinforcement learning framework includes several fundamental components:

- Agent — a sensor node participating in the routing process.

- Environment — the wireless sensor network topology and communication conditions.

- State — parameters describing the current network condition, such as residual energy of nodes,
communication delays, or link quality.

- Action — the selection of the next node for data forwarding.

- Reward function — a quantitative measure that evaluates the effectiveness of a routing decision based
on factors such as energy consumption and communication reliability.

During the learning process, the agent observes the current state of the network and selects an action
according to its routing policy. After performing the action, the environment provides a reward that reflects the quality
of the chosen decision. Based on this feedback, the agent updates its policy in order to increase the probability of
selecting more effective actions in the future.

Through repeated interactions with the environment, the agent gradually learns routing strategies that
minimize energy consumption while maintaining reliable data transmission. As a result, reinforcement learning
enables decentralized and adaptive routing decisions in wireless sensor networks.

The use of reinforcement learning methods in IoT environments provides several important advantages. First,
it allows routing strategies to adapt dynamically to changes in network topology and node energy levels. Second, it
reduces the need for centralized control and predefined routing rules. Finally, reinforcement learning enables more
efficient utilization of network resources by balancing the communication load among sensor nodes.

These properties make reinforcement learning a promising approach for improving the energy efficiency and
adaptability of wireless sensor networks in Internet of Things applications.

Exploration-exploitation strategy in reinforcement learning

One of the fundamental challenges in reinforcement learning is the exploration—exploitation trade-off. The
agent must decide whether to exploit previously learned knowledge by selecting the action with the highest expected
reward or to explore alternative actions that may potentially lead to better outcomes.

In the context of wireless sensor network routing, exploitation corresponds to selecting the routing path that
has previously demonstrated the highest efficiency in terms of energy consumption and communication reliability.
Exploration, on the other hand, involves testing alternative routing paths that may provide improved performance
under changing network conditions.

Balancing these two strategies is essential for achieving optimal routing performance. Excessive exploitation
may cause the algorithm to converge prematurely to a suboptimal routing policy, while excessive exploration may
increase communication overhead and energy consumption.

A commonly used approach for managing this trade-off is the e-greedy strategy. In this method, the agent
selects the action with the highest Q-value with probability 1 — &, while with probability ¢ it selects a random action
in order to explore alternative possibilities.

This strategy allows the routing algorithm to gradually shift from exploration to exploitation as the learning
process progresses. In wireless sensor networks, such an approach enables nodes to discover efficient routing paths
while adapting to changes in network topology and energy distribution.

Q-LEARNING-BASED ROUTING ALGORITHM

In this study, the Q-learning algorithm is applied to optimize routing decisions in IoT wireless sensor
networks. Q-learning is a model-free reinforcement learning method that enables an agent to learn optimal actions
through interaction with the environment without requiring a prior model of the system.

The algorithm is based on estimating a Q-function, which represents the expected cumulative reward
obtained by performing a specific action in a given state. These values are stored in a structure known as a Q-table,
where each element Q (s, a) indicates the expected utility of performing action a in state s.

During the learning process, the agent continuously updates Q-values based on feedback from the
environment. The update rule for the Q-function is defined as:

Q(s,a) < Q(s,a) + a[r + ymax,,(s’,a") — Q(s,a)], €))
where:

Q (s, a) — current value of the Q-function for state s and action a;

a — learning rate coefficient;

r —reward obtained after performing action;

y — discount factor determining the importance of future rewards;

maxa:Q(s’,a’) — next state of the system.
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The Q-learning algorithm gradually updates Q-values during repeated interactions between the agent and the
network environment. As the number of iterations increases, the routing strategy converges toward an optimal policy
that maximizes the cumulative reward.

In the context of IoT wireless sensor networks, the reward function is designed to consider both energy
consumption and communication performance. This allows the routing process to balance network load and prevent
excessive energy depletion of individual sensor nodes.

