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Computational intelligence methods play an important role for supporting smart networks operations, optimization, and
management. In wireless sensor networks (WSNs), increasing the number of nodes has a need for transferring large volume of
data to remote nodes without any loss. These large amounts of data transmission might lead to exceeding the capacity of WSNss,
which results in congestion, latency, and packet loss. Congestion in WSN’s not only results in information loss but also burns a
significant amount of energy. To tackle this issue, a practical computational intelligence approach for optimizing data trans-
mission while decreasing latency is necessary. In this article, a Softmax-Regressed-Tanimoto-Reweight-Boost-Classification-
(SRTRBC-) based machine learning technique is proposed for effective routing in WSNs. It can route packets around busy
locations by selecting nodes with higher energy and lower load. The proposed SRTRBC technique is composed of two steps: route
path construction and congestion-aware MIMO routing. Prior to constructing the route path, the residual energy of the node is
determined. After that, the residual energy level is analyzed using softmax regression to determine whether or not the node is
energy efficient. The energy-efficient nodes are located, and numerous paths between the source and sink nodes are established
using route request and route reply. Following that, the SRTRBC technique is used for congestion-aware routing based on buffer
space and bandwidth capability. The path that requires the least buffer space and has the highest bandwidth capacity is picked as
the optimal route path among multiple paths. Finally, congestion-aware data transmission is used to minimize latency and data
loss along the route path. The simulation considers a variety of performance metrics, including energy consumption, data delivery
rate, data loss rate, throughput, and delay, in relation to the amount of data packets and sensor nodes.

1. Introduction

Wireless sensor networks (WSNs) help in monitoring and
recording the physical environmental conditions as well as
transmitting the collected data to base station. The network-
on-chip (NoC) architecture was constructed in [1] to per-
form the efficient communication between the multiple
cores. The designed system performed on-chip antennas

utilization between long distance cores to reduce the latency.
However, energy efliciency was not improved by network-
on-chip (NoC) architecture.

An opportunistic routing was carried out in [2] for
MIMO in wireless ad-hoc networks (WANETSs). But, the
latency was not reduced by opportunistic routing. A new
congestion-aware routing algorithm was introduced in [3]
that splits the network-on-chip (NoC) into number of
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subnets. But the computational complexity was not reduced
by congestion routing aware algorithm.

A new functional gradient boosting was introduced in
[4] for learning the deep residual networks on multiclass
classification tasks. However, the packer delivery ratio was
not reduced by functional gradient boosting. Two boosting
algorithms termed RBoost1 and RBoost2 were introduced in
[5], robust to noisy data with AdaBoost. RBoostl and
RBoost2 failed to focus on samples misclassified by base
learners.

A congestion-aware routing algorithm was introduced in
[6] through sending the congestion information in data
packet. Congestion Aware Routing using Fuzzy Rule sets
(CARF) was designed in [7] for managing the excess traffic
conditions through finding the nonlocalized node paths. But
throughput level was not improved by CARF.

A routing method was designed in [8] to reduce the
congestion. The weights estimated from congestion-related
parameters were sent to subsequent modules, but the routing
cost was not minimized by designed method. Congestion
Aware Lifetime Improving Routing Protocol (CALIRP) was
designed in [9] to increase the network lifetime through re-
ducing the congestion. However, the computational complexity
was not reduced by CALIRP. A congestion-aware clustering
and routing (CCR) protocol was designed in [10] to avoid the
congestion problem over network. However, the data delivery
rate was not improved by designed CCR protocol.

The issues identified from the above literature are higher
computational cost, lesser energy efficiency, lesser network
lifetime, lesser data delivery rate, lesser computational com-
plexity, higher packet loss rate, higher latency, etc. In order to
address these problems, a congestion-aware routing technique
called Softmax Regressed Tanimoto Reweight Boost Classifi-
cation (SRTRBC) method for reliable and congestion routing
aware in WSNGs is designed.

