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Abstract. To save labor and time costs, crowdsourcing has been used
to collect received signal strength (RSS) for building radio-map of Wi-
Fi fingerprinting localization with common users’ mobile devices. How-
ever, usually a great number of crowdsourcing data should be collected
to calculate a satisfactory localization result. Therefore, we proposed a
crowdsourcing-based indoor propagation model (PM) localization system
in this paper. Our system only needs to collect crowdsourcing data at a
few locations called crowdsourcing points, which can be easily finished in
a short time. The system first eliminates RSS outliers in crowdsourcing
data and then optimizes PM parameters using the processed data. Fur-
thermore, the processed data is also used to estimate a distance between
a user and the nearest crowdsourcing point for coordinate correction.
Experimental results show that our system is able to achieve a com-
parable performance and the mean error of PM localization method is
reduced from 7.12 m to 3.78 m.

Keywords: Crowdsourcing · Wi-Fi localization · Outlier processing ·
Propagation model · Coordinate correction

1 Introduction

With the development and popularization of mobile devices, demand for
location-based services (LBS) has been increasing rapidly. Owing to limitations
of satellite and cellular network-based localization systems in indoor environ-
ments, various indoor localization systems based on different techniques, such as
Wi-Fi, infrared and ultrasound, have been developed [1]. Among them, the local-
ization systems using Wi-Fi are favored because Wi-Fi has been widely deployed
for communications and its received signal strength (RSS) can be easily mea-
sured by commonly available mobile devices [2]. Several localization methods
using Wi-Fi have been proposed like fingerprinting, propagation model (PM),
time of arrival (TOA), time difference of arrival (TDOA), and angle of arrival
(AOA) [2–4].
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Compared with TOA, TDOA and AOA, fingerprinting method has been
extensively researched because it only needs software update and outperforms
the other methods under non-line-of-sight (NLOS) environments. However, it
requires a process of building a database called radio-map with location-labeled
RSS samples. Real-time RSS samples are matched with the samples in the radio-
map for coordinate estimation using fingerprinting algorithms like K-nearest
neighbors (KNN), weighted KNN (WKNN) and artificial neural network (ANN)
[3]. Usually the radio-map is established by professionals and the process involves
intensive labor and time costs, so the application of fingerprinting method is
limited to some degree. Regarding PM method, it needs no radio-map, but its
performance heavily relies on the PM that is employed to calculate distances
between a user and different access points (APs) for trilateration localization.
So the performance of PM method is usually far from satisfactory.

Since crowdsourcing offers a new solution to data collection at low cost,
it is very suitable for constructing the radio-map of fingerprinting method.
Instead of professionals, crowdsourcing employs common users, namely crowd-
sourcing participants, to collect RSS and location information [5]. So far, sev-
eral crowdsourcing-based fingerprinting localization systems have been proposed.
Some of them labeled RSS samples with location information using indoor elec-
tronic maps [5,6]. Mirowski et al. deployed a number of two-dimensional code
labels in their experimental environment, with which crowdsourcing participants
are able to obtain location information of collected RSS samples [7]. Wu et al.
recorded numerous trajectories of crowdsourcing participants with smartphone
sensors and then matched the trajectories with RSS samples using multidimen-
sional scaling (MDS) [8].

However, one problem of radio-map establishment through crowdsourcing is
nearly no reliable localization coordinates can be obtained until enough crowd-
sourcing data are collected. To solve this problem, we apply crowdsourcing to PM
method that requires no radio-map and propose a crowdsourcing-based indoor
PM localization system using Wi-Fi. The proposed system only needs location-
labeled RSS samples collected at a few crowdsourcing points (CPs). These RSS
data can be easily collected in a short time and usually are not enough for
fingerprinting method.

To improve the quality of crowdsourcing data, we eliminate RSS outliers
with quartile method that does not involve RSS data distribution. Then the
processed crowdsourcing data are used to optimize PM parameters for estimat-
ing more accurate distances between a user and APs, which improves the perfor-
mance of trilateration localization. Because RSS data and location coordinates
of CPs are known, the distance between a user and CP can be estimated and
then used to correct coordinates calculated by trilateration localization. Before
the collected crowdsourcing data are enough for building the radio-map of fin-
gerprinting method, our proposed PM localization system is able to achieve a
comparable performance. To the best of our knowledge, so far no localization
system that employs crowdsourcing data to optimize PM parameters and also
to correct trilateration localization results has been proposed.
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The rest of this paper is organized as follows: Sect. 2 introduces the related
works of our proposed crowdsourcing-based indoor PM localization system. In
Sect. 3, a general frame of the proposed system is given and every part of it is
described in details. The experimental setup, results and analyses are presented
in Sect. 4. Finally, Sect. 5 concludes the paper.

