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Abstract.Wireless broadcast systems provide an indispensable act in real-life
circumstances and permit an extensive range of services based on the users' location.
The forthcoming implementation of universal localization networks and the formation
of subsequent generation Wireless Sensor Network (WSN) will permit numerous
applications. In this perspective, localization algorithms have converted into an
indispensable tool to afford compact enactment for the location-based system to
increase accuracy and reduce computational time, proposed a Cost-Effective Machine
Learning based Localization (CEMLL) algorithm. CEMLL algorithm is assessed with
considered localization algorithms, explicitly Support Vector Machine for Regression
(SVR), Artificial Neural Network (ANN), and K-Nearest Neighbor (KNN).
Numerous outcomes specify that the CEMLL algorithm has comparable correctness
equated to state art algorithms. The results are assessed on different parameters, and
CEMLL achieves better results in localization error 12%-15%, cumulative probability
18%-20%, root mean square error 13%-17%, distance error 16%-19%, and
computational time 21%-23% than SVR, ANN, and KNN.
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1. Introduction

The networkplays a vibrant rolein the broadcast domain of the forthcoming, also
commonly recognized as WSN, which is extensively used for inescapable broadcast
[1], security, control, and overall consciousness of belongings, significant or minor,
close or inaccessible, and underwired or wired. The placement of WSNs in numerous
situations and applications necessitates the sensor nodes (SNs) to be conscious of
their corporal position to associate the sensor info and place [2]. Such a combination
permits expressive clarification of sensor info and improved use of network
possessions.Decisive the bodily position of WSN nodes deals important contests
because of number of causes [3]. The SNs usually have precise uncommon
computational and interacting possessions. In furthermost, if not all, placements, the
WSN nodes function on battery control. Subsequently, substituting the exhausted
batteries in numerous prominent stations is an infeasible selection; SNs valuable life
is as extended as its battery’s life [4]. A computationally effective and substantially
localizing algorithm is essential to decrease the cost per SN and diminish the energy
ingesting [5].
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The localization of SN in placement needs a trivial number of SNs be initially

aware of their specific human position complete the usage of GPS or just by manually
automated. These SNs are named anchor SNs. The non-anchor SNs in the network are
positionedwithanchorsSNs with a suitable localization algorithm [6]. Though, the
furthermost of the described work goals is to improve the correctness in localizing a
solitary SN [7]. Conversely, in numerous systems applications, including cooperative
sensing,routing and service distribution, it is necessary to concentrate all SNs in
directive to exploit the sensor info created from those SNs entirely. Because of
characteristic unpredictability in wireless broadcasts, the reaching-based methods,
which goal at approximatingspaces amid the SNs, face a solemn challenge in terms of
correctness [8]. Therefore, the reaching imprecision familiarized spreads and expands
throughout the network-wide position of SNs in an iterative way. Machine learning
algorithms are implemented for localization in enormous WSNs [9]. These algorithms
do not iteratively positionSNs and so no-fault broadcast receipts throughout the
localization procedure [10]. In this paper, demarcated a set of innovative feature
trajectories for localization in the network, charted these vectors onto dissimilar
regression models, and implemented them in simulations for the concert investigation
of these models, also signified the impression of introducing the anchor nodes in a
network versus at arbitrary positions in the placement area. Finally, presentedthe
outcomes from replications and deliberate the appropriateness of this proposed
algorithmon different parameters [11].
Rest all paper is prearranged as follows. Firstly deliver the review of a transitory work
for the stated work connected to localization in WSN in the subsequent section and
provides a brief overview of existing algorithms with their objectives and limitations.
Section 3 describes detailed discussion about the proposed algorithm. Section 4 shows
simulation framework. Section 5 represents performance metrics used in simulation
and result discussion and section 6 concludes the paper.

