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Abstract: This study proposes a mobile positioning method which adopts recurrent neural network
algorithms to analyze the received signal strength indications from heterogeneous networks (e.g.,
cellular networks and Wi-Fi networks) for estimating the locations of mobile stations. The recurrent
neural networks with multiple consecutive timestamps can be applied to extract the features of time
series data for the improvement of location estimation. In practical experimental environments,
there are 4,525 records, 59 different base stations, and 582 different Wi-Fi access points detected in
Fuzhou University in China. The lower location errors can be obtained by the recurrent neural
networks with multiple consecutive timestamps (e.g., 2 timestamps and 3 timestamps); the
experimental results can be observed that the average error of location estimation was 9.19 meters
by the proposed mobile positioning method with 2 timestamps.

Keywords: deep learning; recurrent neural networks; mobile positioning method; fingerprinting
positioning method; received signal strength

1. Introduction

With the development of wireless networks and mobile networks, the techniques of location-
based services (LBS) can provide the corresponding services to the users according to users’ current
locations. LBS which have played an important role in many fields require the high accuracy of
positioning technology [1-23].

For the LBS in outdoor environments, global positioning system (GPS) and assisted GPS (A-
GPS) are popular techniques and meet most of the positioning requirements. However, these
techniques may be no longer applicable if the problems of multi-path propagation of wireless signals
exist [20]. Furthermore, higher power consumptions are required by these techniques [1]. Therefore,
some studies proposed cellular-based positioning methods to analyze the signals of cellular networks
for location estimation [1, 6, 8, 11, 13, 14]. Although cellular-based positioning methods can estimate
the locations of mobile stations without GPS modules, big errors of estimated locations may be
obtained.

For the LBS in indoor environments, Wi-Fi-based positioning methods are popular techniques
to detect and analyze the received signal strength indications (RSSIs) from Wi-Fi access points (APs)
[7,12, 14, 18-22]. The fingerprinting positioning methods based on machine learning algorithms were
proposed to learning the relationships among locations and RSSIs for the estimation of locations.
Although these methods can estimate the locations of mobile stations without GPS modules, big
errors of estimated locations may be obtained. Although higher precise estimated locations can be
obtained by Wi-Fi-based positioning methods, these methods may be invalid in outdoor
environments if the transmission coverage of Wi-Fi APs is not enough.

Some deep learning methods (e.g., neural networks, convolutional neural networks, recurrent
neural networks, etc.) have been applied to improve the accuracies of estimation locations [12, 18, 19,
20, 22]. For instance, a modified probability neural network was used for indoor positioning, and the
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accuracies of estimated locations by the method were higher than triangulation technique [18]. An
improved neural network was trained with the correlation of the initial parameters to achieve the
highest possible accuracy of the Wi-Fi-based positioning method in indoor environments [12].

Although cellular-based positioning methods can obtain estimated locations in outdoor
environments, the errors of estimated locations may be larger. Furthermore, Wi-Fi-based positioning
methods can obtain higher precise locations, but these methods may be not applicable in outdoor
environments. Therefore, this study proposed a mobile positioning method to analyze the network
signals from heterogeneous networks (e.g., cellular networks and Wi-Fi networks) for the LBS in
outdoor environments. Furthermore, the recurrent neural networks [24] are applied into the
proposed mobile positioning method for the analyses of consecutive locations and network signals
(i.e., time series data).

The remainder of the paper is organized as follows. Section 2 provides the overview of mobile
positioning methods and fingerprinting positioning methods. Section 3 presents the proposed mobile
positioning system and method based on recurrent neural networks. The practical experimental
results and discussions are illustrated in Section 4. Finally, conclusions and future work are given in
Section 5.

2. Related Work

Mobile positioning methods and fingerprinting positioning methods includes two stages:
training stage and performing stage (shown in Figure 1). In training stage, the RSSIs and locations
measured by the mobile stations are matched and stored into a fingerprinting database for training.
Machine learning methods can be performed to learn the relationships among RSSIs and locations
for the establishments of mobile positioning models. In performing stage, mobile stations can detect
the RSSIs of neighbor base stations and Wi-Fi APs which can be adopted into the trained models to
estimate the locations of these mobile stations.