The main contributions of the work are as follows:

(i) A machine learning concept that combines the weak
learners to form the strong one is used for devel-
oping the proposed SRTRBC method. The main aim
of SRTRBC method is to route the packets around
congested areas through identifying the energy-ef-
ficient and underloaded nodes. SRTRBC method
comprises two processes like route path construc-
tion and congestion aware MIMO routing. The
residual energy of node is determined for route path
construction.

(ii) Softmax regression analysis examined the residual
energy level to identify if the node is energy efficient
node or nonenergy efficient node. The energy-ef-
ficient nodes are identified and constructed through
the multiple paths from source node to sink node
with help of route request and route reply.

(iii) Tanimoto Reweight Boost Classification is carried
out for congestion aware routing depending on
buffer space and bandwidth capacity. The route path
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with lesser buffer space and higher bandwidth ca-
pacity is selected as an optimal route path among
multiple paths. At last, congestion-aware data de-
livery is performed along route path to minimize the
latency and packet loss.

The rest of the paper is structured as follows: Section 2
reviews the related works of congestion routing aware in
WSN:Ss. Section 3 provides brief explanation of the proposed
SRTRBC method with neat diagram. In Section 4, simulation
settings and result analysis are discussed. The conclusion is
given in Section 5.

2. Related Works

A congestion control algorithm depending on multi-
objective optimization algorithm called PSOGSA was in-
troduced in [11] for rate optimization. The network lifetime
was not reduced by congestion control algorithm. A reliable
and congestion based protocol was introduced in [12] for
enhancing the reliability results. The designed protocol used
Order Preference by Similarity to Ideal Solution (TOPSIS)
technique to choose an optimal path for data transmission.
However, the computational cost was not minimized by
reliable and congestion based protocol.

A centralized congestion control routing protocol
depending on multimetrics (CCRPM) was introduced in
[13] to minimize the network congestion effects. The
computational complexity was not reduced by CCRPM. An
Enhanced Congestion Control-Random Early Detection
(EnCoCo-RED) was designed in [14] to enhance the con-
gestion control performance. Though the congestion control
was carried out, the energy efficiency was not improved by
EnCoCo-RED.

A fuzzy sliding mode congestion control algorithm
(FSMC) was designed in [15] for WSN. However, the packet
loss rate was not reduced by FSMC. A congestion control
mechanism was designed in [16] on optimized rate for
energy efficient transmissions. Though the energy efficiency
was improved, routing overhead was not reduced by con-
gestion control mechanism.

An efficient congestion avoidance approach was intro-
duce in [17] with Huffman coding algorithm to enhance the
network performance. An ant colony optimization was used
to identify the congestion-free alternate paths. However, the
complexity level was not reduced by congestion avoidance
approach.

A dynamic approach was designed in [18] for queue
management to identify the congestion with minimal time
consumption and prevent the collision. The back-pressure
method was employed depending on queue quality to
minimize the linking probability in pathway. The latency was
not reduced by dynamic approach.

A PACC protocol was designed in [19] for improving the
QoS performance in WSNs, namely latency, data delivery
ratio, loss ratio, and network channel efficiency. Though the
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data delivery rate was improved, the time consumption was
not reduced by PACC protocol.

A two-level Fuzzy-Logic-Controller- (FLC-) based dy-
namic clustering scheme was designed in [20] for congestion
prevention. The sink nodes forecasted the current load
depending on the loads in preceding rounds, but the clus-
tering accuracy was not improved by FLC-based dynamic
clustering scheme.

3. Methodology

WSN is a group of sensor nodes to transfer the sensed data to
sink node. Multiple-input/multiple-out (MIMO) technology
is wireless communication used for transmitting the mul-
tiple data signals. MIMO method plays an essential role in
3G, 4G, and 4G LTE networks. WSN has experienced from
different problems like frequently varying the network to-
pology and congestion problems which affect network
bandwidth usage. Congestion occurs when resource demand
increase the system available capacity to reduce the latency
and packet loss. The congestion avoidance is equal to the
traffic load balancing in WSN. The possible congestion
avoidance affects the excessive traffic distribution. Conse-
quently, a new scheme is required to enhance the data
delivery and minimize the latency. In this paper, reliable and
congestion-aware routing technique called SRTRBC method
is designed to route the packets around the congested areas
by identifying the energy-efficient and underloaded nodes.
The key idea of SRTRBC method is to construct the energy-
efficient path identification and congestion aware routing
correspondingly.

