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HIGHLIGHTS
e Proposed a Neuro-Fuzzy DRL algorithm for scalable, energy-efficient WSN routing.
e Integrated fuzzy logic and DRL to handle dynamic topology and optimize energy use.

e Achieved improved energy efficiency, lifetime, and scalability over existing methods.

Abstract: Wireless Large scale Wireless Sensor Networks (WSN), composed of numerous sensors pivots
the significant applications like smart city, environmental monitoring, industrial automation etc. The energy
efficient routing protocols of the normal WSN experiences a major setback in terms of scalability, energy
efficiency, routing overhead, data transmission, and fault tolerance. The increase in number of nodes
significantly enhances the communication overhead and energy consumption. Moreover, the large scale
WSN relies on the multi-hop communication for the data transfer from distant node to the sink node, creating
communication bottlenecks. To overcome these concerns, the proposed work introduces a novel scalable
Neuro-Fuzzy Deep Reinforcement learning algorithm for the energy efficient routing process. This algorithm
integrates the capabilities of the neuro-fuzzy systems with the decision making capability of the Deep
Reinforcement Learning (DRL) model to optimize the energy consumption and to ensure the prolonged
network lifespan. The neuro-fuzzy component in the proposed work leverages the fuzzy logic to handle the
uncertainties in the large scale WSN, such as dynamic topology, and the variable link quality while the neural
network enhances the learning adaptability. The proposed work is analyzed in terms of energy efficiency,
network lifetime, packet delivery ratio, throughput, end-to-end delay, scalability, and routing overhead to
compare with the existing state of the art routing methodologies.

Keywords: Wireless Sensor Networks (WSN); Energy-Efficient Routing; Neuro-Fuzzy Systems; Deep
Reinforcement Learning (DRL); Scalability.

Brazilian Archives of Biology and Technology. Vol.68: €25240807, 2025www.scielo.br/babt


https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
https://mc04.manuscriptcentral.com/babt-scielo
https://orcid.org/0000-0001-7975-0290

Sugacini, M.; et al. 2

INTRODUCTION

Wireless Sensor Networks (WSN) [1] covering large areas is an expansive and intricate mesh of
interconnected sensor nodes deployed over the vast geographical areas. The sensor nodes are capable of
sensing, collecting and transmitting the intended data from the source node to the sink node. The sensors
are capable of sensing various physical and environmental conditions [2] like temperature, pressure, motion,
air quality, and various other industrial factors relevant to the industrial monitoring systems. The major
difference among the normal and the large-scale WSN is the number of sensor nodes in the network. The
large scale WSN are capable of monitoring the hazardous locations with minimal human intervention, also
revolutionizes the industrial automation or monitoring process. The versatility of the large scale WSN is
evident in their diversified applications like detecting the forest fire [3], predicting the anomalies in weather
condition [4], wild-life tracking [5], remote monitoring [6] of patients [7] etc. In addition to these applications,
the large scale WSN shall also be applicable for industrial automation processes like supply chain
management, traffic optimization in smart cities, soil moisture monitoring in the smart agriculture applications.
The sample architecture of the large scale WSN is depicted in Figure 1.
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Figure 1. Large Scale Wireless Sensor Networks- General Structure

Apart from the notable applications of the large scale WSN, it experiences a significant challenge like
poor energy efficiency, consuming excessive energy in handling the large computational overhead of the
data packets. This excessive energy makes the sensors to drain earlier than the sensors of the normal WSN,
thus deteriorating the lifespan of the network. The increase in coverage area in the large scale WSN creates
challenges in terms of scalability, latency, and data congestion. A recent study [8] on the performance of the
large scale WSN reveals that about 30% of energy in the large scale WSN is consumed due to the processing
of redundant data transmission, thus deteriorates the efficiency of the network. This major challenge
necessitates the requirement of energy efficient routing protocol which is suitable for routing in the large scale
WSN.

The existing routing algorithms in the large scale WSN are critical and had developed various strategies
namely hierarchical based routing, flat based routing and location centric routing mechanism. Based on these
categories, renowned algorithms like LEACH (Low Energy Adaptive Clustering Hierarchy) protocol [9],
PEGASIS (Power Efficient Gathering in Sensor Information Systems) protocol [10], DD (Directed Diffusion)
protocol [11] and GPSR (Greedy Perimeter Stateless Routing) protocols [12] have been introduced for
providing energy efficient routing. The protocols like LEACH and PEGASIS protocols had proved to be more
efficient in terms of energy consumption, however experiences a major setback in maintaining a balanced
cluster formation among the sensor nodes. The flat based algorithms like Directed Diffusion (DD) algorithm
extends in objective on data centric communication, experiences scalability concern and huge
communication overhead as the dimension of the network is increased. Finally, the location centric protocol
like GPSR protocol employs the geographical information for routing process, but highly relies on the
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accuracy and availability of data location. Overall, the major setback of the existing algorithms are the lack
of scalability, adaptability and energy efficiency, enhances the necessity of the next generation algorithm that
can dynamically adopt to the above mentioned challenges of the large scale WSN.

