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Abstract - Seamless mobility management is an ability to provide the various services during the
communication in wireless heterogeneous networks. Due to the random mobility of the mobile terminals,
the connectivity between different mobile devices gets lost. In order to provide the lossless connectivity
between the mobile devices, the handover from the point of current attachment to another point is
necessary. To improve the Seamless mobility management and traffic control, an efficient model called
Generalized Light Gradient Boost Decision Tree-based Traffic-Aware Seamless Mobility (GLGBDTTASM) model is introduced in the heterogeneous network. When a mobile node in the network moves out
of its communication range, the signal strength of the nodes is calculated. Based on the signal strength
estimation, the Generalized Light Gradient Boost Decision Tree classifier categorizes the mobile nodes
into the weak and strong signal strength with the threshold value. The boosting algorithm initially
constructs’ weak learners i.e. binary decision tree to identify the weak signal strength of the mobile node.
Then the ensemble classifier combines the results of weak learners and minimizes the generalization
error. This helps to perform the handover only with the weak signal strength of the node resulting in
minimizes the redundant handover. In addition, the weak signal strength of the mobile node from the
current attachment point handover towards the nearest available attachment point to improve the
continuous data delivery. Followed by, bandwidth availability is measured for reducing the packet loss
due to thenetwork traffic resulting in improves the seamless data delivery between the nodes. The
simulation is carried out to evaluate the performance of the GLGBDT-TASM model with two related
approaches. The results show that the GLGBDT-TASM model effectively improved traffic-aware
seamless mobility in a heterogeneous network with minimum delay and packet loss as well as a higher
data delivery rate as compared to state-of-the-art methods.
Keywords: Heterogeneous network, seamless mobility management, generalized light gradient boost decision
tree, signal strength, handover
1. INTRODUCTION
Heterogeneous wireless networks are an integration of two different networks. For enhancing the
performance of data communication, connections are to be exchanged among the various networks using
seamless handoff. Seamless mobility is the ability to change the current network point of attachment into others
without losing its connectivity. A Seamless mobility management system is effectively used for wireless
communication techniques with mobile terminals to continuous access of information at any time, different
location, network, and device. The seamless mobility plays a significant role in a wireless network in terms of
data communication with minimum delay. In addition, one of the significant challenges in seamless mobility
management is to handle and control the traffic since it leads to packet loss in data communication. To address
this issue in this paper, the Generalized Light Gradient Boost Decision Tree-based Traffic-Aware Seamless
Mobility (GLGBDT-TASM) model is introduced for seamless mobility management and traffic control with the
help of machine learning techniques.
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A Locator and Identity Split Protocol and Location Service Areas (LISP-LSAs) mobility management
protocol was designed in [1]. The designed mobility scheme considerably minimizing the data delivery cost and
packet loss but the performance of the data delivery rate was not improved. A new Optimized Vertical
Handover (OVH) framework was introduced in [2] to perform the handover process with minimum time.
Though the framework minimizes the handover delay, the traffic-aware seamless communication was not
performed to further minimize the packet loss.
A Multi-Armed Bandit Model-based Vertical Handoff Approach (MABA) was designed in [3] for
improving the seamless communication. The designed approach failed to minimize the performance of packet
loss in the seamless data transfer. A Cross-Layer assisted multipath protocol was developed in [4] to provide
the mobile device’s service connection. But the protocol increases the throughput but the transmission delay was
not minimized. A proactive caching mechanism based mobility supporting model was introduced in [5]. The
mechanism considers the real-time network traffic but the performance of the packet loss remained unaddressed.
An Invasive Weed Optimization (IWO) algorithm was designed in [6] to perform the seamless handoff with
probable attachment points for a particular mobile node. But the traffic-aware seamless handoff decision making
was not performed. A novel vertical handover prediction method was developed in [7] to minimize the number
of redundant handovers. The performance of the successful delivery due to the vertical handover was not
improved.
A two mobile router network mobility method was developed in [8] for minimizing the transmission delay
as well as packet loss. But the data delivery rate from one mobile to another node was not improved. A Flowbased and operator-centric mobility management model was introduced in [9] to improve the communication
with less signaling overhead. The designed model was not used for the dynamic mobility management system.
The integration of fuzzy logic and Markov Decision Process (MDP) was introduced in [10] for providing an
accurate decision of handover to perform the data communication. The designed approach minimizes the
mobility as well as traffic, but the delay was not minimized.
To solve the above-said problems in the existing literature, an efficient machine learning algorithm is
introduced for a heterogeneous environment. The major contributions of this paper are described in the below
subsection.
1.1 Contribution of the work
A GLGBDT-TASM model is developed for improving the seamless data communication. Comparison with
other related works that our proposed model exhibits improved performance. The major contributions are
summarized as follows.
•