Figure 1 reveals the structural design of proposed
SRTRBC method to perform the route path identification
and MIMO routing in wireless technology. The proposed
method computes the energy for every distributed sensor
node. After that, the route path between the source and
destination is identified through transmitting the request
and reply message. The route with minimum distance is
selected for efficient routing. In data transmission, the
congestion-aware routing is carried out to minimize the
network congestion with minimal latency.

3.1. Network Model. A system model of proposed SRTRBC
method is introduced. The number of sensor nodes
‘SN; =SN,,SN,, SN;...SN,’ are distributed in the squared
area ‘n*n’ within the transmission range ‘TR’. The sensor
nodes are located independently and collect the information
from environment. The collected data  packets
‘dp; = dpy, dp,,...,dp,,’ are sent to the destination node
‘dn’ through energy-efficient and congestion aware inter-
mediate nodes ‘I, I,, ..., I, toimprove the lifetime in WSN
and to choose the route paths for avoiding the congestion.

3.2. Softmax Regression Analysis-Based Route Path
Construction. The SRTRBC method performs the route path
classification between sensor nodes through performing the
softmax regression analysis. The softmax regression analysis
is a machine learning technique to find the relationship
between the dependent variable (i.e., ‘outcomes’) and in-
dependent variables (i.e., features). The softmax regression
function observes the sensor node features (i.e., energy). For
every sensor node, energy level is calculated. Initially, all
sensor nodes have similar energy level and it gets minimized
during the sensing process. The energy level is computed as
product of power and time. It is determined as

Energygy = Power * Time. (1)

From (1), ‘Energyg,,’ represents the energy level of sensor
nodes. ‘Power’ is measured in terms of watts. The time is
measured in terms of seconds (sec). The energy of sensor node
is computed in terms of joule (J). The energy level of sensor
gets reduced during the sensing process in wireless network.
Consequently, the residual energy of node is determined as

Residualg,epg, = Totalp,ey,  — Consumedp gy - (2)

From (2), ‘Residualg,.g, ~ represents the residual
energy of the sensor node, Totalg,.,, ’ represents the

< b
total energy of sensor nodes, and ‘Consumedg,cgy

denotes the consumed energy. The softmax regression
analysis in SRTRBC method examines the predicted node
energy level and finds the energy-efficient nodes. Softmax
regression analysis is the simplification of logistic
function to multiple dimensions. It is employed as the
activation function to categorize the sensor node output
to the probability distribution over the predicted output
classes. It is formulated as

Zi

e
SRA = ——.
25:1 e

(3)

From (3), ‘0 (z)’ denotes the softmax regression analysis.
‘z; represents the residual energy of the sensor node 7
ranges from Oto p. Normally, the output of the softmax
regression analysis ranges from ‘Oto1’. When regression
analysis provides the output ranges from ‘0to 0.5, then the
sensor node is said to nonenergy efficient node. When the
regression analysis provides the output ranges from ‘0.5 to 1’,
then the sensor node is said to be energy efficient node. After
performing the regression analysis, the node with higher
residual energy is chosen for route path construction. The
number of route paths is constructed between the source
node and destination node using two control messages like
route request ‘R’ and route reply ‘R,’. The source node
distributes the request message to the destination node
through the intermediate nodes.

Rreq d . Rreq . .
Source node = Z (Intermediate nodes; ) = Destination Node. (4)
k=1
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FiGure 1: Structural design of the proposed SRTRBC method.

The source node transmits the route request packet to
the sink node through the intermediate nodes. After col-
lecting the request message, the destination node replies to
the source node.

