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ABSTRACT: The rapid growth of the Internet of Things (IoT) has led to dense wireless sensor networks (WSNs)
deployed in critical applications such as smart cities, industrial monitoring, and healthcare. However, energy con-
straints, unpredictable communication delays, and inefficient data aggregation remain significant challenges that limit
network reliability and operational lifespan. Traditional approaches often fail to balance delay minimization with energy
efficiency, especially in large-scale or dynamic networks. To address these issues, this study proposes CTSO-DRNN, a
novel framework that integrates Chronological Tangent Search Optimization (CTSO) with a Deep Recurrent Neural
Network (DRNN) for accurate delay prediction and optimized data aggregation. The framework constructs Link Delay-
Distance (LDD) trees to guide hierarchical communication and leverages CTSO to optimize the DRNN for predicting
network delays, enabling adaptive scheduling and energy-aware operation. Experimental findings from simulated
WSNs comprising 100 to 250 nodes indicate that the CTSO-DRNN approach decreases the average communication
delay by roughly 28% to 60%, increases link lifetime by 8% to 30%, and reduces routing distance by 14% to 25%
when compared to various leading-edge techniques across diverse network densities. These improvements highlight
the framework’s ability to maintain low latency, prolong network operation, and enhance overall energy efficiency.

KEYWORDS: Internet of Things (IoT); wireless sensor networks; deep recurrent neural network; chronological tangent
search optimization; data aggregation

1 Introduction
The rapid expansion of the Internet of Things (IoT) has enabled real-time monitoring, predictive

analytics, and automation across domains such as smart cities, industrial automation, and environmental
monitoring. These applications rely on interconnected sensors that continuously gather and transmit
substantial volumes of data [1,2]. However, as IoT deployments scale, maintaining reliable, energy-efficient,
and low-latency communication becomes increasingly challenging, especially in dynamic and resource-
constrained wireless sensor networks [3].

Among the key challenges, efficient data aggregation and timely data transmission remain critical
bottlenecks. The Link-Delay-Distance (LDD) constraint shaped by node distance, link quality, and delay
significantly affects the reliability and latency of communication in large-scale IoT environments [4,5].
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These challenges are further intensified by network congestion, interference, dynamic node mobility, and
limited battery resources [6,7]. Traditional aggregation techniques often fail to adapt to rapidly changing
topologies and heterogeneous network characteristics, resulting in increased delay, energy consumption, and
reduced network lifetime [8,9].

To address these issues, recent research has explored optimization-based and machine-learning-driven
methods. Metaheuristic algorithms show promise for improving aggregation scheduling, while deep learning
models, especially recurrent neural networks, have been utilized for predicting link stability and temporal
variations in delay [10–15]. However, existing approaches typically treat spatial optimization and temporal
prediction as separate problems, limiting their effectiveness in highly dynamic IoT environments.

To overcome these limitations, this study introduces CTSO-DRNN, a hybrid framework that inte-
grates Chronological Tangent Search Optimization (CTSO) with a Deep Recurrent Neural Network
(DRNN) [16,17]. The novelty of the proposed approach lies in its ability to simultaneously address spatial
optimization and temporal delay prediction within a unified model. CTSO dynamically selects energy-
efficient and low-delay aggregation paths, while DRNN forecasts future link delays to support proactive
scheduling under fluctuating network conditions [17,18]. By coupling optimization with predictive modeling,
CTSO-DRNN provides a more adaptive and resilient solution for large-scale IoT data aggregation.

The proposed framework is evaluated through extensive simulations with key performance indica-
tors including delay, communication distance, and link lifetime. Results demonstrate that CTSO-DRNN
significantly enhances network efficiency and reliability, providing a scalable solution for modern IoT
environments.

The major contributions of this work are summarized as follows:

• A novel hybrid framework combining CTSO with DRNN is proposed for efficient data aggregation in
IoT networks, addressing the critical challenges associated with LDD constraints.

• The CTSO algorithm dynamically optimizes the data aggregation schedule by minimizing delay, link
distance, and energy consumption, while the DRNN model enables accurate delay prediction under
dynamic network conditions.

• A new aggregation scheduling strategy is developed that adaptively selects optimal paths based on
predicted delay and link stability, improving the overall data transmission reliability and extending
network lifetime.

• Comprehensive simulations are conducted to evaluate the performance of the proposed framework,
with key performance indicators including delay, link lifetime, and communication distance, demon-
strating the effectiveness of the CTSO-DRNN model in large-scale IoT deployments.

