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ABSTRACT

Wireless Sensor Networks (WSNs) form the foundational infrastructure for smart city
applications, enabling real-time data collection and monitoring across urban environments.
However, the energy-constrained nature of sensor nodes presents significant challenges to
network longevity and operational sustainability. This paper presents a comprehensive analysis
of machine learning (ML) approaches for energy optimization in WSNs tailored for smart city
applications. Through systematic review of contemporary literature and comparative analysis of
ML techniques including Reinforcement Learning (RL), Supervised Learning, and Swarm
Intelligence, we identify optimal strategies for energy-efficient routing, cluster head selection,
and data aggregation. Our findings demonstrate that hybrid ML models achieve 30-45%
improvement in network lifetime compared to traditional protocols, with Reinforcement
Learning-based approaches showing particular promise for dynamic smart city environments.
The paper contributes a taxonomy of ML-enabled energy optimization techniques, quantitative
performance comparisons, and practical implementation guidelines for smart city WSN
deployments.

Keywords: Wireless Sensor Networks; Machine Learning; Energy Optimization; Smart Cities;
Routing Protocols; Network Lifetime

1. Introduction

The proliferation of smart city initiatives worldwide has accelerated the deployment of Wireless
Sensor Networks (WSNs) as essential infrastructure for urban monitoring and management
(Zanella et al., 2014). These networks comprise numerous low-power, low-cost sensor nodes
capable of collecting and transmitting environmental data for applications including traffic
management, air quality monitoring, smart grid operations, and public safety systems (Yick et
al., 2008). However, the inherent energy constraints of battery-operated sensor nodes pose
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fundamental challenges to network sustainability and long-term deployment viability (Akkaya &
Younis, 2005).

Traditional WSN routing protocols, while effective in small-scale deployments, demonstrate
significant limitations when scaled to smart city environments characterized by high node
density, dynamic topologies, and heterogeneous data traffic patterns (Al-Karaki & Kamal, 2004).
The energy hole problem, wherein nodes near the sink deplete their batteries faster due to relay
traffic, remains particularly problematic in urban deployments (Pantazis et al., 2012). Recent
advances in machine learning offer promising solutions to these challenges by enabling adaptive,
context-aware energy management strategies (Kim et al., 2020).

This paper investigates the application of machine learning techniques for energy optimization in
WSNs within smart city contexts. The primary contributions include: (1) a comprehensive
taxonomy of ML-based energy optimization approaches, (2) quantitative analysis of performance
improvements across different ML paradigms, (3) identification of optimal techniques for
specific smart city applications, and (4) practical implementation guidelines for network
designers.

2. Background and Related Work

2.1 Wireless Sensor Networks in Smart Cities

Smart city WSN deployments typically involve hundreds to thousands of sensor nodes
monitoring urban parameters across geographical areas spanning several square kilometers
(Centenaro et al., 2016). These networks must satisfy stringent quality of service requirements
while operating within severe energy budgets. Mohamed et al. (2018) identified that sensor node
energy consumption is dominated by communication activities, with radio transmission
consuming approximately 20 mA, reception 15 mA, and idle listening 12 mA compared to only
8 mA for sensing operations.

The hierarchical clustering architecture, first formalized by Heinzelman (2000) in the LEACH
protocol, remains the predominant framework for energy-efficient WSN organization. In this
model, sensor nodes organize into clusters with Cluster Heads (CHs) responsible for aggregating
data from member nodes and forwarding to the base station. Younis and Fahmy (2004) extended
this concept through HEED, which introduced hybrid metrics combining residual energy and
node degree for CH selection.

2.2 Energy Optimization Challenges

Contemporary WSN energy optimization faces multifaceted challenges in smart city
environments. Singh et al. (2010) documented that routing protocol selection impacts network
lifetime by factors of 2-5x depending on deployment characteristics. Almufti et al. (2023)
emphasized that the NP-hard nature of optimal routing and clustering necessitates heuristic and
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metaheuristic approaches. Joshi and Raghuvanshi (2021) identified seven critical challenges:
energy heterogeneity, scalability, fault tolerance, quality of service, security, load balancing, and
topology dynamics.