Rrep d . Rrep . .
Sourcenode & Z (Intermediate nodes; ) < Destination Node.
k=1

(5)

From (5), ‘R, denotes the reply from destination node
‘dn’ to the source node ‘sv’ via the intermediate nodes (I;).
Depending on two control message transmission, the
multiple routes from source to the destination are illustrated
in Figure 2.

Figure 2 demonstrates the multiple paths between source
and destination node in SRTRBC method. The route paths
from above graph are listed in Table 1.

Table 1 describes the multiple route paths from source to
destination node. There are three route paths 7, r,andr;’
given in Table 1. The third column represents the number of
hops between the source and destination. The multiple route
paths are constructed in SRTRBC method from source to
destination with higher network lifetime.

TSCC =

3.3. Reweight Adaptive Boosting Classification. Boosting is a
machine learning algorithm that combines the weak learners
to form the strong one. Boosting classifier is a strong
classifier that presents the accurate classification results
through combing all the weak learners. As a result, SRTRBC
method employs the reweight adaptive boosting classifica-
tion algorithm to increase the classification performance.
The boosting algorithm uses the Tanimoto similarity
function in SRTRBC method to categorize the route path
into congestion aware and noncongestion aware route path.
The flow process of reweight adaptive boosting classifier is
illustrated in Figure 3.

Figure 3 shows the structure of the reweight adaptive
boost ensemble classifier in SRTRBC method to classify the
route path into different classes for further processing. Let us
consider the training data as multiple route paths
‘r1» ryandr;’ and ‘y,, ¥, and y;’ represent the classification
output. The set of weak learners {w;,w,, w;....w,} are
constructed to train the input and combined to form the
strong one. A decision stump is the decision tree where route
path is classified based on the similarity measure. Tanimoto
similarity correlation is used in SRTRBC method to de-
termine the linear relationship between congestion-free
route path and constructed route path. It is measured as
follows:

|congestion — free route path N constructed route path|

~ |congestion — free route path| +|constructed route path| — |congestion — free route path N constructed route path|

(6)
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RCR =) 6” xw; (10)

TaBLE 1: Tabulation of route paths.

Route Route paths Hops
T sn— I, — I — dn 2
T, sn—I; — Ig — dn 2
) sn— I, — I, — I, —dn 3

From (6), the Tanimoto similarity correlation coefficient
‘TSCC’ provides the value between 0 and 1. The threshold
value of softmax regression analysis is set through taking the
average of maximum and minimum value. The minimum
value is considered as zero and the maximum value is con-
sidered as 1. Through taking the average value, we obtain the
threshold value as 0.5. If the Tanimoto similarity correlation
value ranges from ‘0to 0.5’, it denotes noncongestion aware
path. If the Tanimoto similarity correlation value ranges from
‘0.5to 1, it denotes congestion aware path. Based on the
correlation value, the decision dump categorizes the route
path into two different classes. After classification, the weak
learners are joined into forming the strong learner. It is
mathematically formulated as

1
WC =Y w, (7)
j=1

From (7), ‘WC’ denotes the output of weak classifier and
‘w;” symbolizes the number of weak learner output. After
that, the similar weight is allocated in SRTRBC method to
each weak learner. It is calculated as

1
WC=) sxuw, (8)
j=1

From (8), ‘0’represents the similar weight allocated to the
weak learners ‘w;’. After that, the training error of each base
learner is computed as

Error = (yj - wj)z. 9
From (9), ‘y; represents the actual output and ‘w;’
symbolizes the observed output. Depending on the error,
every base learner is reweighted. The boosting classifier
identifies the classification results with lesser error rate. The
reweighted classification results are attained as

From (10), ‘RCR’ represents the output of reweighted
classification results. ‘6*” denotes the reweight of weak
learner ‘w;’. Depending on the classification results, the
route path is correctly classified into two classes. After that,
source node sends the data packets to the destination node in
congestion-free manner for further processing. The algo-
rithmic process of reweight adaptive boosting classification
in SRTRBC method is described as follows.