2 Related Works

2.1 RSS Outlier Processing

Usually a certain amount of RSS samples should be collected by crowdsourcing
participants. However, it will be boring for crowdsourcing participants to col-
lect RSS data for a long time. Some researchers stated that the time for data
collection at each CP should be less than one minute [9]. Thus, we collect RSS
samples at every CP for one minute with a sampling rate of 2 RSS samples per
second. Most statistical outlier detection methods, such as Grubbs, Chauvenet
and three-sigma criterions, are based on the assumption that is data should
follow Gaussian distribution. Because the RSS data of such amount from each
AP are difficult to fit Gaussian distribution as shown in Fig. 1, we detect RSS
outliers with quartile method that has no requirement for data distribution.

Assume that a total of K APs are deployed in an indoor environment and
L RSS data from AP k denoted as [r(k)1 , r

(k)
2 , · · · , r(k)L ], k ∈ (1, 2, · · · ,K) are

collected, then these collected RSS data are sorted in a non-descending order as
[r(k)(1) ≤ r

(k)
(2) ≤ · · · ≤ r

(k)
(L)], k ∈ (1, 2, · · · ,K). We find the upper-quartile QUp and

lower-quartile QLow of the sequence that split off the highest 25% and lowest
25% of data from the other ones, respectively. Then the inter-quartile range
QIQR can be calculated by:

QIQR = QUp − QLow. (1)
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Fig. 1. Distribution of 120 RSS data at a crowdsourcing point.
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With the inter-quartile range QIQR computed by (1), the boundaries for defining
RSS outliers can be determined. If an RSS value r

(k)
(i) , i ∈ (1, 2, · · · , L) from AP

k satisfies: r(k)(i) < QLow −1.5QIQR or r(k)(i) > QUp +1.5QIQR, then it is recognized
as an RSS outlier.

Compared with other RSS outlier detection methods, this quartile method
does not require RSS data distribution information and has a low computation
complexity. Also, RSS outliers have less influence on quartile calculation.

2.2 Propagation Model Optimization with Crowdsourcing Data

In our indoor office environment, we model the radio path loss between a user
and AP with site-general model [10], which is given by:

PL = 20log10f + N log10d + Pf (n) − 28, (2)

where PL is the path loss in dB; f is the frequency in MHz; d is the distance
between a user and AP in meters (d > 1 m); Pf (n) is the floor penetration loss
factor in dB; n is the number of floors between a user and AP; N is the distance
power loss coefficient, which equals 30 at 2.4 GHz in office environments.

Because all the APs we utilize are deployed on the same floor as our exper-
imental area, we remove Pf (n) from (2). Let P

(k,j)
T and P

(k,j)
R be transmission

power of AP k and received power measured by a crowdsourcing participant’s
mobile device at CP j, respectively. Then we rewrite (2) as:

P
(k,j)
T − P

(k,j)
R = 20log10f + N (k ,j )log10d

(k ,j ) − X (k ,j ), (3)

where X(k,j) and N (k,j) are the PM parameters we need to optimize. P (k,j)
T and

P
(k,j)
R in dBm can be derived from AP configuration and RSS data, respectively.

The distance between the crowdsourcing participant at CP j and AP k can be
calculated by:

d(k,j) = 10
P

(k,j)
T − P

(k,j)
R − 20log10f + X (k ,j )

N (k,j) . (4)

Let the known location coordinates of AP k and CP j be (x(k)
AP, y

(k)
AP) and

(x(j)
CP, y

(j)
CP), respectively. Then the real distance between them is calculated by:

d
(k,j)
Real =

√
(x(k)

AP − x
(j)
CP)2 + (y(k)AP − y

(j)
CP)2. (5)

Parameters X and N should be optimized to approach the minimum value of
differences between the real and estimated distances described by (6). The prob-
lem can be considered as an unconstrained nonlinear multivariable optimization.

