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Abstract   

Depending on the changes in the network and the nature of the data perceived in the network, the machine 
learning system has been developed to retain energy and prolong sensor life. Also, the sensor network is 
created by combining machine learning with the Enhanced BAT(EBAT) computational method to reduce 
network redundancy by aggregating the same kind of data perceived in the sensor network within a 
coverage range. Also, the neighbor selection is made so that the sensors' energy is used sparingly throughout 
the network, for which feature sets are intercepted in fuzzy-neuron machine learning mode. Also, in the 
network, the energy consumption of the sensor is calculated depending on the speed of the packets being 
sensed and the sensing interval between them. Furthermore, in the aggregation method, which is calculated 
to reduce energy use, the data is opened and aggregated using the neural network method. When this is 
done, the noise in the data is removed, and the same data is aggregated. This saves energy and increases 
the use of network resources. Also, the routing path is constructed using Enhanced BAT computation to 
build a consistent and energy-efficient path. 

Keywords: sensor network; Redundancy; Aggregated; Fuzzy-Neuron; EBAT Routing 

1. Introduction 

The energy consumption of the sensor network during their interactions should be closely monitored. That is why 
we use some methods in the operation of this network. One of them is selecting sensors adaptable to the network 
area conditions, monitoring changes in the environment where the sensors are located, processing information 
according to those changes, and sending it to the destination. The actions of the sensors vary depending on the 
coverage distance of the location and the temporarily changing circumstances. To deal with these conditions, each 
sensor selects a set of neighbors within its coverage area. Having a small number of sensors in that neighborhood 
set can aid in dealing with network changes. Similarly, the selected sensors protect the network resources when 
sending information regularly according to changing circumstances with the correct data rate. 

When converting sensors into data groups, the group varies according to the environment of the sensing area. In 
particular, the data should be grouped according to the data and its features. Otherwise, different sensors may 
combine to form an infeasible cluster set. The fuzzy inference system optimizes this problem. The time the data 
sense is made, its location, the distance between the two sensors, etc., are calculated. In addition, we calculate the 
energy costs between them, pass them on to the neural network, defuse the accurate data reports obtained from it, 
and group the data according to the features and variations of the data. Optimized solutions are found by selecting 
the inputs of the hidden neural layer and assigning weights to tune their parameters. To further optimize this, the 
machine learning method improves the speed of finding solutions. The BAT computation method is used 
additionally to optimize this learning and select routing for data transmission. This computation method is the 
method of an intelligent bird with global search capability. It focuses on improving machine input learning and 
its search. In this path selection, the sensor uses the remaining energy, its distance to transmit data, and other 
factors. The sensors that work on it increase the maximum coverage area, save network resources, and prolong 
the sensor's life by consuming less energy. We see that the performance of the network increases as the path 
selection takes place. 
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Section 2 of this paper gives details of previous research papers on changes in sensor network routing. Also, in 
section 3, the proposed method, FN-EBAT, sensor data optimized by fuzzy neuron with BAT computation-based 
machine learning routing enabled in a wireless network, is discussed in detail. Finally, section 4 describes the 
results and discussions of the FN-EBAT. In the end, the conclusion of this paper is stated and its future work is 
expressed. 

2.Literature Survey 

Electrical load monitoring data with wireless sensor networks play a vital role in electrical power operation. 
Accurate load forecasts will lead to proper operation and planning for the power system, thus achieving a lower 
operating cost and higher reliability of electricity supply [4]. WSNS can be used to monitor the exciting region 
using multi-hop communication. Coverage is a primary metric to evaluate the monitoring capacity. Connectivity 
can also be guaranteed so that the BS can receive all the sensed data for future processing [1]. We believe that the 
underlying architecture must provide a low overhead execution environment for fundamental macro program 
primitives while naturally supporting rich extensions based on the system's operational requirements or 
application domain [8]. The anticipated applications for WSNs range broadly from homeland security and 
surveillance to habitat and environmental monitoring. Indeed, advances in microelectronics and wireless 
communications have made WSNs the predicted panacea for attacking a host of large-scale decision and 
information-processing tasks [12]. A sensor node may vary in dimensions, and the cost of sensor nodes is also 
variable. The physical arrangement of WSN may be like a star network or perhaps a multi-hop wireless mesh 
network [17]. Due to the error-prone sensor readings and abnormal environmental conditions affecting the virtual 
sensor predictions, the former was necessary. The primary function of the proposed system is to ensure the 
robustness of WSNs by providing that damaged or compromised nodes in these systems can be replaced by these 
machine learning-based virtual sensors [13]. Transmitting all data back to a base station for processing and making 
inferences is simply impossible due to the sensor's limited energy and bandwidth constraints. 