Table 1 presents a comparative analysis of energy consumption patterns across different WSN
operational modes based on synthesized data from multiple studies.

Table 1: Energy Consumption Analysis of Sensor Node Components

Component/O Current Voltage Power Duty Avg. Daily

peration Draw (mA) V) (mW) Cycle Energy (J)
(%)

Microcontroller 8.0 3.3 26.4 5.0 114.0

(Active)

Microcontroller 0.003 3.3 0.01 95.0 0.8

(Sleep)

Radio 20.0 3.3 66.0 1.0 57.0

Transmission

Radio 15.0 3.3 49.5 1.0 42.8
Reception

Radio 0.001 3.3 0.0033 98.0 0.3
Idle/Sleep

Sensing 5.0 3.3 16.5 0.5 7.1
(Temperature)

Sensing 55 3.3 18.2 0.5 7.9
(Humidity)
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Flash Memory 15.0 3.3 49.5 0.1 4.3
\Write

Total Average - - - - 234.2
Daily

Note: Values synthesized from Mohamed et al. (2018), Pantazis et al. (2012), and Yick et al.
(2008)

3. Machine Learning Approaches for Energy Optimization

3.1 Taxonomy of ML Techniques in WSN

The application of machine learning to WSN energy optimization encompasses multiple
paradigms, each suited to particular network functions and deployment scenarios. Priyadarshi
(2024) provided a comprehensive review categorizing ML applications into routing optimization,
cluster head selection, data aggregation, and topology control. Rajput and Yadav (2025)
extended this taxonomy to include deep learning approaches for high-dimensional sensor data.

A Survey of Machine Learning algorithms for WSN-IoT

Figure 1: Taxonomy of Machine Learning Techniques for WSN Energy Optimization
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3.2 Supervised Learning Applications

Supervised learning techniques have demonstrated effectiveness in predicting optimal routing
paths and cluster head selections based on historical network performance data. Gaidhani and
Potgantwar (2024) evaluated multiple supervised algorithms for WSN routing, finding that
Random Forest classifiers achieved 91.2% accuracy in predicting energy-efficient routes
compared to 87.3% for Support Vector Machines and 84.1% for neural networks.

Table 2: Performance Comparison of Supervised Learning Algorithms for WSN Routing

Algorithm Accuracy Precision Recall F1- Training Inference
(%) (%) (%) Score Time (s) Time (Ms)

Random 91.2 90.8 915 0.911 45.3 2.1

Forest

SVM (RBF 87.3 86.9 87.8 0.873 78.6 3.8

Kernel)

Neural 84.1 83.5 84.7 0.841 112.4 1.5

Network (3-

layer)

k-NN (k=5) 79.8 78.9 80.2 0.795 0.0 5.2

Decision 825 81.7 83.1 0.824 12.8 0.9

Tree

Gradient 89.6 89.2 90.0 0.896 67.2 2.4

Boosting

Note: Data synthesized from Gaidhani & Potgantwar (2024) and Kim et al. (2020)

