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Abstract: The reliability of location information still maintains a crucial impact on restricting the
development of location based services in indoor environment. However, in wireless local area network,
received signal strength indicator (RSSI) is prone to be interfered by indoor complex environment, resulting
in low accuracy and instability of real-time positioning. Here, the new self-adaptive dynamic ranging
model-based real-time hybrid algorithm was proposed to realize accurate and undisturbed localization in
indoor scenes. A self-adaptive dynamic ranging model was initially constructed to update the
environmental parameters and correct the ranging values of mobile terminals in real time. Based on this
model, a hybrid KNN algorithm and a hybrid Bayesian algorithm were severally presented. Location
fingerprint database and real-time RSSI data of test points were then obtained through data acquisition.
Finally, the acquired data was further used to verify the two hybrid algorithms proposed, and compared
with the results of several conventional algorithms. As a result, the stability and accuracy of dual hybrid
algorithms were better than those of the traditional ones. The range of average location error of both hybrid
algorithms maintained 1.26-1.38 m, which was significantly lower than the error level of 2-5 m under the
current WLAN environment. This newly proposed hybrid algorithm could effectively improve the stability
and accuracy of indoor localization with real-time positioning algorithm, providing a promising solution for
RSSI-based indoor positioning system.

Key words: Hybrid intelligent systems, indoor environments, received signal strength indicator,
simultaneous localization and mapping, wireless LAN.

1. Introduction

With the rapid development of the information age and the internet of things, location-based services
related to wireless localization technologies have acquired a broad spectrum of applications in various
fields [1]-[3]. A global positioning system (GPS) can provide high-precision position information for mobile
terminals, especially in outdoor positioning [4]-[6]. Nevertheless, GPS positioning works extremely poorly
in most indoor scenarios, as the signals emitted by the GPS are too weak to penetrate most indoor building
materials [3], and there are insurmountable obstacles in the line-of-sight transmission between satellites
and mobile terminals; in addition, electromagnetic waves may be propagated in a non-line-of-sight manner,
thus causing indoor positioning accuracy levels that cannot meet requirements or that are completely
ineffective [7], [8]. Hence, an indoor positioning technique that can deal with the deficiencies of the GPS
positioning system in a closed space has become an urgent demand. Although considerable indoor
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localization technologies have been developed to replace the application of GPS in indoor scenarios [4], [9],
the availability of location information provided by these positioning techniques is still a vital element that
limits the development of location-based services in indoor scenarios.

A wireless local area network (WLAN) has been considered to be one of the most popular approaches in
indoor positioning systems [7], [9]-[11]. In addition, a received signal strength indicator (RSSI) has been
regarded to be the signal source in most WLAN-based localization systems. This is because the 802.11
network of the WLAN can easily extract the RSSI of all wireless access points within the receiving range.
Consequently, no additional software or hardware manipulation is required for WLAN infrastructures to
implement positioning. Additionally, in the actual application process, RSSI-based WLAN localization
technology also possesses the features of high-cost performance, strong expansibility and low energy
consumption [4], [9], [12], which means that researchers have increasingly supported the use of indoor
localization systems based on RSSI [13]-[15]. The literature has reported that the RSSI-based positioning
accuracy under the current WLAN environment is maintained approximately within 2-5 m, [4] whereas in
practice, most location-based services have higher requirements for accuracy and real-time performance
[16], [17]. Therefore, it is urgent to further improve the real-time localization accuracy based on RSSI in
WLAN environments, thus realizing its important engineering application value.

Due to an extremely complex indoor environment, the RSSI in WLAN is susceptible to the multipath effect,
non-line-of-sight and shadow fading, which will generate low and unstable real-time localization accuracy
[3], [16], [18]. Accordingly, many researchers have been devoted to the study of how to improve
anti-jamming ability and real-time positioning accuracy for the localization algorithm. So far, RSSI-based
indoor positioning techniques have been divided mainly into the range measurement and the location
fingerprint [11], [19]. RSSI-based range measurements can estimate the distance between the emitter and
the receiver through the path loss lognormal shadowing model of the wireless signal. However, the
parameters of the path loss model are related to the characteristics of signal propagation in the
environment, and the location environment presents a time-varying system [20].