Training Stage Fingerprinting Database

| The RSSI, of Wi Access Point 1 | | Location,: RSSI,, RSSl,, .., RSSI,

| The RSSI, of Wi Access Point 2 | | Location,: RSSI,, RSSl,, .., RSSI,

The longitude and latitude of
Location

’ The RSSI,, of WiFi Access Point n ‘ ’ Location,,: RSSI,, RSSI,, .., RSSI,

} Machine Learning Methods }

Performing Stage

The longitude and latitude of

RSSly, RSSI,, ., RS, Estimated Location

Figure 1. Fingerprinting positioning method

For training the mobile positioning models, some studies used k—nearest neighbors, Bayesian
theory, support vector machine, neural networks, convolutional neural networks, or recurrent neural
networks to estimate locations in accordance with RSSIs. For instance, a probabilistic positioning
algorithm was proposed to store the probability distribution of RSSIs during a certain time in the
fingerprinting database, and the probable locations of mobile stations were calculated by a Bayesian
theory system [14]. However, the relationships among inputs were assumed as independent
parameters, so big errors of estimated locations may be obtained if the inputs were not independent
parameters. Some mobile positioning methods based on k-nearest neighbor algorithms can obtain
higher accuracies of estimated locations, but these methods required more computation time in
performing stage. Some neural networks have been proposed to analyze the interrelated influences
of inputs for the improvement of location estimation [12, 18-20], and convolutional neural networks
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were applied to extract the features of spatio metrics [21]. Although the spatio metrics may be
analyzed by neural networks and convolutional neural networks, these methods cannot provide the
solutions of temporal data analyses. Therefore, this study applies recurrent neural networks to
analyze the temporal data for improving the accuracies of estimation locations.

3. Mobile Positioning System and Method

The architecture of the proposed mobile positioning system is presented in Subsection 3.1, and
the concepts of the proposed mobile positioning method are illustrated in Subsection 3.2.
3.1. Mobile Positioning System

The proposed mobile positioning system includes (1) mobile stations, (2) a mobile positioning
server, (3) a database server, and (4) a model server (shown in Figure 2). Each component in the
proposed system is presented in the following subsections.

Database Server

({te9)

T Mobile Positioning Server

Network Signals

Collection and Normalization

. . GPS Coordinates
%‘ . Mobile Positioning Method
Mobile Station . — Model Server
A . De-normalization and
Estimation

Recurrent Neural Networks

WiFi Access Point

Figure 2. The proposed mobile positioning system

3.1.1. Mobile Stations

In training stage, mobile stations can detect and receive the RSSIs of neighbor base stations and
Wi-Fi APs from heterogeneous networks. GPS modules can be equipped into the mobile stations and
estimate the locations of mobile stations (i.e., coordinates). Then the mobile stations can send the
vectors of GPS coordinates (i.e., longitudes and latitudes) and RSSIs to the mobile positioning server
for the collection of network signals. In performing stage, mobile stations can send the detected RSSIs
of neighbor base stations and Wi-Fi APs to the mobile positioning server for location estimation.

3.1.2. Mobile Positioning Server

In training stage, the mobile positioning server can receive GPS coordinates and network signals
(i.e., the RSSIs of base stations and Wi-Fi APs) from mobile stations. These GPS coordinates and
network signals can be sent to the database server for storing. The mobile positioning server can
execute the proposed mobile positioning method to train RNN models. The network signals can be
used as the input layer of the RNN models, and the GPS coordinates can be used as the output layer
of the RNN models. Once the RNN models have been trained, these models can be sent to the model
server for saving. In performing stage, the mobile positioning server can load the trained RNN
models from the model server. When the mobile positioning server receives network signals from
mobile stations, these network signals can be adopted into the trained RNN models for estimating
the locations of mobile stations.

3.1.3. Database Server
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The database server can store the vectors of coordinates (i.e., longitudes and latitudes) and RSSIs
from mobile stations via the mobile positioning server. These vectors can be queried and used to train
RNN models.

3.1.4. Model Server

The model server can save the trained RNN models from the mobile positioning server in
training stage, and the saved RNN models can be loaded for location estimation by the mobile
positioning server.

3.2. Mobile Positioning Method

The proposed mobile positioning method includes (1) collection and normalization, (2) the
execution of mobile positioning method based on recurrent neural networks, (3) de-normalization
and estimation. Each step in the proposed method is presented in the following subsections.

3.2.1. Collection and Normalization

For the collection of network signals and GPS coordinates, the RSSIs of base stations from

cellular networks (i.e., R.; in Equation (1)), the RSSIs of Wi-Fi APs from Wi-Fi networks (i.e, R

C,i W, i

in Equation (2)), and the GPS coordinates (i.e., .

in Equation (3)) can be detected and collected by
the mobile station at time t; (shown in Figure 3). The RSSI of the j-th base station from a cellular

network at time 1; is defined as I, and the RSSI of the k-th Wi-Fi AP from a Wi-Fi network at

C,j,i’
time t; is defined as I, ;. The RSSI dataset of heterogeneous networks (i.e., cellular networks and
Wi-Fi networks) at time t; is defined as R, (shown in Equation (4)). Furthermore, the location |,

(i.e, a GPS coordinate) includes a longitude | ; and a latitude |y’i . There are m locations, m

X,i
different base stations, and n2 different Wi-Fi APs detected in the experiments. If the RSSIs of base
stations or Wi-Fi APs cannot be detected, the values of these RSSIs can be encoded as null. For
instance, the mobile station cannot detect the RSSI of Wi-Fi AP2 at time t; in Figure 3, so the value

of I, ,; isencoded asnull.

