
Article Not peer-reviewed version

Optimized Wireless Sensor Network

Architecture for AI-Based Wildfire

Detection in Remote Areas

Safiah Almarri * , Hur Al Safwan , Shahd Deya Al Qisoom , Soufien Gdaim , Abdelkrim Zitouni

Posted Date: 21 May 2025

doi: 10.20944/preprints202505.1661.v1

Keywords: forest fire; hybrid WSN; energy efficiency; adaptive routing; artificial intelligence

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4451080
https://sciprofiles.com/profile/4463899
https://sciprofiles.com/profile/4464002
https://sciprofiles.com/profile/4463680
https://sciprofiles.com/profile/2274006


 

 

Article 

Optimized Wireless Sensor Network Architecture for 
AI-Based Wildfire Detection in Remote Areas 

Safiah Almarri 1,*, Hur Al Safwan 1, Shahd Al Qisoom 1, Soufien Gdaim 2 and Abdelkrim Zitouni 
1 

1 Department of Physics, College of Science & Humanities Jubail, Imam Abdulrahman Bin Faisal University, 
Dammam, Jubail 31961, Saudi Arabia 

2 PRINCE Research Laboratory, ISITCom, Sousse University, Sousse 4011, Tunisia 
* Correspondence: Safiamarri.2001@gmail.com; Tel.: +966556364621 

Abstract: Wildfires are complex natural disasters that considerably impact ecosystems and human 
communities. Early detection and prediction of forest fire risk are necessary for effective forest 
management and resource protection. This paper proposes an innovative early detection system 
based on a Wireless Sensor Network (WSN) composed of interconnected Arduino nodes arranged in 
a hybrid circular/star topology. This configuration reduces the number of required nodes by 53–55% 
compared to conventional Mesh 2D topologies, while enhancing data collection efficiency. Each node 
is equipped with temperature and humidity sensor and uses ZigBee communication for real-time 
monitoring of wildfire risk conditions. This optimized topology ensures 41–81% lower latency and 
50–60% fewer hops than conventional Mesh 2D topologies. The system also integrates artificial 
intelligence (AI) algorithms (multiclass logistic regression) to process sensor data and predict fire risk 
levels with 99.97% accuracy, enabling proactive fire mitigation. Simulation results for a 300 m radius 
area show the non-dense hybrid topology to be the most energy-efficient, outperforming dense and 
Mesh 2D topologies. Additionally, the dense topology achieves the lowest packet loss rate (PLR), 
reducing losses by up to 80.4% compared to Mesh 2D. Adaptive routing, dynamic round-robin 
arbitration, vertical tier jumps, and GSM connectivity ensure reliable communication in remote areas, 
providing a cost-effective solution for wildfire mitigation and broader environmental monitoring. 

Keywords: forest fire; hybrid WSN; energy efficiency; adaptive routing; artificial intelligence 
 

Introduction 
Forests are vital for ecological balance, climate regulation, and resource provision, making their 

protection essential [1]. Although forest fires are a natural part of some ecosystems, they increasingly 
pose serious threats to both the environment and human life, especially under dry conditions, high 
temperatures, and strong winds [2]. 

Wireless sensor networks are a key technology for early forest fire detection, offering real-time 
monitoring with high accuracy and minimal human input [3]. By sensing parameters like 
temperature, humidity, and smoke, they enable timely responses that help prevent small fires from 
becoming large- scale disasters, reducing environmental, economic, and human risks [4]. 

WSNs, typically composed of thousands of low-cost, low-power smart nodes, can be deployed 
in various topologies such as star, tree, and mesh architectures [5–7]. They have significantly 
advanced wildfire detection and are widely applied in areas including environmental monitoring, 
target tracking, security, military defense, and healthcare [8, 9]. A key advantage of WSNs lies in their 
ability to integrate multiple energy sources, providing a stable and continuous power supply 
essential for sustained operation [10]. 

The sensor node is a core component of WSNs due to its critical role in establishing 
interconnectivity and enabling data acquisition. It is responsible for collecting, monitoring, and 
transmitting environmental data. Modern sensors are capable of measuring both dynamic and static 
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variables, such as humidity, land gradient, wind direction and speed, and smoke presence [11]. By 
utilizing sensor-based systems, it becomes possible to detect fires in their early stages and support 
informed decision-making for effective fire suppression. 

ZigBee, based on the IEEE 802.15.4 standard, is commonly used in remote forest areas due to its 
low power consumption, reduced latency, and simplicity [12]. It supports communication over 
distances of 10 to 100 meters at a data rate of 250 Kbit/s, with extended range through mesh network 
topology [6]. This mesh topology is particularly beneficial for wildfire detection systems, allowing 
nodes to relay data through others, ensuring reliable communication even in dense forests [13]. 

To extend connectivity and integrate the local ZigBee sensor network with the internet, GSM 
technology is essential [14]. It enables communication between the sink node and the control center, 
offering broader coverage and internet access when available [15]. In wildfire detection systems, a 
central GSM node collects fire location data from sensor nodes and transmits it via SMS to the control 
center. With appropriate routing techniques, a single GSM node can connect to over 1,000 nodes, 
enabling comprehensive monitoring [16]. In areas without internet access, GSM ensures continuous 
data transmission via cellular networks, maintaining uninterrupted communication. 