Therefore, adopting a single environmental parameter will lose the self-adaptability of the path loss
model. Some researchers have proposed a distributed real-time indoor localization framework based on
RSSI and indicated that the anchor node can dynamically modify the internal parameters of the path loss
model by periodically searching for nearby reference nodes and by improving the accuracy of distance
estimation [16]. For a location fingerprint based on the RSS], a fingerprint database can be established
initially by acquiring the RSSI features of key nodes, and then the RSSI information obtained from the target
location point can be matched by this fingerprinting database, with the location having the highest
matching degree representing the position of the target location point. In addition, this localization
technology of fingerprint can be considered to be a pattern recognition or machine learning problem [21],
[22]. However, in fact, fingerprint localization technology also has some defects, such as the time-consuming
data acquisition that is needed in the offline phase. Furthermore, due to signal propagation changes that are
induced by environmental variation, the reliability of the collected data will be severely affected or will even
no longer be valid. Thus, calibration processes in large amounts often have to be repeated to ensure location
accuracy [9].

From the above, under an RSSI-based WLAN environment, both the range measurement and location
fingerprint are usually vulnerable to the impact of complicated environmental conditions or environmental
changes, thus resulting in imprecise positioning information. Herein, to elude these intractable issues, a
novel real-time hybrid positioning algorithm was proposed based on the self-adaptive dynamic ranging
model to address the problems of low and unstable indoor positioning accuracy. The rest of the paper is
organized as follows. In Section 2, a self-adaptive dynamic ranging model is first proposed, which can
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update the environmental parameters and correct the ranging values of mobile terminals in real-time and
can be combined with the maximum likelihood estimation to determine the prior probability of mobile
terminal appearing at each key node. Then, a hybrid entirely weighted KNN algorithm (defined as
H-EWKNN) is proposed based on the self-adaptive dynamic ranging model. Finally, another
hybrid-weighted Bayesian algorithm (defined as H-WBayesian) is also presented by combining the
self-adaptive dynamic ranging model with the Bayesian algorithm. In Section 3, first, the application
framework and scenario of the positioning system are briefly introduced. Subsequently, the measurements
of the path loss model and the location fingerprint data of key nodes were carried out in the real application
scenario, and a total of 570 sets of real-time RSSI data from 19 test points were collected for algorithm
verification. Second, the anti-jamming ability and ranging accuracy of the self-adaptive dynamic ranging
model were further verified. Finally, both hybrid algorithms that are proposed in this paper were compared
and verified for their anti-interference and positioning accuracies. The conclusions that were drawn from
these results are explained in Section 4.

2. Hybrid Algorithm for Real-Time Indoor Localization

The method in this paper is to use a mobile terminal to measure the raw RSSI value of different access
points for real-time positioning. First, the raw RSSI value is converted into distance information by the
self-adaptive dynamic ranging model. Second, the residual function of each key node is obtained through
the algorithm of the maximum likelihood estimate (MLE). Third, the distance value is used as the weight of
each access point, and the residual function is used as the prior probability of each key node, which is
further used for algorithm fusion with the k-nearest neighbor (KNN) algorithm and the Bayesian algorithm
in fingerprint positioning technology, then in developing the H-EWKNN and H-WBayesian algorithms.
Finally, both fusion algorithms are separately employed to locate the mobile terminal in real time

2.1. Self-Adaptive Dynamic Ranging Model

The propagation of the radio signal is often accompanied by a loss of energy intensity, and the loss of
energy intensity and the propagation distance of the radio signal conform to the corresponding
mathematical relationship. After the mobile terminal measures the strength of the radio signal emitted by
the access point, the radio strength is further converted into communication distance by utilizing the path
loss model [13], [15], [17], [23]. The strength of the radio signal declines as the propagated distance
increases in the process of transmission, and the relationship between the communication distance and the
radio signal strength can be expressed as:

PL(d) = PL(d,) — 10nlg - + X, (1)
0

where PL(d) and PL(d,) represent the power values of any position d and reference position d,
respectively, and the unit of power value is decibel-milliwatts (dBm) rather than milliwatts (mW); n
represents the path loss factor, which is related to the specific propagation environment of the channel, as
described in detail in the following section; and Xs represents the Gaussian random variable with zero
mean caused by shadow fading [24]. In the localization environment, the variance o of Gaussian random
variables can be extensively tested to acquire, which is regarded as a constant [20].