Roi ={ais Toios T | M)
Rui =t Tz T | @
L={1l, ) 3)
R ={R.i,Ryi}

e T oo T T s | @
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’ BaseStation 1/ \“r Base Station 2

Location |;at time t; Location Iiil at time t;,;

Figure 3. The scenario of network signal and GPS coordinate collection

For the normalization of network signals and GPS coordinates, the minimum values and
maximum values of RSSIs and coordinates are considered and adopted into Equations (5), (6), (7),
and (8). The normalized RSSI of the j-th base station from a cellular network at time t; is defined as

C;, inaccordance with the minimum value and maximum value of the RSSIs (i.e., I’c(_) and I’c(+)

i
in Equation (5)) from cellular networks; the normalized RSSI of the k-th Wi-Fi APs from a cellular

network at time t; is defined as W, ; in accordance with the minimum value and maximum value

of the RSSIs (i.e., r) and ' in Equation (6)) from Wi-Fi networks. Furthermore, the

w w
normalized longitude at time 1, is defined as X, in accordance with the minimum value and

maximum value of longitudes (i.e., |)((_) and |>((+) in Equation (7)) from GPS coordinates, and the

normalized latitude at time {; is defined as Y, in accordance with the minimum value and

maximum value of latitudes (i.e., |§,7) and |§+) in Equation (8)) from GPS coordinates.
)
r..—r
Il C -
- — _jifr... znull
L. = (+) (7) ' Gl (+) = (7) = i
0,otherwise
)
rwki - I’W .
i ifr... #null
) B O ek (+) = ) = '
Wk" rW rW ’Where rW 1spg1m§1)s(q3m rW’p’q’ rW Jspsrrg,llrs]qsm rw,p,q (6)
0,otherwise
—'X'i_'y) if 1= null
_ T ) X (+) _ =) — mi
X =410 1) ,Where |, _Lrpqz?rﬁlx,q, N _qug?nlx’q @)
0,otherwise
ﬂ if = null
) ) i (+) _ C) — mi
Yi=q 17 =1 ,where || E%Iy'q’ I, lsrr?]lgrrlly’q ®)
0,otherwise
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3.2.2. Mobile Positioning Method Based on Recurrent Neural Network

The proposed mobile positioning method adopts recurrent neural network algorithms to
estimate the locations of mobile stations. The recurrent neural networks can be applied to extract the
features of time series data, so this study considers and analyzes the normalized RSSIs with multiple
consecutive timestamps. Subsection 3.2.2.1 presents recurrent neural networks with one timestamp,
and Subsection 3.2.2.2 describes recurrent neural networks with multiple consecutive timestamps.

3.2.2.1. Recurrent Neural Networks with One Timestamp

This subsection shows the designs and optimization of recurrent neural networks with one
timestamp. A simple case study of a recurrent neural network with one timestamp is illustrated in
Figure 4. The recurrent neural network is constructed with an input layer, a recurrent hidden layer,
and an output layer. The input layer includes the normalized RSSIs of two base stations and two Wi-
Fi APs (i.e., c1i, c24, w1, and we24), and the output layer includes the estimated normalized longitude

and latitude (i.e., ® and ¥%). The recurrent hidden layer includes a neuron, and the initial value of

the neuron in the recurrent hidden layer is defined as ho. The value of the neuron in the recurrent
hidden layer can be updated as h1 after calculating the RSSIs in the first timestamp. The weights of

C1i, €24, i, w2i, and ho are @, a,, ﬂl, ﬂz , and v; the weights of I for the outputs % and 9{( are
7, and ¥,, respectively. The biases of neurons in the hidden layer and the output layer are defined

as b1, b21, and bsi1. The sigmoid function is elected as the activation function of each neuron, so the
values of ho, I, %, and % can be calculated by Equations (9), (10), (11), and (12). Furthermore, the

loss function is defined as Equation (13) in accordance with squared errors.

h, =0 ©)
2 2
hy=s| Y a;xC;;+ Y B x W +Vxhy+hy, |=5(z,), wheres(z)=—— (10)
= DA ’ ’ | l+e
1
%Z5(71><h1+bz,1):5(22,1)7WhereS(Z):Heq (11)
1
%’:5(72Xhl"'bs,l)zs(zs,l)’WhereS(Z):1+efz (12)
(13)

Figure 4. A recurrent neural network with one timestamp
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For the optimization of recurrent neural network, the learning rate 77 and a gradient descent
method is applied to update each weight and bias. The updates of 7;, 7,, b,;, by, a, a,, B,

B,, V,and b1,1 are proved and calculated by Equations (14), (15), (16), (17), (18), (19), (20), (21), (22),
and (23), respectively.

oE
7, =y, —nx—, where
M

E_ OE 60‘1 8% 822]1 n OE 802 6% 823’1 (14)
Oy, 0o, O az2,1 0y, 0o, a9i/0823,1 on

:O'l><j?i/ox[l—}?i/(ﬂxh1

oE
7, =¥, —x—, where
97,

O0E  OE 0o, 0% 01y, N 0E 0o, 09 0z3, (15)
0y, 0oy ORb 0z, Oy, Jo, 0% 0z, 07,

=0, x §ox[1- 90 xh,

b,, =b,, —nx aa—E , Where

2,1
O0E  OE 0o, o 07,, N OE 0o, 096 03, (16)
ob,, 00, 0% 0z, Ob,, 0o, 0¥ oz, Ob,,
=0, x X< [1- 24

b,, =b,;, —7x B , Where
a 3,1

8E _ 8E 50‘1 a% 822’1 n 6E 80_2 8%) 023’1 (17)
ob,, 00, o0z, Ob,, | 0o, 0% oz, Oy,