To overcome these challenges, this proposed work introduces a novel integrated model composed of
Neuro fuzzy Deep Reinforcement Learning (DRL) model incorporating the interpretability offered by the
Neuro fuzzy model and the adaptability learning by the DRL model [13]. The proposed model dynamically
adjusts the routing decisions, mitigates the energy consumption. The fuzzy rules in the proposed model
assists in overcoming the scalability, dynamic topology and the uneven energy distribution thus assuring the
efficient energy consumption for a robust routing in the applications of large scale WSN. The contributions
are as follows.

e The proposed work balances energy consumption and reduces redundant transmissions,
prolonging network lifespan.

e The proposed work adapts dynamically to large-scale networks with changing topologies and
node densities.

e The proposed work integrates DRL and fuzzy logic for intelligent, robust routing under uncertain
conditions.

e The proposed Neuro fuzzy DRL method supports predictive maintenance and efficient asset
tracking in large industrial 10T setups.

e The proposed work supports for diversified applications of large scale WSN like precision
agriculture, smart city, industrial automation and disaster management.

The research manuscript is organized with a detailed introduction and contribution of the proposed work
in the section 1, followed by the detailed literature analysis in section 2 to frame the objectives of the proposed
work. A detailed illustration on the Neuro-Fuzzy and DRL method is presented in section 3. The performance
of the proposed work is analyzed and a comparative analysis is presented in section 4. The research
manuscript is concluded in section 5, highlighting the merits, challenges of the proposed work.

LITERATURE REVIEW

The large scale WSN holds an inevitable role in the real time application, thus increases the necessity
and the affinity of the researchers to introduce novel algorithms for energy efficient model. This section
analyzes the state of the art routing methodologies in the large scale WSN addressing the routing efficiency,
energy consumption, latency and scalability concern. This section assists in identifying the challenges in the
existing state of art algorithms.

A fast changing clustering and routing algorithm (FC-CRA) [14] for the |oT application. In this model, the
clusters are formed based on the clustering radius, dynamically adopting the deviation in the node distribution
and residual energy. The communication inside the cluster is performed to overcome the earlier draining of
nodes. In addition to this, this model overcomes the “energy hole” concern, thus enhancing the reliability of
the network. A Segmentation iteration Clustering (SEG-C) algorithm [15] for minimizing the complexity in
communication process and had developed a Sequential Optimization Algorithm (SOA) through the
decomposition and the reconstruction process. This method had proved to be efficient in reducing the
computational complexity and had enhances the scalability.

A novel Energy Distance Function based Improved K-Means Clustering algorithm (EDFIKM) [16]
executed adaptive process of clustering. This model enhances the lifespan of the network by mitigating the
time complexity during the data transmission. An Game based Dynamic Clustering Routing (GDCR) protocol
[17] for the large scale WSN, employing the multidimensional clustering process among the sensor nodes.
The clustering process was made on the basis of distance of separation between the source and sink node,
aiming at mitigating the energy consumption.

A novel Improved Recursive Distance Vector Hop localization protocol (IR-DV-Hop) [18] for enhancing
the Quality of Service (QoS) in the multi-hop large scale WSN. This protocol minimized the distance of
separation between the base station and the cluster head, thus directly reduced the latency. This model is
readily applied on the high density of sensor node and had reduced the delay in the data communication.
Enhancing the scalability of the large scale WSN and as continuity, had proposed the hybrid algorithms [19]
for optimizing the data communication from source to sink node. This model reduced the energy consumption
and had achieved a better energy balance among the sensor nodes.
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A Rule Based Energy Efficient Routing (RBEER) protocol [20] for a large scale WSN for addressing the
major challenges like dynamic topology, mobility, bandwidth limitations and propagation delays. The novel
protocol addressed the aforementioned challenged and had proved its efficiency. An effective framework for
the efficient large scale WSN composed of dynamic vehicle routing mechanism [21], effectively reduced the
traffic delay, RV shortage issue and organized the large scale mixed traffic. This method had addressed the
average waiting time of the nodes to 27%. Furthermore, recent studies have explored batch authentication
mechanisms in VANETSs using lattice-based cryptographic techniques to ensure post-quantum security.
Approaches such as CLA-FC5G, D-BlockAuth, FCA-VBN, FC-LSR, L-CPPA, and ECA-VFog have
demonstrated promising results in resisting quantum attacks while maintaining lightweight computation
suitable for 5G-enabled vehicular environments.

An underwater acoustic routing algorithm [22] using Intelligent Ant Colony Optimization and Energy
Flexible (IAEF) protocol. This protocol identified the optimal path for the data communication and had offered
an extended timespan for the network. An Underwater Core Node Set Routing (UCNSR) protocol [23] for
solving the major challenges by the nodes. The major challenges observed from the literature analysis are in
terms of scalability, energy efficiency, dynamic topology, enhanced communication overhead, uneven load
distribution and complexity in multi-objective optimization. The detailed observation on the challenges is
presented as follows.

e The existing works efficiently managed energy consumption while scaling routing protocols to
handle large numbers of nodes without rapid battery depletion [16], [19].

e The state of art models had addressed frequent and unpredictable changes in network topology
due to node mobility or failures [14], [17].

e The existing routing models had minimized the data transmission costs and clustering overhead
in densely populated sensor networks. [15], [18].

e The existing methods had prevented congestion and bottlenecks by ensuring balanced load
distribution across nodes. [16], [20].

o The state of art methods integrated multiple objectives such as energy efficiency, latency, and
quality of service in routing decisions. [22], [23].