Artificial intelligence (AI) is increasingly used in wildfire detection systems to improve accuracy 
and response times. AI algorithms, including machine learning, analyze real-time sensor data to 
identify fire indicators such as temperature spikes and smoke, enabling faster detection and more 
efficient resource deployment [3]. 

The proposed fire detection system utilizes a hybrid star/circle topology, combining both 
centralized and mesh network configurations. This approach merges the energy-efficient data 
collection of the star topology with the robustness and redundancy of the mesh network, optimizing 
performance in dynamic wildfire environments. In wildfire-prone areas, this topology offers 
enhanced scalability, reliability, and efficiency. Additionally, the use of ZigBee for communication 
ensures reliable, low-power transmission while maintaining strong security protocols, essential for 
preserving data integrity in remote areas with high signal interference risks.  To analyze real-time 
environmental data, the system employs artificial intelligence (AI) to enhance detection accuracy and 
predict fire behavior, thereby improving response effectiveness and wildfire management. 

The remainder of the paper is organized as follows. We describe the related works in Section 2. 
We present the proposed architecture and methodology in Section 3. Effectiveness and efficiency 
evaluation results are described in Section 4. We conclude the paper in Section 5. 

2. Literature Review 
The detection of forest fires is a critical problem that has garnered significant attention in recent 

years due to its high environmental and economic impact, leading to the development of various 
technologies to overcome the limitations of traditional systems.  WSNs are now central to modern 
wildfire detection, addressing the inefficiencies and delays of traditional methods such as towers, 
cameras, and satellites, which are limited by weather and image acquisition frequency [8]. 

Over the years, WSNs have evolved to address these challenges. Early studies focused on 
integrating WSNs with environmental sensors, including temperature, humidity, and smoke 
detection sensors, to create reliable, low-cost, and energy-efficient monitoring systems. In [17], 
Somov discussed the significant challenges in routing for energy efficiency in WSNs. Gomathi et al. 
presented a ZigBee-based system to enhance the reliability of fire detection while reducing delays 
and energy consumption. Sabit et al. emphasized the advantages of WSNs in real-time fire prediction, 
as their system provides superior spatial and temporal resolution compared to satellite-based 
approaches. 

The integration of Artificial Intelligence (AI) and Internet of Things (IoT) has significantly 
enhanced wildfire detection systems by leveraging real-time environmental data and complex 
algorithms for more accurate and timely predictions. Bahrepour et al. pioneered AI-based fire 
detection systems, using AI to distinguish real from false alarms in residential fire systems. Ko et al. 
developed an intelligent WSN for early detection by analyzing real-time environmental parameters 
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like temperature and smoke. Recent advancements focus on combining machine learning (ML) and 
deep learning (DL) with WSNs for real-time wildfire prediction. For instance, Pradeep et al. proposed 
a robust ML framework leveraging AI for fire events in a variety of environments. Varela et al. 
applied information fusion techniques to enhance detection accuracy, achieving 100% detection in 
controlled settings and emphasizing energy efficiency for real-world applications. Recent works by 
Attia et al. and Bhamra et al. explored using machine learning to improve fire detection accuracy by 
analyzing sensor data for early prediction in diverse environments. These studies focus on dynamic 
WSN configurations and machine learning models to detect fire hazards early, even in remote areas 
[24, 25].  Yang et al. incorporated IoT-based WSN systems with advanced algorithms that fuse 
environmental data in real-time, optimizing power consumption and detection accuracy. In [27], 
Benzekri et al. incorporated deep learning to refine wildfire detection by identifying complex patterns 
in sensor data and images, making the system adaptable to diverse environmental conditions. In [28], 
Mahdianpari et al. developed a hybrid AI model combining CNN and RNNs to predict wildfires, 
significantly reducing false negatives in detection systems.  AI models have been enhanced by hybrid 
IoT-AI systems combining real-time sensor data and satellite imagery. In [29], Avazov et al. 
integrated smoke and gas sensors with deep learning for fire classification, improving monitoring of 
large forest areas by reducing false alarms and enhancing detection accuracy. 

The choice of network topology is crucial for optimizing WSN performance in wildfire detection 
systems. Various topologies, such as ring, star, mesh, and tree, have been explored, each with distinct 
benefits and limitations. Mulligan et al. highlighted the importance of coverage in WSNs and the 
trade-offs between different deployment schemes. Abbasi et al. reviewed energy-efficient topology 
control techniques to enhance data transmission and network efficiency in wireless ad-hoc networks. 
To address the limitations of traditional WSN configurations, some studies have proposed hybrid 
and dynamic topologies. For instance, Jiang et al. introduced a hybrid topology that merges star and 
mesh structures to enhance coverage and fault tolerance in wildfire-prone areas, optimizing energy 
use and communication efficiency for reliable fire detection and fast data transmission. 

In WSNs for wildfire detection, efficient energy use is vital due to remote deployment locations. 
Recent research has focused on techniques like duty cycling, adaptive transmission power control 
(ATPC), and renewable energy harvesting. Cheour et al. advanced this area by integrating hybrid 
solar and wind energy into a WSN model, significantly extending sensor node lifespan in remote 
forest areas where long-term deployment is essential. 