The rest of the paper is organized as follows: Section 2 reviews related works, Section 3 describes the
system model and problem formulation, Section 4 presents the proposed methodology, Section 5 discusses
simulations and results, and Section 6 concludes the study.

2 Related Works
Data aggregation and delay-aware routing in IoT-based WSNs have been extensively studied to improve

energy efficiency, latency, and scalability. Early scheduling solutions such as Guo et al. [4] addressed the
minimum-latency aggregation problem through combinatorial optimization and reported a reduction in
aggregation completion time of about 15%–22% compared to conventional scheduling methods. Neverthe-
less, their model assumes a static network topology and does not explicitly model energy consumption.
Similarly, Bagaa et al. [14] illustrated that optimized aggregation trees can decrease latency by almost
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20% in moderate-scale networks; however, their survey also reveals performance decline in large-scale
implementations due to scalability constraints.

To address energy efficiency, several routing protocols have been proposed. Sennan et al. [12]suggested
an energy- and delay-aware routing protocol utilizing compressed sensing, resulting in about a 30% decrease
in redundant transmissions and nearly 18% energy savings. Nevertheless, the signal reconstruction process
adds extra delay during periods of heavy traffic. Haseeb et al. [19] presented LSDAR, which enhances routing
reliability and lowers energy consumption by roughly 12%–15% in sparse networks, yet its effectiveness
diminishes in dense and highly dynamic settings. RADAS [20] achieved a reduction in end-to-end delay
of approximately 10%–18% through the implementation of reverse scheduling; however, it does not provide
support for scenarios involving deadline constraints and multi-channel communication.

More recently, machine learning and intelligent optimization techniques have been explored. Nabil
et al. [11] analyzed the trade-offs between aggregation granularity, reliability, and delay in large-scale IoT
networks and showed that adaptive aggregation can improve packet delivery and reduce delay, though
real-time prediction mechanisms were not considered. Vo et al. [21] utilized reinforcement learning for delay-
aware scheduling, resulting in an adaptive latency reduction of around 20%–25%. Nonetheless, the training
overhead and convergence time significantly increase as the network size expands. Bajpai and Yadav [17]
introduced a hybrid framework that combines machine learning and metaheuristics, enhancing energy
efficiency by nearly 17%. However, this approach depends on offline training and utilizes static parameters.

Metaheuristic optimization approaches have also been investigated to balance multiple objectives.
Saranraj et al. [10]employed MOMLOA to extend network lifetime by roughly 14%–20%, yet the convergence
process becomes considerably slower in large-scale networks. Layeb [15] introduced the Tangent Search
Algorithm (TSA) for global optimization, demonstrating strong exploration capabilities but at the cost of
higher computational complexity when applied to real-time routing problems. Furthermore, survey studies
such as Abbasian Dehkordi et al. [18] highlighted that existing aggregation techniques typically optimize
either energy or delay independently and emphasized the need for adaptive, learning-based solutions.

Despite these advancements, most existing works treat delay prediction, routing optimization, and
aggregation scheduling separately. Few approaches jointly integrate temporal delay modeling with fast-
converging optimization to enable real-time, energy-aware decisions in dynamic IoT environments.
Motivated by these limitations, the proposed CTSO-DRNN framework combines deep recurrent delay
prediction with Chronological Tangent Search Optimization to simultaneously minimize delay, reduce
routing distance, and extend link lifetime in dense WSN deployments.

3 System Model
The proposed system model considers an IoT environment composed of a static Wireless Sensor

Network (WSN) with a single, randomly selected sink node and multiple sensor nodes uniformly deployed
across a monitoring region. Each sensor node is equipped with an omnidirectional antenna and has an
identical transmission range. Communication among nodes is represented by an undirected graph I = (J , K),
where J denotes the set of sensor nodes and K represents the communication links.

It is assumed that the communication graph I is connected, enabling end-to-end data transmission.
Based on this structure, an aggregation tree is constructed for data forwarding toward the sink. For each
node b ∈ J, the scheduling function is expressed as:

c(b) = [r(b), s(b)] (1)

where r(b) is the amount of data received by node b, and s(b) denotes its assigned transmission time slot.
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The data scheduling must satisfy the following constraints:

1. Data availability:

c(b) ≠ ∅, ∀ b ∈ J/{c} (2)

ensuring that all non-sink nodes have data to forward.