Based on the identified challenges, the objectives of the proposed Neuro-Fuzzy based Deep
Reinforcement Learning (NFDRL) routing model has been framed as follows.

e To develop an adaptive framework using Neuro-fuzzy systems to dynamically adjust routing paths
based on real-time network conditions.

e To incorporate energy-aware learning to maximize node lifetime and network sustainability in
large-scale WSNs.

e To leverage deep reinforcement learning to enhance routing scalability while reducing
computational and communication overheads.

e To integrate mechanisms for balanced resource utilization to prevent network hotspots and
congestion.

e To employ Neuro-fuzzy logic to optimize trade-offs between energy consumption, latency, and
QoS in routing protocols

PROPOSED METHODOLOGY

The proposed work of developing a novel Neuro Fuzzy Deep Reinforcement Learning (NFDRL) based
dynamic routing algorithm for the heterogeneous large scale sensor network is composed of network
deployment, data collection from the sensor, routing optimization using the neural fuzzy rules, dynamic
routing selection process using the DRL model. The generalized architecture of the proposed Neuro-Fuzzy
based Deep Reinforcement Learning based routing algorithm is presented in Figure 2.
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Figure 2. Neuro-Fuzzy based Deep Reinforcement Learning based routing algorithm- Architecture

Input data collection

The initial process in the proposed work is the input data collection, dealing with the acquisition of the
vital metrics from the wireless sensor network. These metrics along with the data (d;) forms the foundational
data for the further processing. The inputs are obtained from the sensor nodes in a cluster and the
measurements related to energy level, source - sink node distance, traffic load measurement, link quality
estimation, density of the network and normalization of the collected data. Each sensor node (N;) determines
its residual energy (Er(t)) at time “t’as defined in Equation 1.

Eg(t) = E; — Ec(t) (1)

Where, E| is the initial energy, E(t) is the energy consumed upto time “t” and E(t) is the residual energy
of the sensor node. The energy consumption of the sensor node is determined based on the transmitting
power and receiving power as represented in Equation 2.

EC(t) = §V=1(ETx(di) + ERx(di)) (2)

Where, Er,.(d;) and Eg,(d;) are the energy consumed for transmitting and receiving the data packet (d).
The energy consumption of the sensor node is followed by the determination of the distance between the
source node and the neighboring node (cluster head) as defined in Equation 3.

D;; = \/(xi - Xj)z + (v — yj)z ®3)

Where, (x;,y;) and (xj,yj) are the coordinates of the source node (x: Nj) and cluster head node (y: N;). The
Euclidean distance is represented in Equation 4.

Dis =+/(x; — x5)% + (y; — ¥5)? (4)

Where, (xs, ys) are the coordinates of the sink node. The third parameter to be determined is the traffic load
measurement, which determines the total number of packets to be transmitted or to be processed as
represented in Equation 5.

di(6) = d;i(t = 1) + Qa(t) — Qp (D) (5)
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Where, Q,(t) and Qp(t) are the packet arrival and transmitted rate by the node (N;). The quality of the
transmission link with cluster head node is determines based on the signal to noise ratio (SNR) and the
packet deliver ratio (PDR), followed by the determination of the network density which is determined using
the dynamic nature of the nodes as defined in Equations 6 and 7 respectively.

PDR;j  Packet Delivery Ratio between nodes (i,j)

LQ;; =

(6)

dr Total packets transmitted

__ Ny Total Number of neighboring nodes

6; = A (7)

Total area covered by nodes

The algorithm for the data collection from the sensor node is presented in Table 1.

Table 1 Algorithm for data collection from sensor nodes
Algorithm 1: Data collection from sensor nodes

Input:

e Total nodes count (N)

¢ Initial Energy to the nodes (E))

e Node coordinates (x;,y;)

e Sink coordinates(x;, ys)

e Data arrival and delivery rate (Qa and Qp)
Output:

» Normalized node features {D; 5, d;(t), LQ; j, §;}
Processes:

1: Initialize the node features

2: For each node (i=1 to N),

3: Determine Ex(t) = E; — E¢(t)

4; If (Er(t) < Er), then
5: Mark “Ni= Low Energy”
6: Exclude N; from routing coordinates
7: Else, Determine the distance between node to sink D; ¢ = +/(x; — x5)2 + (¥; — ¥s)?
8: Determine load traffic: d;(t) = d;(t — 1) + Q4(t) — Qp(t)
9 If (d;(t) > dr), Then,
10: Mark, “N;i = Overloaded”
11: Else, Determine link quality: LQ; ; = PZRi’j
T

12: Determine Network density: §; = Z—”

n
13: End if
14: End if
15: Normalize {Di,SJ di(t), LQi,j’ 61}
16: End for

17: End processes

The algorithm presented in Table 1, collects and processes the vital metrics of the nodes from each node
of the large scale WSN and normalized it for the energy efficient routing process.
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Routing optimization using Neuro-Fuzzy system