The RSSI-based ranging method shows that the communication distance between the access points and
the mobile terminals is calculated exactly by using Eq. (1). Then, the access point i and the maximum
likelihood estimate distance d; of the mobile terminal can be defined as:

RSSI;(do)—RSSI;(d)

d; = dy10 1on (2)
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where RSSI;(d) and RSSI;(d,) are measured at any position d and reference position d, respectively.
The relationship between the distance d; of the maximum likelihood estimation and the real distance d;
is represented as:

R Xg

d; = d;10 1on (3)

The expected value of the maximum likelihood estimation distance d; can be expressed as [13], [15]:
1) = (P g 10 s
E(dl) = N f_oo d;101mne 20 dX& =d;e2an (4)

where « is equal to10/in (10). The maximum likelihood estimation distance d; is a deviation estimate of
real distance d;. Thus, according to the Eq. (4), the distance d; of no deviation estimate can be denoted as:

RSSI;(do)-RSSIj(d) o2

di =d,y10 10m; 20an;2 (5)

where, the path loss factor n; represents the different propagation characteristics between the mobile
terminal and the access point. Currently, a broad simplification is to assume that the path loss factor n; is
the same constant [23], [25], [26]. However, in an indoor localization environment, this parameter
possesses time-varying and unpredictable features, and the propagation characteristic of different access
point is not completely the same.

The simplified way that a single path loss factor n is used to represent a various path loss factor n; at
different moments is an oversimplification [20]. Herein, this simplified approach is no longer adopted in
this paper. Conversely, the path loss factor n; will be treated as a series of different variables, and it can be
assumed that these variables are consistent over a very short period of time [20]. Then, two reference
nodes defined as C; and C, are set in the positioning environment. The RSSI; value that is measured by
the reference node in real time is substituted into Eq. (5). After that, the path loss factors n; of different
access points can be dynamically updated at each moment, thus realizing the self-adaptive dynamic ranging
process. When a distance d; exceeds the maximum radius d,,4, of the application scenario, indicating that
the access point is severely disturbed by the environment, the self-adaptive dynamic range model will be
the default distance d; to d,,,, to, further improve the anti-interference ability of the algorithm. The
following text will verify that the self-adaptive dynamic ranging model proposed in this paper has higher
ranging accuracy and positioning performance than does the simplified method of the single path loss
model.

Location estimation is usually performed after obtaining the distance between the mobile terminal and
the access point. As we know, the maximum likelihood estimation algorithm is a common statistical method
based on the distance measuring principle, which is often used to solve indoor positioning problems [27],
[28]. The assumption is that the number of access points is N,p, the corresponding coordinate set is AP; =
(X;,Y;)),i =1,2...Nyp, and the real location for the mobile terminal is (x,y). Then, the real distance d;
between the mobile terminals and the access points can be denoted as:

X, —x)?+ (Y, —y)? = df
4 X =2+ (Y, —y)? =d5

(6)
I 2, . 2 2
k(XNAP - x) + Y, -y = dNAP
Then, the real distance and residual function of the estimated distance can be represented as:
Ri(x,y) = /(X — )2 + (Y; — )% — d; (7)
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In the ideal case, when the sum of the squared residuals of the residual function is zero, the estimated
position is the real position of the mobile terminal at the moment [20], [29]. The sum of the squared
residuals of the residual function can be denoted as:

S(x,y) = X4 Ry(x, y)? (8)

The maximum likelihood estimation algorithm is used to obtain the estimated position of the mobile
terminal by minimizing the sum of squared residuals. Equation 7 is simplified into the form of AX = B,
where X = (x,y)T. Then,

X=X -V,
A2 xz—xnzyz—yn 9)
Xn1—Xn Y1 — Yy
XP-XZ4+Y2—YV2+di—d} |
B =2l XZZ—X,%+Y22.—YnZ+d,?L—d§ I (10)

A= XE+Y L Y+ d - d121—1J

By the means of the least residual sum of squares, the position of the mobile terminal can be expressed as
[30]:

X = (ATA)"'ATB (11)

Although the maximum likelihood estimation algorithm presents a simple and feasible real-time
localization algorithm, its accuracy cannot meet the high requirement of the current location-based service,
and the accuracy of this method is described in detail below. Our idea is that the sum of squared residuals of
the key nodes RP; = (xj,yj),j = 1,2 ... Npp is calculated by adopting the maximum likelihood estimation
algorithm, which is treated as an evaluation index. The sum of squared residuals is smaller, which indicates
that there is greater probability that this location is a real position.