Algorithm 1 explains the softmax regressed Tanimoto
reweight boost classification based reliable and congestion
aware routing process. For every sensor node in WSN, the
residual energy level is determined. Then, the regression
function examines the estimated energy level of sensor node.
Depending on regression analysis, the energy-efficient nodes
are selected for MIMO routing. With help of energy-efficient
nodes, multiple route paths are constructed between source
and destination node. The multiple route paths are recog-
nized through transmitting two control messages like route
request and reply from source to the destination. The en-
semble technique constructs the number of weak learners.
After that, the weak learners are combined and similar
weight is allocated to the weak learners. Subsequently, the
error is determined for each classification result of the weak
learner to improve the classification performance. After that,
the weak learner weights are recomputed consistent with the
error value. Afterwards, the classifier with minimum error is
chosen as final strong classification results. Finally, the
congestion-free data transmission is carried out in efficient
manner with higher data delivery.

4. Simulation Settings and Result Discussion

The simulation of SRTRBC method and existing methods is
done using MATLAB. In order to conduct the simulation,
1000 sensor nodes are considered as input. The proposed
and existing method performance is determined with help of
ten runs. The performance analysis of the proposed SRTRBC
method and existing methods namely network-on-chip
(NoC) architecture [1] and opportunistic routing [2] are
explained with five different metrics, namely energy effi-
ciency, data delivery rate, data loss rate, throughput, and
latency. The performances of different techniques are
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FIGURE 3: Structure of reweight adaptive boost classification.

Input: sensor Nodes SN,SN,, SN;...SN,, , source node, destination node
Output: improve congestion aware routing in WSN

Begin
(1) For each SN;
(2) Measure residual energy of sensor node
(3) Analyze the residual energy by using softmax regression

(4) if (SRA<0.5), then

(5) SN; is energy-efficient node

(6) else

(7) SN; is nonenergy efficient node

(8) endif

(9) end for
(10) Create the route paths between source and destination node
(11) sn sends Reqy to sink
(12) sn send Repy to source
(13)  Construct the multiple routes 7, r, and r5’
(14) for each constructed route path
(15) Construct ‘%’ weak learners

(16) Measure the Tanimoto similarity correlation
(17) Classifies route path into two different classes
(18) Combines all weak learners y;

19) Assign similar weights to the weak classifier

(20) Compute the error

(21) Update the weight of weak classifiers
(22) Find classifier with minimum error
(23) Attain the strong classification results
(24) End for

End

ALGORITHM 1: Softmax regressed Tanimoto reweight boost classification-based reliable and congestion aware routing algorithm.

analyzed with help of table and graphical illustration. The

. . _ energy
parameters are explained as given below. Enerpg =

x 100. (11)

energy

From (11), ‘Energg "denotes the energy efficiency. Energy
4.1. Impact of Energy Efficiency. Energy efficiency is defined efficiency is computed in terms of percentage (%). Table 2
as the proportion of output energy and input energy. Energy  degcribes the energy efficiency performance results with
efficiency is determined as respect to number of sensor nodes.



Mathematical Problems in Engineering

TaBLE 2: Tabulation of energy efficiency.

Number of sensor nodes (number) )
NoC architecture

Energy efficiency (%)

Opportunistic routing SRTRBC method

100 88.5
200 90.6
300 89.9
400 90.1
500 88.6
600 88.9
700 87.5
800 88.1
900 87.2
1000 82.8

90.2 96.1
92.5 94.2
92.6 96.5
93.4 97.4
91.1 96.8
90.2 97.8
91.7 95.4
90.8 96.7
91.5 95.3
92.2 94.1

As shown in Table 2, the three different methods of
energy efficiency are SRTRBC method, NoC Architecture [1]
and Opportunistic Routing [2]. Among these three different
methods, the SRTRBC method outperforms well through
increasing the energy efficiency during the data transmis-
sion. Let us consider the 100 sensor nodes in wireless
network and the initial energy level of every sensor node is
predefined as‘0.5]". Because of transmission process, the
energy level of sensor nodes gets reduced. Consequently, the
energy efficiency of the SRTRBC method using 100 sensor
nodes is 96.1%, while the energy efficiency of the NoC
Architecture [1] and Opportunistic Routing [2] is observed
as 88.5% and 90.2%, respectively. Likewise, different energy
efficiency results are obtained by applying different number
of sensor nodes. The attained energy efficiency results are
evaluated for three different existing methods.