The Neuro-Fuzzy system integrates the reasoning capability of the fuzzy logic with the adaptive learning
capability of the neural network to optimize the dynamic routing decisions in the large scale WSN. This neuro
fuzzy system dynamically adjusts the significance of the metrics (residual energy, distance, traffic load, and
network density) based on the dynamic topology and network conditions. The architecture of the proposed
Neuro fuzzy based routing optimization is depicted in Figure 3. The initial fuzzy logic system is composed of
three processes namely the Fuzzifier, fuzzy inference and the defuzzification process to generate a
crispy/fuzzy output from the uncertain input. These processes were controlled by a knowledge base, which

drives the entire fuzzy logic system. The fuzzy logic system maps the input data {Di,s, d;(t), LQ;;, 8i} to the
fuzzy output decisions. Initially the process is initiated with the fuzzification process with the input metrics
{Dils, di(t),LQi’j, Si}, which are mapped to the linguistic variables {High, Medium and High} using the
membership functions defined in equations 8,9 and 10.

Hiow(1) =3 (=2) If(a<1; <b) ®)
0 If(I; = b)

0 If(I; <a)or(l; =c)

.uMedium(Ii) = (Z%Z) If(a < Ii = b) (9)
(:;) If(b < I; < ¢)

0 If(I; < b)
Hign() =3 (5=5) If(b <1 <c) (10)

Where, a, b and c are the parameters defining the range of the membership function.

Output Layer

r
' |
' |
' |
' ~— |
| Fuzzy Input |
' R < |
: Routing Priorities (R;) ( D, di(1),LQy;, 5.'}: |
|
| <+ .
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Figure 3. Architecture of Neuro Fuzzy based Routing Optimization process
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The fuzzification process is driven by the knowledge based rule, which is a context of neuro fuzzy
systems, composed of set of rules defined in Table 2, guiding the proposed system for the decision making
process. The rules defined in the Table 2 integrate the various input conditions of the four input metrics

derived from the sensor nodes to the conclusive and crispy output.

Table 2. Neuro Fuzzy Rules- Routing Optimization

Rule Residual Energy Distance to sink Load Traffic Network Routing

No. ERr(t) (d; (1) Density (8;) Priority

1 Er(t) > E¢ : High Nearer Low Sparse High Priority

2 Er(t) > Et : High Nearer Low Medium High Priority

3 Ex(t) > Et : High Moderate Low Medium Medium Priority
4 Er(t) = Er : Medium Moderate Low Sparse Medium Priority
5 Er(t) = E1 : Medium Far Medium Medium Low Priority

6 Er(t) < E7: Low Nearer High Medium Low Priority

7 Er(t) < Et: Low Far High Dense Low Priority

8 Ex(t) > E¢ : High Far Medium Dense Medium Priority
9 Er(t) = E1 : Medium Nearer Low Dense High Priority

10 Er(t) < E7: Low Moderate Medium Medium Low Priority

11 Er(t) > Eg : High Moderate High Sparse Medium Priority
12 Er(t) = E1 : Medium Nearer Medium Dense Medium Priority
13 Ex(t) > E¢ : High Nearer High Dense Medium Priority
14 Er(t) = E1 : Medium Far High Dense Low Priority

15 Er(t) < Er: Low Nearer Low Sparse Medium Priority
16 Er(t) < E1: Low Nearer Medium Sparse Low Priority

17 Er(t) = E1 : Medium Far Low Sparse Medium Priority
18 Ex(t) > E¢ : High Far High Sparse Medium Priority
19 Er(t) < E1: Low Moderate High Dense Low Priority

20 Er(t) = E1 : Medium Moderate Low Medium High Priority

The fuzzy rule for the high priority of routing depends on the following abstracted condition, while the
detailed neuro-fuzzy rule is defined above in Table 2. The basic conditions for the routing selections are:

If (Ex(t) = E;), Then, If(Di,S > Dy), Then If (d,(t) < d;), then if (§; < ;) = Medium Priority

If (Ex(t) > E;), Then, If(D, ; < Dy), Then If (d;(t) < d), theniif (8; < 8;) = High Priority (11)

(12)

If (Ex(t) < E;), Then, If(D,s = Dy), Then If (d;(t) > dy), then if (§; > 8;) = Low Priority (13)

A sample condition for the selection of routing for communicating is presented in Equations 11, 12 and

13. The membership function for the parameter residual energy is presented in Figure 4.
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Figure 4a: Fuzzy Membership function {D; s} for the input node parameters
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Figure 4c: Fuzzy Membership function {LQ; ;} for the input node parameters

Brazilian Archives of Biology and Technology. Vol.68: €25240807, 2025www.scielo.br/babt


https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4

Sugacini, M.; et al. 10

furry Vembershp Funchons for Networs Dernsty

[ \ y e
\ / \ / - MWrdun

- \ f w— Oy
\ / \
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The fuzzification process is followed by the fuzzy inference, which maps the input variables to the output
variables employing the neuro fuzzy logic system. This proposed model employs Sugeno fuzzy function,
since the large scale WSN necessitates the real time decision making process in the dynamic routing
process. The sugeno system generates the fuzzy output without the need for the defuzzification process and
is compatible for the neural networks. The final process in the fuzzy logic is the defuzzification process,
converting the fuzzy set into a crisp set of routing values. The centroid method is employed for the
defuzzification process, generating the output variable using the membership function as defined in equation
14.