(X̂(k,j), N̂ (k,j)) = arg min
( ̂X(k,j), ̂N(k,j))

∣∣∣d(k,j)Real − d(k,j)
∣∣∣ . (6)

All real and estimated distances between different CPs and APs are used
for optimizing the two PM parameters. Then mean values ¯̂

X and ¯̂
N of the two

optimized parameters are calculated, respectively.
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2.3 Coordinate Correction with Crowdsourcing Data

Because location coordinates of CPs are known, if a distance between a user
and the nearest CP is estimated, then the distance can be used to correct the
user’s localization coordinates. Assume that J CPs are selected and CP j is the
nearest to a user who is at location i, as shown in Fig. 2. Let P (1,i)

R and P
(1,j)
R be

the received powers from AP 1 measured at location i and CP j, respectively.
Then the received power P

(1,i)
R can be written as:

P
(1,i)
R = P

(1,i)
T − 20log10f − ¯̂N log10d

(1,i) + ¯̂X . (7)

Using the similar equation for P
(1,j)
R , we can have:

P
(1,j)
R − P

(1,i)
R = ¯̂

N log10
d (1,i)

d (1,j )
. (8)

As shown in Fig. 2, the distance d(i,j) between location i and CP j should
not be less than |d(1,i) − d(1,j)| given by:

d(i,j) ≥ |d(1,i) − d(1,j)| =

∣∣∣∣∣∣∣∣
10

P
(1,j)
R − P

(1,i)
R

¯̂
N − 1

∣∣∣∣∣∣∣∣
d(1,j). (9)

When RSS samples from K APs are measured, (9) is applicable to all the K

APs and the real distance d
(k,j)
Real between AP k and CP j is calculated with their

coordinates, so we conclude that:

d(i,j) � max
k∈(1,2,··· ,K)

∣∣∣∣∣∣∣∣
10

P
(k,j)
R − P

(k,i)
R

¯̂
N − 1

∣∣∣∣∣∣∣∣
d
(k,j)
Real . (10)

Even though the PM is optimized, due to variations of radio propagation
environment, sometimes a localization result calculated by trilateration localiza-
tion may deviate from its real location greatly. The estimated distance d(i,j) can
be used as a restrictive condition to correct the localization result.

AP 1

AP K

CP j
1,id

1, jd ,K jd

,K id

AP 2

2, jd2,id

Location i
,i jd

Fig. 2. Distance estimation between a user and crowdsourcing point.
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3 Proposed Localization System

As shown in Fig. 3, our proposed crowdsourcing-based PM localization system is
divided into three parts: data preparation, distance estimation and localization.

Crowdsourcing data 
collection

RSS outlier processing

Distance estimation 
between user and APs

PM parameter 
optimization

Trilateration
localization

Distance estimation 
between user and CP RSS measurment

Coordinate correction

Data Preparation

Distance Estimation

Localization

Fig. 3. Frame of the proposed localization system.

In the data preparation part, after L RSS samples from K APs are collected
by a crowdsourcing participant at CP j. With the location coordinates of CP
j that can be labeled on the ground, the collected RSS samples are merged
with the coordinates of CP j as

[
r
(j)
1 , r

(j)
2 , · · · , r(j)L , x

(j)
CP, y

(j)
CP

]
, j ∈ (1, 2, · · · , J).

Then L RSS data from AP k, k ∈ (1, 2, · · · ,K) are examined with quartile
method in order to eliminate RSS outliers. The recognized outliers are replaced
by the mean values of normal data that have already been examined. Due to
RSS data from only three APs are used by trilateration localization, we select the
top three strongest crowdsourcing RSS data for optimizing the PM parameters.
Then mean values ¯̂

X and ¯̂
N of the two optimized parameters are calculated.

Regarding distance estimation, when a user at location i measures K RSS
data from all the K APs, the top three strongest ones are selected to estimate
distances between the user and corresponding APs for trilateration localization.
Also with the measured RSS data, the distance d(i,j) between the user and
nearest CP j is estimated by (10) for localization coordinate correction.

In the last part of the localization system, localization coordinates (x̂i, ŷi)
are first calculated by trilateration localization with the three distances between
the user and APs. Then the distance d̂(i,j) between the localization coordinates
(x̂i, ŷi) and CP j is calculated. If d̂(i,j) is greater than d(i,j), then (x̂i, ŷi) are
corrected to (x̂′

i, ŷ
′
i) that are the final localization coordinates by:
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⎧⎨
⎩

x̂′
i =

(
x̂i − x

(j)
CP

)
d(k,j)

/
d̂(k,j) + x

(j)
CP

ŷ′
i =

(
ŷi − y

(j)
CP

)
d(k,j)

/
d̂(k,j) + y

(j)
CP

. (11)

4 Experimental Results and Analyses

4.1 Experimental Setup

Our experimental area is on an office floor with 9 Linksys WAP54G APs
deployed. As shown in Fig. 4, the experimental area is a rectangular area of
24.9m × 28.0m and 4 APs are in the area. The area contains office rooms and
a corridor that are two kinds of typical experimental environments for indoor
localization. Because office rooms were not free to enter sometimes, we only
selected 7 CPs in the corridor marked with blue points in Fig. 4. We selected
CPs near the entrances of the floor, where it was convenient for crowdsourcing
participants to collect data when they entered, and also at the corners of the
corridor where radio propagation was more complicate due to multipath effect.
We used a laptop to collect RSS samples for one minute at each CP with a
sampling rate of 2 RSS samples per second. A total of 6500 RSS samples were
collected in the shadow area for testing the proposed PM system. For perfor-
mance comparison, a fingerprinting localization system was also performed in
the experimental area. A total of 91 specific locations were selected and 300
RSS samples were measured at each selected location for radio-map establish-
ment. The fingerprinting localization system was tested with the same 6500 RSS
samples as PM localization.