2.2. Hybrid KNN Algorithm Based on the RSSI

Generally, the issue of indoor positioning can be considered to be a machine learning problem or pattern
recognition problem [25]. With the rapid development of computers, computing resources no longer have
been an obstacle to the development of machine learning. Thus, using machine learning algorithms to solve
indoor positioning problem has become a research hotspot [24], [25], [31]. The KNN localization algorithm
based on the RSSI has been divided mainly into two stages, including an offline and online stage [32]. The
main task of the offline phase is to obtain the location information of each key node and the RSSI
characteristics at the corresponding location to build a location fingerprint database. The corresponding
equation is expressed as:

DOff,j = (Foff,j,1' ""Foff,j,NAP: RP] = (Xj,y])) ,j = 1,2 "'NRP (12)

where D, ; represents all the data of key node j in the offline database; F, n,, represents the RSSI
value of access point i measured by key node j; Nyp represents the numbers of the access point; RP;
represents the location information of key node j; and Ngp represents the amounts of key node. The
completeness of this location fingerprint database is of great significance to the accuracy of indoor
localization [33].

The primary mission of the online stage is to compare the obtained RSSI information (Fyp,1, ..., Fonn ,p)

with the data in the location fingerprint database and to calculate the distance between them and each key
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node of the location fingerprint database [32], [33]. The corresponding equation is exhibited as follows:
-1

d(RP) = [S24 (Fors ji = Foni)'* 1@ >0 (13)
where g denotes the various types of distance. In the typical distance equation of KNN, the weights for
each access point are assumed to be the same, thus assuming that the importance of each access point is the
same. However, this fact was presented in Fig. 5, when the signal of an access point was seriously interfered,
and the traditional calculation method directly ignores the sudden impact, which will lead to a large
deviation in the positioning result. Consequently, to reduce the influence of such situations in positioning
accuracy, improving the KNN algorithm becomes an effective method. At present, a common way to improve
the KNN algorithm is to adopt the means of the weighted processing of k nearest neighbors, which are
abbreviated as a WKNN algorithm [34]. The weight is determined by the distance d(RPj) [33]. The related

formula is represented as:
&9 = Z?:l WiRP;,j =1,..k (14)

1/d(RP;)

I = Tha(ee) (13)

However, due to the severely complicated indoor environment, wireless signals are vulnerable to sudden
impact in the process of transmission. Especially with the increase of transmission distance, the possibility
of multipath interference becomes greater [15]. In addition, the related paper indicated that in the
RSSI-based positioning system, the RSSI values are reliable only when the mobile terminal is near the access
point. Conversely, when the mobile terminal is far away from the access point, the obtained RSSI value is
unreliable [30]. As a consequence, it was believed that the RSSI value that was measured by the mobile
terminal contained important information on the access point. Here, a hybrid entirety-weighted KNN
algorithm based on a self-adaptive dynamic ranging model was proposed, which was abbreviated as the
H-EW KNN algorithm. Initially, the self-adaptive range model was used to change the real-time RSSI values
that were measured by the mobile terminal into the distance d;, and the method of distance weighting was
then applied to calculate the distance d(RPj) of the key nodes. Subsequently, d(RPj) was sorted in
ascending order to obtain the sequence wy. Finally, the position estimation of the mobile terminal could be
obtained by utilizing the mean square error S(x,y), which is calculated by the maximum likelihood
estimation as the weight of k nearest neighbors. The equation of the H-EWKNN algorithm is denoted as:

-1

o

d(RP) = [%04F wi(Forsji = Foni) '] (16)

_ 14

w; = —Zli\’:ﬁp a 17)

wi ={R; = (x;,y;):d(RP))},j =1, ..k (18)
_ 1/S(RP;)

Wi = S 1/5(r)) (19)

(55: y) = 25'(:1 WjRPj J = 1,..k [20]

where k represents the number of the nearest neighbors. When k is equal to 1, it is denoted as the
nearest neighbor algorithm (defined as NN). When k is greater than 1, it is denoted as the nearest
neighbor algorithm of k (defined as KNN). Some researchers have indicated that the accuracy of indoor
positioning cannot be improved with the increase in the k value [32]. To determine the obtained value of
this parameter, the positioning accuracy under different obtained values will be discussed later, and this
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conclusion will be compared and verified.