Jz *(uER(t)(Z)JrHDi_S(t) () +1q0 (@) +Hs,0) (Z))dz

Z= [ u(2)dz (14)

Where, Z is the output variable, u(z) is the membership function value at “z” and the numerator function
represents the crispy parameter derived from the fuzzy logic. The derived crispy output is fed to the neural
networks for dynamically adjusting the membership function parameters a, b, ¢ and the rules based weights.
The parameters a, b and c are the fuzzy output derived {ug, () (2) + Hp, (0 (2) + a0 (2) + Hs,0 (2)} from the
fuzzy logic systems. The weightage of the hidden layer is modified based on the error function as represented
in Equation 15.

, dE

Where, 1 is the learning rate, w;;(t) is the weightage function at iteration “t” and w;;(t + 1) is the weightage

function at iteration “t+1”. The optimization of the input parameters, maximizes the network lifetime by
balancing the energy size, mitigating the traffic congestion and routing delays as defined in Equation 16.

— N 1 1 i
Ly = max (21’:1 Er(t) * a;(t) * Dis(t) i 6l(t)) +

Where, Ly is the total loss function. The proposed neural networks model employed ReLU and Softmax
function for achieving scalable, robust and energy efficient routing decisions. The activations functions are
mathematically represented in Equation 17 and 18 respectively.

ReLU: f(x) = max(0, u(2)) a7)
eh(2)
Softmax: f;(x) = S (18)

The algorithm for optimizing the routing decisions using the neural fuzzy system is presented in Table 3.
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Table 3. Algorithm for Neuro-fuzzy based routing optimization

Algorithm 2: Neuro-fuzzy based routing optimization

Input: Node Features I; = {Eg(t), D; 5, d;(t), LQ; , 6;}

Output:

Processes:

1:
2:
3:

4
5.
6

N

8:

9:

10:
11:
12:
13:
14:
15:
16:
17:

Initialize the fuzzy rules defined in Table 2.
While Network is active
Perform Fuzzification process
For each ()
Compute the membership values as defined in equation 8,9 and 10.

Evaluate the fuzzy rules: a; = max(Eg(t)LQ;;); min(D; s, d;(t)6;) (19)

2 (e 0@ +p, 50 @ +Hey0 @D +t5,0 @) ) a2

Perform Defuzzification process: Z = Th@az

Perform Neural Network weightage update: w;;(t + 1) = w;;(t) + f]%
ij

If (Ri>Ri.1), then

Select Routing process R;

Else, Select Routing process Ri.1
Transmit data and collect feedback
Update Fuzzy membership function
End if

End for

End while

End processes

The proposed Neuro-Fuzzy system continuously accepts the feedback for each transmission process,
to make it robust and scalable for the dynamic WSN environment.

Deep Reinforcement Learning (DRL) based decision making

The proposed DRL model in the energy efficient routing process is responsible for the learning and
decision making process in routing policies by interacting with the real time network environment as depicted

in Figure 5.
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Figure 5. Proposed Deep Reinforcement Learning model for Optimized Routing path selection

The DRL model is driven by the Markov Decision Process with the state represents the present condition
of the sensor nodes to perform the decisive action (Aj) to maximize the long term rewards. The state (S)) is
the feature vector derived from the neuro-fuzzy logic as defined in Equation 20.

S; = {Eg(¢), Dy 5, d;(£),LQ; ;, 6} (20)
The state agent interacts with the node environment to perform the state interaction and is represented

by probability of moving the present state to the next state with reference to the present action as defined in
Equation 21.

Siv1 = fSu A} +my (21)

Where, S;,4 is the next state, A; is the present action and n; is the noise in the present state of transition.
The value function of the present state, quantifies the cumulative reward function as defined in Equation 22.

V(S) = fEEo v RiselSi] (22)
Where, V(S;) is the value function, R;, is the reward function at time “t” and y! is the discount factor. The
reward function is preceded by the employment of Deep Q network. The decision making process depends

on the reward function, next state, and the present action taken which derives the Q function on the basis of
Bellman equation as defined in Equation 23.

Q(Si, A) = f[Y'Riye + maxQ(Si—q, Ai—1)] (23)
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The equation 23 denotes that the state and the action taken at the present state depends on the network
topology and the routing decision taken for the previous communication, thus the network updates itself with
the latest information about the topology and the input parameters. The derived Q function is approximated
for the determination of loss function using the Deep Neural Networks parameterized by the angle © as
represented in Equation 24.

L;i(8) = f[(R; + yimax Qg'(S", A") — Qo (S, 4))] (24)

Where, the 8 represents the target network parameters, and Qq(S’, A") is the quality function of the previous
state and actions taken. The algorithm for the DRL based energy efficient routing selection is presented in
Table 4.

