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Abstract

Currently, an indoor positioning is a challenge application for location-based
services (LBS) and proximity-based services (PBS). However, the indoor
channel has dense multipath fading, causing more distance error than outdoor
positioning. In this paper, the distance error analysis model is proposed for
indoor positioning. The indoor channel is modeled as the sum of path loss
model and multipath fading model. The path loss model is a linear regression
model (LRM) based on Friis’ transmission formula, used for estimating
the distance from received signal strength (RSS). The multipath fading is
a Gaussian statistical model with zero mean, used for characterizing the mul-
tipath fading effect. The normalized distance error is evaluated and defined.
The indoor channel with Bluetooth low energy (BLE) beacons is measured
and compared with the proposed model. From the results, the normalized
distance error obtained from the proposed model corresponds very well to
measurement. This proposed model can be used as a tool for designing an
indoor positioning system to obtain the specific distance error.
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1 Introduction

At present, Internet of Things (IoT) has been developed to create the new
services called location-based services (LBS) and proximity-based services
(PBS) by estimating the user position via smartphone [1-10]. An outdoor
positioning commonly uses global positioning system (GPS) with high accu-
racy and distance error less than 5 m [11]. However, an indoor positioning
using GPS causes a very high error because there are the objects that obstruct
the direct path of GPS signal from satellite to smartphone or GPS receiver.
Therefore, other technologies are necessary for indoor positioning to achieve
high accuracy.

The indoor positioning is more challenging than the outdoor positioning
due to dense multipath fading in the indoor channel [12-14] resulting in
more distance error. The wireless technologies have been used for indoor
positioning such as WiFi, ZigBee, LoRa, radio frequency identification
(RFID), ultra wideband (UWB), and Bluetooth low energy (BLE) [15-18].
The popular technology for indoor positioning is BLE beacons because they
have significant advantages compared with other technologies, which are low
cost and use low energy [19]. The received signal strength (RSS) is measured
by smartphone and used to estimate the distance between BLE beacon and
smartphone. Unfortunately, the RSS is directly disturbed by multipath fading,
causing high distance error. Therefore, distance error analysis of channel is
necessary for indoor positioning.

In this paper, the distance error analysis model is proposed for indoor
positioning. The indoor channel is modeled as the sum of path loss model
and multipath fading model. The path loss model is a linear regression model
(LRM) based on Friis’ transmission formula, used for estimating the distance
from RSS. The multipath fading is a Gaussian statistical model with zero
mean, used for characterizing the multipath fading effect. The normalized
distance error is evaluated and defined. The parameters that affect the dis-
tance error are path loss exponent, standard deviation of multipath fading
effect, and distance between transmitter and receiver. The indoor channel
with BLE beacons is measured and compared with the proposed model.
From the results, the normalized distance error obtained from the proposed
model corresponds very well to measurement. The time diversity with mean
combiner can be used to reduce the distance error. This proposed model can
be used as a tool for designing an indoor positioning system to obtain the
specific distance error.
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The rest of the paper is organized as follows. In Section 2, the theory of
distance error analysis model is described. Next, Section 3 is measurement
setup. After that, the results of distance error analysis of proposed model are
illustrated and compared with measurement in Section 4. Finally, conclusion
is drawn in Section 5.

2 Distance Error Analysis Model
2.1 Indoor Channel Model

Indoor channel model is defined as the sum of path loss model and multipath
fading model, and it can be written as [14]

Pr:Pr‘f‘Pr; (D

where P, is the received power that results from only path loss and is
equivalent to the average value of P, and p,. is multipath fading effect and is
RSS that can be measured directly from the receiver. The bold letters indicate
the random variables.

2.2 Path Loss Model

Path loss model is a model that shows the relation of received power that
decreases by distance and is based on Friis’ transmission formula [14]:

P, = —10nlog(d) + Py, ()

where n is path loss exponent, d is distance between transmitter and receiver,
and P, is reference received power at distance of 1 m. Practically, the path
loss model can be obtained from RSS, which is measurement at different
distances covering all usage area. Then, LRM is used to estimate parameters
n and P, that make the path loss model with least total square error. The
distance error E; can be calculated from

FE;, = |Pr,i + 10n log(di) — P0|, 3)

where P,.; is RSS measured at distance d; and N is total number of
measurement. Next, the total square error can be evaluated from

N N
S EF =Y [P + 10nlog(d;) — Pl “)
=1

=1
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Parameters n and Py are evaluated from least total square error, which

can be done by using partial derivative of total square error with respect to
—10n and P, setting these equal to zero:

10n ZEQ —ZZlog [P.; +10nlog(d;) — P)) =0, (5)

N
7 =-2> [P+ 10nlog(d;) — Py] = 0. (6)
=1

Above equations are rearranged in the form of linear equation system:

N N N
—10n> log?(di) + Py > log(di) = Y _ Prlog(dy), (7)
=1 =1 =1
—10n Z log(d;) + PyN = Z P,;. (8)
=1

This linear equation system is solved. The parameters of path loss model
are

n_NEz 1 Prilog(di) — Zz 1PMEz 1 log(d; )7 ©)

10{[21 log(d )} — Ny, log?(d )}

Po:ZfilPr,ilog(d‘)Zl 110g( i) — Zz 1PmZz 110g( ) (10)
(Y tog(d)] N T, log?(d)

2.3 Multipath Fading Model

When RSS is measured at different distances covering all usage area and path
loss model is evaluated, multipath fading model can be calculated from

p,=P.—P,. (11)

The effect of multipath fading p,. is random variable, which is character-
ized as a Gaussian statistical model with zero mean. That is,

p. = {p}, (12)
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where p, is member of multipath fading effect.

