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Abstract 

Reliable and energy-efficient wireless sensor networks (WSNs) are essential for continuous 
monitoring in nuclear facilities, where harsh environmental conditions, limited baĴery resources, and 
strict safety requirements demand robust communication performance. This study presents a 
comparative evaluation of four energy-efficient routing protocols  - Low-Energy Adaptive Clustering 
Hierarchy (LEACH), Power-Efficient and Balanced Aggregation in Sensor Networks (PEBAIS), 
Threshold-sensitive Energy Efficient Network (TEEN), and Geographic Adaptive Fidelity (GAF) -for 
IoT-based monitoring applications in radioactive environments. Simulation experiments were 
conducted using 200 sensor nodes over ten communication rounds within a 5000 m² monitoring area. 
The network was initialized with a node energy of 0.5 J, a packet size of 4000 bits, and an energy 
consumption model of 50 × 10⁻⁹ J/bit. The protocols were assessed in terms of energy consumption, 
network lifetime, latency, throughput, signal-to-noise ratio (SNR), and bit error rate (BER). The 
results demonstrate distinct operational advantages among the evaluated protocols. LEACH 
provided efficient clustering and data aggregation but exhibited notable variations in latency and 
residual energy, which limited long-term stability. PEBAIS achieved the most balanced overall 
performance, maintaining low energy consumption, stable throughput, and zero BER, despite 
moderate SNR fluctuations. TEEN showed strong suitability for event-driven nuclear monitoring by 
reducing unnecessary transmissions and providing rapid response to critical changes, although its 
performance depended strongly on threshold configuration. GAF significantly extended network 
lifetime by deactivating redundant nodes, but its reliance on geographic scheduling introduced 
delays in time-sensitive applications. Overall, PEBAIS and GAF proved most effective for sustained 
monitoring, while TEEN was particularly suitable for urgent event detection scenarios. The findings 
highlight the importance of protocol selection in designing reliable IoT-enabled WSNs for nuclear 
facility monitoring and support the development of future hybrid routing frameworks that combine 
energy efficiency, responsiveness, and operational reliability in hazardous environments. 

Keywords: wireless sensor networks; power consumption optimization; radioactive environment 
monitoring; LPWAN; data aggregation; battery management; routing protocols 
 

1. Introduction 
Monitoring radioactive environments is essential to safeguard public health and mitigate the 

hazards of radiation exposure. Wireless Sensor Networks (WSNs) present a viable solution for real-
time, continuous monitoring of these high-risk areas [1–3]. These systems comprise spatially 
distributed sensor nodes that collaboratively gather and relay data to a central base station. However, 
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their performance is often limited by the finite baĴery power of sensor nodes, making it crucial to 
develop energy-efficient strategies to extend their operational lifespan. Clustering Algorithms and 
Energy Efficiency [4–6]. Clustering techniques have become a prominent approach to reducing 
energy consumption in WSNs. A prime example is the Low-Energy Adaptive Clustering Hierarchy 
(LEACH), which demonstrates the benefits of cluster-based communication by periodically rotating 
the role of cluster heads among nodes, thereby lowering energy overhead. Enhanced versions like 
the Energy Efficient Unequal Multilevel Clustering (EEUMC) further optimize energy usage by 
considering factors such as residual energy and distance to sink nodes, effectively reducing 
redundant transmissions and improving network longevity[7,8]. Advanced clustering techniques 
also incorporate game-theory-based methods, dynamically selecting cluster heads to balance energy 
consumption and ensure equitable load distribution. For instance, EDRP-GTDQN employs game 
theory integrated with deep reinforcement learning (DRL) to optimize cluster head selection based 
on energy levels and network topology[1,9,10]. These strategies enhance scalability and energy 
efficiency in large-scale WSN deployments. Routing protocols in WSNs face unique obstacles in 
radioactive seĴings, such as high interference, radiation, and restricted accessibility. Gradient-based 
routing protocols, including Directed Diffusion and Ubiquitous Mobile Gradient (UMG), address 
these challenges by optimizing data aggregation and minimizing redundant communication, which 
reduces energy expenditure [11,12]. Modern enhancements incorporate mobility detection and in-
network data processing, improving adaptability and efficiency. In extreme conditions, methods like 
acoustic communication and adaptive clustering are vital for reliable functionality. For example, the 
Energy-Efficient Routing Protocol based on Layers and Unequal Clusters (EERBLC) adjusts cluster 
sizes and routing paths dynamically to prevent energy imbalances and mitigate “hotspots.” Hybrid 
models combining clustering and multi-hop communication further enhance energy efficiency and 
system resilience [13,14]. Reinforcement Learning (RL) has revolutionized routing and energy 
optimization strategies in WSNs. RL-based protocols excel over traditional methods by dynamically 
learning optimal routing paths based on real-time environmental factors [15]. For example, Zhang et 
al. proposed an RL-driven multi-hop routing protocol that considers variables such as the number of 
hops, residual energy, and buffer size to optimize data transmission. Similarly, hierarchical routing 
protocols leveraging Q-learning, like FTIEE, prioritize relay node selection based on energy efficiency 
and distance, leading to significant energy savings[16–18]. Recent advancements integrate RL with 
deep learning technologies, such as Deep Q-Networks (DQN), to optimize routing in complex, large-
scale networks[1,19]. These systems employ neural networks to dynamically refine routing strategies, 
ensuring a balance between energy consumption and communication delays. Notably, EDRP-
GTDQN combines game theory with DQN to optimize cluster head selection and multi-hop routing, 
addressing challenges like high node density and frequent topology changes, thereby enhancing 
network performance and reliability. WSN deployment in nuclear facilities faces unique challenges, 
including radiation interference and the requirement for uninterrupted, resilient operation [20]. 
Innovations such as LoRa-based low-power communication protocols and adaptive energy-
harvesting mechanisms have been instrumental in meeting these demands. Specialized protocols 
designed for event detection and fault tolerance in radiation-intensive environments often use bio-
inspired algorithms and wake-up radio technologies to minimize idle energy consumption. These 
techniques not only boost the resilience of WSNs but also ensure consistent and reliable data 
transmission under extreme conditions, making them suitable for monitoring critical parameters in 
hazardous nuclear environments. Such advancements pave the way for safer and more efficient 
radiation monitoring systems, protecting both human and environmental health. WSN have emerged 
as versatile, scalable, and cost-effective solutions for controlled supervision across various 
infrastructures. Comprising small, low-power sensor nodes capable of processing and wirelessly 
transmiĴing data, these nodes -referred to as motes- are deployed in diverse environments to support 
applications such as smart grids, industrial and home automation, military surveillance, and habitat 
monitoring [21]. Innovations in electronic circuit design have resulted in lighter, cheaper, and more 
energy-efficient sensors. However, energy efficiency remains a key research focus [22]. Motes in many 
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applications rely on non-rechargeable baĴeries, limiting the network’s lifespan [23]. Network lifetime 
is often defined by the time until the first mote fails, the time until a certain fraction of motes fail, or 
the time until all motes are non-functional [6,10,24]. Network efficiency starts to degrade with the 
failure of the first mote, highlighting the need to optimize connectivity, coverage, and node longevity. 
Although sustainable energy sources have been explored, effectively managing available energy is 
crucial to extending network operation [25]. WSNs monitor parameters such as location, humidity, 
or temperature, depending on the application. These parameters are often interdependent, 
necessitating data aggregation from neighboring sensors to conserve energy [26]. Since data 
processing consumes significantly more energy than transmission, compressing data before 
communication is vital. This approach reduces energy consumption, extends network lifetime, and 
improves communication efficiency [27]. Direct data transmission from individual nodes to the base 
station, however, accelerates energy depletion and risks network failure when motes exhaust their 
power [28]. Energy constraints in motes pose a significant challenge for WSNs. Unlike traditional 
wireless networks, WSNs demand strategies for optimal energy utilization [28]. Grouping motes into 
clusters has been shown to enhance energy efficiency and scalability. Each cluster designates a 
Cluster Head (CH) to communicate with other CHs and the sink node, reducing energy requirements 
for direct transmissions [29]. Routing protocols play a critical role in clustering by determining 
optimal paths between CHs and the sink to further minimize energy consumption [30]. Routing 
protocols offer advantages such as scalability, data aggregation, reliability, and fault tolerance [31]. 
Many studies employ heuristic and meta-heuristic algorithms to select CHs, improving network 
reliability and energy efficiency. These methods have demonstrated success in extending the 
operational lifespan and reliability of WSNs [21]. By addressing challenges related to energy 
optimization, clustering, and routing, WSNs can be tailored to meet the diverse demands of various 
applications. Power consumption is a critical challenge in WSNs, as sensor nodes typically rely on 
constrained, non-replaceable power sources[32]. The depletion of energy can disrupt monitoring 
operations, particularly in scenarios where uninterrupted functionality is crucial for safety. In nuclear 
facilities, where nodes are exposed to high levels of radiation and electromagnetic interference, 
achieving energy efficiency while maintaining robust communication protocols is essential. This 
necessitates advanced optimization techniques that not only conserve power but also improve the 
resilience and adaptability of WSNs[12]. Recent advancements in IoT frameworks have introduced 
innovative strategies to address energy constraints in WSNs [32]. These include: Reducing the active 
time of sensor nodes to conserve power while maintaining data accuracy[33]. Employing protocols 
that select optimal paths based on energy metrics to distribute power consumption evenly across the 
network[15]. Utilizing techniques like dynamic cluster head rotation to balance energy usage among 
nodes, minimizing energy overhead. Leveraging environmental energy sources, such as solar or 
kinetic energy, to recharge sensor nodes and extend network lifetime[34]. Integrating machine 
learning and bio-inspired algorithms has significantly enhanced the capability of WSNs to manage 
power dynamically while adapting to environmental fluctuations[23,35]. Machine learning 
algorithms, such as reinforcement learning, enable nodes to learn from their surroundings and make 
real-time adjustments to routing and power strategies. Bio-inspired techniques, modeled on natural 
processes like swarm intelligence, provide decentralized and scalable solutions for energy 
optimization[15,36]. In nuclear facilities, where operational reliability and sensor lifespan are critical, 
these energy optimization methods are invaluable[37–39]. They ensure consistent and dependable 
data transmission, even in the presence of extreme radiation and interference. Advanced 
optimization frameworks combining IoT, machine learning, and adaptive protocols address the dual 
requirements of energy efficiency and robust performance, making them integral to the safe and 
efficient operation of monitoring systems in such challenging environments [40]. Routing protocols 
are essential for optimizing energy efficiency and ensuring the performance of WSNs. The 
effectiveness of these protocols is particularly significant in contexts such as radioactive environment 
monitoring, where uninterrupted operation and power conservation are critical. Several well-studied 
protocols address these challenges through innovative approaches to routing and energy 
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management. LEACH reduces energy consumption by rotating cluster head roles among nodes, 
distributing energy load evenly across the network. This approach minimizes node depletion and 
extends network lifespan [21]. TEEN Proposed by [41], TEEN is tailored for time-critical applications. 
It uses thresholds for sensed data to reduce unnecessary transmissions, conserving energy while 
ensuring timely responses. Power-Efficient Gathering in Sensor Information Systems (PEGASIS) 
Developed by [42], PEGASIS arranges nodes into chains, with each node transmiĴing data to its 
nearest neighbor. This strategy minimizes long-distance transmissions, further reducing energy 
consumption. Power-Efficient and Balanced Aggregation in Sensor Networks (PEBAIS ) PEBAIS 
focuses on balancing energy usage across all nodes by optimizing data aggregation[43]. This prevents 
specific nodes from depleting their energy prematurely, thus improving network longevity. 
Geographic Adaptive Fidelity (GAF) Proposed by [44,45], GAF reduces energy consumption by 
identifying and deactivating redundant nodes within each grid section. By ensuring that only 
essential nodes remain active, GAF maintains network fidelity while conserving power. This study 
aims to explore and optimize these protocols, tailoring them to the unique challenges of monitoring 
radioactive environments. Such seĴings demand not only energy-efficient operation but also 
resilience to interference and reliable data transmission. The study is embarked upon to ensure that 
different techniques of optimization are employed towards the optimal power consumption in WSNs 
used in monitoring radioactive environments. Details on sensor signals are to be generated and 
converted from analog to digital. Assess different protocols for low-power wide-area network 
LPWAN performance. Techniques for data aggregation and compression shall be realized, while 
designing baĴery management techniques that will extend the sensor nodes’ lifetime. Apply and 
compare different routing protocols for the purpose of further optimizing communication paths with 
the goal of reducing energy consumption. The rest of the paper is organized as follows: Section 2 
presents the methodology, which includes sensor signal generation, the LPWAN protocols, data 
aggregation and compression, baĴery management, and routing protocols. Section 3 presents results 
and discusses the various techniques applied and their performances. Section 4 does a critical 
comparative analysis of the routing protocols, while Section 5 summarizes the paper with detailed 
findings and possible future research. 

