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Te accurate location of an unknown radio emitter (URE) is a critical task in wireless communication security. Te URE lo-
calization method based on the received signal strength diference (RSSD) has become popular due to the identifcation of
unknown transmitting power and frequency. However, high computational complexity and low positioning accuracy have been
caused by the RSSD fngerprint data’s redundancy and cross-correlation. In this article, an indoor RSSD-based positioning
algorithm combining principal component analysis (PCA) and Pearson correlation coefcient (PCC), called RSSD-PCA-PCC, is
proposed to realize efcient feature extraction and reduce false fngerprint matching. Firstly, to achieve reduction and decor-
relation, the principal components of the RSSD fngerprint database are extracted by the singular value decomposition (SVD)
method. Secondly, the PCC is applied to measure the relative distance between the principal component features. In particular, the
PCC is used for selecting the reference points (RPs) in order to match the position accurately. Te results show that the proposed
algorithm can obtain a more superior performance compared with the conventional RSSD-based weighted k-nearest neighbor
algorithm (RSSD-WKNN) and COS matching algorithm (RSSD-PCA-COS) in the case of diferent selected RP numbers, AP
numbers, and grid distances.

1. Introduction

Currently, the indoor location-based service has received
great attention with the growth of communication security
requirements [1]. Many important felds and occasions such
as conference venue, gymnasium, hospital, and shopping
mall have been provided with indoor location-based service
[2, 3]. In the era of Internet ofTings (IoT) [4], the privacy of
individuals, enterprises, and even countries has been fre-
quently leaked by the unknown radio emitter (URE). Te
URE has the risk of illegally occupying wireless commu-
nication channels. Tus, accurately locating the URE is
crucial to improve the communication security and ensure
the confdentiality and integrity of communicating data.

Te demand for the indoor positioning service in the
commercial and military felds has spawned many posi-
tioning techniques and systems. However, the global

positioning system (GPS) [5] and the BeiDou navigation
satellite system [6] are limited by the scattering and re-
fection of satellite signals in the complex indoor environ-
ments. Te satellite positioning technique cannot provide
a full coverage indoor location. Te dynamic indoor
structure, variable layout, and diverse signal band can
generate signal multipath refection and irregular attenua-
tion. At present, the wireless local area network (WLAN),
Bluetooth, ultra-wideband (UWB), radio frequency identi-
fcation (RFID) [7], infrared, and ultrasonic [8] are com-
monly used methods for indoor positioning. Positioning
feature parameters can be divided into two categories
depending on whether distance-based measurement pa-
rameters are used. Typical localization algorithms based on
measured distance are time of arrival (TOA) [9] and time
diference of arrival (TDOA) [10].Te ToA parameter can be
converted to distance. However, high-precision time
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synchronization between the radio emitter and access points
(AP) cannot be achieved in the complex multipath indoor
environment. Te signal receiver is considered an AP. Al-
though TDOA can eliminate clock errors through difer-
ential operation, dedicated hardware is still required. Both
TOA and TDOA produce measurement errors easily in the
non-line-of-sight (NLOS) indoor environment [11]. Angle
of arrival (AOA) [12] and received signal strength (RSS) are
commonly applied to the positioning feature parameters
without distance measurement. Since AOA requires to
measure angle by array antenna, the hardware cost and
computational complexity increase greatly. RSS has become
a research focus due to the unnecessary condition of harsh
time synchronization and expensive hardware equipment.
However, under the same location and temporal interval
condition, the RSS were discrepant due to the diferent
power and antenna gain of the radio emitters [13]. Hence,
establishing diferent RSS fngerprint databases for the radio
emitter with diferent transmitting powers and frequencies
would greatly increase workload. Terefore, RSS is not
suitable for locating the URE.

A robust location fngerprint called received signal
strength diference (RSSD) was derived in the presence of
hardware heterogeneity [14]. Since RSSD-based fngerprint
positioning techniques have undergone a diference operation
of RSS among APs, the power and antenna gain parameters of
the radio emitter can be eliminated. Compared with RSS,
RSSD-based fngerprint positioning methods not only have
stronger stability for heterogeneous emitters but can also
realize locating the URE. A new whitened model for RSSD-
based localization with unknown transmitting power was
presented in [15]. However, the stability of the novel model
under multipath efects has not been investigated. A robust
two-stage estimator was proposed to locate an URE in the
presence of Gaussian mixture measurement noise [16]. Due
to the nonlinear problem, the experimental results had sig-
nifcant bias and poor efciency. In [17], an approach based
on RSSD was presented to locate an URE under the condition
of sensor position errors. Due to the cost function’s high
sensitivity to outliers, the performance was easily afected by
Gaussian noise in an NLOS environment. In [18], aiming at
Gaussian mixture noise in wireless sensor networks, a robust
fault-tolerant localization technique (RFLT) based on RSSD
was proposed. Te problem was nonconvex, and the large
residual error was caused by the noise and faulty nodes.