Therefore, probability density function (PDF) of multipath fading effect,
which is defined as [20]

1 2 2
— 76_177/(20- )’ 13
f pr (p T) o \/% ( )

when o is standard deviation.

Cumulative distribution function (CDF) of multipath fading effect is
defined as [15]

Fo (o) = Q (%), (14)

o
when function () is defined as [15]

Q) = \/1277 / e (15)

2.4 Distance Error Model

The correct distance is the distance, which is calculated from RSS obtained
from only path loss and has no effect of multipath fading. Therefore, the RSS
can be written as

P, = —10nlog(d) + P. (16)

For this condition, P, is constant at each distance d because it does not
have component of random variable. Therefore, the correct distance d. can

be defined as
d, = 10(Fr—=Fo)/(=10n) (17)

Naturally, the RSS measured from receiver has both path loss and
multipath fading effect. Therefore, the RSS can be written as

P, = —10nlog(d) + Py + p,- (18)
Then, the estimated distance d, is defined as
d, = 10r—Fo=pr)/(=10n) _ 1qpr/(10n) g (19)
It can be seen that the estimated distance is a random variable that has
direct effect from random variable of multipath fading effect. The distance

error E; is defined as absolute value of difference between correct and
estimated distances. It can be written as

Ey = |d. —d.| = |1 — 107/(0)|4, = E,d.., (20)
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when E,, is normalized distance error and is defined as
E, = |1 — 1077/(10)], (21)

Maximum distance between transmitter and receiver d,.x that causes the
mean of distance error equal to specific value pg, can be calculated from
_ HE;

dmax - ) (22)
HE,

where pg,, is mean of normalized distance error.

3 Measurement Setup

For comparison, the indoor channel is measured. The indoor environment
is the computer laboratory room. This room has 9.0 m width and 10.2 m
length. There are many computers, desks, and chairs in this room. There
are 15 measurement positions along width and 17 measurement positions
along length. The distance increment of each point along width and length is
0.6 m. There are total 163 positions that can be measured (positions without
obstruction). The three BLE beacons are installed 1.8 m above the floor
at the left, right, and back walls. Huawei P10 Plus smartphone is used to
measure the RSS of each BLE beacons at each position. The room layout and
measurement positions are shown in Figure 1.
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Figure 1 Room layout and measurement positions.
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4 Comparison Results

The RSS of each BLE beacon and each position is measured and is used
to model the path loss. Figure 2 shows the measured RSS compared with
obtained path loss model. This path loss model has path loss exponent of
1.34 and reference received power at 1 m distance of —68.73 dBm.

Then, the effect of multipath fading is evaluated from measured RSS
and path loss model. The obtained multipath fading effect has mean of 0
dB and standard deviation of 5.59 dB. Figures 3 and 4 show PDF and CDF
of measured multipath fading effect compared with multipath fading model,
which is Gaussian statistical model. From the results, both PDF and CDF
of measure multipath fading effect can be modeled as Gaussian distribution
as well.

After that, the mean of normalized distance error is computed using
measurement data and is compared with the proposed model. Figures 5 and
6 show PDF and CDF of normalized distance error obtained from measure-
ment compared with the proposed model. The CDF and PDF of normalized
distance error obtained from proposed model with mean of 1.14 m correspond
very well to measurement with mean of 1.05 m.

Because the multipath fading effect of measured indoor channel has high
standard deviation, the time diversity is used to reduce the effect of multipath
fading and normalized distance error. The mean combination is used in this
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Figure 2 Measured RSS compared with path loss model.
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Figure 4 CDF of multipath fading effect.

paper. The numbers of time diversity from 2 to 10 are considered. Figure 7
shows the parameters of path loss model with time diversity. The result shows
that the number of time diversity has little effect on path loss exponent and
reference received power at 1 m distance.
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Figure 6 RCDF of normalized distance error.

Next, standard deviation of multipath fading effect with time diversity
of measurement compared with simulation of the proposed model is shown
in Figure 8. The standard deviation of measurement tends to decrease slower
and has more difference compared with the proposed model when the number
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Figure 8 Standard deviation of multipath fading effect with time diversity.

of time diversity is increased. When the number of time diversity is 10, the
standard deviations of measurement and the proposed model are 3.65 and
1.77 dB, respectively. The proposed model does not accurately predict the
standard deviation of multipath fading effect. Therefore, path loss exponent
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Figure 9 Standard deviation of multipath fading effect with time diversity.

and standard deviation of measurement with time diversity is used to predict
the normalized distance error for proposed model.

Figure 9 shows the mean of normalized distance error of measurement
compared with the proposed model using path loss exponent and standard
deviation obtained from time diversity. The result shows that the mean
of normalized distance error of measurement corresponds to the proposed
model, especially when there is a large number of time diversity.

5 Conclusion

This paper evaluated the distance error analysis model for indoor positioning.
The indoor channel with BLE beacons is measured and compared with the
proposed model. The normalized distance error is defined as the relation
between path loss exponent and standard deviation of multipath fading effect.
In addition, the maximum distance is defined and is used as maximum bound-
ary that obtained specific distance error. From the results, the normalized
distance error with and without time diversity obtained from measurement
corresponds very well to proposed model. This proposed model can be used
as a tool for designing an indoor positioning system to obtain the specific
distance error.
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