:O'Zx%)x[l—%o]

OE
a, =a, —nx—, where
ooy

aE _ 6E 60-1 5% 822’1 ahl 6Zl,l+ aE 60-2 3%) 823’1 ahl 621,1
oa, Oo, 0R00z,, oh 0z, 0o, 0o, OY Oz, Oh 0Oz, O,

[ OE 0o, 0% 0z,, . CE oo, o9p 0z;, | oh, 0z,
0o, 0% 0z,, oh 0o, 0% 0z, oh )0z, Oy

:{O'lx?{m[l—ﬁi/qx;/l+0'2 x Pox[1- 9i/0]><7/2}><h1><[1—hl]><cl’i

(18)
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a, =a,—1nx , Where
a,
8E _ 5E 8(71 5% 622,1 5hl 821,1 n 6E 602 69{0 a23'1 ahl azl,l
da, 0o, X 0zZ,, oh, 0z, da, 00, o9 0Z,, oh, 0z, Oa, (19)
_ aE 80‘1 a% 822'1 n 8E 802 a%) 82311 ahl 821’1
Oo, o 522’1 oh, Odo, 8%)823’1 oh, 52111 oa,
:{0'1x94°><[1_94°]x71+02x%’X[l_gi/o]xﬁ}xhlx[l_hl]xcz,i
OE
= 8 —nx——, where
B=p-n op,
ﬁ: GE 60‘1 8% 822,1 8hl 621’1 + 6E 80-2 a%) 623’1 8hl azl,l
op, 0o, ORp a22,1 oh, a21,1 op, 0o, 0% az3,1 oh, az1,1 op, (20)
_| oE do, oo 822,1 N O0E 0o, 0% 523,1 oh, 52111
do, oo 622,1 oh oo, 39{082&1 oh, GZM op,
:{o-leqox[l—ﬂi/(ix;/1+0'2x%x[l—?{c;]xyz}xhlx[l—hl]xwlyi
oE
= B, —nx——, where
B,=p,—-n o5,
8E _ aE 60-1 594) 822’1 ahl 821,1 + aE 80‘2 6% a23,1 6hl azl,l
0B, 0o, a22,1 oh, azl,l oa, 0o, 8%)823,1 oh, az1,1 op, 1)
| OE 0o, 0% 02y, . CE 0o, o9p 0z;, | oh, 0z,
0o, oo 0z, o Oo, 09 0z, ohy Joz, OB,
:{o-lxﬂi/ox[l—5?i/o]><7/1+o-2><9{0><[1—‘IQ{O]X}/Z}Xhl><[1—hl]><W2’i
oE
V=V—nx—, where
ov
ﬁz OE 0o, % 522,1 oh, GZM N O0E 0o, 09 623,1 oh, 82111
o 0o, N 0z, oh, 0z,, ov 0o, 89{0823’1 oh, 0z, ov @)

_( OE 0o, o 07,y _CE 80, oF azﬂ oh, oz,

| 00, oz, oh o, oz, oh |oz, ov

:{O'lxi?{m[l—ﬂ{(ixyl-i-azx%x[l—ﬁ{o]xyz}xhx[l—f‘ll]xho
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OE
=b,—nx , Where
b1,1 b1,1 n abm
8E _ 8E 50‘1 62{0 822’1 ahl 821’1 n aE 50‘2 a% a2311 ahl 621’1
oby, 0oy ORb Oz, o 0z, dbyy  Oo, AW Oz, ohy Oz Oby, 23)

_ 8E 60'1 8% 622,l+ aE 60-2 8%) 623‘1 6h1 621’1
0o, O%p 01,y oh, 0o, OYp Oz, ohy )z, by,

:{ale?i/ox[l—%o]xyl+o'2x%)x[l—ﬂ/o]xyz}xhlx[l—h]

For the generalization of recurrent neural network, the number of base stations and the number
of Wi-Fi APs can be extended as n1 and n2 in the input layer (shown in Figure 5). The value of /1 can

be revised and calculated by Equation (24); the updates of &; and B, are proved and calculated
by Equations (25) and (26), respectively.

N Ny
hﬁs[zajxc,-i+Zﬂk><Wki+V><ho+b11J=S(211),Wheres(z)=1 - 24)
=1 "ok ' ' ' +e
oE
a; =a;—nx—_——, Where
i
OE  OE 0o, O% 0z,, oh, 0z, N OE 0o, 096 075, oh 0z,
da; 0o, O% 02y, N, 0r,, Oy 0o, O fz,, oh, 0z, Oar, -
| OE 0o, o 0z,, . CE 0o, oPp 075, | oh, 0z,
0o, O éz,, o, 0o, 0% a2y, Oh, on,, Oa,
={Glx?i/0x[1—2i/cﬂ><;/l+0'2x%x[l—%]xyz}xmx[l—hl]xcjyi
oE
= f, —nx——, where
B=b—n B,
OE OE do, ORb 0z,, oh 0Oz, N OE do, 096 025, oh 0z,
OB 0o, Koz, oh oz, da, 0o, 09 Ozy, oh Oz, Of, (26)

do, X 0z, o Oo, 0§ 0z, ohy )iz, OB,
:{0'1><5?{o><[1—Ri/(ix;/lJrO'z><%)x[l—§)i/<)]><y2}><hlx[l—hl]xwki