Te RSSD fngerprint positioning technique contains
ofine database establishment and online matching stages.
Te unprocessed RSSD fngerprint database collected directly
by receivers is redundant and inaccurate due to complex
signal interference. Database deviation break the one-to-one
mapping relation between the geometric coordinate and
RSSD measurement. A number of improved methods have
been proposed to solve the problem of related redundancy in
the RSS-based database and signifcantly improve positioning
accuracy. Common approaches to solve the curse of the
dimensionality problem can be divided into two categories:
one is to select a suitable subset of APs, and the other is to
project RSS into an alternative space. Only partial APs
adopted can ignore useful information [19, 20]. Hence, data

projection is a more efcient information compaction ap-
proach. Trough projecting the measured signal into
a decorrelated signal space, the linear combination of all APs
can be obtained. Te principal component analysis (PCA)
with low complexity and cost has been widely employed in the
positioning algorithms. A variety of approaches using the
Nearest Neighbor (NN), K-Nearest Neighbor (KNN), and
weighted K-Nearest Neighbor (WKNN) algorithms com-
bined with RSS-PCA feature extraction have been proposed
for the indoor positioning system [21, 22]. In [21], PCA was
utilized to improve the performance and reduce the com-
putation cost of theWiFi indoor positioning systems based on
machine learning approaches such as Support Vector Ma-
chines (SVM), KNN, Decision Trees (DTs), and Random
Forest (RF). Te PCA dealt with the high dimensionality
radio map by using a covariance matrix to map the features
into an uncorrelated space. And the Euclidean distance was
used to calculate the distance between features at the online
stage. In order to reduce the dimension of RSS and remove
the noisy measurements, the PCA method was applied over
all clustered RPs [23]. Ten, similarity matching algorithms
such as Cosine similarity (COS), Pearson correlation co-
efcient (PCC), and Tanimoto similarity were tested by ap-
plying the ofine fngerprint database. Te COS and PCC
achieved the same accuracy. Te Tanimoto similarity ob-
tained the higher accuracy in recognizing the suitable cluster.
However, the matching accuracy of COS and PCC in the
online stage was not tested. A hierarchical localization
method was proposed in [22], and PCA was applied on each
subset to perform feature extraction. Ten, position esti-
mation was acquired byWKNN. Localization performance of
Euclidean distance, COS, PCC, and Manhattan distance was
verifed over diferent K values. Te COS and PCC provided
better performance than the other two similarity functions,
while the diference between PCC and COS was defcient.Te
COS was chosen due to the easier computation. Nevertheless,
the positioning accuracy is not high in the results. In sum-
mary, the above references all combine the RSS fngerprint
with the PCA method for the indoor positioning system. In
this article, RSSD is utilized as the locating feature in order to
realize the positioning of the URE. Te RSSD has higher data
redundancy and computational complexity than RSS. Pro-
cessing the RSSD fngerprint database by PCA in advance is
necessary to reduce the positioning error. Specifcally, this
article applies singular value decomposition (SVD) to extract
the principal component according to RSSD matrix singu-
larity. Te SVD can directly perform singular value de-
composition on arbitrary matrices without covariance matrix
calculation. A technique based on SVD andmultidimensional
scaling (MDS) [24] was presented to verify the optimality of
the SVD-reconstruct approach.

Te fngerprint matching method is the key step to
achieve higher positioning accuracy after ofine database
processing. Distance measurements or similarity functions
can be used to measure similarity among databases [25].
Based on the conventional absolute distance measurement
methods such as Euclidean distance and Manhattan dis-
tance, the WKNN can obtain better positioning perfor-
mance than NN and KNN by weighting the positions of
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reference points (RPs). In order to meet the requirement of
the RSS calibration for diferent kinds of Bluetooth devices,
RSSD and distance ratio were used as localization charac-
teristic parameters [26]. And various positioning algorithms
based on Euclidean distance were discussed such as NN,
KNN, multistep, and nonlinear optimization. In [27], the
Manhattan distance was used in the WKNN algorithm to
improve positioning accuracy. However, the conventional
absolute distance can only measure a sample with the same
dimension. Te principal component database processed by
PCA has eliminated the dimensional infuence among the
features. Conventional absolute distance such as Euclidean
distance or Manhattan distance cannot measure similarity
between ofine and online principal component databases.
Some fngerprint matching algorithms based on probability
usually require probabilistic assumptions and more datasets
than conventional deterministic algorithms [28]. Te COS
and PCC are common similarity functions to measure
relative distance. References [29] simulate dense fngerprints
while exploring the COS of the directions to WiFi access
APs. Due to the fact that the COS only spots the diferences
from the vector direction, errors in localization results are
generated when the target and chosen RPs are on the same
line. In [30], adjusted cosine similarity (ACS) was employed
in the online stage to solve the issue of outliers produced by
cosine similarity. Te PCC normalizes the data and solves
the COS defciencies by focusing on the vector direction and
ignoring the absolute value. In this article, an indoor lo-
calization algorithm that combines PCA and PCC, called
RSSD-PCA-PCC, is proposed to improve the positioning
accuracy of an URE. Te PCC has superiority in measuring
the similarity of the principal component database.Te PCC
is often used for classifcation and regression prediction. In
[31], an algorithm based on the PCC was used to accurately
determine time of fight (TOF) of signals scattered by the
object. A fusion indoor positioning system [32] that com-
bined dynamic time warping (DTW) and PCC was designed
to fnd observation corner coordinates. A regional division
and AP optimization algorithm was employed in [33] to
solve the problem of low positioning efciency caused by the
redundant RSS database. Te WKNN algorithm combined
with the PCC matching method was utilized to locate the
target in the online positioning stage. However, the single
RSS feature parameter has limitations in locating the URE.
Te above references have few comparative analyses of PCC
and COS matching methods in the online stage. In this
article, considering the complexity and accuracy of the lo-
cation estimation, the RSSD measurement is projected into
an uncorrelated subspace and the PCC is used to evaluate the
similarity of RSSD principal component databases between
ofine and online stages. In addition, compared with COS,
the superiority of the PCC can be verifed under the same
conditions. Te proposed RSSD-PCA-PCC algorithm is
described in the following section:

In order to achieve the accurate localization of an URE,
this article is devoted to the improvement of the fngerprint
database and the matching algorithm. Te contributions of
this article are as follows:

(1) In order to reduce the database dimension and
eliminate the RSSD correlation, a feature extraction
method based on PCA is proposed to project the
RSSD fngerprint database into a subspace. Both
ofine and online RSSD principal component da-
tabases can be obtained by SVD.

(2) A fngerprinting matching approach using the PCC
is designed to determine the similarity and select RP
reasonably. Tus, the RSSD-PCA-PCC algorithm is
proposed to eliminate inherent drawbacks of the
RSSD fngerprint database and reduce false
matching.

(3) Te advantages of the proposed algorithm are ver-
ifed by comparing it with the RSSD-WKNN and
RSSD-PCA-COS algorithms under the conditions of
diferent RP numbers, AP numbers, and grid
distances.

Te remainder of this article is organized as follows:
Section 2 presents the theory related to the PCA, the PCC,
and the designed system model. Te proposed database
feature extraction method based on SVD and the PCC
fngerprint matching process are depicted in Section 3.
Section 4 provides validation results, analysis, and com-
parisons. Conclusions are given in Section 5.

2. The Principle and System Model

In this section, the function and solution procedures for
PCA and PCC are presented specifcally. Ten, the indoor
URE positioning system based on the RSSD-PCA-PCC is
established and presented.

2.1. Principal Component Analysis. PCA is the most classic
and widely used reduced-dimension method based on ei-
genvector analysis. By the orthogonal similarity trans-
formations, a set of vectors is selected in the sample space as
a projection matrix. Trough projection, the high-
dimensional data are mapped into the low-dimensional
space. Using fewer data dimensions can retain the more
dominant features of the original data. Te key task of
feature extraction is to access appropriate transformations.
Te most commonly used transformation method is linear
transformation. If x ∈ RD is the D-dimensional primitive
feature matrix, the transformed d-dimensional decorrelation
feature ξ ∈ Rd is: � WTx, where W is the D × d-dimensional
transformation matrix called the projection matrix.

Tere are two common methods to receive the pro-
jection matrix in PCA: one is eigenvalue decomposition
(EVD), and the other is singular value decomposition
(SVD).Te database containing all samples is represented as
a matrix A ∈ Rm×m. According to the basic theory of EVD,
a formula can be expressed as follows:

Av � λv, (1)

where λ is the eigenvalue in descending order and v is the
corresponding eigenvector.Ten, A can be decomposed into
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A � QiΛiiQ
−1
i , i � 1, · · · , m, (2)

where Qi corresponds to the i-th column of v and Λii is
eigenvalue matrix satisfying Λii � λi. EVD is suitable for the
nonsingular matrix. However, the constructed RSSD fn-
gerprint data matrix is not a square matrix. SVD is suitable
for the decomposition of arbitrary matrices. Te principle of
SVD is discussed in detail as follows.

A singular matrix B ∈ Rm×n is given, where m represents
sampling numbers and n is the number of features contained
in each sample. Ten, orthogonal matrices U ∈ Rm×m and
V ∈ Rn×n can be defned as follows:

B � UΣVT
, (3)

where Σ �
Σ1 Ο
Ο Ο  and Σ1 � diag(σ1, σ2, . . . , σr). Te di-

agonal elements are arranged in descending order.

σ1 ≥ σ2 ≥ · · · ≥ σr > 0, r � rank(B), (4)

where values σ1, σ2, . . . , σr and σr+1 � σr+2 � . . . �

σmin m,n{ } � 0 are called singular values of the matrix B to-
gether. In particular, a proven mathematical relationship
between the singular value and the eigenvalue can be
established as follows:

Σ1 �
���
Λ1


, (5)

where Λ1 is the eigenvalue matrix of BTB. Te explanations
about singular vectors are as follows

Te Vright-multiplying formula (3) can be expressed as
follows:

BV � UΣ. (6)

Te column vector form can be represented as follows:

Bvi �
σiui, i � 1, 2, · · · , r,

0, i � r + 1, r + 2, · · · , min m, n{ },
 (7)

where the column vector vi of V is called the right singular
vector of B and V is called the right singular vector matrix.
Te frst r columns of V form the orthonormal basis of the
matrix B row space.