2. Methodology 
2.1. Signal Sensor Generation and Analog-to-Digital Conversion 

Sensor signals are generated to simulate the monitoring process. This plots typical sensor 
readings from sensors deployed in a radioactive environment. This is an important step because it 
lays the base for data processing or transmission over the network. A time vector is defined that will 
represent the duration of the monitoring process. It generates a single signal for each sensor, which 
can be a sine wave with different phase or frequency to simulate various sensor readings. It saves 
those analog signals, thus processed, in an Excel file. Then, it plots out the sensor readings against 
time. This enables an initial assessment of the signals that have been generated and ensures that, 
when working in a radioactive environment, the data will correctly describe the behaviour of a sensor 
in question. The next step involves the digitization of the analogue signals by applying one or another 
thresholding technique. One would compare the values of the analogue signal against a certain 
threshold value and assign it either 0 or 1, depending on whether it is below or above the threshold. 
This digital conversion necessary for data to be efficiently processed and transmiĴed within the WSN. 

Figure 1 represents the analog and digital signals of five sensors over the period of 10 seconds. 
The left column analog signals are the sinusoidal waves added with random noise; this is 
representative of typical sensor readings in a radioactive environment. Above signals are digitized 
using a threshold value of 0 in the right column by taking values above the threshold as ‘1’ and below 
as ‘0’. Digital signals reflect quite clearly the step function effect from such a thresholding process. 
This conversion would reduce the signals into simple transmissions within the WSN for efficient data 
manipulation, decrease the size of data to be sent, and conserve energy [46]. The effectiveness of this 
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method in providing a clear, binary representation of the analogue data highlights its importance for 
optimizing power consumption and ensuring continuous, reliable monitoring in radioactive 
environments. 

 

Figure 1. Analog and Digital Signal Representation of Sensors. 

2.2. Low Power Wide Area Network (LPWAN) Protocols 

The study evaluates the performance of three LPWAN protocols: LoRaWAN, SIGFOX, and 
VBIOT. These protocols are known for their ability to provide long-range communication with low 
power consumption, making them suitable for WSNs in radioactive environments[47]. 

2.2.1. Long Range Wide Area Network (LoRaWAN) 

LoRaWAN is a protocol designed for wireless baĴery-operated devices in a regional, national, 
or global network. It features long-range communication, low power consumption, and secure data 
transmission. LoRaWAN operates in the unlicensed ISM (Industrial, Scientific, and Medical) bands, 
typically at frequencies around 868 MHz in Europe and 915 MHz in North America[12,26]. offers key 
features such as long-range communication capabilities, with distances ranging from 2-5 km in urban 
areas to 15 km or more in rural areas, and low power consumption, allowing devices to operate for 
several years on a single baĴery. The Adaptive Data Rate (ADR) optimizes data rate, time on air, and 
energy consumption, while AES-128 encryption ensures secure communication [48]. The LoRaWAN 
architecture includes End Devices (sensors or nodes that collect data), Gateways (which relay 
messages between end devices and the network server), the Network Server (which manages the 
network, filters duplicate messages, and handles adaptive data rates), and the Application Server 
(which processes and uses the data collected by the end devices). The physical layer of LoRa is based 
on Chirp Spread Spectrum (CSS) modulation, providing robustness against interference and 
multipath fading by using chirp signals where the frequency increases or decreases over time, 
spreading the signal over a wide frequency band and enhancing resilience to noise and 
interference[49]. Key LoRa modulation parameters include Bandwidth (BW), which determines the 
width of the chirp; Spreading Factor (SF), which represents the number of bits per symbol and ranges 
from 7-12; and Coding Rate (CR), which indicates the error correction capability and ranges from 4/5 
to 4/8. The energy consumption of a LoRaWAN device is influenced by the transmission time (time-
on-air), which depends on the data rate and the payload size[7,50]. The time-on-air ( 𝑇௔௜௥  ) can be 
calculated using: 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 March 2026 doi:10.20944/preprints202603.1394.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1394.v1
http://creativecommons.org/licenses/by/4.0/


 6 

 

𝑇௔௜௥ =
(௉ುಽା௉ಹವೃ)×ଶೄಷ

஻ௐ×ௌி
 (1) 

Where: 𝑃௉௅  is the Payload size (bytes) and 𝑃ு஽ோ  Header size (bytes, typically 13). 
The spreading factor 𝑆𝐹 determines the trade-off between data rate and communication range. 

The relationship is given by: 
𝐷𝑎𝑡𝑎 𝑟𝑎𝑡𝑒 =

஻௔௡ௗ௪௜ௗ௧௛ (஻ௐ)

ଶೄಷ  (2) 
Figure 2 illustrates the outlines of the LoRaWAN communication flow, from initialization and 

network joining to secure data transmission and power-saving modes. It highlights key processes 
like adaptive data rate adjustment and low-power duty cycling, essential for efficient, long-range IoT 
connectivity. Figure 3 illustrates the data rate vs spreading factor for different bandwidths at (125 
kHz, 250 kHz, or 500 kHz). 

 

Figure 2. LoRaWAN Communication Process Block Diagram. 

 

Figure 3. Data Rate vs Spreading Factor for Different Bandwidths. 

2.2.2. SIGFOX Is a Low-Power Wide-Area Network (LPWAN) Protocol 

SIGFOX is a low-power wide-area network (LPWAN) protocol designed for simplicity and 
energy efficiency, utilizing ultra-narrowband (UNB) technology to achieve long-range 
communication with minimal power consumption. Operating in the unlicensed ISM bands, typically 
at 868 MHz in Europe and 915 MHz in North America, SIGFOX is particularly suited for applications 
that require infrequent data transmission. The protocol allows devices to transmit small amounts of 
data (up to 12 bytes per message) with a maximum of 140 messages per day, ensuring low energy 
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consumption and extended baĴery life. The signal-to-noise ratio (SNR) improvement due to UNB 
can be calculated using the equation[51]: 

𝑆𝑁𝑅ூ௠௣௥௢௩௘௠௘௡௧ = 10 logଵ଴ ቀ
஻ௐೢ೔೏೐್ೌ೙೏

஻ௐ೙ೌೝೝ೚ೢ್ೌ೙೏
ቁ (3) 

Where: 𝐵𝑊௪௜ௗ௘௕௔௡ௗ  and 𝐵𝑊௡௔௥௥௢௪௕௔௡ௗ  are the bandwidths of the wideband and narrowband 
signals, respectively. The narrow bandwidth of SIGFOX (100 Hz) leads to significant SNR 
improvements, enhancing signal robustness against interference. Additionally, SIGFOX employs 
Differential Binary Phase-Shift Keying (DBPSK) modulation for uplink communication and Gaussian 
Frequency-Shift Keying (GFSK) for downlink communication, ensuring efficient and reliable data 
transmission. The bit error rate (BER) for DBPSK can be approximated using[52]: 

𝐵𝐸𝑅 =
ଵ

ଶ
𝑒ିఊ (4) 

where γ is the signal-to-noise ratio per bit. These features make SIGFOX an ideal choice for 
scenarios requiring long-range communication, low power consumption, and simple deployment, 
making it well-suited for wireless sensor networks in applications like environmental monitoring 
and smart metering. Figure 4 illustrates the SIGFOX communication process, detailing each stage 
from device initialization to data transmission and cloud processing. The process begins with device 
initialization, followed by data acquisition, encoding, and compression to fit SIGFOX payload limits. 
The signal is modulated using Ultra Narrow Band (UNB) technology for efficient long-range 
transmission and sent to the nearest base station. After base station reception, data is processed on 
the SIGFOX cloud, forwarded to customer applications, and the device enters sleep mode to conserve 
power. This streamlined process supports efficient, low-power IoT communications suitable for small 
data applications. 

