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 The Internet of Things (IoT) relies on wireless sensor networks (WSNs) to 

transmit data across a wide range of applications. However, the commonly 

encountered primary challenges in IoT-enabled WSNs are high energy 

consumption during data transmission, which insists energy optimized routing 

to prolong the network lifetime. To address these challenges, a novel Fourier 

series integrated deep learning-based routing (FIND-ROUTE) framework has 

been proposed for energy-aware communication among IoT nodes in WSN. 

Initially, a hybrid clustering approach forms an adaptive cluster for efficient 

data aggregation with reduced energy consumption. After clustering, stable 

cluster heads (CHs) are elected by a Fourier series-based metaheuristic 

optimization algorithm for balancing the energy usage with extended network 

lifetime. Finally, an Intelligent neural network dynamically selects the optimal 

path and transmits the data efficiently with reduced latency for reliable 

communication in IoT-WSN. The FIND-ROUTE framework is simulated by 

using MATLAB, and it is validated by using the WSN-DS dataset. The 

proposed FIND-ROUTE framework is evaluated based on several parameters, 

including energy consumption, packet delivery ratio (PDR), network lifetime 

(NL), time complexity, throughput, number of alive nodes, packet loss ratio 

(PLR), and space complexity. In comparison, the proposed FIND-ROUTE 

framework achieves a PDR of 90%, whereas MLBDARP, LQEER, and 

NBSHO-DRNN achieve 70%, 60%, and 67% respectively. 
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1. INTRODUCTION 

WSNs are becoming a crucial technology for data collection and transmission across a wide variety 

of application domains due to the growth of Internet of Things (IoT) devices [1]. In IoT-enabled wireless sensor 

networks (WSNs), the data must be efficiently transported across multiple access points while maintaining 

effective communication using the least amount of energy [2], [3]. An energy-aware data collection and 

communication methods must be developed to reduce the node energy consumption and increase the network 

lifetime [4], [5]. 

The low processing power and high energy availability of WSNs necessitate energy-efficient routing 

methods to increase network longevity [6], [7]. A scalable routing solution is required to process the vast 

amount of data generated by IoT devices [8], [9]. The IoT-enabled WSN networks manage the various types 
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of nodes using energy-aware routing algorithms which minimize the latency and ensure effective 

communication [10].  

A dramatic increase in multi-objective optimization techniques aims to provide a dependable solution 

for difficult optimization issues integrated in IoT enabled WSN [11]. These algorithms determine an optimized 

solution to achieve quality of service (QoS) objectives, increased throughput, energy conservation, PDR, and 

minimized data gathering delay for network efficiency. In contrast to networks that rely solely on direct 

connections, WSNs usually use clustering with multilayer topologies to reduce energy usage and offer a more 

robust network [12], [13]. 

IoT-enabled WSNs consist of several challenges for energy-efficient data routing because of the 

dynamic nature of sensor nodes [14]. Due to these dynamics, adaptive routing strategies are essential to 

effectively manage these shifting network topologies [15], [16]. In addition, the traditional routing systems are 

inability to manage large amounts of Packet loss, less ideal node selection, nodes with less network lifetime, 

and increased latency which contradicts the reliable communication of the networks [17], [18]. To address 

these challenges, a novel FIND-ROUTE framework has been proposed for sustainable data transmission in IoT 

based WSN environments. The primary goals of the FIND-ROUTE framework are given in the following,  

a. The major purpose of this strategy is to construct an energy-optimized data communication in IoT-WSNs 

to improve network reliability while minimizing latency for seamless communication among dynamic 

network conditions. 

b. The fuzzy C means-balanced iterative reducing and clustering using hierarchies (Fuzzy-BIRCH) clustering 

algorithm enhances the clustering efficiency by grouping the optimal nodes for minimizing communication 

overhead in IoT-WSNs. 

c. The optimal energy-aware nodes are determined as cluster heads (CHs) using the Fourier series-based 

firefly optimization algorithm (FSFOA) which enhances the data aggregation to ensure low energy 

consumption with reliable data delivery among the networks.  

d. A synaptic intelligent convolutional neural network (SICNN) determines an optimal routing path for robust 

data transmission with minimum packet loss.  

e. The performance of the FIND-ROUTE framework is evaluated through the network parameters including 

energy consumption, PDR, network lifetime, time complexity, throughput, number of alive nodes, PLR, 

and space complexity. 
The subsequent sections of the research are organized as: section 2 holds the literature review. Section 

3 holds a comprehensive description of the proposed FIND-ROUTE methodology. Section 4 provides the 

simulation outcomes. The conclusion and the future enhancement are discussed in Section 5. 