To reduce the packet loss rate with help of GLGBDT-TASM model. In this model, the performance of
seamless data transmission is improved by identifying signal status using a generalized light gradient
boost decision tree classification. During the data transmission, maximum bandwidth availability is
selected between the nodes. In this way, seamless data transmission reduces the packet loss rate.

•

To minimize the delay by means of proposed GLGBDT-TASM method. The handover process is used
to seamlessly change points of the current network into the nearest available attachment point with
minimum delay.

•

To increase the packet delivery rate by using the proposed GLGBDT-TASM model. In this method, the
node performs handovers to the other nearest point through the Euclidian distance measure with
minimum time for continuous data transmission.
1.2
Organization of the paper
The rest of the paper is organized into six different sections. The reviews of the related works are presented
in Section 2. In Section 3, the proposed GLGBDT-TASM model is described with a neat diagram. In section 4,
simulation setup and parameter settings are presented. Simulation results are discussed in section 5 with
different performance metrics. The conclusion of the paper is presented in Section 6.
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2. RELATED WORKS
A Multiple Attribute Decision Making (MADM) approach was introduced in [11] for selecting the network
and vertical handover. The approach failed to perform the handover in the heterogeneous network. A Seamless
Mobility Management Based on Session Initiation Protocol was designed in [12] to provide different services
without a connectivity loss. Though the designed protocol minimizes the handover packet loss, the data delivery
rate was not improved.
An adaptive handover prediction (AHP) method was developed in [13] for seamless mobility based wireless
networks to improve the accuracy of handover decisions. The designed method failed to consider the traffic for
minimizing the packet loss. A novel handover mechanism based on MIH/PMIPv6 was developed in [14] to
perform the vertical handover for seamless mobility. Though the mechanism minimizes the packet loss, the
transmission delay was not reduced.
A Context-Aware Network Selection was performed in [15] for dynamic decision-making of a mobile
device to perform the communication between the devices. Though the model considers the network traffic, the
performance of the packet loss was not minimized. A Multiple Attribute Decision-Making algorithm was
introduced in [16] to perform the handover. The designed algorithm balances network load to avoid network
congestion but the traffic-aware Decision Making was not performed.
QoE-driven channel allocation and spectrum handoff management framework was developed in [17] for
seamless multimedia services. But it failed to use machine learning algorithms to minimize the redundant
handoff. A new local anchor-based architecture was developed in [18] for performing the seamless handover
with minimum cost. However, when the traffic was large, then the seamless mobility management was not
effectively performed. Mobility management solutions were performed in [19] for minimizing the handoff
latency and packet loss. But the bandwidth availability between the nodes was not considered. The vertical
handoff decision-making technique was introduced in [20] based on the coverage area and the speed of the
mobile nodes. Though the designed technique reduces the redundant handoff, the transmission delay was not
minimized.
The Consumer surplus value (CSV)-based pricing scheme and prediction system was implemented in [21]
for non-real time mobile-based services aiming to maximize user's satisfaction. However, in this method delay
was not considered. In [22], Media Independent Handover (MIH) using a scheduling algorithm was introduced
for achieving effective seamless data transmission. But, the packet delivery rate was not sufficient. A geometric
model for the analysis of hand over failures based on the fading was presented in [23]. This model does not
consider the mobility management and traffic. A horizontal handoff scheme was designed in [24] for providing
efficient seamless handoff. This method used to reduce the handoff latency significantly. However, traffic aware
data communication does not considered.
The major issues are overcome by introducing a novel GLGBDT-TASM model. The detailed processes of
the GLGBDT-TASM model are explained in the following section.
3. METHODOLOGY
Seamless mobility management reduces the packet loss when the movements of mobile terminals from one
attachment point to another. Mobility management enables the networks to locate a mobile attachment point for
delivering the data packets without a connectivity loss. Due to seamless mobility, a mobile node has to handover
the current conversation to the optimal network among the various heterogeneous networks for continuous data
transmission. However, traffic control is one of the major concerns during the seamless mobility since it leads to
packet loss during the transmission. Based on this motivation, an efficient technique called GLGBDT-TASM
model is introduced. The main objective is to improve continuous data delivery and minimize the delay.
3.1
System model
The network model of proposed GLGBDT-TASM model is described in this section with number of
,
,
,….
in the square area ∗ . The mobile nodes in the networks
distributed mobile nodes
are connected to the attachment points , , ,…. to perform the seamless data d , d , d ,…. d transmission in
a certain communication range R . Based on the above system model, the proposed GLGBDT-TASM model is
designed. Every node in the heterogeneous network is free to move in various directions and changes its
connections when the node moves beyond the communication range. Therefore, seamless management is
essential to transmit the data. The block diagram of the GLGBDT-TASM model is shown in figure 1