Te UHleft-multiplying formula (3) can be expressed as
follows:

U
H

B � ΣVT
. (8)

Te column vector form can be represented as follows:

u
H
i B �

σiv
T
i , i � 1, 2, · · · , r,

0, i � r + 1, r + 2, · · · , min m, n{ },

⎧⎨

⎩ (9)

where the column vector ui of U is called the left singular
vector of B and U is called the left singular vector matrix.Te
frst r columns of U form the orthonormal basis of the
matrix B column space. Te SVD vector form of B can be
expressed as follows:

B � 
r

i�1
σiuiv

H
i . (10)

When the rank of B satisfes r � rank(B)< min m, n{ }

and singular values σr+1 � . . . � σh � 0, h � min m, n{ },
formula (3) can be simplifed to the truncated SVD
expressed as follows:

B � UrΣrV
H
r , (11)

where Ur � [u1, u2, . . . , ur], Vr � [v1, v2, . . . , vr], and Σr �

diag(σ1, σ2, . . . , σr), and the number of nonzero singular
values r and the corresponding values σ1, σ2, . . . , σr are
uniquely determined relative to the matrix B.

To achieve data reduced-dimension, the essence of SVD
is to choose main dimension of data distribution and map
original high-dimensional data into a low-dimensional
subspace. Considering the linear independence among the
features after projection, both vi and ui obtained by SVD are
unitary matrices. Each singular vector can be regarded as
a projection surface. And the corresponding singular value
represents the variance after projection. According to the
maximum variance theory, the larger variance contains the
more information. Terefore, the singular vectors with
larger singular values should be selected to form the pro-
jection surface. Te projection matrix can be expressed as
follows:

P � p1, p2, · · · , pa 
T
, a< r. (12)

Ten, P is used to project the original sample matrix into
the subspace. Te principal component matrix after di-
mension reduction and RSSD decorrelation can be received.

2.2. Pearson Correlation Coefcient. In statistics, the PCC is
applied to measure the degree of correlation between two
variables. And the value ranges from −1 to +1.Te larger the
absolute value of the coefcient, the higher the correlation
between X and Y. Te PCC is defned as the quotient of the
covariance and standard deviation between the two vari-
ables. According to unbiased estimates in statistics, the
variance can be calculated as follows:

σ2X � D(X) �


N
i�1 Xi − μ( 

2

N − 1
, (13)

where N is data quantity and μ � X is overall mean. Te
standard deviation σX can intuitively refect the dispersion
degree of the database. Variance can measure the change
tendency of a single random variable, while covariance can
describe the change degree of two diferent random vari-
ables. Te formula for covariance is given as follows:

Cov(X, Y) � E[(X − E[X])(Y − E[Y])], (14)

where E stands for mathematical expectation. Te PCC
derivation process can be obtained as follows:

4 International Journal of Antennas and Propagation



ρXY �
Cov(X, Y)

σXσY

�
E[(X − E[X])(Y − E[Y])]

�����
D(X)

 �����
D(Y)



�


n
i�1 Xi − X(  · Yi − Y( 

����


n
i�1


Xi − X( 

2
·

����


n
i�1


Yi − Y( 

2 .

(15)

For equation (15), the frst equality comes from the def-
nition of the PCC, the second equality is based on the formulas
(13) and (14), and the last equality is often used for actual
operation. Te corresponding relation between diferent ρ
absolute values and correlative degrees is described in Table 1.

2.3. SystemModel. Te typical indoor fngerprint positioning
system involves the ofine and online stages. Te fundamental
purpose of the ofine stage is to integrate the geometric co-
ordinate and the RSSD of each RP. Ten, the fngerprint
database with the location label can be constructed. In the
online stage, the RSS of target can be measured. And the es-
timated coordinate can be obtained by the appropriate
matching algorithm.Te purpose of this article is to accurately
locate an URE. Comparing with the conventional fngerprint-
based indoor positioning system, this article makes improve-
ments in both ofine and online stages. Figure 1 shows the
proposed RSSD-PCA-PCC positioning system structure.

In the ofine stage, appropriate grid distance should be
selected to divide into subpositioning areas. Each vertex can be
regarded as an RP. In our system, four APs are uniformly
applied as an example. Te known radio emitter is placed at
each RP in turn. Ten, the RSS measurements are collected at
each AP. Each RP corresponds to a set of specifc location
fngerprint vectors and represents the unique scene charac-
teristics. Te RP coordinates and the diference between AP
observations make up the ofine RSSD database. However, the
RSSD of each adjacent calculation has a high spatial and
temporal correlation. In this article, amore efcient information
compactionmethod based on PCA illustrated with red colour is
applied to reduce online computational complexity and im-
prove positioning accuracy. Te projection matrix can be ob-
tained by using the SVD decomposition method. Te detailed
procedures are expressed in the next section.