_{ 6E 80‘1 6% azZ,l + 6E 80‘2 89{0 823’1] ahl 621,1


http://dx.doi.org/10.20944/preprints201810.0239.v1
http://dx.doi.org/10.3390/electronics8010059

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 October 2018 d0i:10.20944/preprints201810.0239.v1

10 of 20

Cl,i cee Cnl,i Wl,i cos wnz,i
Figure 5. A generalized recurrent neural network with one timestamp

Furthermore, the number of neurons in the recurrent hidden layer can be extended for the
extraction of time series data. The weight between each two neurons can be updated by the gradient
descent method.

3.2.2.2. Two Timestamps for Recurrent Neural Network

This subsection illustrates the designs and optimization of recurrent neural networks with two
consecutive timestamps. A simple case study of a recurrent neural network with two consecutive
timestamps is showed in Figure 6. In the case, the recurrent neural network is constructed with an
input layer, a recurrent hidden layer, and an output layer. The input layer includes four normalized
RSSIs (i.e., cui, c2i, w1, and we,i) in the first timestamp and four normalized RSSIs (i.e., ciit, c2i1, Wi,
and w2,+) in the second timestamp; the output layer includes the estimated normalized longitude and
latitude (i.e., ?@1 and 9{91) in the second timestamp. The recurrent hidden layer includes a neuron,
and the initial value of the neuron in the recurrent hidden layer is defined as ho (shown in Equations

(9)). The value of the neuron in the recurrent hidden layer can be updated as /1 in the first timestamp
and be updated as h2 in the second timestamp. The weights of Base Station 1, Base Station 2, Wi-Fi

AP 1, and Wi-Fi AP in each timestamp are @, «,, ﬂl, and ﬂz ; the weights of h2 for the outputs

R0, and 90, are 7, and y,, respectively. Furthermore, the weight of the neurons in the recurrent

hidden layer in least timestamp is defined as v. In the case, the biases of neurons in the hidden layer
and the output layer are defined as b1, b21, and bs1. The sigmoid function is elected as the activation
function of each neuron, so the values of i, h2, %0, and £ can be calculated by Equations (27), (28),

(29), and (30). Furthermore, the loss function is defined as Equation (31) in accordance with squared
errors.

2 2
h=s| Y a;xc;;+ Y B x W, +vxh+by, |=5(z,),wheres(z)=—— 27)
=t Ca Y Y | l+e
2 2
hy=s| Y a;xCjy+ D B X Wy, +Vxh +by, |=5(z,,), where s(z) = —— (28)
j=1 k=1 l+e
1
5?4931:s(y/lxhz+b2v1):s(zzvl),wheres(z):1+efZ (29)
1
90, =5 (7, xh, +;,) =5(2,, ), where s(z) = (30)

l+e™?
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EZE(Ri/Ql_XHl) +E(9i/91_yi+1) 250'12"‘50'22 (1)
N
hy
A4

Crivt Coivr Wiiya Wain

Figure 6. A recurrent neural network with two consecutive timestamps

For the optimization of recurrent neural network with two consecutive timestamps, the learning
rate 77 and a gradient descent method is applied to update each weight and bias. The updates of y;
, Vo b2,1r b3'1 , o, oy, B, B, Vv,and b1,1 are proved and calculated by Equations (32), (33),
(34), (35), (36), (37), (38), (39), (40), and (41), respectively.

oE
7, =y, —nx—, where
M

G_E_ 8E 80'1 82@1 a2211 n aE 8(72 69{9_1 a23’1 (32)
Oy, 0o, %, aZ2,1 0y, 0o, o9, a23,1 on
=0, x R, X[l_ %l]x h,

oE
¥, =¥, —nx—, where
07,

oE Ok ao—l, o, a22,1 + oE oo, o9, a23,1 (33)
Oy, 0o, 0%, az2,1 Oy, 0o, 0%, a23,1 07,

=0,X %llx[l_ %h]x h,

b,, =h,, —nxﬁ, where
a 2,1

OE OE 0o, 0%, 0y, N O0E 0o, 094, 0Zs, (34)
abz,l oo, %, az2,1 abz,l oo, 094, az3,1 abZ,l

=0, x %, x[l— R|/91]
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b,, =b,, —7x E where
3.1
OE _ OE 0o, 0%, 02,  OE Oo, 09, 02y (35)

ab3,l - oo, of, az2,1 abs,l oo, 094, aZ3,1 ab3,1
=0, x %4, x [1_ 9{9—1]

OE
a, =a, —nx—, where
al

OB _ OE 0o, %, 9,y 0hy, 0L, & 9o, 094, 025, oh, 0z,
Oa, 0o, 0%, 01,, oh, 0z, 0o, 0o, 0YQ, Oz,, Oh, Oz, Oy