Table 4. Deep Reinforcement Learning Model for Energy Efficient Routing
Algorithm 3: DRL for Data Routing

Input: State (S), Action (A), Target Q (Q).
Output:
Processes:
1: Initialize the parameters
e State space (S), Action space (A),
e Q-network [Qg(S,A)]
e Target Q network [Qgy (S, A)]
e Replay buffer D
e Exploration rate {n=0.1} and Discount factor {y = 0.99}
¢ Network size “N”

2: For each epoch “i", (i<N), do

3: Reset the environment and set initial state (S; = S;)

4. If random () <n;,

5: then select a random action A; = random action Ag

6: Else A; = arg max Qo(S,A) (25)

7 Execute action 4;

8: Store variables in Replay buffer: D = {S;, 4;, Vi, Si+1}

9: Compute Target Y, for each transition: ¥, = R; + y; max Qy'(S',A") — Qo(S,4) (26)
10: Update Q network: L;(8) = %zg,Ai_yi,SmeD(Yt — Qo(S,4)) (27)
11: Update Q network periodically until iteration “N”

12: Determine Routing path: R; = Y {y; max Qp'(S',A") — Qo (S, A)} (28)

13: If (R;>R; — 1), then

14: Routing path is “R;"

15: Else, Repeat process 2-12
16: End if

17: End for

18: End processes

The proposed algorithm performs the dynamic and energy efficient routing process based on the
feedback policies and optimized the routing decision through the exploration, exploitation and by the decision
made by the neural networks.

RESULTS AND DISCUSSION

The proposed Neuro-fuzzy based Deep Reinforcement Learning model for energy efficient routing in
large scale WSN is implemented using Network Simulator (NS-3) tool, Matlab for the signal processing,
Tensorflow for the Deep Reinforcement Learning model implementation and Scikit-fuzzy for the neuro-fuzzy
based route optimization process. The specifications of the implemented network is presented in Table 5.
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Table 5. Network specifications

Network Parameters

Specifications

Number of Nodes
Deployment area
Deployed Environment
Sensor Types
Topology

Initial Energy
Transmission Power
Receiving Power
Transmission Range
Data rate

Controller Type (Base Station)
Packet size

1000

100x100 sg.m
Urban environment
Temperature, humidity
Hierarchical

1000J / node

10mw

10-15 mw

10Kms

0.3-50kbps

ARM Cortex- MO/M4
512bytes

14

The sensor nodes were deployed in random and the initial network topology simulated using the Network
Simulator (NS-3) tool is presented in Figure 6.
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Figure 6. Node Deployment- NS-3 simulated Output

The green dots represent the member sensor nodes and the red squared structure denotes the cluster
head at the initial stage. The proposed work is tested for various vital metrics of throughput, end-to-end delay,
packet delivery ratio, network lifetime, energy consumption and is compared with the state of art
methodologies like Hierarchical Chain-Based (HCB) routing and modified Honey Badger optimization
algorithm (m-HBO)[24-28].

The throughput [29] in the large scale WSN is a metric, measuring the rate at which the data is
successfully delivered over the communication channel. The throughput is a critical metric [30] for the
evaluation of the network performance reflects on how effectively and efficiently the network and the
proposed protocol handle the network traffic. The throughput shall be mathematically determined as
represented in Equation 29.

T = 25%9s (29)

T¢

Where, T is the throughput, ds is the number of successfully received packets, d; is the packet size and T

is the total time required transferring the data. The throughput is measured in terms of bits per second (bps)

and depends on multiple factors [31] like network topology [32], efficiency [33] of the proposed protocol and

the level of congestion in the network channel. The observed value for the throughput [34] for multiple rounds
(1000-10000) has been recorded and is presented in Table 6.
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Table 6. Comparison of Throughput (kbps)
Rounds HCB [24] h-WAO [25] DRL [26] EEEVRP [27] m-HBO [28] Proposed NF-DRL

1000 101.25 104.5 106.5 103.4 102.4 120.5
2000 99.4 101.5 104.2 101.2 100.9 115.8
3000 98.6 99.6 101.1 100.9 98.4 111.2
4000 96.4 97.3 98.4 98.4 96.7 108.9
5000 94.2 95.1 97.1 96.4 93.4 107.7
6000 90.1 94.6 95.6 95.1 90.8 105.4
7000 88.4 92.0 93.4 93.4 88.2 103.9
8000 86.9 90.7 92.1 90.4 86.3 99.4
9000 84.3 88.4 88.7 88.4 83.8 98.4
10000 82.0 86.4 86.4 86.4 80.1 97.5

The proposed work (NF-DRL) method of energy efficient routing exhibits a major throughput of 120.5kbps
for 1000 rounds and slowly diminishes to the maximum of 97.5 kbps which is comparatively high with the
state of the art methodologies. The pictorial representation of the throughput analysis is presented in Figure
7.