3. WSN Architecture 
The proposed star/circle WSN topology seeks to create a sustainable, efficient monitoring system 

for long-term sensor node deployment across diverse forest types. A key aspect of the methodology 
is determining the optimal number and arrangement of sensors for balanced coverage. Strategic 
deployment tackles challenges posed by varying forest conditions, while efficient placement is 
essential for testing routing protocols, optimizing connectivity and data integrity over different 
distances and densities, and overcoming communication barriers in dense canopies. 

3.1. Star/Circle Topology 

In the proposed WSN topology, nodes are arranged in concentric flat or pyramidal circles based 
on forest type (flat or mountainous), as illustrated in Figure 1. The network design considers forest 
density, terrain, and the use of Zigbee protocol for node communication. Operating at 2.4 GHz, 
Zigbee may face interference from other wireless signals (e.g., Wi-Fi, Bluetooth), especially near 
urban areas. However, this is negligible in the targeted remote forests. Terrain features like hills, as 
well as weather conditions such as rain or fog, can further reduce signal range. Under optimal 
conditions, Zigbee can reach 50 - 100 meters, but in dense vegetation, the range may drop to 10–20 
meters or less. These factors are accounted for in the WSN architecture and sensor node deployment. 
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Figure 1. Deployment of WSN nodes in: (a) mountainous and (b) flat forest scenarios. 

The WSN architecture (Figure 2) combines two topologies: star and circle. In star topology, a 
central sink node is surrounded by four sensing nodes aligned along its axes. Due to the distance 
exceeding their sensing range, these nodes cannot communicate directly with each other. Instead, 
they transmit data to the sink node upon detecting fire or act as intermediaries to relay data from 
nodes in the surrounding circular tiers. 

 

Figure 2. The proposed WSN architecture. 

The circular tiers are centered around the sink node, with radii increasing by multiples of n×r, 
where r is the effective sensing radius. Key nodes are placed along the axes at angles 0, π/2, π, and 
3π/2 in each tier. The spacing between consecutive axis nodes equals the effective sensing radius, 
determined by forest type, density, and terrain. Within each tier, adjacent nodes are placed at 
distances less than or equal to r, ensuring reliable communication when needed. 

In non-dense forests, the distance between circular tiers may exceed the effective sensing radius. 
In this case, data is relayed between nodes along the same circle until it reaches an axis node, which 
then forwards it to the sink. In dense forests, tier spacing is reduced to within the maximum effective 
radius, enabling communication between adjacent tiers. This allows faster data transmission during 
fire spread, enhancing responsiveness. 

3.2. Nodes Deployments 

A key challenge in WSN architecture design is balancing energy efficiency with full area 
coverage, which requires optimal sensor density. As the distance from the network center increases, 
circle radius grows, necessitating more nodes per tier. Based on node count and spacing, a network 
may be classified as dense or sparse. The proposed deployment strategy features low density 
(compared to typical mesh networks), flexibility, and adaptability to different forest types and 
terrains. It also ensures a balanced and organized layout. 

To calculate the total number of sensing nodes: each circle includes 4 mandatory axis nodes. The 
number of nodes in one-quarter of a circle (between two axis points) is computed first, then 
multiplied by four to get the total per circle. These nodes are evenly spaced between axes, based on 
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their number, the circle’s radius, and the effective sensing radius. The overall node count includes all 
circular tier nodes plus the 4 star-tier axis nodes. Consider that: 
• N: total number of sensing nodes in the network, 
• A: area of the forest, 
• R: radius of the flat forest area, 
• NC: total number of circular tiers, 
• r: effective sensing radius, 
• d: distance between two neighboring nodes on a circle (dependent on r), 
• Ni: index (order) of the circle, 
• n: number of nodes in a circle. 
 

The area of a flat forest is given by: 𝐴 =  𝜋𝑅ଶ. Therefore, the radius of the forest area is: 𝑅 = ට஺గ. The total number of circles is then: 𝑁஼ = ோ௥ = ට ஺గ௥మ. 
Equation (1) gives the total number of sensing nodes in the WSN: 

                     (1) 
Note that the function ⌊x⌋ represents the floor function to ensure integer node counts. For 

example, ⌊ଶగସ ⌋ = 1. The simplified network density equation (Equation (1)) is given by the Equation 
(2). 𝑁 = 4𝑁஼ + 4∑ (ே಴௜ୀଵ ቔ௜గସ ቕ + 1)                                                                 (2) 

Once the number of nodes is determined, the next step is to calculate the spacing distance, d, 
between each pair of nodes. To compute the spacing between nodes in each quarter of a circle with 
order Nᵢ, the corresponding circle radius Rᵢ is calculated as a function of the effective sensing radius 
r (𝑅ᵢ = 𝑁௜𝑟). Multiplying this radius by the quarter angle గସ gives the total distance between the two 
axis nodes of the circle, i.e., 𝑁௜𝑟×గସ. Assuming n is the number of nodes required in a quarter of the 

circle (𝑛 = ቔே೔గସ ቕ), the total distance is divided by (n + 1). Thus, for any circle of order Nᵢ, the distance 
d between nodes is given by Equation (3): 𝑑 = ே೔గସ × ௥௡ାଵ ;𝑛 = ⌊𝑥⌋ =  ቔே೔గସ ቕ     ⇒  𝑑 = ே೔గ௥ସ(ቔಿ೔ഏర ቕାଵ)                                  (3) 

For example, in a forest area with R = 1000 m and an effective sensing radius r = 100 m (topology 
with one star and 9 circles), the spacing distance d for 𝑥 = ଺గସ = 4.71   (n = ⌊𝑥⌋  = 4), is calculated as: ଺గସ × ௥ହ = 94.2 m. 