24
.9

 m

28.0m

AP
CP

Fig. 4. Experimental area plan.

4.2 Results of RSS Outlier Processing

When we examine crowdsourcing RSS data with quartile method, the RSS out-
liers that are very different from the other data of the same AP are replaced by
the mean values of the examined normal RSS data. Figure 5 shows the differ-
ences between original crowdsourcing RSS data and the processed ones from the
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same AP at one CP. The processed RSS data vary more smoothly after elimi-
nating the RSS outliers. Meanwhile, RSS data from some APs may quite weak
and these APs even cannot be sensed sometimes. Although our system exploits
the top three strongest RSS data for trilateration localization and these APs
have no influence on our system performance, the quartile method is also able
to recognize these weak RSS data and eliminate them.
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Fig. 5. Original and processed RSS data.

4.3 Localization Results with Optimized Propagation Models

We optimize PM parameters with processed crowdsourcing data and then com-
pare performances of PM method with different optimized parameters. At first,
we set parameter X to be 28 and only optimize parameter N as well as set
parameter N to be 30 and only optimize parameter X both using single-variable
optimization algorithm based on golden section search and parabolic interpo-
lation. But the localization performances of PM method with the optimized
parameters mentioned above are not satisfactory. Then we optimize parameters
X and N at the same time with quasi-newton algorithm [11]. The starting val-
ues of the parameters X and N for quasi-newton algorithm are set equal to
28 and 30, respectively. Mean error with the two optimized parameters X and
N is reduced to 5.05 m from 7.12 m. The mean errors and corresponding PM
parameters X and N are listed in Table 1.

Table 1. Mean errors of propagation model localization with different parameters

X N Mean error (m)

28 30 7.12

28 30.46 6.58

27.67 30 6.85

25.86 30.91 5.05
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4.4 Coordinate Correction with Estimated Distance Between a
User and Crowdsourcing Point

To improve localization performance, we take advantage of CP data to correct
localization results of optimized PM. In theory, the distance d(i,j) in (9) should
be equal to the maximum one among all the distances

∣∣d(k,i) − d(k,j)
∣∣ , k ∈

(1, 2, · · · ,K). However, in practical application, radio propagation may vary sig-
nificantly, so the maximum distance may be too large to correct localization
coordinates. Thus, we eliminate distance outliers also with quartile method and
take the median distance as d(i,j) to correct coordinates [12]. The mean error of
optimized PM localization with coordinate correction are 3.78 m and its cumula-
tive probabilities within 2 m and 3 m localization errors are 38.12% and 60.43%,
respectively. As shown in Fig. 6, after correcting coordinates, the proposed sys-
tem outperforms the others that also use PM method. By contrast, mean errors
of fingerprinting algorithms KNN, WKNN and ANN are 2.77 mm, 2.74 mm and
2.55 mm, respectively. Although the performances of these fingerprinting algo-
rithms are a little better than our proposed system, a total of 91 × 300 = 27300
RSS samples are collected to establish the radio-map, which is difficult in prac-
tical application. Our proposed system is able to achieve a comparable perfor-
mance with the crowdsourcing data collected at only 7 CPs. Furthermore, 120
RSS samples at each CP can be easily collected in one minute.
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Fig. 6. Cumulative probability of localization errors.

5 Conclusion

In this paper, a crowdsourcing-based indoor PM localization system using
Wi-Fi is proposed. Compared with traditional PM and fingerprinting localiza-
tion systems, the proposed system has a greatly improved localization perfor-
mance without intensive labor for data collection. The system makes use of RSS
samples and location information of only a few CPs, which can be easily col-
lected by crowdsourcing participants. RSS outliers in crowdsourcing data are
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first eliminated and the processed data are used for optimizing PM parameters.
So the performance of trilateration localization for a user is improved. Then
an estimated distance between the user and nearest CP is calculated and the
localization results of trilateration localization can be corrected with the esti-
mated distance. Experimental results confirm the effectiveness of our proposed
crowdsourcing-based indoor PM localization system and that the system is able
to achieve a comparable performance with easily collected crowdsourcing data.
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