As a result, Machine Learning algorithms must be applied to the WSN [2]. Clustering is the process that divides 
the network into interconnecting substructures called clusters. Every cluster has a cluster head that acts as a 
coordinator within the substructure. The cluster head acts as a medium for transferring data between the nodes. 
CH communicates with each other by using gateway nodes [7]. We designed a real-time monitor which can 
perform deep learning-based analysis within the deadline, considering a time-constrained environment. 
Simulation using the published data and the deep learning performance under time constraints are reported and 
discussed to assure the effectiveness of the proposed technique [15]. 

The Neural Network is an arithmetic algorithm to learn the complicated mapping between input and output. Data 
aggregation is collecting and processing sensor data to reduce network data transmission [3]. A WSN detects and 
measures several physical or environmental conditions such as multimedia, infrared energy emitted from objects 
and converted to temperature, pollutant levels, ultrasound in medical imaging, vibrations, security and 
surveillance, agriculture, and many other such conditions [14]. Sensor nodes waste a lot of their energy on data 
communication. So, reducing unnecessary transmission will help minimize energy waste and extend the network's 
lifetime [5]. However, the lifetime of sensor networks is limited. Therefore, there is a need to re-energize the 
sensor network by adding more nodes. These nodes will be equipped with more energy than the already in-use 
nodes, creating heterogeneity in terms of node energy [9]. This TDMA scheduling saves energy and extends the 
network lifetime. Further, the CH fuses the data to filter out any redundant information and then transmits it to 
the BS. Sensor networks placed in distant geographical locations like animal tracking should tolerate critical 
conditions to survive long-term deployments [11]. Swarm intelligence algorithms denote a group of meta-heuristic 
algorithms that use specific evolutionary steps to simulate swarm intelligence found in nature. The gathering of 
data is quite common, but it may have some critical operations to perform in various applications of the WSN [6]. 
For example, accumulating cloud gaming in the multiplayer cooperative scenario to overcome data 
synchronization concerning its cloud data [16]. Machine learning algorithms can rapidly and efficiently establish 
accurate localization of nodes to overcome the dynamic nature of network organization due to external or internal 
factors. In contrast, the improved Pliable Cognitive Medium Access protocol proposed in this study maintains the 
conventional characteristics of the end-sensor node, copes with the required QoS for emerging wireless sensor 
applications, and allows more efficient radio spectrum utilization [10]. 

3.Proposed Work 

3.1 FN-EBAT Design and Implementation 

The network contains a set of sensors 𝑆 ൌ ሺ𝑠ଵ … . 𝑠ଶ  … 𝑠௡ሻ within its topography boundaries. Also, each sensor 

holds a collection of neighbors within its coverage range as 𝑁 ൌ ሺ𝑛ଵ … . 𝑛ଶ  … 𝑛௡ሻ. The sensor randomly 

senses and stores the data in a table format called node list 𝑁௅. In 𝑁௅, the sensor saves information about the data 

along with essential features and neighbor details. Because each feature of the data is stored 𝑁௅, it is possible to 
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know the exact details. In that list, along with the feature set 𝐹ௌ, each sensor stores the node's ID that sensed the 

data 𝑆஽, the sensor's location L, the time 𝑡 it sensed the data, and the counts 𝑆஼  of the packets that the sensor 

sensed. With details of these 𝐹ௌ, it is possible to know the conditions of the perceived area and the variations that 
frequently occur in that region.  