3.3. Routing Algorithms and Applications 

Forests vary greatly in density and topography, ranging from dense, tall-tree areas to open, 
sparsely vegetated spaces, with terrain that can be flat or mountainous. This diversity requires a 
highly adaptable and flexible WSN for effective environmental monitoring. To address these 
challenges, a hybrid network system combining multiple structures will provide comprehensive 
coverage and efficient data transmission across different forest conditions. The hybrid WSN 
architecture ensures adaptability in both dense and open terrains, whether flat or rugged. This 
flexibility allows for the optimization of sensor numbers, efficient deployment, and the selection of 
appropriate routing algorithms. Different routing algorithms can be employed in the proposed 
network configurations. Mixed forests where some areas are treeless, and others are dense or sparse 
can be also encountered. In these forest types, the WSN design excludes the treeless regions, focusing 
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on the other region to deploy the sensing nodes. Figure 3 illustrates some examples of truncated flats 
and mountainous forests and the corresponding nodes deployments. 

 

(a)                             (b) 

Figure 3. Examples of mixed forests: (a) truncated flat forest, and (b) truncated mountainous forest. 

The proposed WSN architecture supports the integration of adaptive, semi-adaptive, and 
deterministic routing algorithms, tailored for wildfire detection. Adaptive routing dynamically 
adjusts paths to network changes, ensuring rapid rerouting during failures—ideal for dense forests 
requiring emergency responsiveness. Semi-adaptive routing balances flexibility and cost, using fixed 
paths but adapting selectively, reducing overhead for non-critical tasks. Deterministic routing is 
limited to redundant setups. For non-dense forests, a hybrid adaptive-semi-adaptive approach 
optimizes adaptability and efficiency. A dynamic arbitration scheme resolves conflicts by prioritizing 
critical data (e.g., fire alerts), queuing lower-priority transmissions to prevent deadlocks and ensure 
timely delivery to the central host. Dynamic arbitration is used to ensure equitable data processing, 
preventing any node from being indefinitely delayed. This hierarchy ensures robustness across 
varying forest topologies and operational demands. 

3.3.1. Routing in Dense Forests 

In dense forests, network tiers are positioned closely (inter-tier distance ≤ effective sensing 
radius) to address high environmental obstruction density. This proximity enables adaptive routing 
algorithms to dynamically reroute data around obstacles (e.g., thick vegetation) through adjacent 
upper/lower tiers if intra-tier paths are blocked. Critical alerts (e.g., wildfires) bypass blockages via 
these verticals reroutes, ensuring delivery to the control center. Inter-tier communication enhances 
resilience by allowing direct data jumps between tiers, eliminating dependency on horizontal paths. 
In mountainous terrain, nodes adopt a conical configuration around peaks to maximize coverage 
across elevations while maintaining tiered connectivity. Figure 4 illustrates an example of possible 
inter-tier adaptive routing in the case of a flat forest. 

 

(a)                   (b) 

Figure 4. (a) Example of inter-tier routing in flat forest, (b) failed node scenario. 

In this example, fires are detected at nodes 8, 10, 14, 15, 17, and 18. The adaptive routing 
algorithm aims to minimize energy use and avoid unnecessary transmissions. Figure 4.a illustrates 
possible paths for forwarding fire alerts to the sink node. For instance, node 14 sends data to node 5 
in the lower tier. When node 5 detects that axis node 1 is busy handling data from node 15 via node 
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6, it forwards the message to node 12. To reduce latency and prevent data blocking, node 12 routes 
through node 4, which may also be receiving from node 10. If nodes 10 and 12 simultaneously request 
access to node 4, dynamic arbitration decides the priority - e.g., if node 12 arrives first, node 10 is 
queued. Alternatively, node 5 could wait until axis node 1 becomes free.  Adaptive inter-tier routing 
also proves effective when nodes fail. As shown in Figure 4.b, if node 15 detects that node 6 is inactive, 
it reroutes its data through node 14 to maintain communication continuity. 

3.3.2. Routing in Non-Dense Forests 

In non-dense mountainous and flat forests, where vegetation and trees are sparsely distributed, 
the number of WSN tiers and nodes is optimized accordingly. The spacing between consecutive 
circles can exceed the maximum sensing radius, concentrating nodes in areas with vegetation. Axis 
nodes are always present, with consecutive ones separated by the effective sensing radius. In this 
setup, inter-tier routing is disabled - nodes cannot transmit across different tiers. The hybrid 
Adaptive–Semi-Adaptive routing algorithm is ideal here. Nodes within each tier are divided into 
quadrants, and data transmission is limited to neighboring nodes within the same tier and quadrant, 
either clockwise or counterclockwise. Data is relayed within the circle until it reaches the appropriate 
axis node, which then forwards it along the axis path to the sink node. 