 

Figure 4. SIGFOX Communication Process Block Diagram. 

The graph illustrates in Figure 5 the Bit Error Rate (BER) performance of three modulation 
schemes DBPSK, BPSK, and QPSK across varying SNR. As expected, BER decreases exponentially 
with increasing SNR for all schemes, highlighting the improved reliability of communication at 
higher SNR values. DBPSK demonstrates the highest BER due to its susceptibility to noise, while 
BPSK achieves beĴer performance owing to its coherent detection. QPSK outperforms both, 
maintaining the lowest BER across all SNR values due to its higher spectral efficiency and advanced 
processing. These results emphasize the trade-off between modulation complexity and 
communication reliability, with QPSK being ideal for scenarios demanding low BER and high data 
rates, and DBPSK suitable for low-power, low-complexity applications like SIGFOX. 
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Figure 5. Comparison of BER vs SNR for Different Modulation Scheme. 

2.2.3. Variable Bandwidth Internet of Things (VBIOT) 

The VBIOT describes a scheme in which the IoT system will dynamically adjust the device 
bandwidth allocations with respect to real network conditions and device requirements. Other than 
classic IoT networks, bandwidth may be fixed or statically allocated. VBIOT introduces flexibility in 
allowing bandwidth to vary within such parameters as Data Demand, Signal Quality-e.g., Signal-to-
Noise Ratio or SNR- and residual energy of every device. The VBIOT system uses different 
mathematical expressions that determine bandwidth allocation, power control, and energy 
efficiency[53,54]. These would be designed for optimal performance to prolong the life of the IoT 
network, dynamically adjusting bandwidth and transmission power based on the real conditions of 
the network. Below is a mathematical description of the key components in VBIOT. 
 Data Demand and Signal-to-Noise Ratio: 𝐷௜  represent the data demand for device 𝒊 and 𝑆𝑁𝑅௜ 

the signal-to-noise ratio for device 𝒊. These values are used as inputs to determine bandwidth 
allocation and power adjustments. 

 Bandwidth Allocation: The bandwidth 𝐵௜   allocated to each device 𝒊  is a function of its data 
demand 𝐷௜ , 𝑆𝑁𝑅, and 𝑆𝑁𝑅௜ and residual energy 𝐸௥௘௦,௜. A possible allocation function can be 
represented as[53,54]: 

𝐵௜ = 𝑓(𝐷௜ , 𝑆𝑁𝑅௜ , 𝐸௥௘௦,௜). (5) 
where 𝒇 is a function that assigns higher bandwidth to devices with higher data demand and lower 
𝑆𝑁𝑅, while taking into account the available energy. 
 Power Control: The transmission power 𝑃௧௫,௜ for each device is adjusted based on its location 

and required bandwidth. This can be expressed as: 
𝑃௧௫,௜ = 𝑔(𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒௜ , 𝐵௜).      (6) 
where 𝒈  is a function that increases transmission power for devices farther from the receiver to 
ensure data reliability, while balancing the overall energy consumption. 
 Energy Efficiency Calculation: The energy efficiency 𝜂௜   of each device 𝑖  is calculated to 

evaluate the network’s performance. Energy efficiency is often defined as the ratio of data 
transmiĴed per unit of energy consumed: 

𝜂௜ =
஽೔

ா೎೚೙ೞೠ೘೐೏,೔
.        (7) 

where 𝐸௖௢௡௦௨௠௘ௗ,௜ is the energy used by device iii during transmission. The goal is to maximize 𝜂௜for 
each device by adjusting 𝐵௜and 𝑃௧௫,௜  in real-time. 
 Throughput Calculation: The total throughput 𝑻  of the system, representing the cumulative 

data transmiĴed by all devices in the network, is given by: 
𝑇 = ∑ 𝐵௜

ே
௜  (8) 

where 𝑵  is the number of devices in the network. Maximizing 𝑇  while minimizing energy 
consumption is a key objective of the VBIOT system. 
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 Energy Level Monitoring: Each device’s residual energy 𝐸௥௘௦,௜is monitored, and adjustments are 
made to bandwidth and power if 𝐸௥௘௦,௜ drops below a threshold. This ensures that devices with 
low energy continue to operate efficiently. 
The VBIOT algorithm combines these mathematical relationships to dynamically allocate 

resources, thereby optimizing power consumption and prolonging the operational lifetime of the IoT 
network. This approach is particularly effective in applications like nuclear facility monitoring, where 
both power efficiency and data reliability are essential. Figure 6 presents the VBIOT algorithm 
designed to optimize power consumption in IoT networks through variable bandwidth allocation. 
The algorithm involves a sequence of steps: initializing parameters and devices, measuring data 
demand and signal-to-noise ratio (SNR), allocating bandwidth based on these measurements, 
controlling transmission power, calculating energy efficiency, transmiĴing data, monitoring energy 
levels, and determining if the process should loop or terminate. This adaptive approach adjusts 
bandwidth and power in real-time, enhancing the efficiency and longevity of IoT networks, 
particularly in critical monitoring environments like nuclear facilities. 

 

Figure 6. Variable Bandwidth Internet of Things (VBIOT) Algorithm for Power Optimization. 

2.3. Data Aggregation and Compression 

In IoT-based WSNs, data aggregation and compression are essential techniques to optimize 
energy consumption, reduce data transmission costs, and improve network efficiency. These 
processes are particularly critical in applications like nuclear facility monitoring, where multiple 
sensors continuously collect large volumes of data over extended periods[51]. Data aggregation 
involves collecting and combining data from multiple sensors within a network to eliminate 
redundancy and reduce the amount of data that needs to be transmiĴed. Instead of each sensor 
transmiĴing its raw data individually, the data is aggregated at an intermediate node or aggregator. 
This aggregated data, which represents a summarized version of the raw data, is then transmiĴed to 
the central base station or server. Mathematically, if multiple sensors in a region produce data values 
𝐷ଵ, 𝐷ଶ, … , 𝐷௡ , then an aggregation function 𝐴 can be applied to generate a representative value 𝐷௔௚௚  
such as [51]: 

𝐷௔௚௚ = 𝐴(𝐷ଵ, 𝐷ଶ, … , 𝐷௡)     (9) 

Common aggregation functions include averaging, summation, minimum, and maximum. Data 
compression further reduces the amount of data by encoding it in a more compact form before 
transmission. Compression can be either lossless, where the original data can be fully reconstructed, 
or lossy, where some data accuracy is sacrificed for higher compression ratios. In WSNs, lossless 
compression is often preferred to maintain data integrity, especially in critical monitoring 
applications[55]. 
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Compression can be represented as a function 𝐶, where raw data 𝐷௔௚௚ is transformed into a 
compressed form 𝐷௖௢௠௣: 

𝐷௖௢௠௣ = 𝐶 ∗ 𝐷௔௚௚  (10) 
Techniques such as Run-Length Encoding (𝑅𝐿𝐸), Huffman Coding, and Differential Encoding 

are commonly used. Advanced methods, such as wavelet-based compression and machine learning-
based prediction models, can be applied for higher compression efficiency in complex data 
environments like nuclear monitoring. Combining aggregation and compression effectively 
minimizes the data volume that needs to be transmiĴed, reducing energy consumption significantly. 
By lowering transmission costs, the network’s lifetime is extended, as transmiĴing data generally 
consumes more energy than processing it locally. Various data compression algorithms are employed 
to further reduce the packet size. Compression algorithms like Huffman coding and wavelet-based 
compression are utilized to decrease the data size without significant loss of information[56]. The 
effectiveness of these algorithms is evaluated based on their ability to maintain data integrity while 
reducing transmission overhead. 

2.4. BaĴery Management 

BaĴery health monitoring and smart charging techniques are implemented to extend the 
operational lifetime of the sensor nodes. Key parameters such as voltage, current, temperature, and 
impedance are monitored to optimize baĴery usage [57,58]. Continuous monitoring of baĴery health 
parameters helps in identifying and mitigating issues that could affect the baĴery’s performance. This 
includes tracking voltage, current, temperature, and impedance. Pulse charging is employed as a 
smart charging technique. It involves charging the baĴery in short bursts followed by rest periods, 
which has been shown to improve baĴery health and longevity. The implementation of pulse 
charging in the WSN helps in optimizing baĴery usage and extending the network’s operational life. 