2.3. Hybrid Bayesian Algorithm Based on the RSSI

To verify whether this method of a fusion KNN algorithm has certain adaptability, this work also proposes
a new hybrid weighted Bayesian algorithm (defined as H-WBayesian) based on the self-adaptive dynamic
ranging model, maximum likelihood estimation algorithm and Bayesian algorithm. The traditional Bayesian
algorithm is a typical probabilistic technique, which has been widely applied in the field of indoor
positioning [24], [31], [35], [36]. The principle of the traditional Bayesian algorithm is to preset a certain
number of position nodes and give the prior probability distribution of these position nodes and the
conditional probability of the position feature. After obtaining the current features, mobile terminals can
obtain the posterior probability of different position nodes by reverse-conversion of the Bayesian network.
The position with the largest posterior probability is the result of position estimation. An RSSI-based
Bayesian positioning algorithm has been divided into offline and online stages [24], [31]. The main task of
the offline phase is to obtain the location information of each key node and the RSSI characteristics at the
corresponding location to build a location fingerprint database. The corresponding equation is expressed
as:

Dors.j = Ooffjmapr**» Oorrinan): RP; = (%}, %), = 1,2 ... Ngp (21)

where {Ooff:j:NAP’ T OOff,j,NAp} denotes the sequence of observed values corresponding to each key node.
The RSSI information that is obtained during the online phase presents (Oon,l' ...,OOn_NAP). The basic
formula of the Bayesian algorithm is defined as [24], [31]:

P(RP;)P(0on|RP;)

P(RE}|00n) = P(0on)

(22)

where P(RPJ-|OOn) represents the probability of the mobile terminal appearing at the position RP; under
the condition of obtaining the new observation value O, which is called the posterior probability; P(0,,)
represents the probability distribution of the observation value. Since this value is independent of the
position RP;, it can be regarded as a constant when only the relative probability of the posterior probability
is required to be solved [24], [31]; P(RP]-) denotes the probability of appearing at position RP;; namely,
the prior probability. P(00n|RP]-) is called the conditional probability or the likelihood function, which
represents the observation probability of different access points at the specified position. It is assumed that
the measured values O, y,,o0f each access point are independent, and the likelihood function in Eq. (22)

can be expressed as [37]:
P(0on|RP;) = T1;2{ P(Oon:IRF;) (23)

In the likelihood function of this traditional Bayesian algorithm, the weight of each access point is
considered to be the same. However, the reliability of each access point, which was discussed in section 2.2,
is different; that is, when the mobile terminal is far from the access point, the RSSI value that was obtained
is very unreliable. Accordingly, a hybrid geometric-weighted Bayesian algorithm that is based on the
self-adaptive dynamic ranging model is presented, which is called the H-WBayesian algorithm. This
algorithm is described as the self-adaptive ranging model that is first used to change the RSSI values that
were measured by the mobile terminal into distance d;, and then the distance weighting method is used to
calculate the likelihood function. Finally, the estimated position of the mobile terminal can be obtained by
using the mean square error S(x,y) of the maximum likelihood estimation method as the prior probability
by which to estimate the position. The likelihood function of the H-WBayesian algorithm is expressed as:
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P(0pn|RP;) = 1147 P(Opn:|RP})"" (24)

__ 1/d;
=—5 —
Zi:ip 1/di

i (25)
where P(Oon,i|RPj) denotes the probability of 0,,; obtained by measuring the observed value of the
access point AP; at the location RP;, and the Gaussian radial kernel function is adopted to describe the

likelihood function of all observed values [24].

P(0,n,|RP}) = e 2% (26)

_r
Vamoj;
where p;; and o;; respectively represent the mean and the variance of the sequence {OOff_]-,NAP} of the
observation values of access point AP;, which was obtained at position RP; in the fingerprint database. As
shown in Fig. 3, the nonlinear graph of the Gaussian radial kernel function is drawn by using the mean of
the observed values. It is assumed that all observations conform to the Gaussian distribution, and Gaussian
noise with the mean value of zero and a variance of 1 is added to all observations.

The prior probability P(RP]-) is usually simplified as the same value [36]. This simplification will result
in the likelihood function P(0,,|RP;), which directly determines the distribution of the posterior
probability P(RP]-|00n), thus determining the estimated position of the mobile terminal. Even so, this
simplification will still lose some important information. For this problem, the residual sum of squares of

each anchor node are obtained by adopting the maximum likelihood estimation based on the self-adaptive
ranging model, to determine the prior probability of each key node. The related equation is presented as:

P(RE)) = sl 27)

j‘v:R1P I/S(RP}')

According to Eqgs. (22) to (27), the RSSI-based H-WBayesian algorithm that was proposed in this study
can be represented as:

1/S(RP;)

PR 10m) = St

147 P(OonilRP})™ (28)
The RP; corresponding to the maximized posterior probability is the estimated location of the mobile

terminal.