Figure 5 illustrates the application of the hybrid Adaptive–Semi-Adaptive routing in forest fire 
scenarios. Inter-tier and inter-quadrant communication is restricted, allowing only clockwise and 
counterclockwise data flow within the same quadrant and tier. Fires are detected at nodes (0, 4, 6, 8, 
9, 14, 15, 18, 20). Blue arrows represent data originating from the node itself, while red arrows indicate 
forwarded data.   0 Nodes 1 to 4 on the star-shaped circle send data directly to the sink. Node 15 routes 
its data to the nearest axis node 16, which forwards it along the axis to the sink. If node 7 receives 
simultaneous data from node 6, a two-level dynamic arbitration is applied. Similarly, node 9, which 
has a fire and receives data from nodes 8 and 19, triggers a two-level arbitration if data arrives at 
once. In case of a fire at the sink (node 0) while receiving data from its four surrounding nodes, a five-
level dynamic arbitration ensures GSM-based transmission to the control center proceeds smoothly. 

 
Figure 5. Example of hybrid Adaptive–Semi-Adaptive routing for fire traffic. 

3.4. Latency and Packet Loss 

The total end-to-end latency L is calculated using the following Equation (4) [34, 35]. 𝐿 = ℎ. ൫𝑡௧௫ + 𝑡௣௥௢௖ + 𝑡௤௨௘௨௘൯ + 𝑡௥௘௥௢௨௧௘                                                  (4) 

With: ℎ:  number of hops, 𝑡௧௫:  transmission time per hop, 𝑡௣௥௢௖:  processing time per node, 𝑡௤௨௘௨௘: queuing delay per node, 𝑡௥௘௥௢௨௧௘: additional delay due to adaptive rerouting. 
For the hybrid dense topology, the vertical rerouting enables direct jumps between tiers 

(concentric circles), eliminating intra-tier detours. Each tier has a radius increment of 100 meters 
(distance from the sink). Therefore, the diameter increment per tier is 2×100 m =200 m. The number of 
hops is given by Equation (5). 
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ℎ = ට ୈ୧ୟ୫ୣ୲ୣ୰୘୧ୣ୰ ୢ୧ୟ୫ୣ୲ୣ୰ ୧୬ୡ୰ୣ୫ୣ୬୲ = ටୈ୧ୟ୫ୣ୲ୣ୰ଶ଴଴      (5) 

In fact, since hybrid dense topology allows data to jump vertically between tiers, bypassing 
horizontal obstacles, the number of hops is reduced compared to purely horizontal routing. The 
square root reflects the multi-dimensional optimization of the network. 

For the hybrid non-dense topology, there is no vertical rerouting, and data travels intra-tier to 
axis nodes, then sequentially to the sink. The number of hops is given by Equation (6). ℎ = ୈ୧ୟ୫ୣ୲ୣ୰ଶ଴଴ + 𝑙𝑜𝑔ଶ(ୈ୧ୟ୫ୣ୲ୣ୰ଶ଴଴ )     (6) 

In fact, in non-dense topology, vertical rerouting between tiers is disabled. Instead, data must 
travel horizontally within the same tier until it reaches an axis node. This introduces two 
components to the total hop count (Tier-to-Tier Hops: Basic linear scaling with diameter (ୈ୧ୟ୫ୣ୲ୣ୰ଶ଴଴ ), 
and Intra-Tier Detours). Intra-Tier detours are additional hops required to navigate within a 
tier to reach the nearest axis node. The logarithmic term approximates the average number of detour 
hops needed to reach an axis node within a tier as the network scales. It ensures the hybrid topology 
remains efficient in non-dense forests, even without vertical rerouting. This approach balances 
realism and simplicity, reflecting observed routing behavior in sparse deployments.  

The above equations show that the proposed topology requires fewer hops than the 2D Mesh, 
which suffers from linear hop growth and no vertical rerouting, causing higher latency. The number 
of hops in the case of the 2D Mesh topology is given by Equation (7). ℎ = ୈ୧ୟ୫ୣ୲ୣ୰୅୴ୣ୰ୟ୥ୣ ୦୭୮ ୢ୧ୱ୲ୟ୬ୡୣ ୢ୧ୟ୫ୣ୲ୣ୰ = ୈ୧ୟ୫ୣ୲ୣ୰ହ଴        (7) 

In fact, the 2D Mesh topology, nodes are placed in a grid where each node communicates directly 
with its immediate neighbors (up, down, left, right). So, the average hop distance (50 m) ensures 
reliable communication between nodes while balancing signal strength. 

The Packet Loss Rate (PLR) depends on the topology number of hops h as shown in Equation (8) [36, 
37]. So, packet PLR varies significantly across the proposed topology and the 2D Mesh topology due 
to differences in routing efficiency and hop-count scaling. 𝑃𝑅𝐿 = 1 −∏ (1 − 𝑃௟௢௦௦,௜௛ூୀଵ )      (8) 

3.5. Sensor Nodes Arbitration 

ZigBee, based on IEEE 802.15.4, is optimized for low-power, low-data-rate wireless 
communication [38]. Efficient packet structure is essential for performance. In the proposed design 
(Table 1), the payload allocates two bytes for device ID, two for a unique header (UH) to ensure 
reliable delivery, one byte for priority and status flags (e.g., battery level, sensor errors), and two 
bytes for temperature and humidity readings. 

 

Table 1. Payload frame. 