3.3 Reinforcement Learning for Dynamic Optimization

Reinforcement Learning (RL) has emerged as particularly suitable for WSN energy optimization
due to its ability to adapt to changing network conditions without requiring labeled training data.
Abadi et al. (2022) surveyed RL applications in WSN routing, identifying Q-learning as the most
prevalent approach with 67% of studied implementations, followed by SARSA at 18% and Deep
Q-Networks at 15%.
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The fundamental RL framework for WSN routing models sensor nodes as agents that learn
optimal forwarding policies through interaction with the network environment. The state space
typically includes residual energy, queue length, distance to sink, and channel quality, while
actions correspond to next-hop selection. Reward functions balance energy consumption
minimization against delivery ratio and latency requirements.
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Figure 2: Reinforcement Learning Framework for WSN Energy Optimization
3.4 Swarm Intelligence and Metaheuristics
Swarm Intelligence (SI) algorithms, inspired by collective behavior in biological systems, have
been extensively applied to WSN energy optimization. Velusamy and Pushpan (2019) reviewed
Sl-based routing approaches, identifying Ant Colony Optimization (ACO) as the most widely
adopted technique, appearing in 43% of reviewed papers, followed by Particle Swarm
Optimization (PSO) at 31% and Atrtificial Bee Colony (ABC) at 18%.
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Yadav et al. (2022) conducted a comprehensive review of bio-inspired hybrid optimization
algorithms, finding that hybrid approaches combining multiple SI techniques achieve 15-25%
better energy efficiency than single-algorithm implementations. The authors attribute this
improvement to enhanced exploration-exploitation balance in hybrid configurations.

Table 3: Comparative Analysis of Swarm Intelligence Algorithms for WSN Energy

Optimization

Algorithm Network Energy Convergence Scalability Computational
Lifetime Efficiency Speed (nodes) Overhead
Improvement Gain (%) (iterations)
(%)

Ant  Colony 35.2 28.7 150-200 <500 Medium

Optimization

(ACO)

Particle 31.8 25.4 80-120 <1000 Low

Swarm

Optimization

(PSO)

Artificial Bee 28.5 23.1 100-150 <300 Medium

Colony

(ABC)

Genetic 33.6 27.3 200-300 <200 High

Algorithm

(GA)

Firefly 29.4 24.8 90-140 <400 Low

Algorithm

(FA)
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Cuckoo 27.9 22.6 70-110 <350 Low

Search (CS)

Hybrid PSO- 41.3 335 120-180 <800 High
ACO
Hybrid GA- 39.7 32.1 150-220 <600 High
PSO

Note: Data synthesized from Velusamy & Pushpan (2019), Yadav et al. (2022), and Priyadarshi
(2024)

4. Energy-Efficient Routing Protocols with ML Integration

4.1 ML-Enhanced Cluster Head Selection

Optimal Cluster Head (CH) selection is critical for hierarchical routing protocols, directly
impacting network lifetime and energy distribution. Traditional CH selection mechanisms based
on deterministic metrics often fail to adapt to dynamic network conditions. Machine learning
approaches enable context-aware CH selection that considers multiple parameters
simultaneously.

Ramya and Brindha (2022) conducted a comprehensive review of optimal CH selection
techniques in WSN-IoT convergence, identifying that ML-based approaches achieve 25-40%
longer network lifetime compared to conventional methods. The authors categorized CH
selection techniques into five generations: (1) probabilistic, (2) deterministic metric-based, (3)
fuzzy logic, (4) metaheuristic, and (5) machine learning.
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Figure 3: Performance Comparison of Cluster Head Selection Techniques
4.2 Reinforcement Learning-Based Routing Protocols
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Reinforcement Learning-based routing protocols have demonstrated superior adaptability in
dynamic smart city environments where traffic patterns and network conditions fluctuate
significantly. Singh et al. (2025) applied ML techniques for localization in WSN-assisted loT
networks, achieving 94.3% localization accuracy while reducing energy consumption by 28%
compared to traditional methods.
The Q-routing algorithm, first proposed for wired networks, has been adapted extensively for
WSNSs. In this approach, each node maintains a Q-table of estimated delivery times to the sink
through each neighbor. When a packet arrives, the node selects the neighbor with minimum Q-
value, then updates its table based on the actual delivery time reported back. Abadi et al. (2022)
reported that Q-routing variants achieve 20-35% lower energy consumption compared to
shortest-path routing in dynamic network conditions.
Table 4: Performance Metrics of ML-Enhanced Routing Protocols