2.5. Routing Protocols for Path Optimization and Data Aggregation 

Several routing protocols are applied to optimize the communication paths among sensor nodes, 
reducing energy consumption and improving network performance. The protocols evaluated include 
LEACH, PEBAIS, GAF, and TEEN. Each protocol’s performance is assessed based on metrics such as 
energy consumption, latency, and scalability [43]. The comparative analysis provides insights into 
the strengths and weaknesses of each protocol, helping to identify the most suitable approach for 
optimizing power consumption in WSNs for radioactive environment monitoring. Data aggregation 
is a critical strategy in WSNs aimed at reducing energy consumption and extending network lifetime 
by eliminating redundant data. This phase leverages a congestion-controlled, data-driven approach 
to achieve efficient aggregation both locally and globally. 
 Local-Level Aggregation: At the node level, redundant data within intra-cluster communication 

is removed, optimizing the data flow within individual clusters. 
 Global-Level Aggregation: At the cluster head (CH) level, redundancy in inter-cluster 

communication is eliminated to streamline network-wide data transmission. 
The data-driven approach adopted in this phase enables in-network processing by utilizing the 

storage and processing capabilities of sensor nodes, which conserves their energy [6]. This 
lightweight and energy-efficient method focuses on in-node data aggregation, where cluster 
members forward data values to the CH via the shortest path. However, congestion may arise due to 
high traffic. To address this, data is transmiĴed to the CH through multipath routes using relay 
nodes, effectively reducing congestion and collision rates. The inclusion of relay nodes significantly 
enhances the network’s lifetime. In this approach, stratified random sampling is employed to create 
multiple classes, or strata, within each node’s buffer. These strata are dynamically designed based on 
historical data collected by sensor nodes [11]. For instance, in an agricultural irrigation control 
system, sensor parameters such as soil moisture, temperature, humidity, and wind speed are stored 
in strata, which adjust dynamically according to seasonal variations and environmental conditions. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 March 2026 doi:10.20944/preprints202603.1394.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1394.v1
http://creativecommons.org/licenses/by/4.0/


 11 

 

The number of strata varies depending on changes in real-time sensed values and environmental 
conditions within the sensing field. When a cluster member detects a new parameter value, it is stored 
in the appropriate stratum, ensuring efficient and organized data aggregation across the network. 
This method enhances both the adaptability and energy efficiency of the WSN. 

2.5.1. Low-Energy Adaptive Clustering Hierarchy (LEACH) 

The LEACH protocol is designed to reduce energy consumption in wireless sensor networks 
(WSNs) and extend the network’s lifetime. The protocol achieves this by dynamically selecting cluster 
heads (CHs) and rotating their roles among nodes to balance energy usage. The operation of LEACH 
consists of two phases: the setup phase and the steady-state phase [7]. In the setup phase, nodes 
determine whether they will act as CHs based on a probabilistic threshold 𝑇(𝑛), which is given by: 

𝑇(𝑛) = ൝

௣

ଵି௣(௥ ௠௢ௗ(
భ

೛
)

, 𝑛 ∈ 𝐺

0, 𝑜𝑡ℎ𝑒𝑟𝑠
 (11) 

Where 𝑝 is the desired percentage of CHs in the network. 𝑟 is the current round number, and 𝐺 is 
the set of nodes that have not been CHs in the last 1/𝑝 rounds. Nodes that satisfy the threshold 
broadcast their status as CHs. Non-cluster-head nodes then join the nearest CH based on the received 
signal strength. During this phase, nodes within a cluster transmit their data to the CH within a 
TDMA time slot [7]. The CH aggregates the data and transmits it to the base station (BS). The energy 
consumed during data transmission is modeled by the following equations: 

𝐸௧௫(𝑘, 𝛾) = ቊ
𝑘. 𝐸௘௟௘௖ + 𝑘. 𝜀௙௦. 𝛾ଶ, 𝛾 < 𝛾଴

𝑘. 𝐸௘௟௘௖ + 𝑘. 𝜀௔௠௣. 𝛾ସ, 𝛾 ≥ 𝛾଴.
 (12) 

Where 𝐸௧௫(𝑘, 𝛾)  is the energy required to send 𝑘 -bit data over a distance 𝛾 . 𝐸௘௟௘௖   is the Energy 
consumed per bit for transmission circuitry. 𝜀௙௦ is the Amplification energy for free-space model. 
𝜀௔௠௣  is the Amplification energy for multipath fading model. And 𝑑଴  is the Threshold distance 
separating free-space and multipath models. The Reception Energy is described as: 

𝑘௥௫(𝑘) = 𝑘. 𝐸௘௟௘௖  (13) 
Where 𝑘௥௫(𝑘)  is the energy consumed for receiving 𝑘 -bit data. The Limitations of LEACH: is 
described as CHs are chosen randomly without considering their residual energy, which can lead to 
inefficient energy usage if CHs are concentrated in one area or if low-energy nodes are selected as 
CHs. Direct communication between CHs and the BS can drain the energy of CHs that are farther 
from the BS. and Frequent re-clustering increases energy consumption, reducing overall network 
efficiency. Therefore, several improvements over LEACH, such as LEACH-C, PEGASIS, and TPC, 
address these issues are LEACH-C involves centralized cluster formation by the BS, considering 
nodes energy levels and locations for CH selection, improving cluster distribution and CH longevity. 
PEGASIS constructs a chain-based topology for data aggregation, reducing the number of 
transmissions but requiring periodic chain reconstruction [21]. Energy-Efficient Multi-hop Routing 
modifies LEACH by introducing multi-hop communication within clusters to save energy. 

The threshold 𝑇(𝑛) is updated to include the energy factor: 
𝑇(𝑛) =

௣

ଵି௣(௥ ௠௢ௗ(
భ

೛
)

.
ா೔

ாೌೡ೐ೝೌ೒೐
, 𝑛 ∈ 𝐺 (14) 

Where 𝐸௜  is the residual energy of node iii, and 𝐸௔௩௘௥௔௚௘  is the average energy of all nodes. 
Figure 7 outlines the key steps of the LEACH Protocol Algorithm. It includes initialization of 
parameters, cluster head selection, cluster formation, energy consumption during data transmission, 
metrics calculation, dead node checks, and results storage. The algorithm ensures efficient energy 
usage and prolongs network lifetime in wireless sensor networks. Figure 8 shows the energy 
consumption paĴern over distance during data transmission. The ploĴed curve is nonlinear, as 
energy is consumed quadratically with respect to the amount of transmission distance, which reflects 
in the steep uphill bend of the graph. For smaller distances, say less than 50 meters, the energy 
consumed is usually very minimal, which shows the efficiency of data transmission in near-distance 
communications. However, when the transmission range exceeds 100 meters, its energy consumption 
rises steeply owing to its relation to distance, especially in the multipath model for long-range 
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distance. This agrees with the first-order radio model, in which energy consumption depends on the 
square of the distance in free space or on the fourth power in a multipath environment. The results 
bring into focus the need for an optimal transmission distance to save energy in order to enhance the 
overall efficiency of wireless sensor networks. 

 

Figure 7. Steps of LEACH Protocol Algorithm. 

 

Figure 8. Energy Consumption During Transmission. 
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2.5.2. Power-Efficient and Balanced Aggregation in Sensor Networks (PEBAIS) 

The PEBAIS protocol is an energy-efficient data aggregation strategy designed for WSNs. Its 
primary goal is to extend network lifetime by optimizing energy usage during data transmission 
while maintaining a balance in power consumption across nodes [59]. The PEBAIS focuses on evenly 
distributing the energy consumption across all sensor nodes. This ensures that no single node 
depletes its energy prematurely, which can lead to network partitioning or connectivity issues. 
Similar to LEACH, PEBAIS employs a hierarchical clustering mechanism. Sensor nodes are grouped 
into clusters, and each cluster has a designated cluster head (CH) responsible for aggregating and 
forwarding data. Unlike random CH selection in LEACH, PEBAIS incorporates energy awareness 
into the CH selection process[43]. Nodes with higher residual energy are more likely to become CHs, 
which helps to balance the energy load and prevent rapid depletion of energy in critical nodes. To 
minimize the energy consumed in long-distance transmissions, PEBAIS adopts a multi-hop 
communication approach. CHs forward aggregated data to the base station (BS) via intermediate 
CHs, reducing transmission distance and energy costs [7,60]. PEBAIS selects CHs dynamically based 
on two primary factors: residual energy and distance to the sink. The selection probability for a node 
iii to become can be represented as: 

𝑃஼ு(𝑖) = 𝛼
ா೔

ா೘ೌೣ
+ 𝛽

ଵ

ௗ೔
మ (15) 

Where:𝐸௜is the Residual energy of node 𝑖, 𝐸௠௔௫is the maximum residual energy of any node in the 
network, 𝑑௜  Distance of node 𝑖  to the sink. 𝛼, 𝛽  are Weight factors that balance the influence of 
residual energy and distance. The Energy consumption for a node during data transmission  𝐸௧௫ is 
defined using the first-order radio model: 

𝐸௧௫(𝑙, 𝛾) = ቊ
𝑙. 𝐸௘ + 𝑙. 𝜀௙௖. 𝛾ଶ, 𝑖𝑓 𝛾 < 𝛾଴

𝑙. 𝐸௘ + 𝑙. 𝜀௠௣ . 𝛾ସ, 𝑖𝑓 𝛾 ≥ 𝛾଴

 (16) 

Where: 𝑙  is the Number of bits in the transmiĴed data, 𝛾  is the Energy consumed per bit for 
transmission electronics, 𝜀௙௖ is the free-space energy consumption coefficient, 𝜀௠௣ is the multipath 
energy consumption coefficient, and 𝑑଴ is the threshold distance to switch between free-space and 
multipath models. To reduce redundant data transmissions, PEBAIS employs data aggregation at 
CHs. The energy cost for aggregating 𝑙 bits of data at a CH is given by [61]: 

𝐸௔௚௚ = 𝑙. 𝐸௔  (17) 
Where 𝐸௔ Energy consumed per bit for data aggregation, and the total energy consumption for a CH 
that aggregates and forwards data from 𝑛 member nodes is: 

𝐸஼ு = ∑ (𝑙௜ . 𝐸௘ + 𝑙௜ . 𝐸௔ + 𝑙௜ . 𝜀௙௖ . 𝛾௜
ଶ)௡

௜ୀଵ  (18) 
The lifetime of the network, 𝑇௡௘௧௪௢௞ , is defined as the time until the first node dies, which 

depends on the energy consumption rate [61]: 
𝑇௡௘௧௪௢௥௞ =

ா೔೙೔೟೔ೌ೗

ாത೎೚೙ೞ
 (19) 

Where 𝐸௜௡௜௧௜௔௟  is the initial energy of the node, 𝐸ത௖௢௡௦ is the average energy consumed per node per 
round. 