2. Hierarchical scheduling:

s(b) < s(d(b)), ∀ b ∈ J/{c} (3)

where d(b) is the parent of node b in the aggregation tree, ensuring that parent nodes transmit earlier to
avoid scheduling conflicts.

3.1 Energy Consumption Model
The energy consumption for data transmission follows the first-order radio model. The energy required

for a node i to transmit a l-bit packet over a distance di , j is:

Etx(i , j) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

lEelec + l εfsd2
i , j , di , j < d0,

lEelec + l εmpd4
i , j , di , j ≥ d0,

(4)

where Eel ec is the energy consumed per bit by the radio electronics, ε f s and εm p are amplifier parameters for
free-space and multipath fading models, respectively, and d0 is the threshold distance.

The energy for receiving a packet is:

Erx = lEelec (5)

Thus, the total energy consumed by node b is:

Eb = ∑
i∈C(b)

Erx(i , b) + Etx(b, d(b)) (6)

where C(b) is the set of children of node b.

3.2 Delay and Link-Distance Formulation
The link delay between nodes i and j is modeled as:

Di , j = Dprop + Dtrans + Dqueue (7)

where Dpro p =
di , j

v
is the propagation delay with signal velocity v, Dtrans =

l
R

is the transmission delay at
data rate R, and Dqueue captures congestion-based waiting time.

The overall delay for node b is:

Db = ∑
i∈P(b)

Di ,d(i) (8)

where P(b) is the set of nodes on the path from b to the sink.
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The distance metric for aggregation is:

Dist(b) = ∑
i∈P(b)

di ,d(i) (9)

3.3 Model Summary
This system model provides the structural and mathematical foundation for analyzing energy con-

sumption, link delays, and communication distances in a WSN-based IoT environment. Fig. 1 illustrates the
network topology, where S represents the source node and A–G denote intermediate nodes.

Figure 1: System model of the IoT-based WSN architecture.

This formulation ensures clear definition of variables, constraints, and performance metrics to support
the proposed CTSO–DRNN framework.

4 Proposed Methodology
The proposed data aggregation method in IoT networks is designed to optimize energy efficiency

and reduce latency by predicting network delays and constructing a link-delay-distance (LDD) tree. The
methodology comprises the following three major phases, as shown in Algorithm 1:

• LDD Tree Construction: Establishes a hierarchical communication structure based on node distances,
link quality, and predicted delay.

• Aggregation Tree Formation: Optimizes parent–child node assignments for efficient data
transmission.

• CTSO-DRNN Scheduling: Predicts node-specific delays using a DRNN trained via the CTSO algo-
rithm and selects optimized paths for aggregation.

Algorithm 1: CTSO-DRNN algorithm for delay prediction
1: Input: Network dataset D; network dimension n; Initial population Y0; DRNN structure parameters;

Learning/optimization parameters (α, β, δ); convergence threshold
2: Output: Optimized DRNN weights W∗; Predicted delay values
3:

(Continued)



6 Comput Mater Contin. 2026;88(1):75

Algorithm 1 (continued)
4: Initialize network dimension Dn and random population Y0
5: Evaluate fitness for all solutions
6: while convergence criterion not met do
7: Update solutions via tangent-based exploration
8: Apply local and global search with α, β, δ
9: Evaluate fitness of updated solutions

10: Update best-known solution
11: end while
12: Return optimized DRNN weights W∗

4.1 CTSO-DRNN-Based Delay Prediction
Efficient data aggregation in IoT networks is constrained by limited node battery life and dynamic

network delays [22]. Delay is influenced by communication link quality, inter-node distance, and network
congestion. Accurate prediction of these delays is essential for adaptive scheduling.

To address this, we employ a DRNN optimized with the CTSO algorithm, as shown in Algorithm 1.
The DRNN captures temporal dependencies of network delays, while CTSO improves convergence and
generalization by integrating:

• Chronological Learning: Updates solutions based on historical network states.
• Tangent Search Algorithm: Applies tangent-based transformations to enhance exploration and avoid

local minima.

Fig. 2 illustrates the framework linking predicted delays to data aggregation. Each block in the figure
corresponds to an interpretive step:

• Input Block: LDD metrics from sensor nodes.
• DRNN Block: Processes temporal sequences to generate predicted delays.
• CTSO Optimization Block: Updates DRNN weights iteratively to minimize prediction error.
• Aggregation Scheduler: Uses predicted delays to construct the LDD tree and optimize routing.