DOI : 10.21817/indjcse/2020/v11i1/201101008

Vol. 11 No. 1 Jan-Feb 2020

38

e-ISSN : 0976-5166
p-ISSN : 2231-3850

D.Somashekhara Reddy et al. / Indian Journal of Computer Science and Engineering (IJCSE)

Figure 1 block diagram of the proposed GLGBDT-TASM model

Figure 1 illustrates a block diagram of the proposed GLGBDT-TASM model to achieve seamless data
transmission between the mobile nodes in the heterogeneous network. The numbers of mobile nodes or devices
are deployed in a heterogeneous network. For each node, the signal strength of the nodes is measured for
seamless data transmission. Then, the ensemble classifier is used to classify strong signal strength or weak
signal strength based on the threshold value. For the accurate classification results, weak learners are combined
into a strong one. Generalization error is calculated by applying weight to the weak learners. Based on the error
value, weak learner classifies the nodes as weak or strong signal strength. If the weak learner correctly classifies
node status, then performs the handover process by measuring the Euclidean distance between the node and
attachment points. During the continuous data transmission, maximum bandwidth availability is considered for
minimizing the packet loss. In this way, the proposed GLGBDT-TASM model achieves efficient seamless data
transmission with minimum delay. The detailed process of proposed GLGBDT-TASM method is expressed as
follows,
,
,
,….
are deployed in the network. The signal strength of
The number of mobile nodes
the mobile node is mathematically calculated as follows,
= 10 log

(1)

In (1) denotes signal strength of the node, denotes a measured power and denotes reference power.
The signal strength is measured in the unit of the decibel (dB). After measuring the signal strength, the nodes
are classified using an ensemble classification technique
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Figure 2 structure of the ensemble classification