Perhaps, when monitoring more data variations from the feature set 𝐹ௌ, it is necessary to check the correct 
variations in each data to know the type of application perceived. This allows the network to understand the 
situation of the area where the sensor is located. Furthermore, the nature of the data can be understood by grouping 
and storing the identical data collected in one place based on its 𝐹ௌ. Thus, a fuzzy inference 𝐹ூ method is used to 

group data 𝐷ீ with consensus features. 

 

 
Fig.1. Fuzzy-Neuron and EBAT Computation(FN-EBAT) Architecture 

 
Figure 1 depicts the design of the Fuzzy-Neuron based optimization system for the suggested model known as 
FN-EBAT. The input layer provides four inputs, the hidden layers provide 256 rules, and the output layer provides 
one output. We used four linguistic variables in our system, each with three levels and the proposed parameter 
Similarity.                                                              

In calculating this 𝐹ூ, we must first give the features of the 𝑆஽ as input in the fuzzification. They are 

data sensed time 𝐷௦௧ , node location 𝐷ௌ௅ , sensed data 𝑆஽஼ count, etc. To predict changes in these 𝐹ௌ, data 
differences between current data and previous data are calculated below; along with the data classification, we 
validated the sensed data time difference 𝑆஽் and location difference 𝑆஽௅ as given below. 

𝐹ௌ ൌ ||𝑆஽௦ െ 𝑆஽ିଵ||                                      (1) 

𝑆஽் ൌ ||𝐷௦௧ െ 𝐷௦௧ିଵ||                                  (2) 

𝑆஽௅ ൌ ||𝐷ௌ௅ െ 𝐷ௌ௅ିଵ||                                 (3) 

In a node, once sensed data, the existing 𝐹ௌ indicate the sensor's minute time status. These parameter variations 

will be constantly monitored and updated in the 𝐹ூ set. Depending on the sensing application, many DG are 

formed, and the data will be updated within the respective group. This 𝐷ீ contains various sensing data, and this 
is because, in today's environment, sensors can sense a variety of data. If the data groups formed in it are further 
classified using cost 𝐶 estimation as given below to distinguish the accurate data in it as shown below. Here 𝑆஽ is 

the sensed data from the 𝐷ீ , and 𝑀஽ is the random middle data of the stored 𝑁௅ 𝐹ௌ, from this we are finding the 

minimum and maximum 𝐶 value. 

𝐶 ൌ ∑𝐷ீሺ𝑆஽, 𝑀஽ሻ∑𝐹ௌሺ𝑆஽, 𝑀஽ሻ                   (4) 
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The stored data must be processed in the fuzzy rule in all the existing groups, thereby separating their ranges and 
specifying a membership size 𝑀ௌ .  

𝑀ௌ  ൌ ∑ ஽ಸ ிೄௌವ

∑஽ಸிೄ
                                                  (5) 

We need to keep this membership size and the separated features to form a more accurate data group when doing 
formation. Then, according to the Lagrangian multiplier calculation, more accurate data classification 𝐷஼ can be 

done to separate the maximum and lowest values for the 𝑆஽ set and form an 𝐷ீ . 𝑀ௌ Provides each 

𝑆஽ classification value, according to the value 𝐷ீ  will renew at each round, also the middle data point 

𝑀஽௜ computed as below:  

𝑀஽௜ ൌ ଵ/஽ಸ

∑஽ಸሺ భ
ವಸ

ሻ
                                            (6) 

According to the above computations, each sensed data is streamlined at each sending time. With the accurate 
data thus obtained, the clustering of the individual 𝐷ீ is formed according to the values of their respective 
features; this process will continue till the end of network execution.  Once the sensors have sensed the data 
according to their location and location, they can collect the data, divide their features, form the 𝐷ீ  accordingly, 

and know the exact time and situation of that particular place. This connection 𝐶𝐷ீ  will create a continuous 

connection across the network, depending on its coverage range 𝐶ோ . 