The Chronological Concept block delivers temporal learning data to the CTSO algorithm via the
Chronological TSA logic, facilitating history-aware optimization, as depicted in Fig. 2. The Optimological
Concept engages with the optimization and delay prediction modules to enhance solution quality through
a balance of exploration and exploitation. The Delay Prediction module supplies anticipated delay values
directly to the Aggregated Result block, which aids in making routing decisions. Additionally, the neural
processing pipeline adheres to a sequential flow from Input→ LSTM→ Dropout→ Dense layers, ensuring
organized feature extraction and refinement of predictions.

4.2 DRNN Architecture for Delay Prediction
The DRNN predicts delays using temporal sequences of LDD metrics. Its architecture is detailed

in Fig. 3:
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Figure 2: CTSO-DRNN-based delay prediction framework for IoT data aggregation. The model integrates delay
prediction with scheduling and aggregation.

Figure 3: DRNN architecture for delay prediction. The final configuration was selected through ablation analysis to
balance prediction accuracy and computational efficiency.

Components:

1. Input Layer: Accepts 50 × 50 LDD matrix features {Hu ,v}.
2. LSTM Layer: 256 units capture temporal dependencies.
3. Dropout Layer: 256 units to prevent overfitting.
4. Dense Layer: Fully connected layer outputs intermediate features.
5. Output Layer: Produces 11 predicted delay values corresponding to different system states.

The DRNN architecture was selected through systematic empirical evaluation rather than arbitrary
design. To determine the optimal configuration, multiple candidate models were tested by varying (i) the
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number of LSTM units (64, 128, 256, and 512), (ii) the number of recurrent layers (1–3), and (iii) regularization
strategies such as dropout. Each configuration was evaluated using delay prediction error, convergence speed,
and computational complexity (training time and memory usage).

Although deeper or larger models slightly improved prediction accuracy, they introduced significant
computational overhead and inference latency, which are unsuitable for resource-constrained wireless sensor
nodes. Conversely, smaller models reduced complexity but resulted in noticeable degradation in prediction
accuracy. Based on this trade-off analysis, a single LSTM layer with 256 units achieved the best balance
between accuracy and efficiency. The dropout layer was incorporated to mitigate overfitting and improve
generalization under dynamic network conditions, while the dense layer refines temporal features before
generating the 11 delay outputs. Therefore, this configuration was adopted as the optimal architecture for the
proposed delay prediction framework.

DRNN prediction equations are given as:

yw(t) = α(i) [qw(t)] (10)

• α(q) is the activation function: either tanh(μq) (hyperbolic tangent) or 1
1+e−q (logistic sigmoid).

yx(t) = αo (Nx(t)yx−1(t − 1) + Px(t)yx−2(t − 2)) (11)

• Nx(t) and Px(t): weight matrices for current and previous layers.

The output feeds into the aggregation scheduler for energy- and delay-aware routing.

4.3 CTSO
CTSO updates the DRNN weights using tangent-based transformations. Its key steps are:

1. Initialization: Random population Y0 based on network dimension Dn .
2. Activation: Weights transformed via α(t) to introduce non-linearity.
3. Fitness Evaluation:

Fitness = 1
1 + exp(−Error)

(12)

Error = Predicted − Target (13)

4. Exploration/Local/Global Search: Updates solutions using tangent-based transformations with scaling
factors α, β, δ controlling search intensity. Typical ranges: α, β, δ ∈ [0.1, 1.0].

5. Iteration: Repeat until maximum iterations or convergence.

4.4 LDD-Based Tree Construction
Step 1: Source Node Selection Source node S is chosen based on highest occurrence probability (0.75).
Step 2: Transition State Evaluation Three transition states with probabilities 0.60, 0.30, and 0.10 are

considered. The least likely state (0.10) is discarded.
Step 3: Tree Formation Branches are constructed corresponding to remaining transitions. Branching

angles reflect probability differences.
Step 4: Validation and Refinement Empirical validation shows a 90% match with observed transitions.

Probabilities adjusted to 0.58 and 0.32 for improved accuracy.
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4.5 Data Aggregation and Performance
• Parent nodes are selected based on centrality and correlation in data patterns.
• Child nodes assigned considering proximity and data generation rates.
• Optimized routing reduces energy consumption at source node and improves aggregation efficiency by

15%.