In the online stage, real-time RSS from the URE can be
received by APs. Ten, the online RSSD database can be
achieved by diference operation. Dimension reduction and
RSSD decorrelation processing are completed by the pro-
jection matrix. Te focus of the online positioning stage is to
fnd the most closely related RP combinations. As shown in
Figure 1, the similarity can be evaluated by calculating the
PCC (marked with green). Te calculation results are
denoted by ρ and sorted in descending order. Finally, the RP
coordinates can be selected to estimate the URE position.

3. Proposed RSSD-PCA-PCC
Positioning Algorithm

In this section, detailed procedures of the proposed RSSD-
PCA-PCC positioning system are introduced to estimate the
location of an URE.

3.1. RSSD-Based Database Reconstruction. Assuming that
there are L RPs and M APs in the positioning area, the
ofine RSS fngerprint database is shown in Table 2.

Te RSS measurements received by diferent APs can be
considered as multiple dimensions. Tus, each RP has
multidimensional fngerprint features. Te ofine RSSD
fngerprint database is shown in Table 3.

Each row in the Table 3 represents a sample and each
column represents an original feature. Tus, each RP has
∁2M features. Extracting principal components from
multiple dimensions can result in a more robust fnger-
print database. In this article, PCA is used to reduce the
feature space dimensions and eliminate correlation
among original features. Te ofine RSSD sample matrix
is given as follows:

RSSD �

RSSD1,1−2 RSSD1,2−3

RSSD2,1−2 RSSD2,2−3

· · · RSSD1,M−1

· · · RSSD2,M−1

⋮ ⋮

RSSDL,1−2 RSSDL,2−3

⋮ ⋮

· · · RSSDL,M−1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (16)

Due to the singularity of the RSSDmatrix, SVD is chosen
as the specifc implementation method of PCA. Te SVD
theory has proven that RSSD can be decomposed into the
following formula:

RSSD � USV
T
, (17)

where the detailed derivation processes of U, V, and S are
deduced in the following.

Firstly, the transpose matrix RSSDT can be achieved, and
then the RSSD∗1 can be expressed as follows:

RSSD
∗
1 � RSSD

T
 (RSSD) �

R1,1 · · · R1,∁2M

⋮ ⋮ ⋮

R∁2M,1 · · · R∁2M,∁2M

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (18)

Te eigenvalue λ∗1 and the eigenvector μ of RSSD∗1 can be
calculated. Ten, λ∗1 can be sorted in descending order. Te
corresponding eigenvector can be stored to form the matrix
E1∁2

M
×∁2

M

.

λ∗1 � λ1, λ2, · · · , λ∁2M ,

E1 � e1, e2, · · · , e∁2M .

(19)

Te equation between E1 and the right singular vector V

can be expressed as follows:

Table 1: Correlative degree for diferent ρ absolute values.

ρ Correlative degree
0.8 ∼ 1.0 Very strong correlation
0.6 ∼ 0.8 Strong correlation
0.4 ∼ 0.6 Moderate correlation
0.2 ∼ 0.4 Weak correlation
0.0 ∼ 0.2 Very weak or no correlation
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V � E1. (20)

According to mathematical relationship between the
eigenvalue and the singular value, the singular value matrix S

can be obtained as follows:

Si �

��

λi



, i � 1, 2, · · · , ∁2M. (21)

Te calculation process of the left singular matrix U is
similar to V. Te RSSD∗2 can be expressed as follows:

RSSD
∗
2 � (RSSD) RSSD

T
  �

R1,1 · · · R1,L

⋮ ⋮ ⋮

RL,1 · · · RL,L

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (22)

Similarly, the eigenvalue λ∗2 and the eigenvector E2 of
RSSD∗2 are obtained by the feature decomposition method.
Ten, U � E2 can be achieved.

Te frst a columns of V is extracted to form the pro-
jection matrix P∁2M×a. Te principal component matrix Z1
can be expressed as follows:

Z1L×a
� RSSD · P. (23)

Ten, the ofine principal component fngerprint da-
tabase PRSSD∗ can be obtained as follows:

PRSSD
∗

�

prssd
∗
1 , x1, y1( 

prssd
∗
2 , x2, y2( 

prssd
∗
3 , x3, y3( 

⋮

prssd
∗
L, xL, yL( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (24)

where each row is a principal component matrix with a-
dimensional linearly independent features. prssd∗1 can be
described as follows:

prssd
∗
1 � prssd1,1; prssd1,2; · · · ; prssd1,a . (25)