The generalized light gradient boost decision tree classification is applied to classify the node as strong
signal strength or weak signal strength. Boosting is a machine learning technique that converts the weak
classification results into a strong one. The weak (i.e. base) classifier did not provide the true classification of
the mobile nodes with their signal strength. On the contrary, a strong learner is also a classifier that arbitrarily
provides accurate classification results. Therefore, the proposed GLGBDT-TASM model uses the ensemble
classification algorithm for identifying the signal status of the mobile nodes based on the signal strength. The
generalized light gradient boost decision tree classification uses the binary decision tree as a weak learner. The
structure of the ensemble algorithm is shown in figure 2.
Figure 2 illustrates an ensemble classification of the nodes for performing the seamless data transmission
,
where denotes an input i.e.
with minimum delay. The ensemble algorithm considers the training sets
number of mobile nodes and represents the final strong classification results. The ensemble classifier initially
creates an empty set of ‘c’ weak learners C , C , C , … . C with a number of mobile nodes. The binary decision
tree used as a weak classifier is to classify the nodes into two classes’ namely weak signal strength and strong
signal strength hence the name is called as binary decision tree. The binary decision tree is constructed with
three types of nodes such as root node, branch node, and leaf node. The root node makes a decision based on
their signal strength with the threshold and the branch node provides the outcome of the test, and finally the leaf
node displays the output class labels. The path from the root node to the leaf node denotes a certain
classification rule. The root node verifies the signal strength with the threshold.
>
;
( )=
(2)
;
In (2), ( ) represents the output of the weak classifier, denotes a threshold, is the signal strength of
the node. The base classifier output has some errors in the classification results. In order to improve the
classification accuracy and minimize the error, the output of the weak classification results are combined and to
make a strong one. The output of the weak classifiers is summed as follows,
( ) (3)
=∑
From (3),
represents the output of the strong classifier, ( ) is the output of the weak learners. The
ensemble technique initially assigns the weight value to all the results of the weak classifier.
=∑
∗ ( ) (4)
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In (4), represents the output of a strong classifier, denotes a weight. Then the generalization error is
calculated for each classification result. Generalization error is mathematically calculated based on the
difference between the expected and empirical errors. Here the expected error is the actual error of the classifier
and the empirical error is the predictable error. The generalization error is calculated as follows,
) (5)
= (
represents the generalization error,
denotes an expected error,
is the empirical error.
In (5),
After that, the weight value of each classifier is updated with respect to the generalization error. The initial
weight is increased if the weak learner incorrectly classifies the nodes. On the contrary, the initial weight is
decreased if the weak learner correctly classifies the nodes as weak or strong signal strength. Then the strong
classifier finds the weak learner with minimum generalization error and the output of the strong classification
results are expressed as follows,
=∑
∗ ( ) (6)
In (6)
represent the updated weight of the weak classifier. In this way, the ensemble classifier correctly
identifies the node status and performing the handover process. After that, the weak signal strength of the
mobile nodes is switched over from the current attachment point to the nearby attachment point. The nearby
attachment point is identified through the Euclidean distance measure.
Let us consider the current coordinate for the mobile node is (a , b ) and the coordinate of available
attachment point is (a , b ) in Euclidean space. Therefore, the distance between the node and the attachment
point is computed as follows,
=

∑

(

)

(7)

In (7), represents the distance. Then the technique finds the minimum distance for handover the node into
the network.
D (8)
In (8),
denotes an argument of the minimum function to find the minimum distance between the
node and the currently available attachment point. After finding the nearby point, the weak signal strength of the
mobile node is switched with minimum delay and performs the seamless data transmission between the two
nodes. Therefore, the ensemble classification technique effectively finds the current signal status of the node for
minimizing the redundant handover.

Figure 3 handover procedure

Figure 3 shows the mobile node (MN) handover process where C denotes a communication range. The
weak signal strength of the mobile node handover from the old attachment point AP1 to new attachment point
AP2 with minimum time and performing the continuous data transmission.
While performing the data
transmission, traffic occurs due to the utilization of the higher bandwidth which leads to higher data loss. In
order to overcome the data packet loss, maximum bandwidth availability is selected between the nodes. The
bandwidth availability is mathematically calculated using the following equation,
) (9)
=(
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In (9),
represents the bandwidth availability between the nodes,
denotes a total bandwidth,
is the utilized bandwidth. The maximum bandwidth availability between the nodes is selected for efficient
seamless data transmission from one node to another with minimum packet loss as well as delay. In this way,
the proposed technique effectively performs the seamless data transmission. The algorithmic process of the
proposed technique described as follows,
Algorithm 1 Generalized Light Gradient Boost Decision Tree-based Traffic-Aware Seamless Mobility