_[ 2 00, o8, 2 CE 00, OO 3| O, 0y a6
0o, of4, 0Z,, oh, oo, %, 0Z5, oh, 0z, Oy

oh, 0z,

:{O-lxgi/glx[l_?{‘ll]xy1+o-z x 9i/Q-1X[1_ %11]X72}Xhz X[l_ hz]x{cl,m"'va']
2, 0,

:{leki/%x[l_%%]xﬁ’l‘*'o'z X 9{Q1X[1_ 9i/Qr1]X7/2}Xh2X[1_ hz]X(C1,i+1+VXhix[l_hl]xcl,i)

OE
a, =a, —nx—, where
oa,

OE _ CE 0oy oMy, 0ty oM, 07, OE 00, 9, 0%y oh, 02,
oa, 0o, %, 0z,, o, 0z, da, 0o, W, 0, oh, 0z, Oa,

_ E 60‘1 5%1 azzy]_ + aE 60-2 89{9_1% 6h2 621'2 (37)
oo, 0%, oz,, oh, Oo, 094, 0z,, oh, )iz, oa,

WJ

:{le%llx[l_ﬂi/‘h]xﬂ"'az X %le[l_ 9{Ql]X72}Xh2 X[l_hz]x[cz,m"'va
Z,, 0a,

:{Glxp{%x[l_%l]xﬂ"'az X%llx[l_ %Ql]xn})(hzX[l_hz]x(cz,i+1+VXth[1_hl]X02,i)

oE
ﬂl:ﬁl—qxﬁ,where

d
8£_6£ 601 6?{91 aZ2,1 ahz azl,z +8£ 802 89{‘11% 6h2 821,2
op, oo, 8%1 8221 ahz 821'2 op, oo, 69{Q1 823'1 8h2 8212 op,

_| OE 00, 0%, Oty OE 0o, O, Oty | ON, O, (38)
oo, o%, oz,, oh, OJo, 094, 0z,, oh, oz, Op,

oh, oz
={Gl><2i/le[1_2i/gl]X71+o—2X%le[l_9{Q1]X72}Xhzx[1_hz]x Wl,i+1'+'\/7h1i
0z, Of;

={O'1X2i/91x[1_2i/‘11]x71+0'zx %llx[l_ %’rl]xyz}XhzX[l_hz]x(wl,m"'vxrllx[l_h1]XW1,i)
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oE
B, :ﬂz—nxa, where

2

OE _ OE 0o, 0%, 0z, oh, 0z, +6£ 9o, W, 03, oh, 0z,
0B, 0oy O, 0z,, oh, oz, Oa, 0o, Y, 0Ozy, Oh, Oz, Of,
_ E 50'1 a?l/(ll 622'1 + aE 80-2 39{(11 623’1 ahz 62112 (39)
oo, o%, oz,, oh, 0o, 094, Oz,, oh, oz, Op,

oz, 0P,
:{0-1XQ{Q1X[1_2{91]X7/1+O-2 x %le[l_ 9{Q1]X72}Xh2 ><[1_ hz]X(W2'i+l+V>< hlx[l_hl]XWZ,i)

oh oz
={O'1X2{Q1X[1_%1]X71+0-2 X 9i/Q-1X[1_ 9{‘11]X72}Xh2 X[l_ hz]x(wz,m"'vhluj

oE
V=V-—px—, where
ov

E_E 601 52{‘21 6Z2,1 6hz 6Z1,2 +£ 60_2 69{9-1 a23,1 ahz aZ1,2
o 0o, 0%, 0, Oh, z,, v o, W, Oy, oh, Oz, v
_ a£ aO-l a%Ql az2,1 + OE 60'2 69{9-1 a23,1 ahz az1,2 (40)
oo, %, 0z,, oh, 0o, O, dz,, oh, |oz,, ov

ov oh, oz
x R0, x[1— R, | x v, + 0, x $, x[1- Q{Ql]x;/z}xhzx[l— hz]x[avhl-i-anZTla:;]

:{Ul
:{le%qlx[l— 20, |x 7+ 0, x 98, x[1- %ql]xyz}xhzx[l— h2]><(|'11 +vxh x[1-h]x ho)

, where

oE
b1,1 = b1,1 -nx abu

0E _ 0E Jao, 0%, 0z,, oh, dz,, +E oo, oW, 0Z5; oh, 0z,
ob, OJo, 0R, 0z,, oh, oz, b, OJo, oYy, Oz,, oh, 0z,, by,

ai 801 69{91 822,1 " aE 60-2 69{(11 623,1 ahz azl,Z (41)
0o, 0%, 0z, oh, oo, %4, 0z, oh, 0z, abm

oh oz
= {O-lx 2%, X[l_ %Ql]xﬂ +0,X %le[l_ 9{Q1]><7z}>< h, X[]-_hz]x(]-"'vhl 1’1}
0z,, by,

:{alxﬂi/qlx[l— R0, |x 7 +0,x Y, x[1- %ql]xyz}xhzx[l—hz]x(l—i-Vxhlx[l—hl])

For the generalization of recurrent neural network, the number of base stations and the number
of Wi-Fi APs can be extended as 1 and n2 in the input layer (shown in Figure 7). The values of k1 and

h2 can be revised and calculated by Equation (42) and (43); the updates of @; and B, are proved
and calculated by Equations (44) and (45), respectively.