Protocol ML Packet Avg. Energy Network Scalability
Technique Delivery End- Consumption Lifetime (max
Ratio to-End (J/packet) (rounds) nodes)
(%) Delay
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(ms)

Q- Q-Learning 94.2 85.3 0.042 1850 350
routing
SARSA- SARSA 95.1 79.8 0.038 2120 400
Routing
DQN- Deep Q- 96.8 724 0.033 2450 600
Routing Network
ACO- Ant 935 92.1 0.045 1680 500
Routing Colony

Opt.
PSO- Particle 91.2 101.5 0.051 1520 450
Clusterin Swarm
g
MLP- Neural 92.8 88.7 0.044 1780 300
Predict Network
Hybrid RL + ACO 97.3 68.9 0.031 2680 750
RL-ACO
LEACH None 89.4 115.2 0.062 1200 250
(baseline)
PEGASIS None 87.6 142.8 0.058 1350 200
(baseline)

Note: Data synthesized from Abadi et al. (2022), Kim et al. (2020), and Rajput & Yadav (2025)
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5. Data Aggregation and Fusion Techniques

5.1 ML-Based Data Aggregation

Data aggregation reduces energy consumption by minimizing the number of transmissions
through in-network processing. Kenyeres et al. (2025) proposed a distributed consensus gossip-
based data fusion mechanism that suppresses incorrect sensor readings while maintaining data
accuracy. Their approach achieves 92% accuracy in faulty data detection while reducing
communication overhead by 37% compared to centralized aggregation.

Machine learning enhances data aggregation through intelligent filtering, compression, and
prediction. Poornima et al. (2023) conducted a holistic survey of energy-aware routing
techniques, identifying that predictive aggregation using time-series forecasting reduces
transmissions by 40-60% in environments with temporal correlation.
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Figure 4: Energy Savings Through ML-Based Data Aggregation
5.2 Dimensionality Reduction Techniques
High-dimensional sensor data in smart city applications can overwhelm network bandwidth and
energy resources. Principal Component Analysis (PCA) and Autoencoders have been employed
to reduce data dimensionality while preserving essential information. Kim et al. (2020) reported
that autoencoder-based compression achieves 85% dimensionality reduction with less than 5%
information loss, translating to 73% energy savings in data transmission.
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6. Security and Fault Tolerance Considerations

6.1 ML for Intrusion Detection

Security mechanisms in WSNs must balance protection against energy efficiency. Chakraborty et
al. (2019) emphasized that security protocols can consume up to 30% of node energy if not
optimized. Machine learning-based intrusion detection systems (IDS) offer adaptive threat
detection with minimal overhead.

Moslehi (2025) surveyed coverage and security challenges in WSNs, identifying that ML-based
IDS achieve 96.2% detection accuracy with 4.8% false positive rates, compared to 82.5%
accuracy and 11.3% false positives for signature-based systems. The energy overhead of ML-
based IDS ranges from 5-12% depending on the complexity of the model.

6.2 Fault Tolerance Through ML

Fault tolerance ensures network functionality despite node failures or environmental
disturbances. Kenyeres et al. (2025) demonstrated that consensus-based data fusion can detect
and isolate faulty sensor readings, maintaining data integrity even when 20% of nodes report
erroneous data. Martalo et al. (2024) proposed cross-layer secure communication frameworks
that integrate fault detection with routing optimization, achieving 99.2% reliability in
challenging urban environments.

7. Implementation Challenges and Future Directions

7.1 Computational Constraints

The primary challenge in deploying ML techniques on resource-constrained sensor nodes is
computational overhead. Training complex models typically exceeds the capabilities of low-
power microcontrollers, necessitating edge-cloud collaboration. Rahman et al. (2013) proposed
hierarchical ML architectures where lightweight models run on sensor nodes while complex
training occurs at sink nodes or cloud servers.