Input: Number of mobile nodes
,
,
,….
, number of data d , d , d
Output: Improves seamless data transmission and minimize traffic
Begin
1. for each node
2.
Calculate S
3.
Construct ‘c’ number of weak learners
4.
If ( >
) then
5.
Mobile node classified as a strong signal strength
6.
else
7.
Mobile node classified as a weak signal strength
8.
end if
( )
9.
Combine a set of weak learners = ∑
10.
For each ( )
11.
Assign similar weight ‘ ’
12.
Calculate generalization error
13.
update the weight ‘ ’
14.
Find the weak learner with minimum generalization error
15.
Obtain strong classification results = ∑
∗ ( )
16.
end for
17.
For each weak signal strength of the node
18.
Calculate Euclidean distance
19.
Find nearest attachment point with minimum distance
20.
Handover ‘
’ into nearby attachment point ‘ ’
21.
end for
22.
for each data transmission
23.
Measure bandwidth availability
between the nodes
24.
If node
is maximum then
25.
Forwards to another node
26.
end if
27.
end for
End

,…. d

Algorithm 1 describes the generalized light gradient boost decision tree-based traffic-aware seamless
mobility model to improve the traffic-aware data transmission with minimum packet loss. Initially, the number
of mobile nodes signal strength is measured to find the status of the mobile node. Then the ensemble algorithm
initially constructs an empty set of weak learners to correctly identify the weak and strong signal strength of the
nodes. Followed by, the weak signal strength of the mobile nodes handovers to the new attachment point for
seamless data transmission from one node to another. The Euclidean distance is measured between the mobile
node and the available attachment points. While performing the continuous transmission, the bandwidth
availability is measured to minimize the traffic. The nodes with maximum bandwidth availability are considered
for minimizing the packet loss due to the traffic and improve the data transmission with minimum delay.
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4. SIMULATION SETUP AND PARAMETER SETTINGS
The proposed GLGBDT-TASM model is implemented in the Heterogeneous wireless networks for
achieving efficient seamless data transmission with minimum delay. Totally 500 mobile nodes are deployed
∗ 1100 ). The Random Waypoint mobility model is used as a mobility
over the square area of (1100
model. The data packets are varied from 25 to 250 for performing the simulation. The simulation time is set as
100 sec. The DSR protocol is used to perform the seamless data transmission. The simulation is carried out
using the proposed GLGBDT-TASM model and existing methods namely the LISP-LSA scheme [1] and the
OVH framework [2] using NS2.34 simulator. The simulation parameters and their values are listed in table 1.
Table 1 Simulation Parameters

Simulation parameter

Value

Simulator

NS2 .34

Network area

1100m * 1100m

Number of mobile nodes

50,100,150,200,250,300,350,400,450,500

Data packets

25,50,75,100,125,150,175,200,225,250

Protocol

DSR

Simulation time

100sec

Mobility model

Random Way Point model

Nodes speed

0-20m/s

Number of runs

10

The simulation results of the three different techniques GLGBDT-TASM model compared with LISP-LSA
scheme [1] and OVH framework [2] are discussed in this section with different parameters such as
o Seamless data delivery rate
o Packet loss rate
o Transmission delay
For each section, the mathematical calculation is given to show the performance of the proposed technique
against the existing methods. The performance of the results is discussed in the following section.
4.1 Impact of data delivery rate
Data delivery rate referred to as a number of data are received to the total number of data sent from the
node. The data delivery rate is mathematically computed using the following equation,
Data delivery rate =

∗ 100 (10)