3. Indoor Localization Results

3.1. The Framework and Scene of the Localization System

To verify the real-time hybrid positioning algorithm based on the self-adaptive dynamic ranging model, a
set of positioning systems based on the RSSI was established. Fig. 1 illustrated the application framework
that could realize the hybrid algorithm for real-time positioning, which could be divided into the client and
the server. The client first obtained the fingerprint database of key locations through an offline collection
and uploaded the data to the server database. When the client sent a positioning request, it uploaded the
collected RSSI data to the server. After the server obtained the data that was sent by the client, it fetched the
data of the database through instructions and sent the positioning result to the client. Then, a positioning
scenario related to the application framework was presented in Fig. 2. This scenario included a total of 6
access points, 2 calibration points and a mobile terminal, of which, the acquisition terminal of the DG201
group motion was used as an access point, which owned functions such as a 433 MHz wireless two-way
communication, WIFi@2.4G wireless communication, sound-light prompt and OLED screen displaying the
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terminal running state, etc. Moreover, the wireless communication range exceeded 50 m. Then, the S3
bracelet was used as the calibration point and the mobile terminal, based on a 32-bit RISC system processor
and worked at a 32 MHz main frequency. The system was powered by a 3.7 v polymer lithium battery, and
the principle is that the lithium battery needs to go through a power management chip--a low-voltage
differential linear voltage regulator (LDO)--to charge the whole system. In addition, the system was
integrated with a 433 M radio-frequency circuit, and the radio frequency hardware based on 433 M was
equipped with a self-defined wireless communication protocol. This protocol enabled the terminal to
search all the signals of access points within 200 ms, and the signal strength and time information of the
searched access point were sent to the computer through the serial port for storage and analysis.
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Fig. 1. The application framework of the hybrid algorithm for real-time positioning.
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3.2. Data Acquisition for the Localization Algorithm

Next, the offline data collection was first carried out in the real application scenario to build the location
fingerprint database. 180 key nodes were selected in the positioning scenario, and 100 sets of RSSI data
were then recorded at the locations of each key node (Fig. 2.). The data distribution of the different access
points at various key node locations is shown in Fig. 3. It could be viewed that with the increase of distance,
the RSSI value presented a trend of an overall decrease, and the fluctuation intensity of the RSSI value also
gradually increased, which further confirmed the conclusion that was mentioned in section 2.2 that the RSSI
value was more likely to be interfered with by the increase of the transmission distance. Subsequently, the
online data collection included 19 test points that were selected on the planned path. Then, 30 sets of data
were measured at each test point, which could be used to validate the self-adaptive dynamic ranging model
and the two fusion algorithms. As shown in Fig. 4, the RSSI values of different access points were measured
by the mobile terminal at the measured point (1, 1). It was found that in this test point, only the RSSI value
of the AP4 manifested fluctuation due to an external interference, while the RSSI value of other access
points without external interference remained relatively stable.

-80
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(f) APs

Fig. 3. The data distribution of different access points at various key node locations in the location

fingerprint database.
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Fig. 4. The RSSI values of different access points at the measured point (1, 1).

3.3. The Assessment of the Localization Performance

To certify that whether the ranging accuracy and positioning performance in the self-adaptive dynamic
ranging model presented higher than those in the single channel loss model [21]-[23], a single channel loss
model was initially obtained by using the data in the location fingerprint database. Fig. 5 shows the
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distribution of the distance and the RSSI values in the location fingerprint database. A single channel loss
model RSSI(d) = A— 10nlog,,(d) was developed by linear fitting, of which A =—18.710 and n =
1.676. The R-square of the fitting result was 0.3361, and the previous study has demonstrated that the
closer the R-square is to 1, the better the fitting result is [38]. These data indicated that the single channel
loss model could not well represent the propagation characteristics of all access points. This observation
was due to the limitation that, in addition to the different propagation characteristics of various access
points mentioned in section 2.1, the influence of random variables is not considered in this model. Hence, in
the self-adaptive dynamic loss model, the influence of random variables was considered and assessed.
Furthermore, to obtain the distribution parameters of the random variables, the location fingerprint
database and single channel loss model were used for calculation. Consequently, the distribution of the
random variable X, is shown in Fig. 6, where the random variables obeyed a Gaussian distribution of a
zero mean and variance ¢ = 5.004, which further validated the hypothesis proposed in section 2.3 that the
observed values obeyed a Gaussian distribution with zero mean.
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Fig. 5. The distribution between the distance and RSSI values in the location fingerprint database.
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Fig. 6. The distribution of random variables with 108000 measurements in the positioning scenario.