 

 

2. LITERATURE SURVEY 

The literature review is primarily focused on machine learning (ML), reinforcement learning (RL), 

and deep learning (DL) based routing algorithms in IoT-WSNs. Numerous existing approaches that have been 

suggested for energy-optimized routing in IoT-WSNs have been studied in the literature. In 2023 Seyfollahi et 

al. [19] suggested an energy-optimized routing system of the IoT enhanced by metaheuristics and ML. 

However, the optimal load balance among sensing devices and energy efficiency are the primary concerns with 

energy resources in IoT devices. Chandnani and Khairnar [20] suggested an ethical ML-based solution for 

energy-optimized routing. The MLBDARP model uses ML models which include neural networks (NN) and 

decision trees (DT) to assess the reliable PDR. 

Suresh et al. [21] suggested a resource-efficient routing using federated deep reinforcement learning 

(FDRL) for WSN integrated by the IoT. The suggested FDRL method provides energy-constrained routing and 

decision-making in a dynamic environment. Shahid et al. [22] suggested link-quality-based energy constrained 

routing (LQEER) is an IoT environment for WSN. The suggested LQEER approach reduces packet loss by 

integrating energy and network information to identify routes and a cost to determine the best nodes for packet 

transmission.  

Sattibabu et al. [23] suggested an enhancement of the performance of IoT-integrated WSN based on 

federated reinforcement learning (FRL). In comparison to reinforcement learning-based routing (RLBR), the 

FRL technique improves WSN performance by 30%, increases energy efficiency by 15% to 24%, and increases 

packet delivery by 13% respectively. Pawar and Jadhav [24] suggested IoT data minimization using a 

combination of optimization-based topology and DRNN-based detection. The energy of 0.367 J, prediction error 

of 0.237, delay of 0.595 s, and PDR of 0.469 were all attained by the suggested NBSHO-DRNN approach. Singh 

et al. [25] suggested a IoT-WSN based QoS improvement using edge-enabled multi-objective optimization. In 

the suggested approach, edge computing increases the scalability and enhances QoS in IoT applications. 

According to the literature reviews, existing data routing methods do not account for effective energy 

characteristics. As a result, the sensor and data connection units of IoT-WSNs require additional energy which 
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is drained and ineffective during data transmission and communication. To address these limitations, a novel 

FIND-ROUTE methodology is proposed which is an energy-optimized adaptive routing model for IoT-WSNs. 

 

 

3. THE FIND-ROUTE METHODOLOGY 

In this section, a novel FIND-ROUTE framework has been proposed for reliable and energy-

optimized data delivery among the intelligent wireless sensor system. Initially, the IoT nodes are organized 

into clusters using a fuzzy-BIRCH algorithm to manage the network congestion. An FSFO algorithm selects a 

CHs from the set of clustered nodes based the multi-objective fitness function which reduces the delay and 

ensures faster data transmission. Finally, the SICNN routes the aggregated data toward the base station which 

optimizes the consumption of energy and provides reliable data transmission with minimal packet loss in IoT-

based WSNs. The overall workflow of the FIND-ROUTE framework is presented in Figure 1. 

 

 

 
 

Figure 1. Proposed FIND-route methodology 

 

 

3.1.  Clustering via fuzzy-BIRCH algorithm 

Initially, the IoT nodes are organized into clusters using a fuzzy-BIRCH algorithm to manage the 

network congestion. In BIRCH, a cluster is defined by its cluster features (CFs), and the hierarchical structure 

of clusters is displayed using a CF tree. To find the cluster centroid, represented by {Xi
⃑⃑  ⃑} in BIRCH clustering, 

where 𝑖 =  1,2, … , 𝑁, equation (1) applied consecutively. 

 

X0
⃑⃑⃑⃑ =

∑ Xi⃑⃑⃑⃑ N
i

N
    (1) 

 

By choosing the number of clusters, the processed data is separated into discrete subgroups according 

to specific CFs. Cluster tags are then applied to these subsets to cluster them in an energy-constrained manner. 