In (10), denotes the number of packets sent. The Seamless data delivery rate is measured in the unit of
percentage (%).
Sample calculation:
Proposed GLGBDT-TASM: The number of data packets received is 22, and the number of data packets sent is
25. Then the data delivery rate is mathematically calculated as,
22
∗ 100 = 88 %
=
25
Existing LISP-LSA scheme: The number of data packets received is 21, and the number of data packets sent is
25. Then the data delivery rate is mathematically calculated as,
21
∗ 100 = 84 %
=
25
Existing OVH framework: The number of data packets received is 20, and a number of data packets sent
is 25. Then the data delivery rate is mathematically calculated as,
20
∗ 100 = 80%
=
25
The statistical results show that the data delivery rate of the three methods with the number of packets sent.
Let us consider 25 data packets, 22 data packets are correctly received using the GLGBDT-TASM model and
the delivery rate is 88%. Similarly, 21 and 20 data packets are received using the LISP- LSA scheme [1] and
OVH framework [2] and their percentage are 84% and 80% respectively. The performance of the various results
of the data delivery rate is shown in figure 4.
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Figure 4 Simulation results of data delivery rate

Figure 4 depicts the simulation results of data delivery rate with respect to a number of data packets taken
as input in the range from 25 to 250. As shown in the two-dimensional graph, the data delivery rate of the three
different methods namely GLGBDT-TASM model , LISP-LSA [1] and OVH framework [2] are represented in
three different colors such as red, violet and green respectively. The graphical results confirm that the
GLGBDT-TASM model improves the data packet delivery rate as compared to other methods. This is because
of the seamless data transmission is performed in GLGBDT-TASM model through the handover process. When
the nodes move out of communication range, the data packets transmission is not successful since the mobile
node has weak signal strength from the current attachment point. The GLGBDT-TASM model accurately finds
the weak signal strength of the mobile nodes by performing the ensemble classification algorithm. Then the
node performs handovers to the other nearest point through the Euclidian distance measure with minimum time
for continuous data transmission. This process of the GLGBDT-TASM model enhances the continuous data
transmission from one node to another.
Totally ten results of the data delivery rate are obtained with a various number of the data packet sent as
shown in figure 4.The The data delivery rate of the proposed model is compared to the existing results. The
comparison result proves that the
GLGBDT-TASM model improves the data delivery rate by 6% as compared to the LISP-LSA [1] and 10%
compared to the OVH framework [2].
4.2 Impact of packet loss rate
The packet loss rate is referred to as a number of data packet loss to the total number of the data packet sent
from the node. The packet loss rate is mathematically computed using the following equation,
∗ 100 (11)
=
In (11),
denotes a packet loss rate, denotes the number of a packet sent. The packet loss rate is
measured in the unit of percentage (%).
Sample calculation:
Proposed GLGBDT-TASM: Number of data packets lost is 3, and the number of data packets sent is 25. Then
the packet loss rate is calculated as,
3
∗ 100 = 12%
=
25
Existing LISP-LSA scheme: The number of data packets lost is 4, and the number of data packets sent is 25.
Then the packet loss rate is calculated as,
4
∗ 100 = 16%
=
25
Existing OVH framework: The number of data packets lost is 5, and the number of data packets sent is 25.
Then the packet loss rate is calculated as,
5
∗ 100 = 20%
=
25
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Figure 5 Simulation results of packet loss rate