𝐶𝐷ீ ൌ ሼ𝐶ோሽ                                        (7) 

Each node has different 𝐶ோ; therefore, the formed DG will be of different sizes. Thus, after dividing the data 
sets into groups, the neighbor sets for each sensor are divided based on these feature divisions. Also, the sensor 
in that neighboring set will detect the sensor that has the most energy 𝐸. Then, find the distances 𝐷௜௦௧ between 

the sensors and order the neighbor sets according to that distance 𝐷௜௦௧  and 𝐸 within its coverage area 𝐶ோ .  

𝐸 ൌ 𝐼ா െ 𝐸ா                                          (8) 

Also, find the number of sensors 𝑁ௌ in that neighbor set. The 𝐷௜௦௧  is calculated according to the Pythagorean 

Theorem, here, location of the sensor (𝑋ଵ, 𝑌ଵ), and its neighbor location is  (𝑋ଶ, 𝑌ଶ), the distance 𝐷௜௦௧  between 
the two sensors are then computed as below,  

𝐷௜௦௧ୀ ට|𝑋ଵ െ 𝑋ଶ|
ଶ ൅ |𝑌ଵ െ 𝑌ଶ|

ଶ                    (9) 

 

We formed the most perfect 𝑁ௌ with the smallest and maximum size of its features to calculate these distances. 

Each sensor is maintained 𝑁௅ in that the distance information is stored, and it will be updated frequently according 
to the dynamic changes.  

𝑁ௌ ൌ |ሺ𝑠௜|𝐷௜௦௧ ൑ 𝐶ோሻ                                (10) 

The number of nodes in each sensor must be constantly monitored for changes in the network. Only by updating 
the setbacks that occur can group according to the data, according to these changes, the neighborhood connectivity 
of the network is transformed. The changes in it can be calculated Lagrange method, and small changes in the 
network and significant changes can be predicted. If a group is set up with specific data, it cannot contain data 
with other features. The sensors also calculate the value of energy expended 𝐸ா  during each contact and set the 

durable group accordingly to enhance the network life, reducing network losses. Here 𝑇௑௉ is the transmission 

packet's energy and 𝑅௑௉ is the receiving packet energy, respectively. 𝐼ா Described the initial energy level of the 
sensor. 

𝐸ா ൌ 𝐼ா െ ሺ𝑇௑௉ ൅ 𝑅௑௉ሻ                           (11) 
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With these calculations, a highly accurate 𝐷ீ and network connectivity was established. In addition, the neural 

network system is used to detect changes in network sensing. It forms a training set process 𝑇௉ in the network, 
receives all the fuzzified data, sends it from the input layers to the hidden layer, and starts processing. In this 
neural network, before the data is given in the input layers, each data is provided a weight 𝑊value and tuned; 

when processed in a hidden layer, the threshold 𝑇ு sizes are marked.  

𝑇௉ ൌ ∑ϒ௜௝𝑎ሺ𝐼௉𝐼ௐ ൅ 𝑇ுሻ → 𝑜𝑢𝑡𝑝𝑢𝑡                 (12) 

Here 𝑎ሺሻ is the neural stimulation process 𝐼ௐ ,𝐼௉ the input layer data, and the input weight assignment process 

in order. The hidden layer processing limitations are known from the hidden layer's threshold 𝑇ுand ϒ௜௝the link 

weight between the hidden layers to output 𝐻ை௉ϒ೔ೕ
.  If the error differences are small, the network area can be 

predicted to be consistent for a given period as the training samples of the 𝑆஽ are constantly monitored. In that 

time, the hidden layer processed outputs 𝐻ை௉ declared as  

𝐻ை௉ ൌ 𝐻ை௉ϒ೔ೕ
                                        (13) 

The number of neurons in the hidden layers is less than the number of neurons in the training set. The highlight 
of machine learning is learning the transactions that occur on the network in a brief period and running it back 
and forth in a straightforward way so that each node realizes and acts on the network interactions. The neural 
calculations calculated here are machine learning methods. The given inputs and the weight  𝑊 values used to 
tune it are converted to machine learning mode in this mode. Due to this, its environmental prediction accurateness 
is very high. This way, we do not have to iterate the inputs multiple times. 

