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Abstract

Accurate detection of the unknown radio transmitter (URT) is crucial to combat illegal occupation of radio signal
resources and protect communication system from harmful signal interference. The fingerprint positioning technique
based on received signal strength (RSS) is famous for requiring no extra equipment, antenna arrays, and time
synchronization. However, conventional RSS-based fingerprint positioning techniques that utilize K-nearest neighbor
(KNN) method are confronted with problems when the positioning target is radio transmitter with unknown emission
strength and frequency. Moreover, they not only cannot realize the precise localization of the URT but also only rely
on pre-set reference points in the fingerprint database. In this paper, a new KNN-based geo-location approach using
received signal strength difference (RSSD) information and virtual reference point is proposed to estimate an URT
location. To obtain more accurate RSSD measurements, a RSSD-based filtering method by calculating the Euclidean
distance between each sampling RSSD and the average value is devised to establish the fingerprint database. To
achieve higher positioning accuracy, we combine KNN technique with the virtual reference (VR) point to propose
RSSD-VRKNN algorithm. The simulation results show that the proposed scheme can obtain the best positioning
performance compared with the conventional KNN and weighted K-nearest neighbor (WKNN) techniques. The
performance and feasibility of our proposed algorithm are verified through extensive experiments.

Keywords: Radio transmitter detection, Received signal strength difference (RSSD), Position location, Virtual
reference (VR) point, K-nearest neighbor (KNN)

1 Introduction
Position location (PL) service has received great attention
recently with the development of science and technol-
ogy, and PL service has been applied in many important
fields and occasions such as location, disaster relief, secu-
rity, navigation, and tracking [1]. Currently, complex and
various kinds of radio signals emitted by radio trans-
mitters have been widely used and existed in our daily
life. Most communication systems used in wireless appli-
cations, such as mobile searching, emergency commu-
nications, location-based interference management, and
public safety, rely on radio signals and are susceptible to
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interference by illegal signals [2, 3]. Therefore, accurate
detection of the radio transmitter, as the focus of con-
siderable research efforts, has received significant recent
interest, and it is crucial to strengthen management of
radio signals and realize the reasonable use of radio spec-
trum resources. However, most of the previous research
works are more focus on the signal receiver positioning.
The precise localization of an unknown radio transmitter
(URT) is considered to be more challenging than the con-
ventional issue of positioning in wireless sensor networks
because the important parameters such as the emission
strength and frequency of the URT are unknown.
Many kinds of measurements can be used as the posi-

tioning characteristic parameters, such as time of arrival
(ToA)[4], time difference of arrival (TDoA) [5], frequency
different of arrival (FDoA) [6], received signal strength
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(RSS) [7], angle of arrival (AoA) [8, 9], and their combi-
nation [10–12]. Conventional positioning techniques rely
on these measurements, and each has its own merits
and drawbacks. The ToA-based positioning algorithms
rely on measurements of signal travel times between
the radio transmitter and access point (AP). The TDoA-
based technique can be employed with no synchroniza-
tion between the radio transmitter and AP. However,
the reference nodes are needed to be synchronized in
time. Both ToA-based and TDoA-based methods are only
suitable for line-of-sight (LoS) positioning scenario. In
comparison, AoA-based algorithms utilize the realtime
measuring angles of the AP from the radio transmit-
ter without requiring appropriate synchronization, emit-
ter power, and time stamp. Nevertheless, due to the
influences of none line-of-sight (NLoS) positioning sce-
nario and multi-path, the positioning accuracy of AoA-
based technique will be greatly affected. Among all of
them, RSS-based positioning technique is more popular
with the cost-effective. There is no need to prepare an
antenna array or meet time synchronization requirement,
because the RSS measurement contains the resultant
information.
Since there are many kinds of measurement param-

eters as described above, a lot of positioning methods
have been developed. Geometric positioning techniques
calculate the location of the positioning target as the inter-
section of position line, which is between the positioning
target and AP. Triangulation and trilateration are typical
geometric positioning methods, and the RSS, AoA, ToA,
and TDoA are commonly used as measurement param-
eters. In addition, some hybrid systems such as TDoA-
AoA [13] have been employed in geometric positioning
method. One of the disadvantages of geometric position-
ing techniques is that there is no theoretical process about
the noise interference. Unlike the geometric positioning
techniques, the statistical positioning approach provides a
theoretical framework that contains the noise factor. The
main idea is to assume that the measurement parameter
distributions are similar to Gaussian probability distribu-
tions. Bayesian [14] and maximum likelihood (ML) [15]
estimation are the typical statistical positioning methods.
Among all positioning techniques, the RSS-based finger-
print positioning technique is popular with the advantages
of no additional hardware, low cost, and wide position-
ing range [16]. Fingerprint positioning method consists of
two parts: off-line database establishment phase and on-
line positioning phase. The location information collected
from the positioning area is stored in the fingerprint
database, which includes the spatial coordinates of ref-
erence points and RSS information. After collecting the
fingerprint information, the location of positioning target
needs to be estimated. While the real-time data from the
target is recorded, the estimated location can be obtained