UH ID  Priority level Temperature Humidity 
2 bytes 2 bytes 1 byte 1 byte 1 byte 

Unlike static arbiters, dynamic arbiters can adjust priority orders in real time [39], enabling more 
effective bandwidth allocation. Their primary advantage lies in their ability to prevent starvation, 
making them well-suited for shared-access systems such as Multiprocessor Systems on Chip 
(MPSoC) and Networks on Chip (NoC), especially in asynchronous systems [40 – 44]. In WSNs, 
arbitration schemes address issues of fairness and starvation while optimizing energy consumption 
during communication [45 – 49]. These schemes are typically implemented on the Medium Access 
Control (MAC) layer, where conventional protocols often lack prioritized channel access and may 
suffer from inconsistent fairness. 
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To handle access conflicts in the proposed forest fire detection system, where multiple sensor 
nodes may simultaneously attempt to reach the same intermediate node, a dynamic arbitration 
mechanism is implemented within each router. This mechanism assigns priorities based on fire 
urgency, reducing the average response time to the control center. Each data frame includes two 
priority bits (high: 10, medium: 01, low: 00) embedded as the first two bits of the priority level byte. 
Priority is determined by fire severity and the estimated likelihood of occurrence, as evaluated by an 
AI model analyzing temperature and humidity data. 

Under the proposed strategy, the sensor node with the highest priority is granted access during 
each request. If multiple nodes share the same priority, access is rotated in a round-robin manner 
after each successful transmission. Once access is granted, the requesting node is moved to the end 
of the priority queue, preventing resource domination and ensuring fair access. Figure 6 illustrates 
the round-robin priority shift: when requester Xi seeks access and Xj was the most recently served, Xj 
holds the lowest priority. Xi gains the highest priority only if none of the requesters between Xj+1 and 
Xi-1 have submitted access requests. 

 
Figure 6. Round-robin priorities shift mechanism. 

Based on the above specifications, the round-robin algorithm implemented in the sensor node 
arbiter is illustrated in Figure 7. 

 
Figure 7. Round-robin algorithm. 

3.6. AI-Based Fire Risk Prediction Approach 
To enhance fire hazard prediction and improve system accuracy, artificial intelligence (AI) 

techniques were integrated into wireless sensor network (WSN) nodes. For predictive modeling, 
Multiclass Logistic Regression algorithms were used to derive equations that relate temperature and 
humidity measurements to the three fire risk levels: low, medium, and high [50]. These models were 

Wait until any X(i) = 1 for i = 0 to n-1; 

status = X(0 : n-1);  // Array indicating active requests 

Nb = CalculateRequesterNumber(status);  // Determine number of active requests 

switch (Nb) { 

    case 1: 

        i = N(status);  // N is the rank register 

        Z(i) = 1;  // Grant access to the highest priority requester 

        Wait until X(i) = 0;  // Wait until the requester finishes access 

        Z(i) = 0;  // Deactivate the grant 

        j = FetchPriorityOrder(P, i);  // Determine the order of the granted requester 

        P = Concatenate(P[(j + 1) to n-1], P[0 to (j - 1)], P(j));  // Update priority list in round-robin 

manner 

. 

. 
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trained on real environmental data, enabling the system to adapt to various conditions. Once the data 
packet is received and verified, the receiver computes the fire risk probability using Equation (9): 𝑓 = 𝑎𝑡 + 𝑏ℎ + 𝑐          (9) 

Here, t is temperature, h is humidity, a and b are coefficients from training that reflect their 
influence, and c is a bias term to improve accuracy.  This equation was developed through several 
stages. Initially, a large meteorological dataset containing temperature, humidity, and other weather 
variables (wind speed, pressure, visibility) from 13 cities in Saudi Arabia was used, including over 
249,000 recorded entries [51]. 

The digitized data was divided into training and testing sets to ensure effective evaluation. 
Temperature and humidity served as inputs, while fire risk levels were the outputs.  To handle 
classification, a multi-class logistic regression model was built using the scikit-learn library. It was 
configured to classify inputs into the three risk categories. During training, the model adjusted 
coefficients (a, b) and the bias term c to link inputs with risk levels. It produced three output values 
(𝑓ଵ , 𝑓ଶ , 𝑓ଷ ), each representing a fire risk category. The highest value determined the final risk 
classification. 

4 . Experimental Results 
The performance of the proposed system was evaluated using Proteus 8 Professional and 

CapCarbone simulation tools [52, 53]. 

4.1. Proteus Simulation 

Proteus was used to simulate the hardware functionality of both the transmission and receiving 
nodes. Each node was built around an Arduino Uno microcontroller. The transmission node 
incorporated a DHT11 sensor to measure temperature and humidity and used an XBee ZigBee 
module for wireless communication. The receiving node, also equipped with an XBee module, 
relayed the data to a central monitoring station via a GSM SIM900D module. This module sends alert 
notifications over the mobile network, including the fire status, its computed index, and the 
corresponding temperature and humidity readings [55]. 

Multiclass logistic regression is used for predictive AI modeling to classify fire risk based on 
temperature and humidity. The categorical fire risk variable is encoded numerically (0 = Low, 1 = 
Medium, 2 = High) to enable supervised learning. The model is trained using an 80/20 train-test split 
and achieves 99.97% accuracy, evaluated with a custom accuracy function. Decision boundaries are 
visualized to illustrate how the model distinguishes between risk levels. The system also supports 
real-time prediction for new inputs and calculates raw scores using the model’s learned coefficients. 