In addition, the BAT computational system is used to regulate data transmission. Path optimization is implemented 
based on the bird's behavior, such as pulse, emission, echo, and loud noise. 

3.2 Optimized Route Selection   

In this calculation, the sensor's location 𝐿௜  runs with the BAT computation is identified, and its moving velocity 

is 𝑆௜  and time  𝑇 also verified. In addition, update this sensor 𝐿 and velocity variations at each time as follows.  

                                                             𝐿௜ ൌ 𝑁஻ሺ𝐿௜ିଵ െ 𝐿ሻ                              (14) 

              𝑁஻ ൌ 𝑁஻ெூ ൅ ሺ𝑁஻ெ஺ െ 𝑁஻ெூሻϒ      (15) 

Here, 𝑁஻ indicated the node buffer minimum 𝑁஻ெூ  and maximum 𝑁஻ெ஺ level provided the awareness of the 

network environment state. Later update the velocity 𝑆௜  of the sensor is: 

𝑆௜ ൌ 𝑆௜ ൅ ሺ𝐿 െ 𝐿ூିଵሻϒ                                                      (16) 

Subsequently, BAT computation monitors changes in the sensor; accordingly, its inactive moving 𝐼ெ state is 

calculated. Here, 𝑀௣ெ஺ Is the sensor's maximum 𝑀௣ெூ and minimum 𝐼ெ state and 𝑅 the number of repetitions 

in the computations accurate 𝐼ெ  .  

𝐼ெ ൌ
ோሺெ೛ಾಲିெ೛ಾ಺ሻ

ோ
                                                    (17) 

According to the moving velocity of the sensor, the global solution 𝐺ௌ determined as follows: 

𝐺ௌ ൌ 𝐿௜ ൅ 𝑆௜ ൅ 𝐼ெ                                                                   (18) 

Later, after the determination of 𝐺ௌ sensor location, the new location 𝐿௜ே of the sensor updated as follows: 

𝐿௜ே ൌ 𝐿௜௡ ൅ 𝛼𝑃ௌ                                                             (19) 

Here 𝐿௜௡ defined the sensor's new location and 𝑃ௌ  explained the sensor's population during the network changes 

with the tuning parameter 𝛼 at a time described as 0-1. During this time, the data transmission rate 𝐷்ோ  and noise 
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values are updated at each repetition process. Consequently, in the locality of the destination, the noise will slowly 
reduce because of 𝐷்ோ  will increase gradually as computed as below. Here is the packet size 𝑆௉ of data packets. 

𝐷்ோ ൌ 𝑆௉𝐷்ோ                                                  (20) 

This proposed path selection system is set up with the events of the network in which the local and global 
forwarder selection for the route selection takes place through the BAT calculation itself. Thus, the given 
parameters pave the way with the most consistent local and global searches in a very short time. 

3.3 Routing Method of Proposed Model 

All the nodes are organized at the beginning of the network, and network communication is established to transfer 
the packets. In this proposed method, initially, we used 𝐹ூ and neuron systems to categorize the 𝐷ீ as a cluster. 

In this way, more 𝐷ீ  were created to identify the specific features of the data. To classify this, the network used 
few parameters such as node location, sensing counts, sensing time, and ID to filter the features. All these 
parameters are processed 𝐹ூ , and the fuzzy set's output is transferred to the neural network to get more accurate 

𝐷ீ .  Also, the node with the shortest distance and high energy towards the destination is chosen as neighbor sets 

within the coverage range of each sensor. The 𝐷ீ will be changed as per the environmental state and node location 
variation, so the network will be updated to reconstruct the data group according to the changes. Due to the 
continuous monitoring sensor predicted the status of the incoming data. It changed the 𝐷ீ . Accordingly, the 
nodes can perform computations to notice the environment continues in the proposed method. The BAT 
computation predicts those forwarder nodes' local and global quality to build the routing path. 