by the appropriate algorithm. However, the received RSS
sensing data may contain errors and affects the position-
ing precision due to various abnormal conditions, such
as device failure and malicious cases. A novel robust rel-
ative fingerprinting-based passive localization algorithm
via a data cleansing approach was proposed in [17]. In
addition, to establish and maintain RSS-based fingerprint
database more conveniently, Zuo et al. [18] proposed a
multi-phase fingerprint map localization method based
on interpolation.

1.1 Related work
Currently, the most widely adopted fingerprint localiza-
tion algorithms are theK-nearest neighbor (KNN) [19]
algorithm and weighted KNN (WKNN) [20] algorithm
due to the low complexity suitable for practical applica-
tion. Taking an example of KNN, it uses the on-line RSS
to search forK smallest Euclidean distance of known loca-
tions from the fingerprint database by root mean square
errors principle. The estimated position is obtained by
averaging the locations of the selected K reference points
from the database. If the distance in signal space is used
as weighted average, higher positioning accuracy can be
obtained on the basis of KNN. A soft range limited K-
nearest neighbor (SRL-KNN) localization fingerprinting
algorithm was proposed in [21], which scales the finger-
print distance by a range factor related to the physical
distance between the user’s previous position and the
reference location in the database to reduce the spa-
tial ambiguity in localization. Nevertheless, due to the
fact that equal RSS differences at different RSS levels
may not mean equal differences in geometrical distances
in the calculation of signal distances between different
RSS vectors, Li et al. [22] proposed a feature-scaling-
based k-nearest neighbor (FS-kNN) algorithm for achiev-
ing improved localization accuracy. Since the accuracy
of KNN-based algorithm using Euclidean distance is not
high enough due to the ignorance of statistical regulari-
ties from the training set, an improved method combining
the Manhattan distance with the WKNN algorithm was
proposed to distinguish the influence of different refer-
ence nodes [23]. To obtain the optimized node location
estimate, Fang et al. [24] proposed an optimal WKNN
(OWKNN) algorithm for wireless sensor network (WSN)
fingerprint localization in a noisy environment. In order
to eliminate incorrect neighboring reference points and to
avoid selected reference points located only on one side of
the test point, an improved neighboring reference points
selection method [25] was proposed based on their phys-
ical distances to the test point, instead of the widely used
positions of the reference points.
However, whether KNN-based algorithm or WKNN-

based algorithm, only the reference points in the database
are selected. Since the location information of reference
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point which is closer to the actual target is expected,
we propose an improved KNN algorithm combined with
the virtual reference point. In addition, the conventional
RSS-based fingerprint positioning technology is generally
used to solve the localization problem of signal receiver.
On the contrary, the positioning target in our research
is an URT, and it is a process of using signal receiver
to find the transmitter. Due to the unknown informa-
tion parameters such as emission strength and frequency
of the radio transmitter, the RSS-based database con-
structed by a specific radio transmitter is not suitable
for different URTs. Since the test devices are usually
different from the training devices, Hossain et al. [26]
proposed a robust fingerprint method with received sig-
nal strength difference (RSSD) to eliminate the impact
from hardware diversity. Dealing with the navigation sys-
tem error causing by inertial sensors noises and biases,
an approach applying wavelet packet de-nosing to elim-
inate noises of the Micro-Electro-Mechanical Systems
(MEMS) grade inertial sensors to effectively improve the
positioning accuracy and ensure accurate and continu-
ous positioning in the intelligent road service [27]. This
paper dose research on the detection of URT with the
fingerprint positioning technique. The RSSD information
from two different APs is utilized as the characteristic
parameter to establish the fingerprint database to achieve
detection of the URT. Furthermore, RSSD-based finger-
print database is suitable for different URTs. In order to
obtain more accurate sampling data stored in the fin-
gerprint database, we also develop a new RSSD-based
filtering method. The proposed filtering method and
RSSD-VRKNN positioning algorithm are described in the
following section.

1.2 Contribution and outline
To solve the issues mentioned above, our work
mainly improves the parts of fingerprint database
and positioning algorithm in the localization sys-
tem to realize more accurate detection of the URT.
Different from the previous works, our positioning
scheme enhances the positioning accuracy by combin-
ing the virtual reference point and improved filtering
method. The contributions of this paper are the
following:
1) A new filtering method utilizing the RSSD informa-

tion was presented to construct the fingerprint database.
Moreover, the proposed RSSD-based filtering method
improves the accuracy of fingerprint database, and it
provides more accurate original data for positioning algo-
rithm.
2) On the basis of the established RSSD-based database,

we combined the KNN positioning algorithm with vir-
tual reference point to propose a new RSSD-VRKNN
positioning algorithm.