Link Lifetime and Distance Metrics:

Lu ,v =
Eu cos θu − Ev cos θv

Eu sin θu − Ev sin θv
(14)

min LDD = f (Hpu ,v , Lu ,v , Disu ,v) (15)

• Hpu ,v : Predicted delay
• Lu ,v ‘: Link lifetime
• Disu ,v : Inter-node distance

Novelty Highlights:

• Integration of CTSO with DRNN for improved temporal modeling and convergence.
• Tangent position encoding enhances exploration and escape from local minima.
• Energy- and delay-aware LDD tree construction improves data aggregation efficiency.

In Fig. 4, the labeled nodes (A, B, C, etc.) signify the primary functional elements of the proposed
system architecture. Each node is associated with a distinct processing phase within the framework. Node
A signifies the data input or acquisition module, where raw data is introduced into the system. Node
B indicates the preprocessing phase, during which data cleaning, transformation, or feature extraction
occurs. Node C represents the principal processing or analytical component, where the core model or
algorithm is executed. Additional nodes illustrate intermediate processing, decision-making, storage, or
output generation modules, contingent upon the system workflow. The directional connections among nodes
depict the sequence of operations and the flow of information throughout the system components.

Figure 4: Example LDD tree structure with nodes clustered around the source node. Nodes A–G represent sensor/relay
nodes selected based on predicted delay and proximity. Branching illustrates hierarchical routing from the source to
intermediate and leaf nodes.
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5 Results and Discussion
This section presents a comprehensive evaluation of the proposed CTSO-DRNN framework for data

aggregation in IoT-based WSNs. Comparative performance with state-of-the-art methods is discussed along
with analytical reasoning behind the observed results.

5.1 Experimental Setup
The CTSO-DRNN model was evaluated using both simulation and synthetic dataset environ-

ments. Table 1 summarizes the parameter settings and their corresponding values. The key configuration
details are as follows:

• Simulation environment: NS-2 simulator, with node counts ranging from 100 to 250 randomly
deployed in a 100 m × 100 m area.

• Initial energy per node: 1 unit.
• Energy per transmission/reception: 0.0025 units.
• DRNN training: 50 epochs, learning rate 0.001, batch size 32, mean squared error (MSE) loss.
• CTSO hyperparameters: Step size = 0.05, tangent angle γ ∈ [0, π/2], local search factor α = 0.4, global

search factor β = 0.6, best solution influence δ = 0.5, population size = 20.
• Dataset: Synthetic NS-2-generated dataset containing latency, link lifetime, and distance metrics for

each node; each configuration repeated 10 times for statistical validation.

Table 1: Simulation and DRNN-CTSO configuration parameters.

Parameter Value
Initial energy 1 unit

Energy for transmission 0.0025 units
Energy for reception 0.0025 units

Number of nodes 100–250
Simulation area 100 m × 100 m
DRNN epochs 50
Learning rate 0.001

Batch size 32
CTSO step size 0.05
Population size 20

Local/Global factors (α, β, δ) 0.4, 0.6, 0.5

The parameter values were selected based on commonly adopted WSN simulation standards, prior
related studies, and preliminary sensitivity analysis to ensure stable and fair evaluation. Specifically, the
node density, deployment area, and energy consumption values follow typical NS-2 based IoT/WSN
configurations reported in the literature to realistically model resource-constrained networks. The DRNN
hyperparameters, including learning rate, batch size, and number of epochs, were chosen according to
standard deep learning practices to ensure convergence while avoiding overfitting. The CTSO optimization
parameters and population size were determined through empirical tuning and multiple pilot experiments
to balance exploration–exploitation trade-offs and computational efficiency. This setup ensures both realistic
simulation behavior and reproducible performance evaluation.
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5.2 Evaluation Metrics
The performance of CTSO-DRNN is assessed using:

• Energy Consumption: Total energy used across all nodes.
• Network Lifetime: Time until the first node exhausts energy.
• Data Throughput: Amount of data successfully transmitted.
• Latency: Time taken for packets to reach the sink.
• Convergence Time: Iterations required for CTSO-DRNN to stabilize.

5.3 Comparative Methods
The proposed method is compared with several existing approaches: LIRE [21], DA-MOMLOA [10],

RADAS [20], and LSDAR [19].

5.4 Multiple Scenarios and Statistical Validation
To address the reviewer concern about only one scenario, experiments were conducted for four network

sizes (100, 150, 200, 250 nodes) and repeated 10 times each. The mean and standard deviation are reported,
with error bars shown in figures to reflect variability and confidence in the results.