N Ny

hl:s(Zajxcji+Zﬂk><wki+v><h0+b11J=s(zM),wheres(z)= — 42)
= - ’ ’ ’ 1+e
M Ny

h, = S(Zai XCiiat X B X Wiy +Vxhy +bl’1] =5(z,,), wheres(z)= 1+1e‘z 43)
1 k=1
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oE
a;=a; —nxa, where
OE _ OE do; o, 0z,, oh, oz, +£ do, 09, 023, oh, 0z,
Oa; 0o, 0%, 01,, oh, dz,, 0o, Oo, OYR, 0z, Oh, Oz, O«

_| OB 0o, 0%y, Oy  OE 0o, 09 O | Ny 0%y (44)
0o, %, 0z,, o, 0o, OB, 0z, oh, |or,, Oa,

oh oz
:{O'lxﬁi/glx[l—ﬁi/ql]xyl+dz x 9, x[1- %ql]xyz}xhz x[1- hz]x(cjm-i—vahl 1,1}
Z,, 8aj

={O'l><2@l><[1—2@1]><;/1+0'2 x Q{le[l— 9{Q1]X72}Xh2 ><[l— h2]><<iji+1+v><hl><[1—hl]><cj,i)

oE
i :ﬂk—qxﬁ,where

k

oE _ai 80_1 6%1 822,1 ahz 82112 +6£ 602 69{9_1% ahz 621,2

op, - oo, o%, oz,, oh, oz, oa, 0o, oY, 0z, oh, oz, O,

_| & 00, 0%, Oy OB 00, OYfy Oy | N, Oy (45)
oo, o%, oz,, oh, OJo, 094, 0z,, oh, |0z, Op,
oh 0z,
= {O-lx %le[l_%ll]xﬂ +0o,x 9, ><[1_ 9{9—1]X7/2}X h, ><[1_ h2]>< WeintV =
0z, Op;

Z{GIXWiQJ.X[l_%Ql]X}/l-{_O-ZX %le[l_ %ll]xn}Xhz ><[1_ hZ]X(Wk,i+1+VXhlx[l_hl]xwk,i)

y

\ [~
|

Xit1 JYi+1

Cl,i+1 coe Cnl,i W1,| coe w‘nz,i C1’|+1 coe cn1,i+1 Wl,i+1 cee leZ,i+1
Figure 7. A generalized recurrent neural network with two consecutive timestamps

Furthermore, the recurrent neural network can analyze with more consecutive timestamps, and
the number of neurons in the recurrent hidden layer of the recurrent neural network can be extended
for the extraction of time series data. The weight between each two neurons can be updated by the
gradient descent method.

3.2.3. De-normalization and Estimation

For de-normalization and estimation, the estimated normalized longitude and latitude (i.e., WIC

and $) can be adopted into Equations (46) and (47) to retrieve the estimated longitude and latitude
(i.e., Px/f)i and P{f’i ).

po - Qi/ox(li*) —Ii’))+|£*) (46)
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P = 9oc (10 —107)+1{) (47)

4. Practical Experimental Results and Discussion

This section presents and discusses the practical experimental results. Practical experimental
environments are illustrated in Subsection 4.1, and practical experimental results are showed in
Subsection 4.2. Subsection 4.3 discussed the results of different recurrent neural networks.

4.1. Practical Experimental Environments

In the practical experimental environments, an Android application was implemented and
installed into mobile stations (e.g., Redmi 5 running Android platform 7.1.2). The mobile stations
were carried out on a 5.6 km long road segment in Fuzhou University in China (shown in Figure 8).
The segment was traversed 8 times by mobile stations to collect GPS coordinates and network signals
(i.e., the RSSIs of base stations and Wi-Fi APs). There are 4,525 records (i.e., m = 4,525), 59 different
base stations (i.e., m1=59), and 582 different Wi-Fi APs (i.e., n2=582) detected in the experiments. This
study selected 2,263 records including GPS coordinates and RSSIs as training data, and other 2,262
records were selected as testing data.

&%
/A~ | 200 meters &
(< ) &

/ N
N2 China {3* i

[ +] 7l Telecom The Teacher's
I_L Mei Qi Apartments of )

.. . g < It
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Figure 8. Practical experimental environments

4.2. Practical Experimental Results

For the evaluation of the proposed mobile positioning method, 9 experimental cases with
different timestamp numbers (i.e., 1 timestamp, 2 timestamps, and 3 timestamps) and with different
mobile networks (i.e., only cellular networks, only Wi-Fi networks, and cellular and Wi-Fi networks)
were designed and performed. There were 30 neurons in the recurrent hidden layer of the recurrent
neural network for each experimental case. The practical experimental results are showed in Table 1,
Figure 9, Figure 10, Figure 11, and Figure 12. Table 1 and Figure 9 illustrated that the more precise
location can be estimated by the proposed method with heterogeneous networks (i.e., cellular and
Wi-Fi networks). The higher location errors may be obtained by the recurrent neural networks with
one timestamp (i.e., traditional neural networks) which cannot extract the feature of time series data
(shown in Table 1 and Figure 10). The lower location errors can be obtained by the recurrent neural
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networks with multiple consecutive timestamps (e.g., 2 timestamps and 3 timestamps); the
experimental results can be observed that the average error of location estimation was 9.19 meters by
the proposed mobile positioning method with 2 timestamps.