3) The feasibility of the proposed algorithm has been
demonstrated by utilizing different emission strength and
frequency between off-line database and on-line test tar-
get.
During the off-line phase, we first need to establish a

RSSD-based fingerprint database with two RSS vectors
from different APs. During the on-line phase, we apply
KNN algorithm to obtain the virtual reference point and
compare the virtual reference point with the reference
points in the original database to find the new K refer-
ence points employed for the location estimation. Finally,
we test the proposed RSSD-VRKNN algorithm in real
test environment, where realistic measurements are per-
formed. Experimental results certify that the proposed
RSSD-VRKNN algorithm can not only detect the various
unknown radio transmitters but also improve the posi-
tioning accuracy effectively compared with the existing
work.
The rest of this paper is described as follows. We intro-

duce the proposed positioning system for URT and the
principle of KNN algorithm in Section 2. Next, the RSSD-
VRKNN positioning technique is proposed in Section 3.
In Sections 4 and 5, the positioning performance of RSSD-
VRKNN is compared with RSSD-KNN and RSSD-WKNN
algorithm through the simulation and experiments.

2 Positioning principle and algorithm
2.1 Proposed positioning system for URT
This sub-section introduces the proposed RSSD-VRKNN
positioning system as described in Fig. 1. Our research is
to solve the accurate detection of an URT. Then the signal
receiver placed in the positioning area is used as the access
point. On the basis of the conventional fingerprint posi-
tioning system, RSSD-based data filtering, RSSD-based
fingerprint database, and RSSD-VRKNN algorithm are
added as the new parts to realize the precise localization
of the URT.
Four APs are applied as an example in our work, and

d is defined as the grid distance between two reference
points as shown in Fig. 1. Owing to the reflected per-
formance of the radio signal, we usually do not choose
the reference point near the wall. At the beginning of the
RSSD-based database establishment, the APs collect RSS
measurement from a known radio transmitter which is
placed at each pre-planned reference point. The database
mainly contains RSSD information and the location
information of each reference point. di,j is the distance
between i-th reference point and j-th AP and it can be
calculated by:

di,j =
√

(Xi − Xj)
2 + (Yi − Yj)2, (1)

where i (i=1, 2, ... , n) and j (j=1, 2, ... , l) represent the
index of reference point and AP, respectively. (Xi,Yi) and
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Fig. 1 Structure of the proposed RSSD-VRKNN positioning system. Four APs and an unknown radio transmitter (the positioning target) are used in
this system

(Xj,Yj) is the location coordinates of i-th reference point
and j-th AP, respectively. In this paper, n is the number of
reference point and it can be calculated by:

n =
(
L
d

− 1
)

·
(
H
d

− 1
)
, (2)

where L andH are the length and width of the positioning
area, respectively.
In off-line database establishment phase, RSSD-based

data filtering process illustrated with yellow color is
utilized to generate more precise RSSD data stored
in fingerprint database. The role of the RSSD-based
data filtering process is similar to that of the conven-
tional system, but the detailed process is improved to
deal with the collected RSS measurements and it will
be expressed in next section. Moreover, RSSD-based
database marked with yellow color has adaptability to

various unknown radio transmitters. If an URT enter-
ing the positioning area is different from the frequency
and strength of the radio transmitter used for database
establishment, the pre-established database will no longer
be applicable. The RSSD-based database can solve this
problem and greatly reduce the workload of establish-
ing the database. In on-line positioning phase, the pro-
posed RSSD-VRKNN algorithm is the core part of the
proposed positioning system to improve the position-
ing accuracy. For this purpose, the conventional KNN
algorithm is developed and improved in our work. The
basic process of KNN algorithm is described in the next
sub-section.

2.2 K-nearest neighbor algorithm
In this part, we introduce KNN algorithm which is one
of the most famous algorithms in fingerprint positioning
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technique. In this algorithm, Euclidean distance is used
to represent the similarity between the real-time RSS and
database, given by

Edi =

√√√√√
l∑

j=1
(RSS

′
j − RSSi,j)

2
, (3)

where Edi represents the Euclidean distance between i-
th reference point and the positioning target, RSS

′
j is the

real-time average RSS value of j-th AP, and RSSi,j is the
average RSS of i-th reference point from the j-th AP.
If the Euclidean distance between the positioning tar-
get and reference point in the database is shorter, the
pattern between the two points is very similar, and vice
versa. When the positioning target enters the positioning
area, the real-time RSS is compared with the data of each
reference point in the database, and the location of posi-
tioning target is estimated by selecting K reference points
which Euclidean distances are minimum. After the pro-
cess described above, the location of positioning target
can be obtained by:⎧

⎪⎪⎪⎨
⎪⎪⎪⎩
x =

K∑
i=1

Xi

K

y =
K∑
i=1

Yi

K

, (4)

where (x, y) is the estimated location of positioning target.