Figure 4 illustrates the performance results of energy
efficiency linked with three different methods. The x-axis
represents that the various number of sensor nodes. The
y-axis denotes the energy efliciency of the sensor nodes. In
graphical representation, the blue colour bar denotes the
energy efficiency of NoC Architecture [1] and the red colour
bar represents the energy efficiency of Opportunistic
Routing [2]. The green colour bar symbolizes the energy

data delivery rate =

Number of data packet correctly delivered

efficiency of SRTRBC method. The graph denotes that the
proposed SRTRBC method outperforms well through in-
creasing the energy efficiency. This is due to the application
of softmax regression analysis and Tanimoto reweight boost
classification for congestion aware routing in WSN. The
route path with lesser buffer space and higher bandwidth
capacity is selected as the best route among the multiple
paths. The regression analysis identify if the node is energy
efficient or nonenergy efficient. The energy-efficient nodes
identified the multiple paths from source node to the sink
node through transmitting the route request and route reply.
This in turn helps to improve the energy efficiency during
efficient data transmission in WSN. The average of ten re-
sults describes the overall energy efliciency using the pro-
posed SRTRBC method comparatively increased by 9% and
5% when compared to other NoC Architecture [1] and
Opportunistic Routing [2].

4.2. Impact of Data Delivery Rate. Data delivery rate is
computed as ratio of the number of data packets correctly
delivered to the total number of data packets sent. The data
delivery rate is formulated as

From (12), the data delivery rate is determined. The data
delivery rate is computed in terms of percentage (%). Table 3
explains the results of data delivery rate with respect to the
number of data packets.

From Table 3, we can conclude that there are three
different methods with their data delivery rates: SRTRBC
method, NoC Architecture [1], and Opportunistic Routing
[2]. Among these three different methods, the SRTRBC
method outperforms well through increasing the data de-
livery rate during the data transmission. Let us consider the
500data packets in wireless network. Consequently, the data
delivery rate of the SRTRBC method is 97 %, while the data
delivery rate of the NoC Architecture [1] and Opportunistic

Number of data packets sent

* 100. (12)

Routing [2] is observed as 89% and 92 %, respectively.
Similarly, different data delivery rate results are attained by
applying different number of data packets. The data delivery
rate results are determined for three different existing
techniques.

Figure 5 explains performance results of data delivery
rate for three different techniques. The x-axis denotes dif-
ferent number of data packets. The y-axis symbolizes the
data delivery rate of three different methods. In graphical
illustration, the blue colour bar represents the data delivery
rate of NoC Architecture [1] and the red colour bar denotes
the data delivery rate of Opportunistic Routing [2]. The
green colour bar represents the data delivery rate of SRTRBC
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TaBLE 3: Tabulation of data delivery rate.
Data delivery rate (%
Number of data packets (number) . . ry ( )
NoC architecture Opportunistic routing SRTRBC method
100 73 80 93
200 85 88 95
300 88 90 92
400 87 88 94
500 89 92 97
600 92 94 96
700 92 95 98
800 92 95 98
900 91 96 98
1000 95 96 98

method. The graph represents the proposed SRTRBC
method performed well through increasing the data de-
livery rate. This is due to the application of softmax re-
gression analysis for determining the residual energy
level. The regression analysis helps to find if the node is
energy efficient or nonenergy efficient. After that, the
energy-efficient nodes are recognized and construct the
number of paths from source node to the sink node
through transmitting route request and route reply. This
in turn helps to improve the data delivery rate during
efficient data transmission in WSN. The average of ten
results explains that the overall data delivery rate using the
proposed SRTRBC method is comparatively increased by
5% and 9% when compared to other NoC Architecture [1]
and Opportunistic Routing [2].