Figure 5 shows the simulation results of the packet loss rate versus a number of data packets. For each run,
the different results of the data packet loss rate are obtained as shown in figure 5. The graphical representation
shows a comparatively lesser packet loss rate using the proposed GLGBDT-TASM model. This is because of
measuring the bandwidth availability between the nodes. The higher bandwidth utilization of the nodes leads to
cause more traffic while transmitting the data packets. Due to the network traffic, some of the data packets are
lost. This helps to minimize successful data delivery. Therefore, the GLGBDT-TASM model finds the
maximum bandwidth availability based on the total bandwidth and consumed bandwidth for efficient data
transmission between the nodes. This helps to improve the seamless data transmission and minimize data loss.
Let consider ‘25’ data packets for simulation, the GLGBDT-TASM model lost 3 data packets whereas the 4
and 5 data packets are lost using LISP-LSA [1] and OVH framework [2]. The loss rate of the proposed model is
12% and the loss rates of other methods are 16% and 20% respectively. Hence, the data packet loss is found to
be lesser using GLGBDT-TASM model by 34% when compared to [1] and 46% when compared to [2].
4.3 Impact of Data transmission delay
Transmission delay is the time difference between the mobile nodes transmits and receives the data packets
from the mobile node. The mathematical formula for data transmission delay is mathematically computed as
follows,
) (12)
=(
denotes data packets receiving the time,
From (12),
denotes a data transmission delay,
denotes a data packet sending time. The data transmission delay is measured in the unit of milliseconds (ms).
Sample calculation
Proposed GLGBDT-TASM: Let us consider a number of the data packet sent is 25, time for receiving the data
packet is 14
and a time for sending the data packet from the node is 0 . Then the data transmission delay is
calculated as follows,
= 14
0
= 14
Existing LISP-LSA scheme: Let us consider a number of the data packet sent is 25, time for receiving the data
packet is 16
and a time for sending the data packet from the node is 0 . Then the data transmission delay is
calculated as follows,
= 16
0
= 16
Existing OVH framework: Let us consider a number of the data packet sent is 25, time for receiving the data
packet is 19
and a time for sending the data packet from the node is 0 . Then the data transmission delay is
calculated as follows,
= 19
0
= 19
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Figure 6 Simulation results of data transmission delay

Figure 6 illustrates the graphical representation of data transmission delay using three different methods
namely GLGBDT-TASM, LISP-LSA [1] and OVH framework [2]. From the above information, it is concluded
that the data transmission delay was found to be comparatively lesser using the GLGBDT-TASM model when
compared to existing results. This is due to the process of handover and traffic-aware data transmission. By
applying these two processes, not only, improves the data transmission and packet loss and also minimizing the
delay. The selection of nearby available attachment points is selected for switching the node to perform
seamless data delivery resulting in minimizing the transmission delay. In addition, the available bandwidth
between the nodes is also taken into consideration for efficient data transmission. With this, the data
transmission delay is reduced
For example, 25 data packets are considered for calculating the data transmission delay. The GLGBDTTASM model receives the data packets with 14
of delay and the other method receives the packets with
16
and 20
of delay. Similarly, the nine remaining runs are carried out with a different number of data
packets. The results of data transmission delay using the GLGBDT-TASM model is compared to the existing
results. The comparison results prove that the data transmission delay using the GLGBDT-TASM model is
minimized by 11% and 22% when compared to LISP-LSA [1] and OVH framework [2] respectively.
The above discussion of various parameter results evidently shows that the GLGBDT-TASM model
effectively performs the traffic-aware seamless mobility management in heterogamous networks with higher
delivery and minimum delay as well as packet loss rate.
CONCLUSION
An efficient model called GLGBDT-TASM is introduced to minimize the traffic control loss and to handle
seamless mobility in a heterogeneous network with lesser transmission delay. The ensemble classification
technique determines the signal strength of the mobile nodes by constructing the base classifier with a minimum
error rate. After the classification, seamless and continuous communication between the mobile nodes has to be
performed through the handover from one point to another that improves the data delivery. In addition, the
available bandwidths between the nodes are calculated to minimize the network traffic as well as reduce the
packet loss. Simulation is carried out with different parameters such as seamless data delivery rate, packet loss
rate, and transmission delay. The simulation results confirm that the GLGBDT-TASM model improves seamless
mobility management in the heterogeneous network and minimizes the delay as well as the packet loss rate as
compared to state-of-the-art methods.
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