The fuzzy c-means (FCM) divides n vectors into k groups and initializes the affiliation matrix (U) by 

calculating the clustering center of each group through fuzzy partitioning to minimize the objective function. 

The class center vector and the affiliation matrix are represented in (2)-(3).  

 

Cj =
∑ uij

m.xi
N
i=1

∑ uij
mN

i=1

                       (2) 

 

uij =
1

∑ (
‖xi−cj‖

xi−ck
)

2
m−1

c
k=1

                               (3) 
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where m denotes the number of clusters for clustering, 𝑖, and 𝑗 denote the affiliation of matrix 𝑖 concerning 

class cluster 𝑗. The objective function is represented in (4). 
 

Jm = ∑ ∑ uij
m‖xi − cj‖

2c
j=1

N
i=1                    (4) 

 

Here, cj denotes the center of class cluster 𝑗, ‖xi − cj‖
2
 is the Euclidean distance among the 𝑗th selected node 

and the 𝑖th node. The fuzzy partition coefficient (FPC) measures the degree of fuzzy overlap between clusters. 

It ranges from 0 to 1, indicating energy-efficient clusters with higher values. Therefore, the Fuzzy-BIRCH 

clustering algorithm enhances the clustering efficiency by grouping the optimal nodes for minimizing 

communication overhead in IoT-WSNs 

 

3.2.  CH selection via Fourier series-based firefly algorithm 

The optimal energy-aware nodes are determined as CHs using the FSFOA based on the clustered 

nodes by Fuzzy-BIRCH which enhances the data aggregation with reliable data delivery among the networks. 

The brightness of the firefly is influenced by the objective function and it is used to indicate attractiveness of 

FA implementations. The fitness function including energy consumption, network lifetime, node degree, and 

delay is represented by the firefly's attractiveness and intelligence in the FA metaheuristics. The minimization 

of challenges is stated in (5), 
 

𝐼(𝑥) = {

1

𝑓(𝑥)
            , 𝑖𝑓 𝑓(𝑥) > 0

1 + |𝑓(𝑥)|    , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                               (5) 

 

f(𝑥) represents the objective function value at point 𝑥, while 𝐼(𝑥) represents attractiveness. Individual attraction 

decreases the distance from the illumination source due to the brightness.  
 

𝐼(𝑟) =
𝐼0

1+𝛾𝑟2                 (6) 

 

𝐼0 indicates the brightness at the source, while 𝐼(𝑟) defines the brightness at distance 𝑟. Additionally, as 

demonstrated by (7) each firefly individual uses attraction 𝛽, which is proportional to the firefly's light intensity 

and depends on distance. 
 

𝛽(𝑟) =
𝛽0

1+𝛾𝑟2                              (7) 

 

A random individual 𝑖 that advances in iteration 𝑡 + 1 toward a new position 𝑥𝑖 in the direction of individual 𝑗 
with higher fitness can be found using the following simple FA's search method which is based on (8).  

 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝛽0. 𝑒
−𝛾𝑟𝑖,𝑗

2

(𝑥𝑗
𝑡 − 𝑥𝑖

𝑡) + 𝛼𝑡(𝑘 − 0.5)                             (8) 

 

The random number derived from a Gaussian or uniform distribution is represented by 𝜅 and 𝑟𝑖, where 

𝛗 is the randomization parameter and 𝑗 represents the displacement of two observed fireflies 𝑖 and 𝑗. The CH 

selection using FSFOA is presented in Algorithm 1. 

 

Algorithm 1: CH selection via FSFOA 
Input: FA parameters and Fourier coefficients 

Output: Optimized Cluster Head (CH) nodes 

1. Initialize firefly population with positions, fitness, and parameters.   

2. Compute fitness of each firefly using fitness parameters.   

3. Move fireflies towards brighter ones using:  

𝑥𝑖
(𝑡+1)

= 𝑥𝑖
𝑡 + 𝛽(𝑥𝑗

𝑡 − 𝑥𝑖
𝑡) + 𝛼 ∑[𝑎𝑘 𝑐𝑜𝑠 (

2𝜋𝑘

𝑛
𝑡) + 𝑏𝑘 𝑠𝑖𝑛 (

2𝜋𝑘

𝑛
𝑡)] 

4. Evaluate new positions based on the fitness function.   

5. Apply selection criteria to identify CHs.   

6. Deploy CHs for efficient communication.   

 

The values for 𝛽0 and 𝛼 yields satisfactory results for the majority of issues are 1 and [0,1]. Equation (9) is 

used to compute the Cartesian distance. 
 