1.1. Motivation

In customary-based localization methods, it is an unwieldy problem to improve a
dependable broadcast model for the WSNs [12]. Furthermore, some extent,
approaches are exclusive due to the necessity of energy with proper localization. In
RSSI extent technique, a scientific algorithm is proposed [13]. These approaches are
prone to extent errors in a piercing location. The technique called AOA extent
technique uses viewpoints of advent amid two SNs. Proper localization techniques is
required in these approaches, which complete them exclusive. Therefore, the
investigation has moved toward localization methods, which necessitate less error
with exact accuracy [14].

1.2. Contribution

This paper has succeeding significant contributions:
e A proper literature survey is done
e Cost-effective machine learning-based localization algorithm is proposed.
e Analysis of existing algorithms with objectives and limitations are discussed.
e Simulation parameters and performance metrics are exposed with proper
result discussion.
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2. Related Work

Yan et al. [15] introduced PSO into Optical WSNss. It is deliberated the influence of
node position on energy ingesting when interactive over the system. PSO improves
the location of SNs with the lowermost energy consuming. The developed technique
converges quicker. By enhancing SN positioning, energy ingesting of SN is
efficiently decreased, and the system's complete performance is improved. The error
objective function is used as:

R, (a0 = lim — ZZa(k)(T+I)*aM(T) (1)

T()ll

The symbols and notations used in Eq. (1) are summarized in [15].

Shankar et al. [16] proposed CSTL algorithm mostly statements safety and objective
location disputes, Sybil and on-off occurrence and terrific particles existence at
transformed phases of the objective neighborhood at the end outcomes are associated
with current technique GLS. The location space function is implemented in CSTL is
as follows:

k. nj 2
F= ZZ(dl]-l— j )

J
The notations used in Eq. (2) are elaborated in [16].

Injadat et al. [17] proposed an original multi-phase enhanced NIDS structure that
decreases computational difficulty while upholding its uncovering performance.
These exertion training the influence of oversampling methods on the training data
that defines the nominal appropriate training data size. The evaluation function used
in the framework is given as follows:

P(s.C))
ZZ (S”C) gP(Sl)XP(C]) €)]
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The specific notations used in Eq. (3) are discussed in [17]

Li et al. [18] proposed a dispersed two-stage PSO algorithm to resolve the casual
vagueness problem and recover the competence and exactness. In this work, the
preliminary exploration space is well-defined by the leaping box technique, and a
modification stage is put onward to precise the error caused by flip uncertainty. The
objective function used in PSO is as follows:
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The symbols used in Eq. (4) are discussed in [18].

Cui et al. [19] developed an algorithm to elect the utmost dependable adjacent
localized SNs as the position in localization and expending good impression to
manage with localization vagueness difficulty subsequent from collinear anchors. For
another problem, the algorithm uses three criteria to select the least set of dependable
adjacent anchors to restrict an unidentified node. The node selection method is as
follows:

conf, =ag(Lseq,)+ Bg(d,)+rg(Fit,) ®)

The notations used in Eq. (5) are summarized in [19].

Song et al. [20] proposed MC-GSO algorithm, which is used to rheostat the affecting
distance of respective firefly by disorder alteration and disordered inertial mass when
the firefly cascades into a native optimal. The investigational outcomes Demonte that
MC-GSO has improved conjunction and advanced correctness, evading the untimely
convergence. Then, MC-GSO is implemented to substitute the tiniest square
technique in approximating SN directs to resolve the difficulty of localization
correctness. The position formula used in MC-GSO is as follows:

Xj (t)_Xi (t)

HXJ (l)_Xi (t)H

Symbols used in Eq. (6) are discussed in [20].