2.5.3. Power-Efficient and Balanced Aggregation in Sensor Networks (PEBAIS): 

PEBAIS focuses on balancing energy consumption across nodes by dynamically adjusting 
clusters based on current energy levels and data traffic. 

2.5.4. Geographic Adaptive Fidelity (GAF): 

GAF reduces energy consumption by dividing the network into grids and ensuring only one 
active node per grid. This approach minimizes the number of active nodes while maintaining 
network coverage. 
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2.5.5. Threshold-Sensitive Energy Efficient Sensor Network (TEEN): 

TEEN uses hard and soft thresholds to minimize data transmissions, ensuring that only 
significant changes in the sensed environment trigger data transmission. 

3. Performance Metrics for Energy Efficiency in Wireless Sensor Networks 
When evaluating energy efficiency in wireless sensor networks (WSNs), several key 

performance metrics are used to assess the effectiveness of protocols, algorithms, and configurations. 
These metrics provide insights into various aspects of network performance: Energy Consumption 
per Packet (ECP) quantifies the energy required to transmit a single packet from a source node to a 
destination node. It helps evaluate the efficiency of data transmission in terms of energy utilization. 

𝐸𝐶𝑃 =
௘௡௘௥௚௬ ௖௢௡௦௨௠௘ௗ ௧௢ ௧௥௔௡௦௠௜௧ ௔ ௣௔௖௞௘௧

௡௨௠௕௘௥ ௢௙ ௦௨௖௖௘௦௦௙௨௟௟௬ ௧௥௔௡௦௠௜௧௘ௗ ௔ ௣௔௖௞௘௧௦
 (18) 

While Energy Efficiency (EE): EE measures the ratio of data transmiĴed successfully to the total 
energy consumed. It provides a comprehensive view of the network energy utilization for data 
transfer. 

𝐸𝐶𝑃 =
்௢௧௔௟ ௗ௔௧௔ ௧௥௔௡௦௠௜௧௧௘ௗ ௦௨௖௖௘௦௦௙௨௟௟௬

்௢௧௔௟ ௘௡௘௥௚௬ ௖௢௡௦௨௠௘ௗ
 (19) 

Packet Delivery Ratio (PDR) calculates the ratio of successfully received packets to the total 
packets sent, reflecting the network’s reliability in delivering data. 

𝑃𝐷𝑅 =
ே௨௠௕௘௥ ௢௙ ௥௘௖௘௜௩௘ௗ ௣௔௖௞௘௧௦

ே௨௠௕௘௥ ௢௙ ௦௘௡௧ ௣௔௖௞௘௧௦
∗ 100 (20) 

This metric represents the time until the first node in the network exhausts its energy resources. 
A longer network lifetime indicates beĴer energy sustainability and efficiency.  Network 
Lifetime=Minimum energy of all nodesEnergy consumption rate of the most 

𝑁𝑒𝑡𝑤𝑜𝑟𝑘 𝐿𝑖𝑓𝑒𝑡𝑖𝑚𝑒 =
ெ௜௡௜௠௨௠ ௘௡௘௥௚௬ ௢௙ ௔௟௟ ௡௢ௗ௘௦

ா௡௘௥௚௬ ௖௢௡௦௨௠௣௧௜௢௡ ௥௔௧௘ ௢௙ ௧௛௘ ௠௢௦௧ ௘௡௘௥௚௬ ௖௢௡௦௨௠௜௡௚ ௡௢ௗ௘
 (21) 

Throughput measures the amount of data successfully delivered across the network in a given 
time frame. While not directly related to energy efficiency, it provides insights into the network’s 
capacity to handle data. 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
்௢௧௔௟ ௔௠௢௨௡௧ ௢௙ ௗ௔௧௔ ௥௘௖௘௜௩௘ௗ

்௢௧௔௟ ்௜௠௘ ௧௔௞௘௡ ௧௢ ௥௘௖௘௜௩௘ ௧௛௘ ௗ௔௧௔
 (22) 

Sensitivity (Recall or True Positive Rate):  Sensitivity is the proportion of true positives (correctly 
identified events or packets) out of the total actual positives. It evaluates the network’s ability to 
correctly identify and handle critical data. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
்௥௨௘ ௉௢௦௜௧௜௩௘

்௢௧௔௟ ஺௖௧௨௔௟ ௣௢௦௜௧௜௩௘
 (23) 

These metrics collectively provide a detailed assessment of energy efficiency, reliability, and 
overall performance in WSNs, aiding in the evaluation and optimization of proposed techniques. 
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Figure 9. Energy Consumption Calculations for different Protocols. 

Results and Discussion 
The initial phase of the study involved generating synthetic sensor signals to simulate the 

monitoring of radioactive environments. The sensor signals, represented as sinusoidal waves with 
added noise, were converted from analogue to digital format using a threshold-based approach. The 
digital conversion effectively transformed the continuous analogue signals into discrete binary 
signals, simplifying data processing and transmission. The digital signals retained the essential 
characteristics of the analogue signals, allowing for efficient monitoring while reducing data size and 
conserving energy. The study evaluated the performance of three LPWAN protocols - LoRaWAN, 
SIGFOX, and VBIOT- based on key metrics such as energy consumption, latency, throughput, bit 
error rate (BER), and signal-to-noise ratio (SNR). Table 1 presents the key parameters used in the 
study to simulate the performance of a wireless sensor network (WSN). It includes essential details 
such as the number of sensors, sampling rate, duration of the simulation, and the threshold for binary 
conversion. Additionally, the table specifies the communication protocol, adaptive data rate seĴing, 
transmission power, duty cycle, energy consumption per bit, and baĴery capacity. These parameters 
provide a comprehensive overview of the simulation setup, ensuring reproducibility and clarity for 
readers interested in understanding the experimental conditions and network configuration. 

Table 1. Simulation Parameters for Wireless Sensor Network. 

Parameter Value Unit Description 
Number of Sensors 50 - Total number of sensors in the network 

Sampling Rate 100 Hz Rate at which sensor data is sampled 
Duration 10 seconds Total duration of the simulation 
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Time Interval 0:1/100:10 - Time vector for the simulation 
Threshold 0 - Threshold value for binary signal conversion 

Duty Cycle (SIGFOX) 0.01 - Duty cycle of the sensors (1%) for SIGFOX 
Duty Cycle (LoRaWAN) 0.1 - Duty cycle of the sensors (10%) for LoRaWAN 

Duty Cycle (VBIOT) 0.05 - Duty cycle of the sensors (5%) for VBIOT 

Energy per Bit (SIGFOX) 20 × 10⁻⁹ Joules 
Energy consumption per bit transmiĴed for 

SIGFOX 

Energy per Bit (LoRaWAN) 50 × 10⁻⁹ Joules 
Energy consumption per bit transmiĴed for 

LoRaWAN 

Energy per Bit (VBIOT) 30 × 10⁻⁹ Joules Energy consumption per bit transmiĴed for 
VBIOT 

BaĴery Capacity 3600 Joules Total baĴery capacity (equivalent to 1 Wh) 

4.1. Energy Consumption Comparison 

Figures 10 through 14 provide a detailed comparative analysis of the performance metrics for 50 
sensors using SIGFOX, LoRaWAN, and VBIOT protocols. Figure 10 illustrates the energy 
consumption across the three protocols, measured in Joules, with SIGFOX ranging from 
approximately 9.8 × 10⁻⁶ Joules to 1.1 × 10⁻⁵ Joules, LoRaWAN ranging from 2.45 × 10⁻⁵ Joules to 2.7 × 
10⁻⁵ Joules, and VBIOT ranging from 7.5 × 10⁻⁶ Joules to 8.2 × 10⁻⁶ Joules. These variations highlight 
differences in sensor activities and communication efficiencies among the protocols. Figure 11 shows 
the latency for data transmission, with all protocols fluctuating between 5.1 and 5.4 seconds, 
indicating the time required for data to travel from sensors to the network server. Figure 12 presents 
the throughput, with values ranging from 50 to 54 bits per second across all protocols, indicating the 
rate at which data is successfully transmiĴed over the network. Figure 13 depicts the network 
lifetime, with SIGFOX ranging from approximately 3.3 × 10⁷ seconds to 3.7 × 10⁷ seconds, LoRaWAN 
ranging from 1.32 × 10⁸ seconds to 1.46 × 10⁸ seconds, and VBIOT ranging from 4.4 × 10⁷ seconds to 
4.8 × 10⁷ seconds. These variations underscore the impact of energy consumption and efficiency on 
the overall durability of the wireless sensor network. Figure 14 compares the SNR, with values 
ranging from 16.5 to 20.5 dB, reflecting the quality of the communication signal relative to 
background noise across the protocols. Collectively, these figures demonstrate the distinct 
advantages and trade-offs of each protocol in terms of energy efficiency, latency, throughput, 
network lifetime, and SNR, which are crucial for reliable and sustainable monitoring in radioactive 
environments. 

 

Figure 10. Energy Consumption Comparison Across Protocols. 
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Figure 11. Latency Comparison Across Protocols. 

 

Figure 12. Throughput Comparison Across Protocols. 

 

Figure 13. Network Lifetime Comparison Across Protocols. 
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Figure 14. Signal-to-Noise Ratio (SNR) Comparison Across Protocols. 