𝑟𝑖,𝑗 = ‖𝑥𝑖 − 𝑥𝑗‖ = √∑ (𝑥𝑖,𝑘 − 𝑥𝑗,𝑘)
2𝐷

𝑘=1                                (9) 
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The number of problem parameters is indicated by 𝐷. A periodic function's infinite extension in terms 

of sines and cosines is known as Fourier series analysis. Equation (10) is then used to decompose the continuous 

function's Fourier series to derive its discrete form. 
 

𝑄𝑠
𝑑,𝑠 = 𝑎0 + ∑ (𝑎𝑘𝑐𝑜𝑠

2𝜋𝑘

𝑛
𝑚 + 𝑏𝑘𝑠𝑖𝑛

2𝜋𝑘

𝑛
𝑚)𝐾

𝑘=1                             (10) 

 

The sum of square errors was calculated for each period that was included in the Fourier series.  The 

ideal period (𝑘) for the Fourier series function will be determined using the sum of square errors. An FSFO 

algorithm selects optimal CHs based on the low energy consumption, delay, and high network lifetime, and 

node degree which ensures faster data transmission. 

 

3.3.  Routing via synaptic intelligent convolutional neural network 

The SICNN model determines an optimal routing path for robust data transmission in IoT-WSN. In 

the SICNN framework, the effect of neural network parameters on energy-aware route selection in IoT-enabled 

WSN is assessed for reliable data communication among the IoT-WSN networks. The credit assigned to the 

reduction in performance loss 𝑙𝜇 by the parameter 𝜃𝑘 in the energy-constrained routing scenario which is 

described in (11). 
 

𝐿 (𝜃(𝑡𝜇) − 𝐿 (𝜃(𝑡𝜇−1)) = −∑ 𝒲𝑘
𝜇

𝑘 )                (11) 

 

A conservative field in calculus is the gradient.  This value in the gradient vector field is the route 

integral along the parameter trajectory from the beginning point 𝜃(𝑡𝜇−1) to the destination 𝜃(𝑡𝜇) which is 

described in equation (12)-(13). 
 

∫ 𝑔(𝜃(𝑡))𝑑𝜃
𝑡𝜇
𝑐

= ∫ 𝑔(𝜃𝑡). 𝜃
′(𝑡) 𝑑𝑡

𝑡𝜇
𝑡𝜇−1

        (12) 

 

𝐿 (𝜃(𝑡𝜇)) − 𝐿 (𝜃(𝑡𝜇−1)) = ∫ 𝑔(𝜃𝑡). 𝜃
′(𝑡)

𝑡𝜇
𝑡𝜇−1

 𝑑𝑡                   (13) 

 

The comparison between equations (14) and (15) indicates that the path integral of the loss function 

𝑙𝜇 may be negative for the parameter 𝜃𝑘 bias. This is required to approximate the previously suggested 

significant measure 𝒲𝑘
𝜇

.  

 

∫ 𝑔(𝜃𝑡). 𝜃
′(𝑡) 𝑑𝑡 = ∑ ∫ 𝑔𝑘(𝑡). 𝜃𝑘

′𝑡𝜇
𝑡𝜇−1

𝑘
𝑡𝜇
𝑡𝜇−1

(𝑡)𝑑𝑡                        (14) 

 

𝒲𝑘
𝜇

= ∫ 𝑔𝑘(𝑡). 𝜃𝑘 
′ 𝑑𝑡

𝑡𝜇
𝑡𝜇−1

                   (15) 

 

The performance loss of the prior data can be substituted with a proxy loss from the SI approach using 

the significance measure 𝒲𝑘
𝜇

 generated in the preceding section. Where the parameter's position after the 

optimization in the prior route is shown by 𝜃𝑘 
′ 𝑑𝑡, and its regularized strength is indicated in (16).  