3 Proposed RSSD-VRKNN positioning technique
Unlike the previous work on the localization of signal
receiver, our research is to place the signal receiver to find
the URT. In this section, we introduce how the proposed
positioning system is used to estimate the location of an
URT. The basic process of the proposed RSSD-VRKNN
positioning system is as shown in Fig. 2. The proposed
RSSD-VRKNN fingerprint positioning system also con-
sists of two parts, off-line database establishment phase
and on-line positioning phase.

3.1 RSSD-based data filtering and radio map
establishment

In this subsection, the process of the RSSD-based radio
map establishment is described. Next, we first explain
and derive the relationship between the RSSD and the
influence of diverse radio transmitters. Moreover, we
demonstrate why there is no influence of diverse radio
transmitters when using the RSSD-based information.
According to the log-distance path loss model, we

denote that P(d0),P(dp), and P(dq) are the RSS at dis-
tance d0, dp, and dq from the radio transmitter to p-th and
q-th AP, respectively. d0 is the reference distance. Thus,
the relationship among d0,P(d0),P(dp), and P(dq) can be
expressed as:

P(dp) = P(d0) − 10 · α · log
(dp
d0

)
+ χp (5)

and

P(dq) = P(d0) − 10 · α · log
(dq
d0

)
+ χq, (6)

where α is the pass loss component. χp and χq represent
the shadowing effect, which obey zero-mean Gaussian
distribution (χ ∼ N(0, σ 2)). The typical values for d0 =
1m, P(d0) = 10dB, σ = 5.2dB, and α = 1.8 in [28]. The
free space propagation model [29] can be explained as:

P(d0) = 10 log
(

PtGtGjλ2

(4π)2d02Lj

)
(7)

where Pt is the power of radio transmitter, Gt is trans-
mitted antenna gain, Gj is the j-th AP’s antenna gain, Lj
is the system loss factor, and λ is the transmitter carrier’s
wavelength.
According to (5), (6), and (7), we can obtain the RSS of

p-th and q-th AP respectively as:

P(dp) = 10 log
(

PtGtGpλ2

(4π)2d02Lp

)
−10 ·α · log

(dp
d0

)
+χp

(8)

and

P(dq) = 10 log
(

PtGtGqλ2

(4π)2d02Lq

)
−10 ·α · log

(dq
d0

)
+χq.

(9)

According to (8) and (9), the RSSD between p-th and q-th
AP can be calculated by:

P(dp)−P(dq)=10 log
(GpLq
GqLp

)
+10 log

(dq
dp

)
+(χp − χq).

(10)

As we can see clearly from (10), RSSD is not affected by
the diversity of radio transmitters. Therefore, if remain-
ing the APs same, we don’t need to change and establish
the fingerprint database again, which not only can greatly
reduce the workload to establish fingerprint database but
also can improve the positioning accuracy and system
stability.
Due to the impacts of reflection, scattering, shadow-

ing, and changing scenario in radio signal propagation, the
sampling RSS will be not accurate. As shown in Fig. 3, it
reveals the RSSD distribution of AP12 with no data fil-
tering. Next, we introduce how the proposed RSSD-based
data filtering is utilized to construct the new fingerprint
database. As mentioned in the previous section, the sam-
pling RSS vector of i-th reference point from j-th AP is
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Fig. 2 Process of the RSSD-VRKNN positioning system. Off-line phase: RSSD-based fingerprint database is established. On-line phase: when the URT
enters the positioning area, real-time RSSD is obtained and matched with the RSSD in the database
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Fig. 3 RSSD distribution of AP12 without filtering. P(d0) = 10 dB, α = 1.8, d = 2 m, and σ = 5.2 dB
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AVRi,j. In the same way, the sampling RSSD vector of two
different APs can be expressed by:

AVRi,p =
(
RSS1i,p, RSS2i,p, . . . , RSSmi,p

)
(11)

and

AVRi,q =
(
RSS1i,q, RSS2i,q, . . . , RSSmi,q

)
. (12)

From (11) and (12), the sampling RSSD vector of i-th refer-
ence point between p-th AP and q-th AP can be calculated
by:

RSSDi,pq =
[(

RSS1i,p − RSS1i,q
)
,
(
RSS2i,p − RSS2i,q

)