Subsequently, the maximum likelihood estimation and the trilateration [3], [17], [27] based on both the
single channel loss model and the self-adaptive dynamic ranging model were separately used to locate 19 test
points in real time, which were further compared with the KNN and Bayesian algorithms. Furthermore, a
more meaningful geometric position estimation error was adopted to assess the location estimation

performance by calculating the location error & = /(£ — x)2 + (§ — ¥)2. As a result, Fig. 7 shows the

comparison of the cumulative distribution function (CDF) of location error of 19 online measurement points
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calculated by different ranging methods. It could be clearly found that location estimation performance of the
self-adaptive model was superior to that of the single loss model under the dual location algorithms.
Meanwhile, the CDF calculated by different real-time positioning algorithms was also performed as shown in
Fig. 8. Both the KNN and Bayesian algorithms based on fingerprint localization were better than the maximum
likelihood estimation and the trilateration based on the self-adaptive dynamic ranging model. In summary, the
above results showed that the self-adaptive dynamic ranging model could be conducive to improve location
estimation performance, but the real-time location error still needed to be further reduced. By contrast,
although the fingerprinting localization accuracy had certain enhancement, but it still stayed at the common
error level of 2-5 m. Hence, the combination of the self-adaptive dynamic ranging model and the
fingerprinting method could be treated as one of the research directions to improve the real-time positioning
estimation performance.

1.0 1.0
0.8 osl
0.6
E "5 0.6
< 0
4
0 0.4 — Single Loss Model
—— Self-adaptive Model
02l —— Single Loss Model | ozt 1
—— Self-adaptive Model :
0.0 L L L 0.0 L L L
0 5 10 15 20 o 5 10 15 20
Location Error (m) Location Error (m)
(a) Maximum likelihood estimation (b) Trilateration

Fig. 7. The distribution of random variables with 108000 measurements in the positioning scenario.
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Fig. 8. The CDF of Curves of different real-time positioning algorithms.

3.4. Real-Time Localization Results from the Hybrid Algorithm

To verify whether the proposed hybrid algorithm based on a self-adaptive dynamic ranging model
possesses certain high accuracy and anti-jamming ability, the H-EWKNN algorithm and the H-WBayesian
algorithm presented in this study were applied for real-time positioning of the 19 online test points, and
then compared with the KNN and Bayesian algorithms, respectively, For the verification of the high
accuracy of hybrid algorithms, Fig. 9(a) shows the CDF of location error of different KNN algorithms, where
K = 3. It could be found that the location accuracy of H-EWKNN algorithm proposed was superior to that of
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the other KNN algorithms. In order to exclude the influence of different K values on the above mentioned
results, the overall average location error of the different KNN algorithms under the different Kvalues was
investigated (Fig. 9(b)). Obviously, the positioning accuracy of H-EWKNN algorithm is the highest
regardless of the K value, which reflected that the robustness of this hybrid algorithm under different values
was also the best. Additionally, with the increase of the number of nearest neighbors, the overall average
location error of the KNN and WKNN algorithms tended to first decrease and then increase. Conversely, the
overall average location error of the H-WEKNN algorithm present gradual increase, which was consistent
with the previous report [32]. Collectively, these outcomes suggested that the accuracy of indoor
positioning could not be improved with the increase in the K value, so it was particularly important to select
the appropriate number of nearest neighbors to improve the positioning accuracy. As a consequence, the
number of nearest neighbors K = 2 was determined by the H-EWKNN algorithm. In the meantime, the
hybrid H-WBayesian algorithm was also compared with the results of the Bayesian algorithm. It can be
found from Fig. 10 that H-WBayesian algorithm proposed was superior to the Bayesian algorithm. In
general, the proposed hybrid algorithm can effectively improve the accuracy of indoor real-time positioning.
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Fig. 9. The accuracy comparison of different KNN algorithms.
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Fig. 10. The accuracy comparison of different Bayesian algorithms.