 

Ω𝑘
𝜇

= ∑
𝒲𝑘

𝑣

(∆𝑘
𝑣)

2
+𝜉

𝑣<𝜇               (16) 

 

where the drop of both the currently selected route and the previous route distances are measured by the 

dimensionless intensity parameter c. The ∆𝑘
𝑣  self-inner product in task 𝜈 indicates the degree of change in the 

parameter 𝜃𝑘. To avoid the computational instability caused by an inadequately tiny denominator, 𝜉 is a 

constant. Finally, the SICNN routes the aggregated data toward the base station which optimizes the 

consumption of energy and provides reliable data transmission with minimal packet loss in IoT-based WSNs. 

 

 

4. RESULT AND DISCUSSION 

In this section, the efficacy of the FIND-ROUTE framework and its results are simulated by using 

MATLAB simulator and it is validated by using WSN-DS dataset. However, the FIND-ROUTE framework is 

compared against several existing approaches including MLBDARP, LQEER, and NBSHO-DRNN. The 

performance of the FIND-ROUTE framework is evaluated through the network parameters including energy 

consumption, PDR, NL, time complexity, throughput, number of alive nodes, PLR, and space complexity. 
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4.1.  Dataset description 

The WSN-DS is a dataset for analyzing the security and network efficacy in IoT-WSN. The WSN-

DS dataset holds the network features like Node ID, packet size, transmission range, energy consumption, hop 

count, routing path, and NL. The WSN-DS dataset contains 50,000 records to perform energy efficient routing 

which is gathered from several sensor nodes. In FIND-ROUTE, the WSN-DS dataset is divided into 80% of 

training and 20% of testing data for DL-based energy-efficient routing. The simulation output of FIND-

ROUTE framework is depicted in Figure 2 and the simulation parameters are shown in Table 1. 

The simulation output of the proposed FIND-ROUTE framework is depicted in Figure 2. In this 

framework, a fuzzy-BIRCH clustering is employed to minimize the redundant data transmission and the 

FSFOA-based CH selection ensures efficient data aggregation by selecting optimal nodes for communication. 

An energy-efficient routing is performed by using SICNN which intelligently identifies the most reliable paths 

for energy-efficient data transmission and communication in IoT-WSN environment. The simulation output 

demonstrates that the FIND-ROUTE framework provides a robust communication among IoT-WSN 

environment. 

 

 

 
 

Figure 2. Simulation output of FIND-ROUTE framework 

 

 

Table 1. Simulation parameters 
Parameter Value 

Network area 1000 × 1000 𝑚2 

Number of nodes 1000 nodes 

Initial energy 5J, 50J 

Number of clusters 10 
Data packet size 500 bytes 

Base station location (250, 875) 

Transmission range 250 m 
Simulation time 7200 s 

 

 

4.2.  Comparative analysis 

The energy-constrained CH selection and routing in IoT-WSN is analyzed by several network 

parameters including energy consumption, PDR, number of alive nodes, time complexity, throughput, network 

lifetime, PLR, and space complexity. Figure 3(a) illustrates the total amount of alive nodes gathered throughout 

the number of rounds. The proposed FIND-ROUTE framework consistently indicates a large number of alive 

nodes at each round assessed with existing MLBDARP, LQEER, and NBSHO-DRNN, with values of 970, 

650, 300, 120, and 50 respectively. As the rounds increase, it is discovered that the FIND-ROUTE framework 

outperforms the existing MLBDARP, LQEER, and NBSHO-DRNN algorithms by the total amount of alive 

nodes available in the entire area. The comparison of energy consumption is shown in Figure 3(b). The FIND-

ROUTE framework consumes the least energy across all network sizes ranging from 0.4 J at 200 nodes to 0.65 

J at 1000 nodes. Whereas, MLBDARP, LQEER, and NBSHO-DRNN consume higher energy of 1.7 J, 1.5 J, 

and 1.6 J. 
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(a) (b) 

 

Figure 3. Comparison of (a) number of alive nodes and (b) energy consumption 

 

 

Figure 4(a) displays the NL comparison. The FIND-ROUTE framework achieves the highest NL 

increasing from 31,000 rounds at 200 nodes to 33,000 rounds at 1000 nodes. While, the existing MLBDARP, 

LQEER, and NBSHO-DRNN reach a maximum of 29,500, 30,500, and 30,700 rounds. The computation of 

the throughput is based on the large amount of data delivered by the CHs. The comparison results of FIND-

ROUTE framework for throughput with algorithms are shown in Figure 4(b). The FIND-ROUTE framework 

consistently achieves the highest throughput ranging from 0.85 to 0.95 Mbps, whereas MLBDARP, LQEER, 

and NBSHO-DRNN reach a maximum of 0.70 Mbps, 0.72 Mbps, and 0.74 Mbps respectively. 