, . . . ,
(
RSSmi,p − RSSmi,q

)]
,

(13)

where p and q are the index of AP (p, q = 1, 2, ... , l). The
combination of p and q is “12, 23, 34, 41” in this paper.
Then, the average of RSSD within a period time can be
obtained by:

RSSDi,pq =

t∑
m=1

RSSDm
i,pq

t
, (14)

where t is the number of sampling data. When obtain-
ing the average of RSSDi,pq, we calculate the Euclidean
distance between each sampling RSSDm

i,pq and the aver-
age value RSSDi,pq. After that, an appropriate threshold
is set to compare with each Euclidean distance of sam-
pling RSSDm

i,pq. If the threshold is exceeded, the sampling
RSSDm

i,pq is deleted. Then, the new average will be calcu-
lated again until all the sampling RSSDm

i,pq data meet the
requirement. According to the measure experience, the
threshold is set with 5 dB in this paper. Finally, the cal-
culated average RSSD value is stored in the database. The
flowchart of RSSD-based fingerprint database establish-
ment is shown in Fig. 4. The yellow shaded part indicates
the proposed data filtering process. The structure of the
improved database based on RSSD is shown as Fig. 5.
The filtered RSSD illustrated with yellow shaded part
composes the fingerprint database , and the improved
database has higher reliability and accuracy compared
with conventional fingerprint database. Taking AP12 as
an example, Fig. 6 shows the RSSD distribution with pro-
posed RSSD-based filtering. To reflect the influence of
the proposed filtering method on the sample accuracy of
fingerprint database, we use the proposed RSSD-based
data filtering as expressed from (11)–(14) to make a com-
parison with traditional mean filtering method as shown
in Fig. 7. In Fig. 7, x-coordinate represents 10 differ-
ent location serial numbers randomly selected from the
positioning area. At each location point, 50 RSSD sam-
ples collected by different AP combinations were recorded

respectively and constituted samples. The filtering perfor-
mance was evaluated with the sample standard deviation
expressed by:

σs =
√√√√ 1

N − 1

N∑
i=1

(RSSDf ,i − RSSD), (15)

where RSSD is mean value of the samples and RSSDf ,i
is the filtering value of i-th AP combination. The results
show that the proposed filtering method is more accurate
and has stronger anti-interference.

3.2 Proposed RSSD-VRKNN fingerprint positioning
algorithm

In fingerprint positioning technique, we usually expect to
get the location coordinates and RSS information of the
surrounding points, which are around the positioning tar-
get. With this idea, an improved KNN algorithm based
on RSSD and virtual reference point is proposed in this
paper. We assume that (x, y) and (xj, yj) are the the loca-
tion coordinate of the URT and AP, respectively. First, the
RSSD-based fingerprint database needs to be established.
According to (3) and (14), the Euclidean distance of RSSD
can be obtained by:

SSDEdi =
√∑

(RSSD
′
pq − RSSDi,pq)

2
, (16)

where RSSD
′
pq is the real-time average RSSD value of two

different APs. Second, we use KNN algorithm to obtain
the initial location of the positioning target, which is
expressed by:

⎧
⎪⎪⎪⎨
⎪⎪⎪⎩
RSSDXi =

k∑
i=1

Xi

K

RSSDYi =
k∑

i=1
Yi

K

. (17)

In the proposed RSSD-VRKNN algorithm, we define the
initial location of positioning target as the virtual refer-
ence point. As with other reference points in the database,
we also need to know RSS and location coordinates of the
calculated virtual reference point. According to the log-
normal shadowingmodel, RSS is mainly related to the dis-
tance. The closer to the virtual reference point, the closer
the reference point is to the scene information of the vir-
tual point. Therefore, we apply the Euclidean algorithm of
distance correlation to select K-nearest neighbors of the
reference points to calculate the RSS of virtual reference
point in the database. The Euclidean algorithm of distance
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Fig. 4 Flowchart of proposed RSSD-based fingerprint database establishment. Take the sampling RSS of i-th reference point from j-th AP for example

Fig. 5 Structure of the proposed RSSD-based database. vector
′
i represents the data vector of i-th reference point, which contains coordinates and

RSSD information
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correlation can be expressed as:

DEdi =

√√√√√
l∑

j=1
(dv,j − di,j)2, (18)

where dv,j is the distance between the virtual reference
point and j-th AP. In the same way as the RSS-based near-
est neighbor algorithm, we select K reference points of
the smallest DEd to calculate the RSS of virtual reference
point. Since RSS is related to distance, we use distance-
based weight algorithm to estimate the average RSS value

of virtual reference points and it can be expressed by:

RSSv,j = dv,j ·

⎛
⎜⎜⎜⎝

k∑
i=1

di,j · RSSi,j
k∑

i=1
di,j

⎞
⎟⎟⎟⎠ , (19)

where dv,j is the distance between the virtual reference
point and j-th AP and it can be obtained from (1) and
(17). RSSi,j is the average RSS value between i-th refer-
ence point and j-th AP after filtering. When completing
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Fig. 7 RSSD sample standard deviation comparisons. P(d0) = 10 dB, α = 1.8, σ = 5.2 dB, d = 2 m, t = 50, positioning area (100 m × 100 m), and 4
APs ((17, 25) m, (43, 75) m, (67, 75) m, (83, 25) m)
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Table 1 Simulation parameters

Parameter Symbol Value

Positioning area dimension L × H 100 m × 100 m

Grid distance d 2 m

Pass loss component α 1.8

Reference distance d0 1 m

RSS at distance d0 P(d0) 10 dB, 30 dB

No. of APs l 4

AP position (xj , yj) AP1 (17, 25) m

AP2 (43, 75) m

AP3 (67, 75) m

AP4 (83, 25) m

Variance of RSS σ 2 5.22 dB

Number of sampling data t 50

the above process, we obtain the RSS and location infor-
mation of the virtual reference point. Finally, the obtained
RSSD of the virtual reference point into the database
is added to generate a new database. Then, we utilize
the RSSD-based KNN algorithm to select the new K
reference points to calculate the location of positioning
target.

4 Simulation analysis
4.1 Simulation setup
Different positioning algorithms are numerically simu-
lated in MATLAB 2014a software environment to com-
pare with the proposed RSSD-VRKNN algorithm. The
simulation RSS measurements used for the off-line RSSD
database phase and on-line positioning target need to be
generated. To imitate the real positioning scenario, we

chose a well-known log-normal shadowing model [28]
to generate the random RSS measurements. The random
variable P(di,j) represented the RSSi,j measurement can be
supposed as Gaussian with P(di,j) ∼ N(P(di,j), σ 2), where
P(di,j) = P(d0) − 10 · α · log(di,j/d0) is the mean RSS
measurement value, σ 2 is the variance of the shadowing.
The typical simulation parameters [28] are described as in
Table 1.

4.2 Comparison of RSSD-based and RSS-based
As described in (7), RSS-based fingerprint database
depends on the power and frequency of the radio
transmitter. In the off-line database establishment
phase, the database is different with the diversity of
radio transmitters. Unlike the previous fingerprint
positioning technique, the positioning target is an
unknown radio transmitter in this paper, which fre-
quency and strength are all unknown. Therefore, the
RSS-based database is not suitable for positioning
the URT. From (10), we can obtain that the RSSD-
based database is not affected by the strength and
frequency of the radio transmitter. It means that we
only need to establish one off-line database to be able
to adapt to the localization of different unknown radio
transmitters.
As shown in Figs. 8 and 9, RSS distribution of differ-

ent radio transmitters are significantly different. There-
fore, the RSS-based off-line database is not suitable for
detection of the URT. However, as can be seen from
Figs. 10 and 11, the RSSD-based database is not affected
by the comparison of the RSS-based database, when the
radio transmitter is different. Therefore, this paper utilize
RSSD-based fingerprint database to realize the localiza-
tion of an URT.
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4.3 Performance of proposed RSSD-VRKNN positioning
error

The performance of the proposed RSSD-VRKNN algo-
rithm was testified by simulation as shown in Fig. 12,
which consists of 100 single-target locations randomly
chosen from the positioning area of L(100 m)×H(100 m),
100 estimated target locations and 4 AP locations. It
should be noted that we consider only one target posi-
tioning problem in this paper. The detection of mul-
tiple unknown radio transmitters is left for our future
work. As shown in Fig. 12, four APs were used in
total and identified with the “�” mark. The locations
of the APs in the simulation are fixed at (17, 25) m,

(43, 75) m, (67, 75) m, and (83, 25) m, respectively. As
described above, the positioning targets are randomly
selected to evaluate the performance of the proposed
algorithm.
In order to illustrate the superiority of the proposed