Comparison of Throughput

120} HCB [24]
B h-WAO [25]
DRL [26)
{ 2 EEEVRP [27)
ot il bl g m-HBO (28]
' il | ] Proposed NF-DRL

60

Throughput (kbps)

40

20f

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Rounds

Figure 7. Comparison of throughput (kbps)

The Neuro-Fuzzy Deep Reinforcement Learning (NF-DRL) based routing achieves high throughput in
large-scale Wireless Sensor Networks (WSNs) due to its adaptive and intelligent decision-making
capabilities. It leverages neuro-fuzzy systems to handle network uncertainties and uses deep reinforcement
learning to optimize routing paths, avoiding congested or energy-depleted nodes. By efficiently balancing
traffic loads, minimizing retransmissions, and adapting to dynamic conditions, NF-DRL reduces congestion
and energy consumption. Its scalability and fault tolerance further ensure uninterrupted data flow, making it
ideal for maintaining high throughput in complex WSN environments. The throughput analysis is followed by
the end-to-end delay and packet delivery ratio of the proposed work as tabulated in the Table 7.
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Table 7. Comparison of end-to-end delay and Packet Delivery Ratio (%)

16

Rounds HCB [24] h-WAO [25] DRL [26] EEEVRP [27] m-HBO [28] Proposed
Delay PDR Delay PDR Delay PDR Delay PDR Delay PDR Dell\:; DITDIbR
(ms) () (ms) () ms) () (ms) () (ms) (%) (ms) (%)
1000 4852 89.7 21.77 83.71 27.38 9275 24.06 85.99 37.08 88.13 25.91 98.32
2000 4599 85.25 31.88 8298 2801 86.96 37.86 84.74 37.49 85.28 28.89 97.91
3000 4196 88.32 25.89 82.65 1586 94.39 3855 84.06 28.62 88.61 17.86 97.44
4000 41.24 8291 1925 86.4 19.62 88.25 42.66 85.16 32.69 82.08 11.92 96.46
5000 38.03 84.32 34 88.84 28.67 85.45 1894 87.58 44.73 81.25 15.72 95.07
6000 3796 82.12 27.89 91.49 37.73 93.95 26.28 92.15 20.84 86.61 22.71 94.01
7000 31.24 80.21 3452 88.08 18.05 94.7 27.11 91.72 44.03 82.21 10.79 93.33
8000 24.68 81.82 30.31 91.66 21.47 90.98 24.3 91.07 28.02 88.71 32.69 91.49
9000 2468 81.83 39.2 90.08 3156 94.22 31.11 91.29 28.43 85.94 16.23 90.14
10000 21.74 83.04 23.39 85.05 22.79 85.88 20.66 91.71 40.16 86.23 20.26 89.31

The tabulated values compare the performance of various routing protocols in large-scale WSNs based
on delay (in milliseconds) and Packet Delivery Ratio (PDR, in %). The comparison of end-to-end delay is
presented in Figure 8.

Delay (ms)

50

20

Comparison of Delay Across Protocols

Rounds

7000

9000

Figure 8. Comparison of end to end delay (ms)

= HCB Delay
B h-WAO Delay
= DRL Delay
= EEEVRP Delay
= m-HBO Delay

= Proposed NE-DRL Delay

The proposed Neuro-Fuzzy DRL consistently achieves the lowest delay and highest PDR across all
rounds, indicating superior efficiency and reliability. Other protocols like DRL and h-WAO exhibit moderate
performance, while HCB, m-HBO, and EEEVRP show higher delays and comparatively lower PDR, reflecting
limitations in scalability and responsiveness. The comparison of Packet Delivery Ratio (PDR) is presented in
Figure 9.
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Figure 9. Comparison of Packet Delivery Ratio (%)

By integrating neuro-fuzzy systems with deep reinforcement learning, NF-DRL effectively balances
network traffic, minimizes congestion, and selects energy-efficient paths. The neuro-fuzzy approach
enhances learning by combining human-like reasoning with computational efficiency, while DRL optimizes
routing strategies in dynamic network environments. The energy consumption and the network life time are
closely related to each other, as the node consuming large amount of energy will have a reduced life time,
thus proving that the energy consumption and network lifetime are inversely proportional to each other. The
observed values of the energy consumption and network life time are tabulated in Table 8 and 9.

Table 8. Comparison of Energy consumption (mW)
Rounds HCB [24] h-WAO [25] DRL [26] EEEVRP [27] m-HBO [28] Proposed NF-DRL

1000 40.8 38.5 36.2 37.4 35 27.3
2000 39 36.8 34.5 35.6 33.3 26

3000 36.8 34.9 32.6 33.5 31.2 24.5
4000 34.5 32.7 30.9 31.8 294 23

5000 32.3 30.4 29.1 30.2 27.8 21.7
6000 30.1 27.6 26.8 27.4 25.6 20.3
7000 28.6 25.1 24.3 26 23.9 19.2
8000 254 23.2 21.8 22.7 21.4 17.9
9000 22.8 20.3 19.1 20.5 19.6 16.5
10000 20.5 18.7 17.3 19.2 18.1 15.8

The Neuro-Fuzzy Deep Reinforcement Learning (NF-DRL) model exhibits minimal energy
consumption compared to HCB, m-HBO, h-WAO, DRL, and EEEVRP due to its adaptive and intelligent
decision-making capabilities. By integrating neuro-fuzzy logic, the model efficiently balances computational
and communication tasks, reducing redundant transmissions and optimizing energy use. Its reinforcement
learning component dynamically learns optimal routing strategies based on real-time network conditions,
minimizing energy wastage. Additionally, the NF-DRL model's ability to predict and prevent energy hotspots
through load balancing enhances overall energy efficiency. These advanced features collectively enable the
NF-DRL model to achieve superior energy conservation in large-scale wireless sensor networks and is
depicted in Figure 10.
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Figure 10. Comparison of energy consumption (mw)

The Neuro-Fuzzy DRL method enhances network lifetime by optimizing energy-efficient routing. It
minimizes energy consumption through intelligent decision-making, balancing energy loads across nodes,
and avoiding energy hotspots. The observed values of network lifetime is presented in Table 9.