 

 

  
(a) (b) 

 

Figure 4. Comparison of (a) network lifetime and (b) throughput 

 

 

Figure 5(a) shows PDR which is the relation between data packets successfully broadcast by the 

transmitter to data transmitted by the receiver at the base station. The PDR for the FIND-ROUTE framework 

is highest at 90%, whereas MLBDARP, LQEER, and NBSHO-DRNN achieve 70%, 60%, and 67% 

respectively. Figure 5(b) compares the PLR of the FIND-ROUTE framework with the existing MLBDARP, 

LQEER, and NBSHO-DRNN methods. The PLR is lowest for the proposed FIND-ROUTE framework at 10%, 

while MLBDARP, LQEER, and NBSHO-DRNN achieve 30%, 40%, and 33% respectively. As compared to 

more traditional methods the graph illustrates the extent to which the FIND-ROUTE architecture reduces 

packet loss. A comparison of the experimental outcomes on several metrics is presented in Table 2. 

Figure 6(a) shows the comparison of time complexity for the clustering process using Fuzzy-BIRCH. 

The fuzzy-BIRCH's time complexity is compared to that of the existing K-Means, PSO-K Means, and 

DBSCAN clustering algorithms. The Fuzzy-BIRCH method achieves the lowest time complexity ranging from 

10 ms to 78 ms as the nodes rises from 20 to 100. In contrast, K-Means, PSO-K Means, and DBSCAN achieve 

higher time complexities ranges from 85 ms, 92 ms, and 90 ms, respectively. Figure 6(b) shows the space 

complexity associated with the routing approach.  The SICNN's space complexity is compared to that of the 
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existing DQN, LSTM, and DRL routing methods. As the number of nodes rises from 20 to 100, the SICNN 

approach achieves the lowest space complexity with a range of 6 MB to 60 MB. While, the existing DQN, 

LSTM, and DRL attains higher space complexities reaching 100 MB, 95 MB, and 85 MB, respectively.  

 

 

  
(a) (b) 

 

Figure 5. Comparison of (a) PDR and (b) PLR 

 

 

Table 2. Experimental result comparison on various metrics 
Metric MLBDARP LQEER NBSHO-DRNN FIND-ROUTE 

Number of alive nodes 950 960 940 970 

Energy consumption (J) 1.7 J 1.5 J 1.6 J 0.65 J 
Network lifetime (rounds) 29,500 30,500 30,700 33,000 

Throughput (Mbps) 0.70 Mbps 0.72 Mbps 0.74 Mbps 0.95 Mbps 

PDR (%) 70% 60% 67% 90% 
PLR (%) 30% 40% 33% 10% 

 

 

  
(a) (b) 

 
Figure 6. Comparison of (a) time complexity and (b) space complexity 

 

 

5. CONCLUSION 

In this paper, a novel FIND-ROUTE framework is constructed for energy-aware reliable routing in 

IoT-WSNs using an intelligent DL network. The FIND-ROUTE framework is simulated by using MATLAB 

simulator and it is validated by using WSN-DS dataset. The proposed FIND-ROUTE framework is compared 

against the existing frameworks such as MLBDARP, LQEER, and NBSHO-DRNN regarding the network 

parameters including energy consumption, PDR, network lifetime, time complexity, throughput, number of 

alive nodes, PLR, and space complexity. In comparison, the proposed FIND-ROUTE framework achieves a 

PDR of 90%, whereas MLBDARP, LQEER, and NBSHO-DRNN achieve 70%, 60%, and 67% respectively. 

However, in terms of energy consumption the FIND-ROUTE framework outperforms the existing methods by 
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consuming the least energy across all network sizes ranging from 0.4 J at 200 nodes to 0.65 J at 1000 nodes. 

In the future, a lightweight encryption algorithm with authentication layer can be integrated into the FIND-

ROUTE framework to strengthen data transmission security in IoT-WSN environments. 
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