The operation of the proposed routing system consists of several main stages:

1) Network initialization. Sensor nodes are deployed within the network area, and initial energy levels
are assigned to each node.

2) Agent learning. Sensor nodes act as agents and learn optimal routing strategies using the Q-learning
algorithm.

3) Route evaluation. After each data transmission, the Q-function is updated according to the obtained
reward and the observed network state.

4) Route adaptation. Routing paths are dynamically adjusted in response to changes in network

topology and energy levels of nodes.

Through repeated iterations, the algorithm gradually improves routing decisions and enables sensor nodes to
select energy-efficient communication paths. This adaptive routing strategy contributes to extending network lifetime
and improving the reliability of data transmission in loT environments.

Reward function design

An important component of reinforcement learning-based routing is the design of the reward function, which
determines how the agent evaluates the effectiveness of its actions. The reward function guides the learning process
by encouraging actions that improve network performance and penalizing inefficient routing decisions.

In wireless sensor networks, the reward function should reflect several key factors influencing the efficiency
of network operation. In the proposed routing algorithm, the reward is determined based on two primary parameters:
energy consumption of sensor nodes and communication quality.

When a node selects the next hop for data transmission, the reward value is calculated according to the
residual energy of the selected node and the quality of the communication link. Routing decisions that lead to lower
energy consumption and stable communication links receive higher reward values. Conversely, actions that result in
excessive energy usage or unreliable communication are penalized.

This approach allows the routing algorithm to distribute network traffic more evenly among sensor nodes
and prevent the rapid depletion of individual nodes. As a result, the overall energy balance of the network is improved,
which contributes to extending the operational lifetime of the wireless sensor network.

The use of an energy-aware reward function also enables the algorithm to adapt to changes in network
conditions. When nodes experience different energy levels or communication conditions change, the reinforcement
learning process automatically adjusts routing decisions in order to maintain efficient network operation.

SIMULATION AND EXPERIMENTAL RESULTS

To evaluate the effectiveness of the proposed routing algorithm, a series of simulation experiments were
conducted using the NS-3 network simulation environment. NS-3 is a widely used discrete-event network simulator
that allows researchers to model complex communication systems and analyze the behavior of wireless sensor
networks under different operating conditions. The use of this simulator makes it possible to evaluate the performance
of routing algorithms before their implementation in real loT infrastructures.

The simulated system represents a wireless sensor network deployed for a typical Internet of Things
monitoring scenario. Sensor nodes are randomly distributed within the network area and communicate with a base
station using multi-hop communication. Each node periodically transmits sensed data to the base station, and routing
decisions are determined by the selected routing algorithm.

The main simulation parameters used in the experiments are summarized below:

* number of sensor nodes — 100;

» communication radius — 50 m;

« initial energy of each node — 2 J;

* routing protocols used for comparison — LEACH and PEGASIS.

The performance of the proposed Q-learning-based routing algorithm was evaluated using several key
performance indicators. These indicators include total energy consumption of the network, network lifetime, and
communication reliability measured through packet loss and transmission delays.

The overall comparative performance of the considered routing approaches is presented in Figure 1. This
figure shows the relative performance indicators of the classical routing protocols LEACH and PEGASIS in
comparison with the proposed Q-learning-based routing algorithm.

International Scientific-technical journal
«Measuring and computing devices in technological processes» 2026, Issue 2
318



Mixcnapoonuit HayKo80-mexHiuHuil HCypHa
«BumiprosanbHa ma o64ucitoeasnibHa mexHika 6 mexHo102i4YHuUX rnpoyecax»
ISSN 2219-9365

100 4 BN LEACH
m PEGASIS

B Q-learning

80

60

40

Relative Performance (%)

20 A

o

Energy Consumption Network Lifetime Packet Loss

Fig. 1. Comparison of simulation results for LEACH, PEGASIS, and Q-learning-based routing algorithm

As shown in Figure 1, the proposed routing approach demonstrates improved performance across several key
metrics. In particular, the Q-learning-based routing algorithm provides lower energy consumption compared with the
classical routing methods. This improvement is achieved due to the adaptive routing strategy, which allows sensor
nodes to dynamically select communication paths according to the current network conditions and the residual energy
of neighboring nodes.