4.3. Impact of Latency. Latency is defined as the variation
between the expected arrival time and actual arrival time of
data packet. Latency of data transmission is determined as

L= [ATactual] - [ATExpected ] (13)

From (8), ‘L’ denotes the latency. AT, ;" represents the
actual arrival time, and “AT'geeq” Symbolizes the expected
arrival time. The latency is computed in milliseconds (ms).
Table 4 describes the performance results of latency with
respect to the number of data packets varying from 100 to
1000.

It describes the performance results of latency with
respect to the number of data packets varying from 100 to
1000. The table explains latency of three different
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TaBLE 4: Tabulation of latency.

Number of data packets (number) .
NoC architecture

Latency (ms)

Opportunistic routing SRTRBC method

100 31
200 33
300 37
400 40
500 43
600 47
700 50
800 52
900 55
1000 57

22 15
26 19
29 21
32 25
35 27
38 30
41 32
44 35
47 37
49 40

methods, SRTRBC method, NoC Architecture [1], and
Opportunistic Routing [2]. Among three different
methods, the SRTRBC method attained better results
through reducing the latency during the data transmis-
sion. Let us consider the number of data packets is 800 in
wireless network. Consequently, the latency of the
SRTRBC method is 35ms while the latency of the NoC
Architecture [1] and Opportunistic Routing [2] is ob-
served as 52ms and 44ms, respectively. Similarly, different
latency performance results are attained for different

number of data packets. The latency results are computed
for three different existing techniques.

Figure 6 explains the performance results of latency for
three different methods. The x-axis denotes different
number of data packets. The y-axis symbolizes the latency of
the three different methods. In graphical illustration, the
blue colour bar represents the latency of NoC Architecture
[1] and the red colour bar denotes latency of Opportunistic
Routing [2]. The green colour bar symbolizes the latency of
SRTRBC method. The graph represents the proposed
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TaBLE 5: Tabulation of data loss rates.

Number of data packets (number) )
NoC architecture

Data loss rate (%)

Opportunistic routing SRTRBC method

100 27
200 15
300 12
400 13
500 11
600 8
700 8
800 8
900 9
1000 5
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SRTRBC method performs well through reducing the la-
tency. This is because of applying the softmax regression
analysis for calculating the residual energy level. The re-
gression analysis helps to find if the node is energy efficient
or non-energy efficient. The energy-efficient nodes are
identified and construct multiple paths from source node to
destination through sending the route request message and
route reply message. This in turn helps to minimize the
latency during efficient data transmission in WSN. The
average of ten results explains that the overall latency using
the proposed SRTRBC method is comparatively reduced by

38% and 23% when compared to other NoC Architecture [1]
and Opportunistic Routing [2].

4.4. Impact of Data Loss Rate. Data loss rate is computed as
the ratio of the number of data packets correctly delivered to
the total number of data packets transmitted. The data
delivery rate is formulated as

Number of data packet lost

dataloss rate = % 100. (14)

Number of data packets sent
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FIGURE 7: Measurement of data loss rate.

TaBLE 6: Tabulation of throughput.

Number of sensor nodes (number) )
NoC architecture

Throughput (bps)

Opportunistic routing SRTRBC method

100 150
200 181
300 265
400 367
500 403
600 491
700 619
800 726
900 811
1000 925

165 184
209 245
301 327
395 406
457 498
506 587
649 681
767 804
865 887
954 979

From (14), the data loss rate is determined. The data loss
rate is measured in terms of percentage (%). Table 5explains
the performance results of data loss rate with respect to the
number of data packets.

In Table 5, the data loss rate of three different methods
(SRTRBC, NoC Architecture [1], and Opportunistic
Routing [2]) is given. Among these three different
methods, the SRTRBC method reduces the data loss rate
during the data transmission. Let us consider the 900 data
packets in wireless network. Consequently, the data loss
rate of the SRTRBC method is 2 % while the data loss rate
of the NoC Architecture [1] and Opportunistic Routing
[2] is observed as 9% and ,4 % respectively. Similarly,
different data loss rate results are obtained by applying
different number of data packets. The data loss rate results
are computed for three different existing techniques.