5.5 Results
This section presents the performance evaluation of the proposed CTSO-DRNN framework under

different network sizes and traffic conditions. The model is compared with several state-of-the-art meth-
ods using three key metrics: communication delay, link lifetime, and routing distance. Experiments are
conducted for varying node densities (100–250 nodes) to analyze scalability, stability, and efficiency. The
following figures illustrate the comparative results and statistical variations across multiple runs.

Fig. 5 illustrates the performance trends of all methods in a small-scale 100-node WSN. As the
number of rounds increases, the proposed CTSD-DRAN consistently achieves the lowest predicted delay
compared with LME, DA-MOROLA, NSAGA-II, and LDADE, indicating faster and more efficient routing
decisions. At the same time, it maintains the highest link lifetime, reflecting improved link stability and
reduced reconnection overhead. Additionally, the communication distance is minimized, demonstrating
more energy-efficient routing paths. The small error bars confirm low variance across runs, validating the
reliability and stability of the proposed approach.

Figure 5: Performance comparison for a 100-node WSN in terms of predicted delay (s), link lifetime, and com-
munication distance (m) over increasing rounds. Error bars indicate standard deviation across 10 independent
runs.
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Moreover, with the network size increased to 150 nodes (Fig. 6), all algorithms experience slight
performance degradation due to higher contention and traffic load. However, CTSD-DRAN preserves its
advantage by maintaining lower delay and longer link lifetime than competing methods. The improvement
becomes more noticeable as rounds progress, indicating better adaptability to dynamic network conditions.
Moreover, the reduced transmission distance suggests more effective clustering and routing optimization.
These results demonstrate the scalability of the proposed framework under moderate network density.

Figure 6: Performance comparison for a 150-node WSN demonstrating scalability effects on delay, link lifetime, and
distance. Error bars represent standard deviation over 10 runs.

In addition, Fig. 7 evaluates the algorithms in a denser 200-node deployment. The gap between
CTSD-DRAN and the baseline methods widens, particularly for delay and link lifetime metrics. While
conventional approaches show increasing delay and faster link degradation due to congestion and fre-
quent topology changes, CTSD-DRAN sustains stable performance through intelligent path selection and
resource-aware routing. The shorter communication distances further indicate improved energy efficiency
and balanced load distribution. The consistently small standard deviations confirm robust behavior under
repeated experiments.

Figure 7: Performance evaluation for a 200-node WSN highlighting robustness under higher node density. Error bars
denote standard deviation.

In the large-scale 250-node scenario shown in Fig. 8, the benefits of the proposed method are most
pronounced. As network complexity increases, baseline algorithms suffer from significant delay growth,
reduced link stability, and longer transmission paths. In contrast, CTSD-DRAN continues to achieve the
lowest delay, highest link lifetime, and minimum communication distance across all rounds. This demon-
strates superior scalability and resilience in dense WSN environments. The reduced variability illustrated by
the error bars highlights the consistent and dependable performance of the proposed solution even under
heavy network load.
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Figure 8: Performance comparison for a dense 250-node WSN showing large-scale behavior of all algorithms. Error
bars indicate standard deviation across repeated trials.

Table 2 provides a quantitative comparison of CTSD-DRNN with LIRE, DA-MOROLA, RADAS, and
LSDAR across different network sizes (100–250 nodes) using three key metrics: predicted delay, link lifetime,
and communication distance. The proposed CTSD-DRNN consistently achieves the best performance
in all scenarios, as indicated by the bold values. Specifically, CTSD-DRNN yields the lowest predicted
delay, reducing latency by approximately 35%–60% compared with competing methods, which enables
faster and more reliable data delivery. In terms of link lifetime, the proposed approach demonstrates
clear improvements, extending stability by nearly 15%–30%, thereby reducing frequent route breakages
and retransmissions. Moreover, the shortest communication distance achieved by CTSD-DRNN indicates
more energy-efficient routing and optimized node selection. Notably, the performance gains become more
significant as the network density increases from 100 to 250 nodes, highlighting the superior scalability and
robustness of the proposed framework under congested and large-scale WSN environments. These results
confirm that CTSD-DRNN provides a balanced and effective solution for delay minimization, link reliability,
and energy-efficient communication.

Table 2: Comparative performance analysis of CTSO-DRNN with baseline models. Bold values indicate best
performance.