RSSD-VRKNN algorithm, KNN algorithm, and WKNN
algorithm are selected to be compared. Figure 13 shows
the root mean square error (RMSE) of the three algo-
rithms, when the number of positioning targets changes
from 10 to 100. As we can see from the simulation
results, the proposed RSSD-VRKNN algorithm has higher
positioning accuracy than the other two algorithms. The
RMSE of the proposed RSSD-VRKNN algorithm is stable
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Fig. 10 RSSD distribution of AP12. P(d0) = 10 dB,α = 1.8, d = 2 m, and σ = 5.2 dB
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at about 1.5m. Taking 20, 50, and 100 positioning targets
as examples, Table 2 shows the performance comparison
of different algorithms with location error. Due to uncer-
tain factors such as the randomly selected positioning
targets, changing scenario and AP location, RMSE of dif-
ferent numbers of positioning targets has some volatility.
However, the proposed algorithm has better stability than

the other two algorithms. As shown in Fig. 14, there is an
obvious difference in the tendency of the RMSE among
the RSSD-KNN, RSSD-WKNN, and RSSD-VRKNN when
the number of AP changes from 3 to 5. Comparing with
the conventional RSSD-KNN and RSSD-WKNN tech-
niques, the RMSE with three APs shows better perfor-
mance than proposed RSSD-VRKNN. This is because few

Fig. 12 Positioning result of the proposed RSSD-VRKNN algorithm. 100 positioning targets and 4 AP positions in area 100 m × 100 m
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Fig. 13 RMSE comparison among RSSD-KNN, RSSD-WKNN, and RSSD-VRKNN. The number of positioning targets changing from 10 to 100 with 4 APs

APs lead to a lack of information in the RSS of the ref-
erence point. When the number of APs increases to 4,
the proposed algorithm attains better localization perfor-
mance than RSSD-KNN and RSSD-WKNN. However, the
RMSE with 4 APs and 5 APs is almost the same. The com-
parison of location errors with different APs is revealed
in Table 3. This indicates that the positioning accuracy
will not be enhanced when the number of APs increases
consistently. Therefore, taking the hardware consumption
and cost into consideration, this paper uses 4 APs to meet
the positioning requirements.

5 Experimental results
5.1 Experimental environment and conditions
In order to further verify the reasonability of the pro-
posed algorithm, fingerprint database was established and
some test positioning targets were selected in the actual
environment. The experiment was conducted to evalu-
ate its performance in a real office and corridor, which is
located on the first floor of National Radio Monitoring
Center, Beijing. The office and corridor have a dimension
of 14.4 m × 8.4 m and 14.4 m × 2.1 m, respectively, and
the total area is 151.2 m2 as shown in Fig. 15. In addition,
the office has brick structure with four windows and two

Table 2 The probability of location error (≤1.5 m) with different
numbers of positioning targets

Number of positioning targets RSSD-KNN RSSD-WKNN RSSD-VRKNN

20 45% 60% 80%

50 44% 56% 72%

100 47% 59% 75%

doors in the wall. There is no partition or compartment
in the office and it mainly consists of six rows of desks,
chairs, and computers. During the test, the staff are free to
enter and leave frequently.
According to the instruction of simulation result, we

deployed four SA44B (Signal Hound Co. Ltd.) measuring
receivers as APs in the office, and the location coordinates
are (3, 2)m, (8, 5)m, (3, 9)m, and (8, 12)m, respectively.
In the off-line database establishment phase, the grid
distance was selected with 1.8 m. The radio transmit-
ter TFG6300 (SUING Co. Ltd.) used in the experiment
is adjustable in frequency and strength. Here, we define
“frequency/strength” as the frequency and strength of the
radio transmitter. In the off-line database establishment
phase, the frequency and strength of the radio transmitter
is “300 MHz/20 dB” and “1 GHz/20 dB” respectively. In
the on-line positioning phase, we selected the radio trans-
mitter with the frequency of 300 Mhz and the strength of
20 dB and 13 dB, respectively as the test positioning tar-
get. In the positioning area, 50 test points with 1.5-m grid
distance were selected for localization test.

5.2 Performance comparisons
Next, we compared the performance of RSSD-VRKNN
with RSSD-KNN and RSSD-WKNN. In our test, the num-
ber of K was set to 4 and the number of sampling RSS was
set to 50. The mean location error and cumulative distri-
bution function (CDF) of location error were utilized as
the key indicators for performance evaluation. The mean
location error represents the average value of all the posi-
tioning target that deviated from the real position. The
CDF is characterized by the distribution of the location
errors.
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Fig. 14 RMSE comparison among RSSD-KNN, RSSD-WKNN, and RSSD-VRKNN. The number of APs various from 3 to 5 with 100 positioning targets