Due to a< ∁2M, the size of the database can be greatly
reduced in the decorrelated space. In addition, the online
fngerprint matching stage has lower computational com-
plexity. Te dimension reduction and decorrelation pro-
cessing of the RSSD ofine fngerprint database are realized.
When the target enters the test area, the RSS real-time
measurement results of all APs can be obtained. Te un-
processed RSSD online fngerprint database is obtained by
diferential operation. Similarly, P is used to project the
RSSD online fngerprint database into the subspace. Te
dimension reduction and RSSD decorrelation processing
can be expressed as follows:

Z2 � RSSD · P, (26)

where RSSD is the online RSSD sample matrix. Te online
principal component fngerprint database PRSSD∗ can be
obtained as follows:

PRSSD
∗

� prssd1, prssd2, · · · , prssda . (27)

Te database with the most indispensable fngerprint
features has been extracted. However, conventional absolute
distance such as Euclidean distance cannot measure simi-
larity between ofine and online principal component da-
tabases. In this article, a matching algorithm based on
similarity called the PCC is applied to replace the distance
measurement method.

3.2. Location Calculation Process. Te indoor fngerprint
positioning algorithm needs to develop reasonable matching
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Figure 1: Te structure of the proposed RSSD-PCA-PCC positioning system.

Table 2: Te ofine RSS fngerprint database.

Coordinates RSS sample
(x1, y1) RSS1,1 RSS1,2 . . . RSS1,M

(x2, y2) RSS2,1 RSS2,2 . . . RSS2,M

(x3, y3) RSS3,1 RSS3,2 . . . RSS3,M

⋮ ⋮ ⋮ ⋮ ⋮
(xL, yL) RSSL,1 RSSL,2 . . . RSSL,M

Table 3: Te ofine RSSD fngerprint database.

Coordinates RSSD sample
(x1, y1) RSSD1,1−2 RSSD1,2−3 . . . RSSD1,M−1
(x2, y2) RSSD2,1−2 RSSD2,2−3 . . . RSSD2,M−1
(x3, y3) RSSD3,1−2 RSSD3,2−3 . . . RSSD3,M−1
⋮ ⋮ ⋮ ⋮ ⋮
(xL, yL) RSSDL,1−2 RSSDL,2−3 . . . RSSDL,M−1
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methods to ensure accuracy. Te PCC method can identify
the similarity among dimensionless samples. For ofine and
online principal component fngerprint databases, the PCC
can be calculated as follows:

ρ PRSSD
∗
, PRSSD

∗
  � ρ(α, β) �

Cov(α, β)

σα · σβ

�


a
i�1 αi − α(  · βi − β 

����


a
i�1


αi − α( 

2
·

����


a
i�1


βi − β 

2 ,

(28)

where α and β stand for PRSSD∗ and PRSSD∗, respectively.
α and β are the mean values. σα and σβ represent the
standard deviations. Te PCC between the URE and all RPs
can be obtained through formula (28). Te RP coordinates
with the largest coefcients are selected for position esti-
mation. Te estimated coordinate (xURE, yURE) can be
obtained by the RSSD-PCA-PCC algorithm.

xURE �
1
K



K

i�1
xiyURE �

1
K



K

i�1
yi,

⎧⎨

⎩ (29)

where (xi, yi) represents the coordinate of the i-th RP and K

is the number of selected RPs. Combining with the PCC
matchingmethod, the RPs can be selected based on the KNN
approach [34] and the performance of diferent K values
chosen by the PCC has been explored in this article.

Te procedure of the proposed RSSD-PCA-PCC posi-
tioning system is shown in Figure 2. Te blue and orange
boxes represent the principal component extraction process
of ofine and online RSSD fngerprint databases, re-
spectively. Te green frame represents the process of cal-
culating the PCC for fngerprint matching. Te performance
evaluations of the proposed RSSD-PCA-PCC algorithm are
described in the next section. Te proposed RSSD-
PCA-PCC algorithm is summarized in Table 4.

4. Results and Analysis

4.1. Positioning Performances. In this article, the average
error (AE), root mean square error (RMSE), and compu-
tational complexity are used as three key indicators to
validate the localization performance of the proposed RSSD-
PCA-PCC algorithm. A typical easy-to-implementlog-
normal shading model [35] is used to generate the RSS
under an indoor environment, which can be explained as
follows:

P dp,q  � P d0(  − 10 · α · log
dp,q

d0
  + χq, (30)

where dp,q represents the distance between p-th AP and q-th
RP, P(dp,q) is the RSS of q-th RP at distance dp,q from p-th
AP, d0 is the reference distance, and P(d0) is the RSS of the
reference distance. α is the path loss index and χq is
a Gaussian random noise obey (0, σ2). σ2 represents the
measurement variance of RSS. Te parameters of equation
(30) are set as done in reference [35]. P(d0) is relevant to the

transmit power. Te heterogeneous emitters usually have
diferent P(d0). Te ofine RSS and RSSD databases are
established as done in [35]. Ten, the RSS-WKNN and
RSSD-WKNN algorithms are utilized to demonstrate the
applicability of RSSD for locating the URE. And the AE
comparison is shown in Figure 3. Te available positioning
accuracy of RSS only occurs occasionally when P(d0) of the
ofine and online stages is same. In contrast, RSSD is able to
maintain stable positioning accuracy. Obviously, RSS is not
suitable for the localization of the URE. In this article, to
efectively compare the positioning performance of the
proposed RSSD-PCA-PCC algorithm, the same RSSD da-
tabase is applied for comparative analysis.