Figure 7 explains the performance results of data loss
rate for three different techniques. The x-axis denotes
different number of data packets. The y-axis represents
the data loss rate of the three different methods. In
graphical illustration, the blue colour bar denotes the data
loss rate of NoC Architecture [1] and the red colour bar
denotes the data loss rate of Opportunistic Routing [2].
The green colour bar represents the data loss rate of
SRTRBC method. The graph represents the proposed
SRTRBC method performed well through reducing the
data loss rate. This is due to the application of softmax
regression analysis for computing the residual energy
level. The regression analysis helps to identify if the node
is energy efficient or nonenergy efficient. With energy-
efficient nodes, multiple paths are constructed from
source node to the sink node through transmitting the
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FIGURE 8: Measurement of throughput.

route request and route reply. This in turn helps to reduce
the data loss rate during efficient data transmission in
WSN. The average of ten results explains that the overall
data loss rate using proposed SRTRBC method is com-
paratively reduced by 64% and 51% when compared to
other NoC Architecture [1] and Opportunistic Routing
[2].

4.5. Impact of Throughput. Throughput is defined as the
amount of packets broadcasted from the sensor nodes at a
certain interval. It is measured as

_ number of packets transmitted

T (15)

time interval

From (15), the throughput ‘T is determined.
Throughput is measured in bits per seconds (bps). Table 6
describes the performance result of throughput with respect
to the number of data packets.

It portrays the throughput of three different methods,
SRTRBC method, NoC Architecture [1], and Opportu-
nistic Routing [2]. We see that the SRTRBC method in-
creases the throughput during the data transmission. Let
us consider the 800 data packets in wireless network.
Consequently, the throughput of the SRTRBC method is
804 bps, while the throughput of the NoC Architecture [1]
and Opportunistic Routing [2] is observed as 726 bps and
767 bps, respectively. Similarly, different throughput re-
sults are obtained for different number of sensor nodes.
The throughput results are computed for three different
existing techniques.

Figure 8 explains the performance results of
throughput for three different techniques. The x-axis
denotes different number of sensor nodes. The y-axis
denotes the throughput of the three different methods. In
graphical illustration, the blue colour bar represents the
throughput of NoC Architecture [1] and the red colour
bar denotes the throughput of Opportunistic Routing [2].
The green colour bar represents the throughput of
SRTRBC method. The graph represents the proposed
SRTRBC method performed well through increasing the
throughput. This is because of applying softmax regres-
sion analysis and Tanimoto reweight boost classification
for congestion aware routing depending on buffer space
and bandwidth capacity. The regression analysis identify
if the node is energy efficient or nonenergy efficient. With
energy-efficient nodes, multiple paths are constructed
from source node to the sink node through transmitting
the route request and route reply. In this way, it gets
increased during efficient data transmission in WSN. The
average of ten results explains that the overall throughput
using proposed SRTRBC method is comparatively in-
creased by 17% and 8% when compared to other NoC
Architecture [1] and Opportunistic Routing [2].

5. Conclusion

A new routing method termed SRTRBC method is intro-
duced to route packets around congested areas through
identifying the energy-efficient and underloaded nodes in
WSN. SRTRBC method comprised route path construction
and congestion aware MIMO routing. The node residual
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energy is determined for route path construction in WSN.
Softmax regression analysis examines the residual energy
level to identify if the node is energy efficient or nonenergy
efficient. The energy-efficient nodes constructed multiple
paths from source node to the sink node through route
request and route reply. The Tanimoto Reweight Boost
Classification method performed the congestion aware
routing with minimal latency and packet loss during the data
transmission in WSN. The qualitative and quantitative re-
sults discussion shows that SRTRBC method attained better
performance in terms of achieving higher data delivery rate
and lesser latency and energy efficiency when compared to
other related works. The future direction of the work can be
carried out through introducing the deep learning concept
during MIMO routing in WSN. With the help of deep
learning method, the energy efficiency gets increased at the
required level and latency time gets reduced.
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