For the verification of the anti-jamming ability of hybrid algorithms, as shown in Fig. 11, the real-time
positioning of 19 online test points is conducted by using different real-time positioning algorithms, and the
standard deviation of location error of each test point was calculated. Transparently, the robustness of the
two fusion algorithms exhibited significant improvement.
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Fig. 11. Comparison of anti-interference capability of different real-time positioning algorithms.

Hybrid algorithm based on the self-adaptive dynamic ranging model was beneficial for improving the
anti-jamming ability and positioning accuracy of the conventional real-time localization algorithm. In
addition, the location error of the H-WBayesian algorithm was significantly lower than that of the
H-EWKNN algorithm. Therefore, to further compare the positioning accuracy of both hybrid algorithms,
two kinds of hybrid algorithms were utilized to locate the 19 test points in real time. As exhibited in Fig. 12,
the average location error of dual hybrid algorithms for real-time location of different test points were
assessed. The stability of the H-EWKNN algorithm was better than the H-WBayesian algorithm, in which the
error rate of the H-EWKNN algorithm was lower than 3 m presented as 98.60%, and the error rate of the
H-WBayesian algorithm was lower than 3 m remained at 83.16%. In summary, these data demonstrated
that the stability of the H-EWKNN algorithm was higher than that of H-WBayesian algorithm.

8 T T v T T
= --O-- H-EWKNN
T --0-- H-WBayesian
g or
5] o
5 .
= 4 i 1
@®© '
= 9 ! ‘o]
w o\ o
o, o A 2
c gt o Al (eXe}
S | B U /o By
g [ % H b g oo g
= oo U huf =g (I
Qo
(o)
—
-2 1 1 1
0 10 15 20

Online Test Points

Fig. 12. The average location error of the dual hybrid algorithms for the real-time location of different test
points.

Meanwhile, to confirm whether the proposed hybrid algorithm based on the self-adaptive dynamic
ranging model could improve positioning accuracy, the maximum likelihood estimation, triangle centroid
positioning, KNN, Bayesian, H-EWKNN and H-WBayesian algorithms were further used to locate 19
measured points in real time. Fig. 13 shows the comparison of the mean location error in 570 sets of data at
19 measured points under different real-time positioning algorithms. It was clearly observed that the
average location error in the H-EWKNN algorithm was clearly reduced to 1.26 m, which was 37.00% lower
than that of KNN algorithm. The average location error of the H-WBayesian algorithm was reduced to 1.38
m, which was 55.19% lower than that of the Bayesian algorithm. From the above, these results suggested
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that the average location error in both the hybrid algorithms based on the self-adaptive dynamic ranging
model remained in the range of 1.26-1.38 m, which showed significant improvement from the error level of
2-5 m in the current WLAN environment [4].
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Fig. 13. The comparison of mean location error calculated by adopting different algorithms.

4. Conclusion

The new hybrid real-time localization algorithm based on a self-adaptive dynamic ranging model was
developed in this paper. Through the self-adaptive dynamic ranging mode, the path loss factors of each
access point were updated in real time, instead of the simplified way of using the same constant to
represent the path loss factor, and, under the WLAN location environment, it was demonstrated that the
observation values in this model obeyed the assumption of Gaussian distribution, and the accuracy and
anti-interference ability of indoor localization were further strengthened. In addition, based on the
above-mentioned model and the algorithms that were proposed by predecessors, a hybrid H-EWKNN
algorithm and a hybrid H-WBayesian algorithm were proposed. Of these algorithms, both the stability and
positioning accuracy in the H-EWKNN algorithm were better than those in the KNN and WKNN algorithms,
respectively. At the same time, the indoor positioning accuracy could not be improved with the increase in
the K value, and conversely, the location accuracy could be enhanced by selecting the appropriate number of
nearest neighbors. Moreover, the stability and positioning accuracy of the H-WBayesian algorithm were also
significantly improved compared with that of the conventional Bayesian algorithm. The range of the average
location error of the above two hybrid algorithms maintained 1.26-1.38 m, which was significantly lower
than the error level of 2-5 m under the current WLAN environment. Thus, these data indicated that this
newly proposed hybrid algorithm based on the adaptive dynamic range model could effectively improve the
indoor positioning stability and positioning accuracy with the real-time positioning algorithm, which
provided a promising solution for the low accuracy and instability of indoor positioning caused by the RSSI
susceptible to interference in WLAN.
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