Figure 8.a illustrates the relationship between temperature (x-axis), humidity (y-axis), and fire 
occurrence (color scale). Each point represents a data sample, with color intensity reflecting fire 
likelihood on a continuous scale from 0 (no fire) to 2 (high risk). The plot shows that high 
temperatures and low humidity correlate with increased fire risk, highlighted by the concentration 
of yellow points in the lower-right region. 

    

        (a)                                               (b) 
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Figure 8. (a) Correlation between temperature, humidity, and fire occurrence, and (b) Fire risk output values for 
input conditions: Temperature = 32°C, Humidity = 65%. 

As illustrated in Figure 8.b, for a temperature of 32°C and a humidity level of 65%, the three 
output values (Equation (10), (11), and (12)) generated by the equation corresponding to the fire risk 
levels are as follows: 𝑓ଵ = −10.75𝑡 +  0.084ℎ +  350.05 ≈  11.45        (10) 𝑓ଶ  =  1.13𝑡 +  0.07ℎ −  0.22 ≈  40.50      (11) 𝑓ଷ  =  9.62𝑡 −  0.15ℎ −  349.83 ≈  −51.95     (12) 

Since the highest value corresponds to equation 𝑓ଶ , the resulting risk level is classified as 
medium, which aligns with the simulation result as shown in figure. 

4.2. WSN Simulation 

The CapCarbone Network Simulator was used to evaluate the topology, routing, and energy 
efficiency of the wireless sensor network (WSN) across different forest environments. Simulations 
covered both dense and sparse forest scenarios, with performance compared to the conventional 2D 
Mesh topology. Three routing techniques were implemented: Adaptive Inter-tier Routing (for dense 
forests), Hybrid Adaptive–Semi-Adaptive (for sparse forests), and Adaptive Routing for the 2D 
Mesh. Figure 9 shows two WSNs designed with CupCarbon for Mesh 2D and Star/Circle topologies . 

 

(a)                                                               (b). 

Figure 9. WSN Topologies designs using CupCarbon, (a) Mesh 2D, and (b) Star/Circle. 

4.2.1. Topology Deployment Efficiency 

The proposed Star/Circle topology employs structured circular arrangements to prioritize 
coverage in high-risk wildfire zones while reducing redundant node deployment. Figure 10 presents 
a comparison of node distribution strategies in WSN-based wildfire detection, contrasting the 
conventional 2D Mesh topology with the proposed Star/Circle approach. The node count for the 2D 
Mesh topology is calculated using Equation (13) [56]. 𝑁 = 2𝐴𝜋𝑟ଶ√27                                                                                              (13) 

The results show that as the monitored area increases, the Star/Circle topology becomes 
significantly more efficient than the 2D Mesh. While both topologies require the same number of 
nodes at small scales (e.g., 100 m radius), the Star/Circle approach reduces node count by 53% at a 
1,500 m radius and by 55% at 3,000 m. This highlights its advantage in large-scale wildfire detection 
by improving energy efficiency and lowering deployment costs. 
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Figure 10. Comparison of Star/Circle and 2D Mesh Topology Deployments. 

4.2.2. Latency and Packet Loss Analysis 

Figure 10 presents tests conducted for forest areas with diameters ranging from 500 m to 3,500 m. 
The total end-to-end latency L is calculated using Equation (4), assuming identical operating 
conditions across the three topologies. (𝑡௧௫ = 0.2 𝑠, 𝑡௣௥௢௖ = 0.1 𝑠, and 𝑡௤௨௘௨௘ = 0.3 𝑠, 𝑡௥௘௥௢௨௧௘ = 0.5 𝑠). 

 

Figure 11. Latency comparison between star/circle and 2D Mesh topologies. 

The test results indicate that the proposed hybrid star/circle topologies demonstrate a significant 
latency advantage over the traditional 2D Mesh topology. The hybrid dense topology leverages 
vertical rerouting between tiers (with 100 m radius increments), reducing hop counts by 50–60% 
compared to non-dense and 2D Mesh topologies. This structural efficiency enables the dense hybrid 
architecture to achieve 41–47% lower latency than the non-dense hybrid and 73–81% lower latency 
than the 2D Mesh. The non-dense hybrid, while constrained by intra-tier routing, still outperforms 
the mesh by 55–65% due to axis-based path optimization.  While the non-dense hybrid lags slightly 
behind its dense counterpart, both significantly outperform the mesh in terms of energy efficiency 
and resilience to obstacles.  

The Packet Loss Rate is calculated using Equation (14). Despite assuming a uniform per-hop 
loss, the proposed Star/Circle topology outperforms the 2D Mesh in terms of packet delivery 
efficiency (𝑃௟௢௦௦,௜ = 0.02) as shown in Figure 12.a. 𝑃𝑅𝐿 = 1 − (1 − 0.02)௛=(1 − 0.98)௛               (14) 