4.2. Data Aggregation and Compression 

The data aggregation process integrated readings from multiple sensors, reducing redundancy 
and conserving energy. Various compression algorithms, such as Huffman coding and wavelet-based 
compression, were employed to decrease data size without significant loss of information. The 
effectiveness of these techniques was evident in the reduced transmission overhead and maintained 
data integrity, highlighting their importance in optimizing power consumption for WSNs. The 
methodology involved generating synthetic data for a network of 50 sensors, each producing 100 
samples. Data aggregation was achieved using K-means clustering, forming 5 clusters and averaging 
the data within each cluster to reduce noise and volume. The aggregated data was then compressed 
using Huffman coding, with dictionaries created based on symbol frequencies. Data integrity was 
verified through decompression. Energy consumption was based on the number of compressed bits 
and energy per bit; latency on transmission time; throughput on data rate; BER was assumed zero; 
network lifetime on baĴery capacity and energy use; and SNR assessed data quality. Additionally, 
baĴery health parameters, including voltage (3.7 V), current (0.5 A), temperature (25 °C), and 
impedance (0.05 Ω), were monitored to ensure optimal performance and longevity. Visualization of 
these metrics highlighted the performance benefits and trade-offs of the aggregation and compression 
methods, optimizing sensor network efficiency and longevity. This robust analysis is essential for 
reliable, sustainable monitoring in complex environments. The results illustrated at Figures 15 
through 17 provide a detailed analysis of data aggregation and signal quality metrics for a wireless 
sensor network. Figure 15 demonstrates the effectiveness of the data aggregation process, with the 
top panel displaying highly variable and noisy original sensor data, and the boĴom panel showing 
significantly reduced noise and variability in the aggregated data, enhancing its clarity and usability. 
Figure 16 illustrates the SNR across different clusters, measured in dB, highlighting variations in data 
quality, with higher SNR values indicating beĴer data integrity. Figure 17 offers a comprehensive 
comparison of performance metrics, including Energy Consumption, Latency, Throughput, BER, 
Network Lifetime, and SNR, across different clusters using a radar chart. This visual assessment 
reveals the strengths and weaknesses of each cluster, aiding in the optimization of the wireless sensor 
network for specific application requirements. Collectively, these figures underscore the importance 
of data aggregation in improving sensor data quality and provide insights into optimizing network 
performance across various metrics. Table 1 provides a comprehensive overview of key sensor 
metrics, including energy consumption, latency, throughput, bit error rate (BER), network lifetime, 
and SNR. The energy consumption values range from 2.16 × 10⁻⁵ Joules to 3.36 × 10⁻⁵ Joules, reflecting 
the power required by the sensors for operation. Latency values vary significantly, with some sensors 
exhibiting a latency of 4.32 seconds while others reach up to 67.2 seconds, indicating differences in 
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data transmission times across the network. Throughput, measured in bits per second, shows high 
efficiency in most cases, with values around 617.142857 and 672 bits per second, except for a lower 
throughput value of 67.2 bits per second observed in one instance. The BER remains at zero across all 
sensors, signifying error-free data transmission. Network lifetime, which is crucial for long-term 
monitoring applications, varies from 29761.90476 seconds to 297619.0476 seconds, influenced by the 
energy consumption rates. SNR values, ranging from 8.89921988 to 17.2802588 dB, indicate the 
quality of the signal relative to background noise, with higher values representing beĴer signal 
clarity. This table underscores the importance of optimizing these metrics to enhance the performance 
and reliability of wireless sensor networks in monitoring applications. 

 

Figure 15. Original Sensor Data and Aggregated Data. 

 

Figure 16. Signal-to-Noise Ratio (SNR) Across Clusters. 
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Figure 17. Metrics Comparison (Radar Chart). 

Table 2. A comprehensive overview of key sensor metrics. 

Energy Consumption Latency Throughput BER Network Lifetime SNR 

2.16 × 10⁻⁵ 4.32 617.142857 0 32407.40741 15.3012018 

2.16 × 10⁻⁵ 4.32 617.142857 0 32407.40741 17.2802588 

2.16 × 10⁻⁵ 4.32 617.142857 0 32407.40741 10.3894456 

2.16 × 10⁻⁵ 4.32 617.142857 0 32407.40741 11.3458571 

3.36 × 10⁻⁵ 67.2 67.2 0 297619.0476 12.813589 

3.36 × 10⁻⁵ 6.72 672 0 29761.90476 8.89921988 

3.36 × 10⁻⁵ 6.72 672 0 29761.90476 9.88349404 

3.36 × 10⁻⁵ 6.72 672 0 29761.90476 10.8876542 

3.36 × 10⁻⁵ 6.72 672 0 29761.90476 10.5238555 

3.36 × 10⁻⁵ 6.72 672 0 29761.90476 12.394339 

4.3. BaĴery Management 

BaĴery health monitoring and smart charging techniques significantly extended the operational 
lifetime of the sensor nodes. Monitoring key parameters like voltage, current, temperature, and 
impedance allowed for optimal baĴery usage. Pulse charging, involving short bursts of charging 
followed by rest periods, improved baĴery health and longevity. These strategies ensured that the 
WSN could operate continuously with minimal maintenance, essential for monitoring radioactive 
environments. Figures 18 and 19 provide a detailed analysis of the pulse charging process and its 
impact on baĴery performance. Figure 18a illustrates the cyclical nature of pulse charging, where a 
current of 1 A is applied for 10-second intervals, followed by 5-second rest periods. This approach 
aims to enhance baĴery longevity by allowing recovery periods between charging pulses. Figure 18b 
shows the corresponding voltage changes during these cycles, with the voltage increasing during the 
charging phases and slightly decreasing during rest periods, reflecting the dynamic response of the 
baĴery to pulse charging. 
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Figure 18. a. Pulse Charging Current vs. Time, b. BaĴery Voltage vs. Time during Pulse Charging. 

 

Figure 19. Pulse Charging Profile. 

Figure 19 offers a comprehensive view of the overall voltage profile during the entire pulse 
charging process. The voltage incrementally rises from 3.7 V to over 4.2 V, demonstrating the 
cumulative effect of the pulse charging cycles. This stepwise increase underscores the effectiveness 
of pulse charging in steadily enhancing baĴery voltage while mitigating the risks of overcharging 
and thermal buildup, thus promoting baĴery health and extending its operational life. These figures 
collectively highlight the advantages of pulse charging as a method to optimize baĴery performance 
in wireless sensor networks and other applications requiring reliable and long-lasting power sources. 
While Figure 20 block diagram of BaĴery health monitoring using Huffman coding 
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Figure 20. block diagram of BaĴery health monitoring using Huffman coding. 

4.4. Routing Protocols for Path Optimization 

The evaluation of routing protocols- LEACH, PEBAIS, GAF, and TEEN- provided insights into 
their performance in terms of energy efficiency, latency, and scalability. 

4.4.1. Geographic Adaptive Fidelity (GAF) 

Reduced energy consumption by dividing the network into grids and ensuring only one active 
node per grid, maintaining network coverage. Figures 21 and 22 provide a comprehensive analysis 
of the Geographic Adaptive Fidelity (GAF) protocol performance in a wireless sensor network with 
100 nodes, each initialized with 0.5 Joules of energy, deployed over a 5000 m² area. The sink is 
centrally positioned at coordinates [500, 500], and the simulation spans ten rounds. Figure 21 
illustrates the spatial distribution of nodes during the ninth simulation round, distinguishing 
between active and regular nodes and highlighting communication pathways to the sink. This 
visualization showcases the GAF protocol effectiveness in maintaining network connectivity and 
managing node activity within a grid size of 10x10 meters. While Figure 22 presents detailed insights 
into key performance metrics over ten simulation rounds. Energy consumption remains stable 
around 58 Joules per round, indicating efficient energy management. Latency is consistently 
approximately 1 second per round, ensuring timely data transmission. Throughput remains steady 
at 100 bits per second, reflecting reliable data transfer rates. The BER is consistently zero, 
demonstrating the protocol robustness in minimizing transmission errors. Network lifetime exhibits 
variability but generally sustains around five rounds, balancing energy consumption and node 
activity. 
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Figure 21. GAF Protocol Simulation - Round 9 under the GAF protocol. 

 

Figure 22. Performance Metrics over Rounds under the GAF protocol. 

The SNR fluctuates slightly around 0.5 dB, indicating consistent signal quality. Additionally, the 
node mortality data across the simulation rounds provide critical insights into the network’s 
resilience: Round 1 saw 51 nodes dead, increasing to 69 by Round 2, 76 by Round 3, 86 by Round 4, 
and stabilizing around 90-93 dead nodes by Rounds 7-10. This progression highlights the GAF 
protocol ability to extend network longevity and manage node energy efficiently despite the 
increasing number of inactive nodes. 

4.4.2. Low-Energy Adaptive Clustering Hierarchy (LEACH) Protocol 

LEACH The protocol minimized path length by organizing nodes into clusters and rotating the 
cluster head (CH) role, balancing energy consumption among nodes. Figures 23 and 24 provide a 
detailed analysis of the LEACH protocol performance in a wireless sensor network with 100 nodes, 
spanning ten simulation rounds. The simulation parameters include a network area of 5000 m², with 
nodes initialized with 0.5 Joules of energy each. The sink is centrally positioned at coordinates [500, 
500], and each data packet size is set to 4000 bits, with an energy consumption of 50x10-9 Joules per 
bit. Figure 23 illustrates the node positions and cluster formations during the tenth round, with blue 
circles representing nodes, red circles as cluster heads, and the sink marked by a black cross. The 
dashed lines show communication paths from nodes to cluster heads and from cluster heads to the 
sink, depicting the network topology and data aggregation paths. Figure 24 presents key performance 
metrics over the simulation rounds. Energy consumption shows significant fluctuations, particularly 
peaking in round 8, highlighting varied energy usage across rounds. Latency, representing the time 
taken for data transmission, also fluctuates, with a notable increase in round 8, impacting the overall 
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network response time. Throughput remains stable at around 400,000 bits per second, indicating 
consistent data transfer rates. The Bit Error Rate (BER) stays at zero, demonstrating reliable 
communication without data corruption. Network lifetime decreases sharply after the first round and 
stabilizes at a low value, reflecting rapid energy depletion in initial rounds. The SNR fluctuates 
around 0.001 dB, indicating the quality of the signal relative to background noise, with lower values 
suggesting challenges in maintaining high-quality signal transmission. 

 

Figure 23. The network topology and data aggregation paths under the LEACH protocol. 

 

Figure 24. Performance metrics of the LEACH protocol over ten simulation rounds. 