The mean location errors of RSSD-KNN, RSSD-
WKNN, and RSSD-VRKNN algorithms are shown as
in Table 4. The grid distance of the positioning area
is 1.8 m. In order to represent the performance of the
proposed algorithm, two databases with different fre-
quencies and the same strength were established, which
are 300 Mhz/20 dB and 1 Ghz/20 dB. The combina-
tion of frequency and strength of the test positioning
targets were 300 Mhz/20 dB and 300 Mhz/13 dB, respec-
tively. According to the frequency and strength param-
eters of reference points and test positioning targets,
the following four different experiment results can be
obtained:
1) The same frequency and strength: the mean loca-

tion error by RSSD-VRKNN is 1.12 m. In comparison, the
mean location error by RSSD-KNN and that by RSSD-
WKNN are 1.43 m and 1.35 m, respectively.
2) The same frequency and different strength: the mean

location errors of RSSD-KNN, RSSD-WKNN, and RSSD-
VRKNN are 1.52 m, 1.38 m, and 1.17 m.
3) The different frequency and same strength: compared

with RSSD-KNN and RSSD-WKNN, the mean location
error of proposed RSSD-VRKNN algorithm is 1.21m. The

Table 3 The probability of location error (≤1.5 m) with different
numbers of APs

Number of APs RSSD-KNN RSSD-WKNN RSSD-VRKNN

3 36% 43% 28%

4 42% 56% 72%

5 48% 61% 77%

mean location errors of RSSD-KNN and RSSD-WKNN
are 1.48 m and 1.32 m, respectively.
4) The different frequency and different strength: the

location mean location errors of RSSD-KNN and RSSD-
WKNN are 1.45 m and 1.33 m, respectively. The mean
location error by RSSD-VRKNN is 1.15 m.
In summary, the positioning performance of proposed

RSSD-VRKNN algorithm is better than RSSD-KNN and
RSSD-WKNN from the above experimental results. Due
to the impact of different positioning environment such as
the movement of human being, the positioning accuracy
is affected in each experiment. However, it is obviously
obtained that the RSSD-based fingerprint database is not
affected by the frequency and strength of the unknown
radio transmitter. Therefore, the proposed RSSD-VRKNN
can achieve accurate detection of the unknown radio
transmitter.
Due to the RSSD-based database has been demon-

strated to be suitable for different frequency and strength
of the radio transmitter. Hence, we just selected the
1 GHz/20 dB database and 300 MHz/13 dB test
positioning target to compare the CDF of RSSD-
KNN, RSSD-WKNN, and RSSD-VRKNN as shown in
Fig. 16. The other circumstances are similar. The num-
ber of the test positioning targets is 50 with 1.5-m
grid distance. The curves of RSSD-KNN and RSSD-
WKNN are very close. Considering the 80th per-
centile, RSSD-VRKNN has a location error of under
2 m. In comparison, the location errors of RSSD-KNN
and RSSD-WKNN are 3.4 m and 3 m, respectively.
Obviously, the proposed RSSD-VRKNN has the better
performance than the other two algorithms in terms
of CDF.



Zhang et al. EURASIP Journal onWireless Communications and Networking         (2019) 2019:71 Page 15 of 17

Fig. 15 Layout of the positioning area. The positioning area consists of two parts: office and corridor, which area are 14.4 m × 8.4 m and
14.4 m × 2.1 m

6 Conclusions
To achieve the detection of an unknown radio transmit-
ter and improve the accuracy, this paper has proposed a
RSSD-VRKNN algorithm that combines the RSSD param-
eter and virtual reference point. The RSSD-based database
is utilized to adjust the diversity of radio transmitters.
In this way, we only need to establish an off-line fin-
gerprint database, which saves a lot of work due to the
establishment of different databases to adapt to different
radio transmitters. With the proposed RSSD data-filtering
method, the RSSDmeasurements stored in the fingerprint
database is more accurate. An enhanced KNN algorithm
developed with adding virtual reference point improved

the detection accuracy for the URT. In addition, a large
number of computer simulations were conducted to prove
the correctness and validity of the proposed algorithm
in different frequency and strength between the radio
transmitter and database. The experiment results show
that the mean location error of the proposed novel can
attain the positioning accuracy of 1.12∼1.21 m, which
is about 15% and 20% lower than that of RSSD-WKNN
and RSSD-KNN, respectively. The influence of AP’s lay-
out and detection of multiple URTs will be left to our
future work. We respect that the proposed framework
has a better application prospect for the precise detection
of URT.

Table 4 Mean location errors of different algorithms

Grid distance Database Test positioning target RSSD-KNN RSSD-WKNN RSSD-VRKNN

1.8 m 300 MHz/20 dB 300 MHz/20 dB 1.43 m 1.35 m 1.12 m

1.8 m 300 MHz/20 dB 300 MHz/13 dB 1.52 m 1.38 m 1.17 m

1.8 m 1 GHz/20 dB 300 MHz/20 dB 1.48 m 1.32 m 1.21 m

1.8 m 1 GHz/20 dB 300 MHz/13 dB 1.45 m 1.33 m 1.15 m
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Fig. 16 CDF of location errors by different algorithms. 1 GHz/20 dB database and 300 MHz/13 dB test positioning target are utilized in our experiment
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