PLR varies significantly across the three network architectures due to differences in routing 
efficiency and hop-count scaling. The dense hybrid Star/Circle performs best, with PLR rising 
gradually from 3.96% (500m) to 14.87% (3500m). The non-dense hybrid shows faster PLR growth, 
reaching 31.09%, while the 2D Mesh performs worst, with PLR climbing to 75.81% due to inefficient 
scaling.  At 3500m, the dense hybrid reduces PLR by 52.2% compared to the non-dense hybrid and by 
80.4% compared to the 2D Mesh. These results highlight the importance of efficient, adaptive inter-
tiers routing. Dense hybrid’s design limits hop buildup, making it ideal for real-time, low-latency 
applications like wildfire detection. 
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Figure 12b presents the simulation results generated by the CapCarbone tool for a 300 m area, 
considering that ZigBee/IEEE 802.15.4 is limited in range and sensitive to interference, and that sleeps 
are not scheduled. These results show that the dense hybrid Star/Circle topology achieves the lowest 
PLR for all fire diffusion percentages (20%–80%), with a 17.3% improvement over 2D Mesh and 11.7% 
over non-dense at 60% diffusion. At 80%, dense maintains 80.2% PLR, while non-dense and Mesh 2D 
exceed 91%. These high PLR values are explained by the fact that non-dense and Mesh 2D topologies 
are more affected by simulation considerations about ZigBee limitations and the absence of sleep 
scheduling. As fire spreads, node failures increase, degrading connectivity and amplifying packet 
loss. This explains that the dense topology’s adaptive routing dynamically reroutes data around 
compromised nodes, whereas non-dense and Mesh 2D networks suffer from redundant hops and 
inflexible paths. 

   

Figure 12. PLR Comparison Across Topologies: (a) Varying Diameters, (b) Diameter = 300 m. 

4.2.3. Energy Dissipation Analysis 

The simulation results generated by the CapCarbone tool (Figure 13) for a 300 m area 
demonstrate distinct energy dissipation patterns across the three network topologies, dense, non-
dense, and Mesh 2D in a small-scale wildfire monitoring area. 

 

Figure 13. Power dissipation analysis in a 300 m coverage area. 

Particularly, the non-dense topology shows higher energy efficiency at all fire diffusion rates 
(20%, 40%, 60%) compared to dense and Mesh 2D. This efficiency stems from its simplified single-
tier architecture, which minimizes routing complexity, reduces hop counts, and avoids the overhead 
of dynamic inter-tier management needed in the dense topology. However, dense topologies excel in 
large-scale deployments through vertical rerouting and redundancy, their multi-layered design 
becomes counterproductive in confined areas, introducing unnecessary energy expenditure for 
maintaining tiered connections. In contrast, Mesh 2D topology leads to the highest energy 
consumption due to linear hop scaling and lack of adaptive routing, judging it inappropriate for 
dynamic wildfire environments. The non-dense topology’s lower energy demand also aligns with 
optimized duty cycling, where nodes prioritize sleep modes during low activity and employ efficient 
burst transmissions under higher fire rates. These findings emphasize the vital role of topology 
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adaptability: non-dense balances simplicity and functionality for small areas, whereas dense’s 
strengths emerge in expansive, obstruction-rich terrains. The results validate the paper’s emphasis 
on context-aware network design, promoting for topology choice based on deployment scale and 
environmental dynamics to improve energy sustainability in remote wildfire detection systems. 
Further investigation into advanced duty-cycling protocols and real-world validation could refine 
these models for broader applicability. These results align with theoretical predictions as given by 
Equation (15). In fact, the non-dense topology established higher energy efficiency in small-scale 
deployments due to reduced hop counts and simplified routing, while the dense topology’s multi-
tier overhead underperformed in confined areas, as expected. Mesh 2D’s rigid grid structure 
confirmed its inefficiency, validating theoretical critiques of linear hop scaling and lack of 
adaptability in dynamic wildfire scenarios. 𝑃௧௢௧௔௟ = 𝑁ൣ𝐷(𝑃௧௫ + 𝑃௥௫ + 𝑃௜ௗ௟௘) + (1 − 𝐷)𝑃௦௟௘௘௣൧ + 𝐶(ℎ − 1)(𝑃௧௫ + 𝑃௥௫)                   (15) 
With:  
• N: Number of nodes in the network. 
• D: Duty cycle (fraction of time active), proportional to fire rate (e.g., D = 0.2 at 20% fire rate). 
• Ptx, Prx, Pidle, Psleep: Power consumed in transmit, receive, idle, and sleep states. 
• C: Number of data packets transmitted. 
• h: Average hop count (depends on topology). 

5. Conclusion  
This paper describes an energy-efficient and scalable WSN architecture fitted for early wildfire 

detection in remote locations. By using a hybrid star/circular topology combined with adaptive 
routing protocols and round-robin dynamic arbitration, the proposed architecture exhibits sizable 
advances relatively to conventional Mesh 2D topologies. It realizes a 53–55% drop in node 
deployment, 41–81% lower latency, and 50–60% fewer routing hops. Simulation results shown over 
a 300 m radius confirm the advantage of the non-dense topology in energy consumption (0.0425–
0.0832 W), while the dense configuration proves most effective in optimizing PLR, achieving up to 
an 80.4% reduction compared to Mesh 2D topologies. 

Furthermore, the integration of artificial intelligence (multiclass logistic regression), allows high-
precision fire risk prediction (99.97% in terms of accuracy) based on temperature and humidity sensor 
inputs. Combined with ZigBee and GSM technologies, the system guarantees robust communication 
in areas with limited or no internet coverage. 

These results emphasize the system’s practical advantages, involving cost-effective deployment, 
adaptability to diverse areas, and improved sensitivity to fire risks. This architecture provides a 
promising foundation for next-generation wildfire detection systems and has the potential to support 
open environmental examining initiatives globally. 
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