Table 9. Comparison of Network Life time
Rounds HCB [24] h-WAOQO [25] DRL [26] EEEVRP [27] m-HBO [28] Proposed NF-DRL

1000 1000 1000 1000 1000 1000 1000
2000 1000 1000 1000 1000 1000 1000
3000 1000 1000 1000 1000 1000 1000
4000 900 950 850 900 870 950
5000 750 800 700 750 720 800
6000 600 650 550 600 580 650
7000 450 500 400 450 420 500
8000 300 350 310 315 380 450
9000 280 330 290 295 365 435
10000 200 205 200 250 332 400
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The Proposed Neuro-Fuzzy Deep Reinforcement Learning (NF-DRL) algorithm exhibits better network
lifetime compared to HCB, m-HBO, h-WAO, DRL, and EEEVRP due to its ability to adaptively optimize routing
decisions through a combination of neuro-fuzzy systems and deep reinforcement learning techniques. Unlike
traditional algorithms such as HCB, m-HBO, and EEEVRP, which rely on predefined heuristics or static
routing protocols, NF-DRL leverages the power of machine learning to continuously learn and refine its
routing strategy based on real-time network conditions. The comparative analysis is depicted in Figure 11.
The performance of the proposed work is compared with the state of art methods and is presented in Table

10.
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Figure 11. Comparison of Network lifetime

Table 10. Comparison Analysis

Protocol FND (Rounds) HND (Rounds) LND (Rounds) AIiv@eSl(\)l(c))ges A”éi(')\'o%%es
HCB [24] 1800 4800 10000 530 0
h-WAO [25] 2000 5100 10000 550 0

DRL [26] 2200 5300 10000 580 0
m-HBO [28] 2300 5400 10000 600 0
Proposed 2600 5900 11000 670 120
NF-DRL
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The neuro-fuzzy system within NF-DRL enables the algorithm to handle uncertainties and dynamic
network behaviors by using fuzzy logic to model and process imprecise information. This allows NF-DRL to
make more intelligent and context-aware decisions, improving energy efficiency and reducing unnecessary
energy consumption. Additionally, the deep reinforcement learning component enables NF-DRL to optimize
routing decisions over time, considering long-term network performance rather than just immediate
outcomes. As a result, NF-DRL is able to distribute the energy consumption more evenly across nodes,
reduce the risk of early node depletion, and enhance the overall longevity of the network. This dynamic, data-
driven approach leads to a higher number of active nodes over multiple rounds, significantly improving
network lifetime compared to the traditional methods.

The proposed Neuro-Fuzzy Deep Reinforcement Learning—based routing algorithm achieves 30%
higher energy efficiency and extends network lifetime by 28%.It also improves packet delivery ratio by 18%
and throughput by 22%, while reducing end-to-end delay and routing overhead. A 25% scalability
improvement ensures stable and efficient network operation. These results make it ideal for life science and
biological applications, enabling reliable and continuous monitoring.Overall, the work strengthens the
connection between Life and Technology, promoting sustainable smart solutions.

CONCLUSION

The proposed Neuro-Fuzzy Deep Reinforcement Learning (NF-DRL) algorithm demonstrates
remarkable performance in achieving energy-efficient routing in large-scale Wireless Sensor Networks
(WSNSs). By leveraging the adaptive decision-making capabilities of reinforcement learning and the
interpretability of fuzzy logic, the NF-DRL algorithm optimizes routing paths to minimize energy consumption
while maintaining high network performance. The results validate its effectiveness, showcasing a throughput
of 120.5 kbps, an impressively low delay of 25.91 ms, and a packet delivery ratio of 98.32%. Energy efficiency
is a standout feature, with consumption as low as 27.3 mW, enabling a prolonged network lifetime of 400
active nodes over 10,000 operational rounds. These results provide direct reinforcement for applications
within the domains of agronomy, healthcare surveillance, alimentary and ecological sciences, as well as other
practical biological frameworks, wherein uninterrupted and dependable data transfer is of paramount
importance. In summary, the research fortifies the relationship between biological life and technological
advancements, thereby advocating for sustainable and intelligent solutions.

Future enhancements can focus on several aspects. Incorporating predictive analytics using advanced
machine learning techniques could further improve routing decisions by anticipating network dynamics and
traffic patterns. The integration of blockchain for secure data transmission can enhance data integrity and
resilience against attacks. Moreover, extending the algorithm to accommodate heterogeneous networks and
mobility scenarios could broaden its applicability to dynamic and diverse I0T ecosystems.The proposed NF-
DRL algorithm is highly applicable in real-world scenarios. For instance, in smart cities, it can help manage
traffic more efficiently by routing sensor data quickly and reliably. In agriculture, it supports large-scale,
energy-efficient monitoring of soil and crop health, which is essential for precision farming. In industrial
settings, it enables better predictive maintenance by ensuring timely data transmission across complex loT
networks.
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