 
Fig.2. Forwarder Selection 

The Enhanced BAT computation is used to determine the optimal Forwarder routing path, as shown in the diagram 
above. The solutions given by the EBAT Computation are evaluated using an unique Fitness Function. The fittest 
solution offers details on the most efficient route to the Base Station. 

4.Results and Discussion 

Nodes in this network have been changed from 100 to 200 and tested. The network area is chosen to be between 
200 and 200, and the nodes are randomly placed in it. Random data nodes sense application as it travels. Its 
performances are given below in graph form. In this, the network parameters used are shown in Table.1 below. 
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Parameter Value 

Traffic Type Sense Application

Nodes 100-200 

Propagation Model TwoRayGround 

Antenna Omni-Directional 

Network Size 200 ×200 

 

Table.1. Network Parameters 

 

Fig.3. Dataset Vs. Network Lifetime 

Network lifetime is the amount of life that nodes in the network use and extend depending on energy. If the 
network has nodes with a longer lifespan, the performance of that network will be longer. If the energy is used for 
a long time, the routing on the network can be considered better. The proposed model, FN-EBAT, has a longer 
lifespan than other ACNM, ELM, and DCHHS protocols, as shown in Figure.3. As it is a sensor network, the 
neighbor set is formed by special information of the data perceived in the network. The data is then selected for 
optimized routing. As a result, the energy losses are minimized, and the data transmission is minimized, and the 
lifespan is extended. 
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Fig.4. No.of Sensor Nodes Vs. Packet Delivery Ratio 

The packet delivery ratio -PDR is the percentage of data packets delivered to the destination. This will increase if 
the network communication is working well. Otherwise, the percentage will start to decrease. The main reason 
for this is both routing and neighbor selection. Here, in FN-EBAT, PDR is higher than other protocols, as shown 
in Figure.4. This is because the data groups are made from the neighbor set, and then the accurate routing is 
selected. Many network factors such as energy, data types, distance, etc., are chosen, and the features for that data 
are considered, and then the neighbors are selected. Also, routing is created through BAT optimization. As a 
result, the percentage of data delivery has increased as a stable network has been created. 

 

Fig.5. Simulation Time Vs. Delay 
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Network Delay is the time delay that occurs during transmission. This will vary depending on the stability of the 
network. Many factors, such as the nature of the wireless channel, the connectivity period of the nodes, and the 
packet buffering period, determine this network delay. If the delay is short, the protocol running on the network 
can be considered running accurately. In this FN-EBAT method, the selection of neighbors is accurate as the data 
is divided according to its feature sets and then routed. Thus it can be seen that the performance of the proposed 
has increased Figure.5. 

 

Fig.6. No.of Sensor Nodes Vs. Throughput 

Throughput is the number of packet bits that receive the destination. If the functions of the network are consistent, 
the packets will quickly go to the destination. Then, the number of its bits will also increase. Throughput is one 
of the qualities of measurements of a network. Here we can see that the throughput of the proposed method FN-
EBAT is high, as shown in Figure.6. These variations can be seen due to optimized group formation and routing 
selection. This includes calculating fuzzy, neural, and BAT computations, making the wireless communication 
sensor network better. 

5. Conclusion and Future work 

When the sensor senses the data somewhere in the network and sends it to the destination elsewhere, the network 
encounters various problems. To meet these requirements, the sensors in the networks require a proper protocol. 
The FN-EBAT data group designed here selects the path and then. The sensors use the fuzzy-neuron method to 
form a data group and the BAT computations to choose the routing path. The sensors use several parameters to 
separate the data features and create accurate data groups. This will not confuse aggregating the data.Similarly, 
the forwarder selection required to forward the data is made by BAT computation. This reduces the cost of energy 
by selecting local and global best forwarders and transmitting data through them. In the future, secure routing of 
data transmission on this network will enable secure data transmission. 
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