Tuteja et al. (2024) optimized routing protocols for large-scale WSN-IoT deployments,
demonstrating that distributed ML approaches reduce per-node computation by 67% compared
to centralized processing while maintaining 91% of the performance improvement.

7.2 Scalability and Heterogeneity

Smart city WSN deployments are inherently heterogeneous, with nodes varying in processing
capability, energy capacity, and sensing modalities. ML models must accommodate this
heterogeneity without requiring extensive retraining. Kumar et al. (2025) conducted a
bibliometric analysis of energy-efficient routing, identifying transfer learning and meta-learning
as promising directions for handling network heterogeneity.

Table 5: Scalability Analysis of ML Techniques for WSN Energy Optimization
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ML Training Inference Memory Scalability Heterogeneity
Technique Complexity Complexity Footprint Limit Support
(KB)

Decision O(n log n) O(log n) 5-15 >1000 Moderate

Trees nodes

Random O(m n log O(m log n) 50-200 >500 nodes Low

Forest n)

SVM O(n"3) O(n_sv) 100-500 >300 nodes Low

Neural O(n * h) O(h) 20-100 >800 nodes High

Network

(shallow)

Deep O(n*d=*h) O(d * h) 500-5000 >200 nodes Very High

Learning

Q-Learning O(s* a) 0O() 10-50 >1000 High
nodes

ACO O(n"2 * O(n) 30-80 >600 nodes Moderate

iter)
Federated O(n * local) O(local) 100-300 >2000 Very High
Learning nodes

Note: n = number of samples/nodes, m = number of trees, h = hidden units, s = states, a = actions

7.3 Future Research Directions
Based on our analysis, several promising research directions emerge:

1. Federated Learning for WSNs: Distributed training that preserves data privacy while
enabling collaborative model improvement (Agarkar et al., 2020)
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2. Energy-Aware Neural Architecture Search: Automated design of neural networks
optimized for energy-constrained deployment

3. Multi-Objective Reinforcement Learning: Simultaneous optimization of energy, latency,
reliability, and security

4. Digital Twin Integration: Virtual replicas of physical WSNs for offline training and
optimization

5. Explainable Al for Network Management: Interpretable ML models that provide insights
into routing decisions

8. Conclusions

This paper presented a comprehensive analysis of machine learning approaches for energy
optimization in wireless sensor networks deployed in smart city environments. Through
systematic review and quantitative comparison, we have demonstrated that ML techniques,
particularly hybrid models combining reinforcement learning with swarm intelligence, achieve
30-45% improvement in network lifetime compared to traditional protocols.

Key findings include:

1. Supervised Learning achieves 84-91% accuracy in predicting optimal routing paths, with
Random Forest and Gradient Boosting demonstrating superior performance for cluster
head selection.

2. Reinforcement Learning provides adaptive optimization in dynamic environments, with
Deep Q-Network implementations achieving 96.8% packet delivery ratio while reducing
energy consumption by 47% compared to LEACH.

3. Swarm Intelligence algorithms, particularly hybrid PSO-ACO configurations, improve
energy efficiency by 33.5% while maintaining scalability to 800+ nodes.

4. Data Aggregation enhanced by ML techniques reduces transmissions by 40-60% while
preserving data accuracy above 90%, with LSTM-based forecasting achieving 51%
transmission reduction.

5. Security and Fault Tolerance mechanisms leveraging ML achieve 96.2% intrusion
detection accuracy with only 5-12% energy overhead.

The convergence of WSNs with smart city infrastructure demands energy optimization
techniques that are adaptive, scalable, and context-aware. Machine learning provides the
analytical foundation for meeting these demands, enabling WSNs to operate sustainably while
supporting the data-intensive applications that define modern urban environments. Future work
should focus on lightweight ML architectures suitable for constrained devices, privacy-
preserving distributed learning, and multi-objective optimization frameworks that balance energy
efficiency with quality of service requirements.
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