X (t+1)=0,*X,(1)+s* (6)

Cheng et al. [21] presented an RSSI-based localization system by implementing FCM
algorithm to deliver applied quantized inception exclusive for RSSI info, which is
applied to renovate quantized information based on RSSI. Then, proposed a classified
voting-based locating system for computing the location of the SN. The value
function used in the proposed technique is as follows:

n
m
Z Hij X;
j=1

V. =

245
j=1
L n

NV ®

L=l j=1

)

The symbols used in Eq. (7)-(8) are elaborated in [21].
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Li et al. [22] specified a conservative localization technique that extravagances
multipath indications as opponents and only usages a solitary receiver. To
comprehend precise localization deprived of intrusions of stage errors, first design
geometry prototypical for cooperatively approximating the positions of the objective
using TOF alterations amid replication paths and straight paths. The least-square
method is used in the localization technique as:

/4= arg min Z (¢(m,n)—gp(n))2 9)

A detailed discussion of specific notations and symbols used in Eq. (9) is given in
[22].

Various localization-based machine learning algorithms are discussed with its
objective and limitations in Table 1.

Table-1: Localization based Machine Learning Algorithms

Algorithms Objective Limitations
MLBILL [2] Increa§e§ .network accuracy | Hybrid locgllzatlon techniques
and minimizes the error are not specified
Reduces relative errors and
SLSQP [3] increases the reliability of the | Required estimation techniques
network
GbLN-PSO Tmproves locahz?mon Need to improve a specific
accuracy and computational
[5] . network error
time
DANS IDV- Increases loca.lh'zaFlon o
accuracy and minimizes | Increases computation time
Hop [6] .
relative error
MM- iﬁlgmr‘;sucgztwfsfn ?l(t:;gg?;}{ Need to modify various
QUATRE [7] time P variation techniques
PSO-ANN Decreases absolute error and | The network is not suitable for
[8] increases network accuracy dynamic topology
Improves  precision  and | Signal and noise fading affects
DV-Hop [10] ..
correctness the localization network
Increases localization The scenario is applicable for
MP-PSO [11] | coverage and network . PP
static network only
accuracy
IDV-Hop Enhances network accuracy | Computational time is slightly
[12] and reduces errors increased
Reduces localization error | The scenario is applicable to
PSO [14] . . .
and computational time static network
CICIDS [17] | Enhances network accuracy | Increases computational time
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and optimization

Improves localization error,
and network coverage, and | Increases computational time
balances energy consumption

MC-GSO
[20]

3. Proposed Algorithm (CEMLL)

Different models are implemented in the proposed algorithm CEMLL to execute the
simulation are as follows:

3.1. Channel model

Subsequently, RSSI values have used the simulations to describe the specific vectors in
localization algorithms. It is judicious to pronounce the channel classical implemented
for producing these standards.Though, the RSSI is a comparative ascending of
broadcast strength that differs transversely from wireless chipsets, more consistent and
complete quantities of signal power are used. On this measure, a worth quicker to 0
dBmindicates moral excellenceestablished signal

3.2. System model

This model for the replicated WSN is demarcated. Let WSN contain of Nnumber of
sensor nodes comprisinga anchor nodes. In acharacteristicWSN, together, the non-
anchor and anchor nodes' purposes are fundamentally comparable to corporeal WSNs.
However, the anchor nodes recognize their position, and the non-anchor SNsmust be
positioned. Systemdoes not necessitate that each SN exist in the broadcast range
having three anchor nodes, which might be a prerequisite for the triangulation
algorithm. In directive to describe the training info set, SNs can communicate and
obtain signals from theirinstantaneous adjacent nodes.

3.3. Regression model

Many models are well-defined for different ML algorithms. Certainusually
implemented models contain multiple linear regression, linear regression, vector
machines, and neuralnetwork models with varying kinds ofLogistic and arbitrary
forest gathering. For localization in the network, the regression model is used.It treats
localization difficulty as a gathering or organization problem that isinsincere in its
environment.

3.4. SVM regression model
One of the utmost prevalent algorithms is called SVM, which is typically implemented
for the organization. In a learning perspective, SVM isa supervised localization

learning model, accompanied by an allied erudition algorithm, implemented to
examine training info and then for cataloging and regression investigation. The SVM
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also represents an enormous fringe classifier since it goals at important a
pronouncement boundary using conceivable major margin amid the occurrencesof the
two modules.