Nodes Metric LIRE
[21] DA-MOMLOA [10] RADAS

[20]
LSDAR

[19]
CTSO-DRNN

(Proposed)

100
Predicted delay (s) 0.179 0.106 0.089 0.078 0.051

Link lifetime 210.68 223.68 255.98 267.56 290.76
Distance (m) 87.87 79.03 67.11 60.10 49.34

150
Predicted delay (s) 0.170 0.130 0.116 0.092 0.044

Link lifetime 239.79 255.57 272.88 285.67 310.45
Distance (m) 101.72 91.24 79.13 68.99 56.12

200
Predicted delay (s) 0.160 0.123 0.108 0.086 0.038

Link lifetime 255.45 270.34 285.76 300.89 326.87
Distance (m) 106.80 98.45 83.00 74.23 59.27

250
Predicted delay (s) 0.153 0.118 0.102 0.091 0.033

Link lifetime 247.88 267.56 275.57 290.76 326.87
Distance (m) 120.71 110.14 97.30 90.92 79.44
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Overall, across all number of nodes (i.e., 100–250), CTSD-DRAN consistently outperforms exist-
ing methods in all three metrics, demonstrating improved efficiency, stability, and scalability for WSN
deployments.

5.6 Computational Complexity and Convergence
The CTSO-DRNN algorithm demonstrates moderate computational cost with convergence achieved in

fewer than 50 iterations for all network sizes. Complexity is dominated by DRNN forward/backward passes
and CTSO solution updates. Tangent encoding accelerates convergence by effectively balancing global and
local search steps.

5.7 Discussion
The CTSO-DRNN consistently outperforms existing methods in predicted delay, link lifetime, and

communication distance across multiple network scenarios. Analytical reasoning:

• Delay Reduction: DRNN accurately models temporal dependencies, while CTSO optimization selects
nodes that minimize overall latency.

• Energy Efficiency and Link Lifetime: Tangent-based position encoding in CTSO ensures balanced
load distribution, preventing early node failures.

• Distance Minimization: Optimized parent-child assignments in the LDD tree reduce transmission
distance, lowering energy consumption.

These improvements are observed consistently across different node densities, demonstrating robust-
ness, scalability, and the potential applicability of CTSO-DRNN to real-world IoT scenarios.

6 Conclusion and Future Work
This study introduces an innovative and energy-efficient data aggregation method for wireless sensor

networks (WSNs), named CTSO-DRNN, which integrates Chronological Tangent Search Optimization
(CTSO) with a Deep Recurrent Neural Network (DRNN) framework. The approach was assessed across
various network sizes (ranging from 100 to 250 nodes) and compared against four well-established algo-
rithms: LIRE, DA-MOMLOA, RADAS, and LSDAR. The results, illustrated through a comparative analysis of
predicted delays, link lifetimes, and communication distances, validated the superior efficacy of the proposed
model. CTSO-DRNN consistently recorded the lowest communication delays (up to 35% reduction), the
longest link lifetimes (up to 12% improvement), and the shortest routing distances (up to 18% reduction)
compared to the best-performing baseline methods. These enhancements are attributed to the model’s
proficient amalgamation of learning-based prediction with optimization-driven scheduling, allowing it to
adapt dynamically to network fluctuations while ensuring balanced energy consumption. The results affirm
that CTSO-DRNN is scalable, resilient, and well-suited for practical WSN applications, particularly in
scenarios where efficiency, durability, and responsiveness are critical.

Although the current implementation of CTSO-DRNN has shown encouraging results, there are
numerous avenues for future improvements. Firstly, incorporating fuzzy logic or reinforcement learning
methods could enhance adaptive scheduling in highly dynamic network environments. Secondly, the model
could be expanded to accommodate mobility-aware WSNs, where nodes are not stationary and routing
paths require constant updates. Thirdly, real-time deployment and hardware validation will be essential
to evaluate the practicality and robustness of the proposed system in uncontrolled settings. Additionally,
integrating blockchain-based secure aggregation techniques could mitigate privacy and data integrity issues
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in sensitive applications such as healthcare, industrial IoT, and smart city systems. Finally, exploring larger-
scale networks, diverse IoT scenarios, and multi-objective optimization metrics will further quantify the
performance gains, validate generalizability, and ensure broader real-world applicability. These directions
collectively enhance the potential impact of CTSO-DRNN for practical, energy-efficient, and reliable IoT
and WSN deployments.
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