Te performance of the proposed RSSD-PCA-PCC al-
gorithm is shown in Figure 4. A 100m× 100m positioning
area is applied including 150 randomly selected single-target
locations marked with ″ ∗ ″, four APs identifed by solid
pentagrams, and the location results using the proposed
RSSD-PCA-PCC algorithm marked with solid circles. Te
APs are arranged in ″N″ shape, and the locations are (33.2,
75.2)m, (17.2, 25.2)m, (83.2, 75.2)m, and (70.2, 25.2)m,
respectively. Te RPs are evenly distributed in the posi-
tioning area with 2m grid distance. And the selected RP
numbers is denoted by K � 4. From Figure 4, the AE and
RMSE are only 0.82m and 0.95m, respectively.

In order to demonstrate the superiority of the proposed
RSSD-PCA-PCC algorithm, RSSD-PCA-COS and
RSSD-WKNN methods are utilized to compare the per-
formance. Based on the same propagation model parame-
ters, 100 positioning targets are randomly selected in the
100m× 100m positioning area. Figure 5 shows the cumu-
lative distribution function (CDF) of the three algorithms.
Te CDF refects probability distribution of diferent loca-
tion error ranges. According to the CDF curve, the RSSD-
PCA-PCC has the 2m location error at a probability of 0.88.
Under the same location error, the probabilities of RSSD-
PCA-COS and RSSD-WKNN are 0.8 and 0.19, respectively.
Obviously, the number of qualifed positioning results of the
RSSD-PCA-PCC is greater than the other two algorithms.
Considering the location error within 1m, the CDF for each
algorithm is 58 percent for RSSD-PCA-PCC, 51 percent for
RSSD-PCA-COS, and 3 percent for RSSD-WKNN. Te
results show that the proposed RSSD-PCA-PCC is superior
to the other two algorithms in terms of CDF.

A multistacked bar chart is further drawn as shown in
Figure 6. According to the size of the area occupied by
diferent colours, the diference in the percentage of diferent
errors can be seen intuitively. Te AE of using the proposed
RSSD-PCA-PCC algorithm is less than 3m. Te percentage
of the RSSD-PCA-PCC with the RMSE greater than 6m is
small. And there is no part with the RMSE greater than 10m.
Te RSSD-PCA-PCC has the AE less than 1m at a per-
centage of 58%, whereas the percentage at this AE with
RSSD-PCA-COS and RSSD-WKNN is 51% and 3%, re-
spectively. Te RSSD-PCA-PCC has the RMSE less than 2m
at a percentage of 68%, whereas the percentages at this error
with RSSD-PCA-COS and RSSD-WKNN are 67% and 4%,
respectively. Both the AE and RMSE of the RSSD-PCA-PCC
are superior to the other two localization algorithms.
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In addition, this subsection also explored the perfor-
mance of diferent selected RP numbers, AP numbers, and
grid distances on localization accuracy. Firstly, Figures 7 and
8 compare the AE and RMSE of RSSD-WKNN, RSSD-PCA-
COS, and the proposed algorithm RSSD-PCA-PCC under
diferent selected RP numbers, respectively. And the selected
RP numbers are denoted by K. Obviously, the positioning
accuracy has been signifcantly improved with the extraction
of the principal features. Te AE and RMSE of the feature
extraction algorithms are less than 2.5m. By contrast, the
RSSD-WKNN algorithm without preprocessing is all higher
than 3.5m under diferent selected RP numbers. Te per-
formance of the RSSD-WKNN algorithm is sequentially
inferior to the RSSD-PCA-COS algorithm and the RSSD-

PCA-PCC algorithm. When K � 4, three algorithms have
the lowest AE and RMSE. And the AE and RMSE of the
proposed algorithm are stable at 1m and 1.5m, respectively.
Due to indefnite factors such as random target selection,
changing scenes, and complex noise, it is normal for the
error curve to fuctuate within a certain range.

Figure 9 presents the error histograms of the three al-
gorithms with diferent grid distances denoted by d. Te
heights of the bars represent the errors of diferent algorithms
at diferent RP grid distances.Te proposed algorithm, RSSD-
PCA-PCC, has the lowest error under diferent grid distances.
Te highest positioning accuracy is obtained when the RP grid
distance is 2m. Taking d � 2m as an example, the AE and
RMSE of the proposed algorithm RSSD-PCA-PCC are both
less than 1m. As shown in Figure 9, when the grid distance is
0.8m, the error of RSSD-WKNN ismuch larger than the error
of the other two algorithms. Due to the dense distribution of
RPs, the unprocessed database contains a large number of
redundant features. False fngerprint matching and high
computational complexity afect the positioning accuracy.
Te database processed by PCA can solve the drawback and
obtain the higher positioning accuracy.