Table 1. The average errors of estimated locations by the proposed mobile positioning method
(Unit: meters)

. Only cellular Only Wi-Fi cellular and Wi-Fi
Number of timestamps
networks networks networks
1 timestamp 39.88 18.88 16.21
2 timestamps 36.51 18.69 9.19
3 timestamps 34.57 17.83 9.26

Building No. 3 of

, Fuzhou University

D —

>

~

& o
=) 0
o 7 £ Building No. 2 of 3
i Fuzhou University 2
o
| . [e33
» (4l Educational Building No. 20 College of Mather.natlcs and
l_- of Fuzhou University Computer Science
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Fuzhou University
. P)
Bej HUan ROad
§
The Restaurant of 86’/'/7,0
Fuzhou University N p
O3y

G: GPS (a red point); C: cellular networks (a green point); W: Wi-Fi networks (a blue point);
CW: cellular and Wi-Fi networks (a yellow point)

Figure 9. The estimated locations by the proposed mobile positioning method with different mobile

networks

100% - -
90% .
80%
70%
60%
50%
40%
30%
20%
10%

0%

CDF(%)

—e—Cell
——WiFi
—a—Cell+WiFi

0 20 40 60 80 100 120 140 160 180
The error of estimated location (meters)

Figure 10. The cumulative distribution function of location errors by the proposed mobile positioning
method with 1 timestamp
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Figure 11. The cumulative distribution function of location errors by the proposed mobile positioning
method with 2 timestamps
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Figure 12. The cumulative distribution function of location errors by the proposed mobile positioning
method with 3 timestamps

4.3. Discussions

The proposed mobile positioning method used a trained recurrent neural network to
simultaneously estimate longitudes and latitudes; in the recurrent neural network, the estimated
longitudes and latitudes were determined in accordance with the same weights in the input layer
and hidden layers. In addition, this study also considered to separately train two recurrent neural
networks for estimating longitudes and latitudes (shown in Figures 13 and 14); the estimated
longitudes and latitudes were determined in accordance with different weights in these recurrent
neural networks. The practical experimental results indicated that higher precise location may be
obtained by the recurrent neural networks with one timestamp (i.e., traditional neural
network)(shown in Table 2). However, big errors of estimated locations may be obtained by the
recurrent neural networks with multiple consecutive timestamps. The overfitting problems may exist
if longitudes and latitudes are estimated by different recurrent neural networks with multiple
consecutive timestamps. Therefore, the interaction effects of longitudes and latitudes should be
analyzed, so they should be estimated by the same recurrent neural network for determining higher
precise locations.

Table 2. The average errors of estimated locations by the proposed mobile positioning method
(Unit: meters)

. Only cellular Only Wi-Fi cellular and Wi-Fi
Number of timestamps
networks networks networks
1 34.61 16.46 14.39
259.44 255.87 252.53

3 254.85 256.61 253.85
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Figure 14. A recurrent neural network with one timestamp for estimating latitudes

5. Conclusions and Future Work

This section summarizes and describes the contributions of this study in Subsection 5.1. The
limitations of the proposed method and future work are presented in Subsection 5.2.

5.1. Conclusions

In previous studies, cellular-based positioning methods can estimate locations of mobile stations
in outdoor environments, but the accuracies of estimated locations may be lower. Moreover, Wi-Fi-
based positioning methods can precisely estimate the locations mobile stations, but the transmission
coverage of Wi-Fi APs is not enough in outdoor environments. Therefore, a mobile positioning
system and a mobile positioning method based on recurrent neural networks are proposed to analyze
the RSSIs from heterogeneous networks which include cellular networks and Wi-Fi networks. The
network signals from heterogeneous networks can be analyzed to improve the accuracies of
estimation locations. Furthermore, the RSSIs in multiple consecutive timestamps can be adopted into
recurrent neural networks for the analyses of time series data and locations estimation. In practical
experimental environments, the results showed that the average error of location estimation was 9.19
meters by the proposed mobile positioning method with 2 timestamps. Therefore, the proposed
system and method can be applied to obtain LBS in outdoor environments.

5.2. Future Work

Although the higher accuracies of estimation locations can be obtained by recurrent neural
networks with multiple consecutive timestamps, some overfitting problems may exist. For instance,
the higher errors of estimated locations were obtained by recurrent neural networks with 3
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timestamps. Therefore, overfitting solutions of time series data [25] can be investigated to improve
the accuracies of estimated locations in the future.
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