4.4.3. Power-Efficient and Balanced Aggregation in Sensor Networks (PEBAIS) 

PEBAIS Focused on balancing energy consumption dynamically, ensuring even distribution of 
energy usage across the network. Figures 25 and 26 provide an in-depth analysis of the PEBAIS 
protocol performance in a wireless sensor network with 200 nodes, spanning ten simulation rounds. 
The simulation parameters include a network area of 5000 m², with nodes initialized with 0.5 Joules 
of energy each, a centrally positioned sink at coordinates [500, 500], and a data packet size of 4000 
bits with an energy consumption of 50x10-9 Joules per bit. The cluster threshold for cluster head 
selection is set at 0.1, with a sampling rate of 100 Hz and a duration of 1 second for simplicity. During 
the simulation, the number of dead nodes increases progressively across the rounds, with 108 nodes 
dead by round 1, 127 by round 2, 134 by round 3, 146 by round 4, 154 by round 5, 169 by round 6, 172 
by round 7, 175 by round 9, and 176 nodes dead by round 10. Figure 25 illustrates the node positions 
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and cluster formations during the tenth round, with blue circles representing nodes, red circles as 
cluster heads, and the sink marked by a black cross. The dashed lines show communication paths 
from nodes to cluster heads and from cluster heads to the sink, depicting the network topology and 
data aggregation paths under the PEBAIS protocol. Figure 26 presents key performance metrics over 
the simulation rounds. Energy consumption initially drops significantly after the first few rounds, 
stabilizing thereafter, indicating the protocol’s efficiency in managing energy usage. Latency 
stabilizes around 2 seconds after the initial rounds, reflecting consistent network response times. 
Throughput increases sharply in the initial rounds and stabilizes at around 200 bits per second, 
suggesting efficient data transfer capabilities. The BER remains at zero throughout the simulation, 
demonstrating the protocol’s reliability in ensuring error-free communication. Network lifetime 
exhibits fluctuations, peaking around round 3 and stabilizing subsequently, highlighting the impact 
of energy-efficient protocols on network durability. The SNR fluctuates between 12 and 16 dB, 
indicating variations in signal quality relative to background noise, with higher values suggesting 
beĴer signal quality. 

 

Figure 25. Simulation - Round 10 for the network topology and data aggregation paths under the PEBAIS 
protocol. 

 

Figure 26. Performance metrics of the PEBAIS protocol over ten simulation rounds. 

4.4.4. TEEN 

Figure 27 illustrates the network configuration for the TEEN (Threshold-sensitive Energy 
Efficient sensor Network) protocol during round 10, depicting the nodes (blue circles), cluster heads 
(red circles), and the sink (black cross). Dashed black lines denote the communication pathways 
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among the nodes, cluster heads, and the sink. The illustration emphasizes the effective aggregation 
of nodes beneath cluster heads, hence diminishing the direct communication burden on the sink. 
TEEN enhances energy efficiency by prioritizing event-driven data transmission, transmiĴing only 
essential data, hence extending network longevity. This configuration illustrates TEEN’s efficacy in 
facilitating energy-efficient transmission, crucial for sustained monitoring in a radioactive seĴing. 

 

Figure 27. TEEN Protocol Simulation - Round 10: Network Topology with Cluster Heads and Sink. 

Figure 28 shows six important parameters from the TEEN protocol’s performance analysis 
throughout 30 rounds. Variations in network activity and energy usage are shown by fluctuations in 
energy consumption, which ranges from 12 to 22 Joules. Consistent network responsiveness is 
reflected by the stable latency, which fluctuates liĴle between 0.16 and 0.17 seconds. Network 
congestion or node energy depletion may be the cause of the intermiĴent changes in throughput, 
which range from 160 to 175 bits/second. The data transfer is error-free because the bit error rate 
(BER) remains at zero. An ever-decreasing network lifetime indicates a slow but steady drain on 
available energy resources. Finally, the signal-to-noise ratio (SNR) remains within an acceptable 
range of 11.5 to 12 dB, indicating that the signal quality is good in comparison to the noise. While 
energy depletion does reduce the network’s lifetime, the TEEN protocol shows consistent 
communication performance overall. 

 

Figure 28. Performance metrics of the TEEN protocol over ten simulation rounds. 
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4.5. Dead Nodes per Round for Different Area Sizes with Different Protocols 

In this simulation study, we deployed 200 sensor nodes randomly within an area of 5000 square 
meters. Each node was initialized with an initial energy of 0.5 Joules. The sink node was centrally 
located at coordinates [500, 500], serving as the data collection point. The simulation ran for 30 
rounds, with each round representing a communication cycle between the nodes and the sink. Data 
packets transmiĴed by the nodes had a fixed size of 4000 bits, and the energy consumption per bit 
was set to 50 nanojoules. The sampling rate during data transmission was maintained at 100 Hz, with 
the overall simulation assuming a unit time duration of 1 second per round. Additionally, specific 
parameters were tailored for each protocol: LEACH used a cluster head selection probability of 0.1, 
while PEBAIS and TEEN employed an energy threshold of 0.1 for cluster head selection. For the GAF 
protocol, the grid size was set to 100 meters for efficient grid formation. Throughout the simulation, 
the performance of each protocol was assessed in terms of energy consumption, latency, throughput, 
bit error rate (BER), network lifetime, and signal-to-noise ratio (SNR), with results stored for 
comparative analysis. Figure 29 illustrates the effect of varying area sizes (1000 to 5000 meters) on the 
quantity of inactive nodes per round within the PEBAIS protocol. As the area size expands, the 
quantity of dead nodes grows markedly, indicating the energy strain imposed on nodes in greater 
regions due to prolonged communication distances. In the smallest area (1000 meters), nodes 
maintain prolonged activity, exhibiting liĴle fatalities until the laĴer rounds. Conversely, the larger 
area sizes (3000, 4000, and 5000 meters) exhibit a swift escalation in node mortality, with nearly all 
nodes exhausted by round 20 in the 5000-meter area. The findings indicate that larger area sizes 
exacerbate energy consumption, leading to an increase in node failures and a decrease in network 
longevity. This analysis highlights the necessity of optimising protocols such as PEBAIS for energy 
efficiency in extensive networks, especially in applications like environmental or radioactive 
monitoring, where long-term network sustainability is essential. The simulation in Figure 30 
demonstrates the TEEN (Threshold-sensitive Energy Efficient Sensor Network) protocol’s efficacy in 
a range of area sizes, from 1000 to 5000 meters. The number of dead nodes increases gradually as the 
cycles progress, with larger area sizes resulting in a more rapid depletion of node energy, as 
illustrated by the graph. For example, by round 20, nearly 180 nodes have perished in the 5000-meter 
area, whereas only a handful of nodes have expired in the 1000-meter area. This trend is consistent 
across all area sizes, suggesting that larger areas place a greater strain on node energy, primarily as 
a result of longer communication distances. Consequently, this leads to increased energy 
consumption and earlier node mortality. The longevity and efficiency of the network under the TEEN 
protocol are significantly influenced by the extent of the area, as illustrated in the figure. There are 
different areas from 1000 meters to 5000 meters shown in Figure 31 that show how the LEACH (Low-
Energy Adaptive Clustering Hierarchy) strategy works in terms of the number of dead nodes per 
round. The results make it clear that the number of dead nodes rises faster as the area gets bigger. By 
round 20, there are almost 160 dead nodes in the largest area (5000 meters), which means that a lot of 
energy has been used up. But when the area is smaller, like between 1000 and 2000 meters, the node 
survival rate is much higher, and there are fewer dead nodes during the exercise. The LEACH system 
uses less energy in smaller areas because nodes can keep their energy for longer because they can 
communicate more easily. This picture shows how important area size is for figuring out how much 
energy is used and how long the network lasts when using the LEACH protocol. Figure 32 depicts 
the quantity of deceased nodes per round over various area dimensions (spanning from 1000 to 5000 
meters) using the GAF (Geographic Adaptive Fidelity) protocol. The picture illustrates a distinct 
paĴern indicating that bigger area sizes, specifically 5000 and 4000 meters, lead to a more accelerated 
rise in dead nodes, surpassing 180 by round 6 for the largest area. Conversely, lower area sizes, such 
as 1000 meters, have markedly fewer dead nodes, with nearly no nodes failing even by the 20th 
round. This paĴern indicates that the protocol’s energy efficiency is significantly influenced by the 
area size, with larger regions resulting in increased communication costs and energy consumption 
for the nodes. The GAF protocol’s approach, which conserves energy by placing nodes in a dormant 
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state while preserving integrity, demonstrates efficacy in smaller regions. In expansive regions, the 
augmented distances between nodes and the sink swiftly deplete energy supplies, resulting in a 
significant increase of inactive nodes. 

 

Figure 29. Number of Dead Nodes per Round for Different Area Sizes under the PEBAIS Protocol. 

 

Figure 30. Number of Dead Nodes per Round for Different Area Sizes under the TEEN Protocol. 

 

Figure 31. Number of Dead Nodes per Round for Different Area Sizes under LEACH Protocol. 
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Figure 32. Number of Dead Nodes per Round for Different Area Sizes under GAF Protocol. 