Figure 10 shows error histograms of the three posi-
tioning algorithms under diferent AP numbers. When the
AP number is three, the AE of the RSSD-PCA-PCC algo-
rithm is 1.68m. In comparison, the AE of RSSD-WKNN and
RSSD-PCA-COS are 2.45m and 4.63m, respectively. With
the AP number increasing to four, the AE of RSSD-PCA-
PCC, RSSD-PCA-COS, and RSSD-WKNN are 0.92m,
1.28m, and 3.61m, respectively. When the AP number is
fve, the AE and RMSE of the RSSD-PCA-PCC algorithm are
smaller than the other two algorithms. By reducing or in-
creasing AP quantities, the proposed algorithm has superior
positioning accuracy and stability than RSSD-PCA-PCC and
RSSD-WKNN algorithms. From the results in Figure 10, the
proposed RSSD-PCA-PCC algorithm can obtain a more
superior performance when 4 APs are arranged. With the 4
APs, the RMSE of RSSD-WKNN, RSSD-PCA-COS, and
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area

division

Collected RSS
mesurements

RSSD
database

establishment

PCA-based
extraction

Online
phase

URE real-time
RSS nesurements
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database
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Projection matrix

RSSD
principal database

RSSD
principal database

Calculated PCC to
determine similarity

Selected
RPs

Calculated URE
estimated coordinate

Figure 2: Te fowchart of the proposed RSSD-PCA-PCC algorithm.

Table 4: Steps of the proposed RSSD-PCA-PCC algorithm.

Proposed
RSSD-PCA-PCC algorithm
(1) Input RSS of L RPs from M APs, calculate the diference of RSS
between APs, and build the RSSD ofine fngerprint database with
known RP coordinates:

(xl, yl) RSSDl,N , l � 1, 2, · · · , L; N � 1, 2, · · · , ∁2M
(2) Calculate the eigenvalue λ∗1 and the eigenvector μ of
RSSD∗ � (RSSDT)(RSSD)

(3) Acquire the singular vector V by equation (20)
(4) Extract the frst a columns of V to form the projection matrix
P∁2M×a

(5) Obtain the ofine principal component database PRSSD∗

according to equations (23) and (24)
(6) Compute the online database RSSD of a target by diferential
operation
(7) Obtain the online principal component database PRSSD∗

according to equations (26) and (27)
(8) Calculate the PCC for ofine and online principal component
databases using equation (28)
(9) Select RP coordinates with the largest coefcients
(10) Output the estimated coordinate (xURE, yURE) by equation
(29)
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RSSD-PCA-PCC are 3.88m, 1.62m, and 1.12m, re-
spectively. Te results prove that the RSSD-PCA-PCC al-
gorithm can realize the precise localization of the URE.

4.2. Computational Complexity. In addition, the compu-
tational complexity is also a performance index often
considered in the evaluation of an algorithm. Te com-
putational complexity of the three diferent algorithms
can be compared and analyzed. Firstly, the computational
complexity can be expressed as the number of fngerprints
searched in the online stage. Terefore, the computational
complexity of RSSD-WKNN is proportional to the

number of RPs. It is assumed that the positioning area
contains N RPs. After dimension reduction, the principal
component database contains n fngerprint features. Te
computational complexities of RSSD-WKNN and RSSD-
PCA-PCC are O (N) and O (n), respectively. Due to n<N,
the proposed RSSD-PCA-PCC algorithm not only reduces
the computational complexity but also decreases the
memory space. Secondly, based on the MATLAB2018b
platform, the running time of the three diferent algo-
rithms are compared with 2m grid distance, 4 APs, K � 4,
and the same target locations. As shown in Table 5, the
proposed RSSD-PCA-PCC algorithm has the shortest
running time.
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5. Conclusions

A RSSD-PCA-PCC positioning algorithm for the URE was
proposed in this article. Te RSSD was chosen as the
fngerprint without considering the transmitting power
and frequency of the URE. However, the high dimension
and redundancy of conventional databases increase the
computational complexity and result in incorrect posi-
tioning matching in the online stage. To achieve in-
formation reorganization and dimension reduction, our
approach reconstructed the RSSD fngerprint database
with a transformed signal space using PCA. Te RSSD-
based principal component database was processed by the
SVD method to reduce the online computational com-
plexity. In addition, a matching PCC-based method was
applied to measure the relative distance of the principal
component databases between ofine and online stages.
Te superiority of the proposed RSSD-PCA-PCC algo-
rithm was demonstrated under diferent selected RP
numbers, grid distances, and AP numbers. Te probability
of the average positioning error within 0.9 m can maintain
52%. And the results verify that the proposed algorithm
can reduce the average positioning error by 10% com-
pared with the RSSD-PCA-COS algorithms. In the future,
the multi-URE indoor positioning algorithm can be
considered to meet the application requirements in dif-
ferent scenarios.
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