4. Simulation Framework

To observe the efficiency of CEMLL an appropriate outline is desirable to display
visualizing of results as specified in Fig 1.The simulation is completed in MATLAB
version 8.1 for network size 100. SN are positioned in detecting arena 100*100 m>.

Different restraints for measuring the effectiveness of CEMLL are exposed in Table
2.
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Fig. 1: Simulation process of CEMLL
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Table-2: Simulation Parameters

Parameters Values

Number of Nodes 100

Number of Anchor Nodes 10

Coverage Area 100 m

Channel Type Wireless
Distribution of Node Random

Initial Energy 1 Joule

Packet Size(Byte) 200
Communication Channel Bi-directional
Type of Antenna Omni directional antenna
Radio Broadcast Model Two-way ground

5. Performance Metrics& Results Discussion

Performance metrics implemented to determine the result over different restraints for
CEMLL are enumerated as:

5.1. Localization error
Infogathered by the sensorsis insignificant pending the location where the infois
discovered. It provides network accuracy.

5.2. Cumulative probability
Probability dispersal is appliedfor approximation of the node’s location.

5.3. Root mean square error
It is essential to compute the position correctness of SN.

5.4. Distance error
It provides the exact distance between two sensor nodes.

5.5. Computational time
It is a crucial aspect to compute the location of the sensor node in minimum time.

The SNs can interconnect respectively and gather the exact position's essential
conservational info. This idea is exploited in numerous pitches. But the most
significant feature of this method is the approximation of SNs position, where SNs are
positioned. Deprived of expressive the work, the info composed by SN is not further
valued. The proposed algorithm CEMLL reduces the localization error as shown in
Fig. 2 compared with considered algorithms SVR, ANN, and KNN.
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Fig 2: Localization Error

Probability provides the inconsistency amid the intrinsic ambiguity, robust fault-
tolerance capability, and sensors' sturdiness in observing the network. Cumulative
probability presents a probability of fault exposure in the network and provides
certainty of transmitting the data with less error. The cumulative possibility is
minimized, as shown in the Fig. 3, compared with SVR, ANN and KNN.

The simulation outcomes, as shown in Fig.4 examine the enactment of the proposed
algorithm CEMLL in the form of root mean square error and compute the inaccuracy
amid the novel and the assessed subspace at the sensor node. Therefore, the CEMLL
reduces the root mean square error than SVR, ANN, and KNN.
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Fig 3: Cumulative Probability
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Fig 4:Root Mean Square Error

The distance error is the fundamental principle for evaluating and investigating
numerous localization systems existing in the current development. Effective
positional algorithms must have fewer distance errors. In exercise, there are
differences in hop size cost for numerous SNs. That is the leading cause of distance
error. The CEMLL reduces the distance error, as shown in Fig. 5, compared with
SVR, ANN and KNN.
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Fig 5: Distance Error

Fig. 6 indicates the computational time to compute the task in the specified period. It
provides data accuracy and correctness as well as reliability of the network. The
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proposed algorithm CEMLL reduces the computational time than considered
algorithms SVR, ANN and KNN.
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Fig 6: Computational Time

6. Conclusions

In this paper, developed a novel Cost-Effective Machine Learning Localization
(CEMLL) algorithm and equated it with considered localization algorithms, explicitly
Support Vector Machine for Regression (SVR), Artificial Neural Network (ANN) and
K-Nearest Neighbor (KNN). Numerous outcomes specify that the CEMLL algorithm
has comparable correctness equated to state art algorithms. The results are assessed on
different parameters, and CEMLL achieves better results in terms of localization error
12%-15%, cumulative probability 18%-20%, root mean square error 13%-17%,
distance error 16%-19%, and computational time 21%-23% than SVR, ANN and
KNN.
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