Figure 33 compares the performance of four distinct protocols LEACH, PEBAIS, TEEN, and GAF 
regarding the number of inactive nodes per round within a set area of 1000 meters. The GAF protocol 
exhibits the most accelerated rise in deceased nodes, with node mortality commencing about round 
30 and surging dramatically, culminating in over 18 dead nodes by round 60. Conversely, the other 
protocols- LEACH, PEBAIS, and TEEN- demonstrate far superior energy efficiency within this 
particular area size, resulting in minimal to no node fatalities until the final rounds. PEBAIS and 
TEEN have a nearly horizontal trajectory, with no substantial rise in dead nodes until subsequent to 
round 50. LEACH exhibits a comparable paĴern, with node fatalities commencing solely in the laĴer 
rounds. Figure 34 compares LEACH, PEBAIS, TEEN, and GAF inactive nodes each round in a 2000-
meter area. GAF has the fastest node death escalation, starting at round 10 and reaching over 150 by 
round 60. TEEN and PEBAIS perform similarly, with a more constant increase in dead nodes, 
reaching 110 by simulation’s end. LEACH has the slowest node mortality increase, reaching 90 nodes 
by 60. In medium-sized regions, GAF depletes node energy faster, reducing network lifespan, while 
LEACH’s energy-efficient clustering and communication techniques extend network lifespan. 
PEBAIS and TEEN successfully extend network longevity, while LEACH outperforms them in this 
area size. Figure 35 compares dead nodes over rounds for LEACH, PEBAIS, TEEN, and GAF 
procedures in a 4000-meter area. GAF had the deadest nodes, 160 at the 20th round, indicating higher 
energy usage. TEEN and PEBAIS stabilise at 150 dead nodes by the 20th round, conserving somewhat 
more energy than GAF. LEACH routinely outperforms other procedures, reducing node mortality 
and ending with 130 inactive nodes by the 20th round. GAF consumes more energy, while LEACH 
is more energy efficient in medium-to-large areas, increasing network lifespan beĴer than other 
protocols. Figure 36 shows 25 rounds of dead node tracking for LEACH, PEBAIS, TEEN, and GAF in 
a 5000-meter area. GAF performs worst, with roughly 180 dead nodes by the 10th round, showing it 
consumes the most energy in large areas. TEEN stabilises around 170 dead nodes after 15 rounds, 
like PEBAIS. LEACH has a slower rise in dead nodes, ending at 150, indicating beĴer energy 
efficiency and a longer network lifespan in large regions. GAF accelerates node energy depletion in 
large-area wireless sensor networks, although LEACH conserves energy beĴer. LEACH, PEBAIS, 
TEEN, and GAF network lifetime per round in a 5000-meter area is shown in Figure 37. LEACH has 
the longest network lifespan, decreasing from 28 to 24 rounds at the end. Durable networks and 
efficient energy management are indicated. PEBAIS, TEEN, and GAF have comparable tendencies 
but more erraticism; their network lifetimes range from 14 to 20 cycles. GAF has the most variability 
compared to PEBAIS and TEEN, but it stabilises at 18 rounds, indicating a liĴle beĴer energy balance. 
The huge difference between LEACH and TEEN and PEBAIS highlights its usefulness in optimising 
network lifespan in large installations. LEACH, PEBAIS, TEEN, and GAF procedures’ signal-to-noise 
ratio (SNR) per round in 5000 meters is compared in Figure 38. GAF maintains a consistent SNR 
approximately 14 dB throughout the simulation, proving signal integrity. In some rounds, LEACH 
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may maintain higher SNR, but its fluctuations signal less consistent performance. Its max. is 17 dB. 
PEBAIS and TEEN have the lowest SNR values (8–12 dB), indicating poorer communication than 
GAF and LEACH. GAF’s consistent SNR predicts higher signal quality in large-scale networks, while 
the other protocols’ unpredictability and lower SNR suggest communication issues under similar 
situations. Figure 39 illustrates a comparative assessment of energy usage per round for the LEACH, 
PEBAIS, TEEN, and GAF protocols within a wireless sensor network over an area of 5000 meters. The 
GAF protocol has the highest stability and minimal energy usage, constantly remaining below 200 
units across all rounds, establishing it as the most energy-efficient protocol in this context. LEACH 
also exhibits consistently low and stable energy consumption, however with modest variations. 
Conversely, PEBAIS and TEEN demonstrate significant fluctuations in energy consumption, with 
PEBAIS surging beyond 1200 units in specific rounds and TEEN aĴaining such elevated amounts 
sporadically. The increases in PEBAIS and TEEN indicate suboptimal energy utilisation, likely 
resulting from elevated communication overheads and increased node activity during particular 
rounds. The investigation reveals that GAF excels in energy conservation, succeeded by LEACH, 
whereas PEBAIS and TEEN exhibit elevated and more erratic energy use, potentially affecting 
network longevity. 

 

Figure 33. Number of Dead Nodes per Round for Different Protocols for Area Size = 1000. 

 

Figure 34. Number of Dead Nodes per Round for Different Protocols for Area = 2000. 
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Figure 35. Number of Dead Nodes per Round for Different Protocols for Area = 4000. 

 

Figure 36. Number of Dead Nodes per Round for Different Protocols for Area = 5000. 

 

Figure 37. Network Lifetime per Round for Different Protocols (Area Size 5000). 
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Figure 38. SNR per Round for Different Protocols (Area Size 5000). 

 

Figure 39. Energy Consumption per Round for Different Protocols (Area Size 5000). 

In a 5000-meter wireless sensor network, Figure 40 illustrates latency per round for the LEACH, 
PEBAIS, TEEN, and GAF protocols. Initially, latency rises quickly for all protocols, with TEEN 
experiencing the most significant increase. However, all protocols stabilize around 1.8 seconds, with 
LEACH maintaining slightly lower latency throughout the rounds, demonstrating a minor advantage 
in communication delay. GAF and PEBAIS show similar latency paĴerns, and the consistent 
performance across rounds indicates reliable latency management for large network areas, 
positioning LEACH as the most efficient in reducing delays. In Figure 41, throughput per round is 
shown for the same four protocols. Throughput increases in the initial rounds, particularly for TEEN, 
and then stabilizes around 180–190 bps by round 5. GAF consistently achieves the highest 
throughput, with PEBAIS and TEEN following closely, while LEACH has slightly lower 
performance. Overall, GAF maintains a marginal advantage in data transfer rates, making it most 
effective in sustaining high throughput among the four protocols. Figure 42, illustrates the variation 
in Bit Error Rate (BER) for the four protocols LEACH, PEBAIS, TEEN, and GAF over multiple 
simulation rounds. The BER values remain consistently low, ranging between 0 and 0.01, indicating 
reliable network performance with occasional errors. GAF and PEBAIS demonstrate more frequent 
and pronounced spikes, suggesting potential instability in communication reliability during certain 
rounds. In contrast, LEACH and TEEN exhibit relatively stable BER trends across the rounds. 
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Figure 40. Latency per Round for Different Protocols (Area Size 5000). 

 

Figure 41. Throughput per Round for Different Protocols (Area Size 5000). 

 

Figure 42. BER Comparison Across Rounds for Different Protocols. 

5. Conclusions 
The contribution of the present study involves an in-depth review of different WSN 

communication protocols suited for radioactive environments. We focused on four protocols: Low-
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Energy Adaptive Clustering Hierarchy (LEACH), Power-Efficient and Balanced Aggregation in 
Sensor Networks (PEBAIS), Threshold-sensitive Energy Efficient Network (TEEN), and 
Geographic Adaptive Fidelity (GAF). Extensive simulations were conducted involving 200 sensor 
nodes over ten rounds to analyze the performance of these protocols under realistic conditions. 
Simulations were designed with parameters such as an area size of 5000 m², initial node energy of 0.5 
Joules, and a data packet size of 4000 bits, with an energy consumption of 50x10-9 Joules per bit. 

The results reveal the distinct advantages and limitations of each protocol: 
 LEACH demonstrated effective cluster formation and data aggregation, maintaining consistent 

throughput and low bit error rates. However, it exhibited significant fluctuations in energy 
consumption and latency, particularly in the initial rounds, which impacted the overall network 
lifetime and response times. 

 PEBAIS showed superior energy management, stabilizing energy consumption after the initial 
rounds and maintaining zero-bit error rates throughout the simulation. Its latency stabilized at 
around 2 seconds, and throughput remained consistent at approximately 200 bits per second, 
demonstrating its efficiency in reliable data transfer. The SNR in PEBAIS fluctuated between 12 
and 16 dB, indicating challenges in maintaining high-quality signal transmission, although it 
generally outperformed LEACH in this aspect. 

 TEEN, being designed for reactive networks, excelled in scenarios requiring event-based data 
transmission. By transmiĴing data only when certain thresholds were exceeded, TEEN 
minimized energy consumption significantly while ensuring timely responses to critical events. 
However, its performance was sensitive to threshold parameter seĴings, which required careful 
optimization to achieve a balance between responsiveness and energy efficiency. 

 GAF, leveraging geographic location information, demonstrated energy conservation by turning 
off redundant nodes while maintaining routing fidelity. This approach proved particularly 
effective in extending network lifetime, especially in scenarios with sparse node deployment. 
However, GAF’s reliance on location information occasionally introduced latency in scenarios 
where rapid data transmission was required. 
The Network Lifetime metrics highlighted the robustness of PEBAIS and GAF, both exhibiting 

prolonged operational periods due to their energy-efficient mechanisms. TEEN performed well in 
event-driven scenarios, ensuring rapid and reliable responses with minimal energy use, while 
LEACH, despite its efficiency in cluster formation, lagged in sustaining network operations over 
extended periods. The novelty of this work lies in its detailed and realistic evaluation of multiple 
communication protocols under conditions specific to radioactive environments. By incorporating 
advanced metrics such as SNR, BER, and energy consumption, this study provides a comprehensive 
understanding of protocol performance directly applicable to the nuclear industry. These findings 
underscore the potential of WSNs in hazardous environments, where improved protocols for energy 
management and data integrity directly translate to enhanced safety, reduced operational costs, and 
reliable environmental monitoring. In addition, PEBAIS and GAF emerged as robust options for 
sustaining network operations, while TEEN proved ideal for critical event-driven monitoring. Future 
work should explore hybrid models that integrate the strengths of these protocols to further enhance 
the resilience and efficiency of WSNs in challenging environments. These findings provide a valuable 
framework for the development and optimization of WSNs, contributing to more effective and 
sustainable monitoring solutions in the field of environmental radiation detection. 
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energy-efficient wireless sensor network protocols tailored for radioactive environments, contributing to 
improved monitoring and safety mechanisms in critical applications. 
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