Another important indicator of wireless sensor network performance is the network lifetime, which is defined
as the time during which a significant portion of the sensor nodes remain operational. The dynamics of active sensor
nodes during the simulation process are illustrated in Figure 2.

As can be observed in Figure 2, the Q-learning-based routing algorithm maintains a higher number of active
nodes throughout the simulation period compared with the LEACH and PEGASIS protocols. This behavior indicates
that the proposed algorithm distributes communication load more evenly across the network, preventing excessive
energy depletion of individual nodes.

As a result, the operational lifetime of the wireless sensor network increases significantly. The simulation
results indicate that the proposed routing method extends the network lifetime by approximately 30% compared with
traditional routing protocols.

In addition to improving network lifetime, the proposed routing algorithm also enhances the reliability of
data transmission. The reinforcement learning mechanism allows nodes to adapt their routing decisions based on
network feedback, which reduces the probability of selecting unstable communication links.
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Fig. 2. Network lifetime comparison for LEACH, PEGASIS and Q-learning-based routing algorithm
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The experimental results demonstrate that the total energy consumption of the network is reduced by
approximately 25% compared with the LEACH protocol. Furthermore, packet loss and transmission delays are
reduced by approximately 15%, which contributes to improved overall communication quality.

The obtained results confirm that the proposed Q-learning-based routing approach significantly improves the
efficiency of wireless sensor networks operating in Internet of Things environments. By dynamically adapting routing
decisions according to network conditions and energy distribution among nodes, the proposed method enables more
balanced resource utilization and increases the stability of data transmission.

Overall, the simulation experiments demonstrate that reinforcement learning techniques provide an effective
mechanism for improving the performance of IoT wireless sensor networks. The proposed routing algorithm shows
clear advantages over classical routing protocols and can be considered a promising approach for energy-efficient and
adaptive communication in large-scale IoT systems.

CONCLUSIONS FROM THIS STUDY
AND PROSPECTS FOR FURTHER RESEARCH IN THIS DIRECTION

This paper presents an adaptive routing approach for improving the energy efficiency of wireless sensor
networks in Internet of Things environments. The proposed method is based on reinforcement learning and utilizes
the Q-learning algorithm to dynamically select routing paths according to the current network state and the residual
energy of sensor nodes. The study includes an analysis of existing energy-efficient routing protocols used in wireless
sensor networks, such as LEACH and PEGASIS. The limitations of these approaches in dynamic network
environments motivated the development of an adaptive routing strategy capable of responding to changes in network
topology and energy distribution.

The proposed Q-learning-based routing algorithm allows sensor nodes to learn optimal routing decisions
through interaction with the network environment. The reward function takes into account both energy consumption
and communication reliability, which enables balanced resource utilization and prevents premature energy depletion
of individual nodes. Simulation experiments were conducted using the NS-3 network simulator in order to evaluate
the effectiveness of the proposed method. The obtained results demonstrate that the Q-learning-based routing
algorithm significantly improves the performance of wireless sensor networks compared with traditional routing
protocols.

In particular, the experimental results show that the proposed approach reduces overall network energy
consumption by approximately 25%, increases network lifetime by approximately 30%, and improves communication
reliability by reducing packet loss and transmission delays by approximately 15%. The obtained results confirm that
reinforcement learning techniques represent a promising direction for improving the efficiency and adaptability of
IoT wireless sensor networks. The proposed method can be applied in various IoT applications, including
environmental monitoring, smart infrastructure, industrial automation, and agricultural systems.

Future research may focus on the application of deep reinforcement learning methods, such as Deep Q-
Networks, as well as integration of the proposed routing approach with emerging communication technologies
including 5G networks and edge computing architectures.
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