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Abstract: Localization of mobile users in indoor environments has many practical applications in daily life. In this paper,

we study the performance of the received signal strength (RSS)-based radio frequency (RF) fingerprinting localization

method in a shopping mall environment considering both calibration and practical measurement cases. In the calibration

case, the test data for the RSS fingerprinting database are built offline by receiving signals from Global System for

Mobile Communications (GSM) base stations, which are collected by a dedicated measurement tool, i.e. the Test Mobile

System. In order to see the localization performance, the k-nearest neighbors (K-NN) and random decision forest (RDF)

algorithms are implemented. The RDF algorithm provides a better localization performance than K-NN in this case. For

the practical implementations, the RSS values of both GSM and Wi-Fi signals are collected by ordinary smartphones.

Localization is performed using different classification algorithms, i.e. BayesNet, support vector machines, K-NN, RDF,

and J48. Moreover, the effects of the received signal type, phone type, and number of reference points on localization

performance are investigated.

Key words: Indoor localization, radio frequency fingerprinting, received signal strength, Wi-Fi, Global System for

Mobile Communications

1. Introduction

The localization of wireless nodes by employing radio signals is now very attractive due to the increased demand

for location-based services [1,2]. In the localization context, the Global Positioning System (GPS) is commonly

used for the localization of the wireless nodes in outdoor environments [3]. A wireless node can estimate its

own position by employing the GPS signal from at least four satellites. However, a GPS signal strength is

too weak and faces great attenuation when the wireless node is in indoor environments. Therefore, GPS-

based localization in indoor environments produces inaccurate location information. Instead of GPS signals,

Wi-Fi or Global System for Mobile Communications (GSM) signals are used to estimate the location of a

node in indoor environments [4,5]. The location of a node can be estimated by different methods that use the

different parameters of the received signal, such as time of arrival, angle of arrival, time difference of arrival,

and received signal strength (RSS) [4]. In this paper, we consider the RSS-based localization of nodes using the

RF fingerprinting method.
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Several theoretical and experimental studies have shown the challenges of RSS-based localization tech-

niques in the literature [6–14]. Cost-effective solutions utilize readily available commercial RF signals, such as

cellular GSM and Wi-Fi, and employ software algorithms without any additional hardware requirements [5].

Cellular base stations (BSs) or Wi-Fi access points (APs) already transmit RF signals and the localization of

the mobile users can be performed by their mobile devices, which are collecting RSS values [11–16]. In this line,

the RF multilateration method requires the modeling of transmitter and receiver antenna performances, which

is an easy task for antenna designers. However, due to nondeterministic effects, such as fading, multipath prop-

agation, and shadowing, the modeling requires an additional offline training phase for different scenarios. Note

that the RF multilateration method provides an acceptable positioning accuracy with the following conditions

[9,12,14]: 1) smaller test area, 2) large number of reference nodes (APs and BSs), 3) known path loss exponent

for each reference node, and 4) line-of-sight environment. The RF multilateration method is not preferred for

the localization of mobile devices in large indoor environments, such as shopping malls and airports, since they

cannot satisfy these requirements. In the literature, RF fingerprinting method has better accuracy and a more

reliable performance in indoor environments [9]. Therefore, in this paper, the RF fingerprinting method is

considered and experimentally analyzed.

Previous studies in the literature considered RF fingerprinting methods and tested them in small areas

with no environmental effects and obstacles, such as laboratory environments [13]. However, in this study,

the localization performance of the RF fingerprinting method in a shopping mall is tested in two different

measurement cases. For calibration, we used Test Mobile System (TEMS) investigation 13.0.3 model from

Ascom (Baar, Switzerland), which consists of both hardware and software commonly used by telecom operators

for wireless network test driving, benchmarking, monitoring, and analysis. Since the TEMS device can only

support cellular type signals (i.e. GSM), only this type of signal is used for localization purposes in the calibration

case. Since special purpose measurement equipment is used in the TEMS, the errors experienced during the

measurement are minimized. As a result, the TEMS is used in the calibration case in order to collect accurate

RSS values from multiple BSs simultaneously. Additionally, the test and training data are collected offline and

the localization algorithms are performed on these data in this case. Machine learning algorithms (k-nearest

neighbors (K-NN) and random decision forest (RDF)) are employed for localization. Various types of phone

are used. In this context, the localization accuracy of a mobile user depends on the receiver sensitivity of the

phone used. Therefore, the effects of the different phones on the localization performance are also investigated.

Note that the aim of this study is to apply the method for practical scenarios and discuss the improvement

approaches for both measurements and algorithms [17,18]. Therefore, a practical measurement case with an

ordinary smartphone is considered in order to see the localization performance in a real measurement scenario.

The RSS values of GSM and Wi-Fi signals are used to obtain the fingerprints of the points, respectively. In

order to realize the practical case, an Android-based LG Nexus 4 is used to record the RSS of the received

signals from the reference points. Localization performance in this case is evaluated using different machine

learning algorithms [17–20]. The general system model for both measurement cases is shown in Figure 1.

The rest of this paper is organized as follows. In Section 2, RF fingerprinting-based localization in a

shopping mall is presented. In Sections 2.1 and 2.2, the calibration and the practical measurement cases of

the RF fingerprinting-based localization method are covered, respectively. The concluding remarks are given in

Section 3.
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Figure 1. General system model for localization.

2. RF fingerprinting-based localization

2.1. Calibration measurement case

In this case, the RF fingerprinting localization is performed in the 4-story Palladium Shopping Mall in Ataşehir,

İstanbul, Turkey. The RSS measurements are not performed with an ordinary smart phone or another device.

Instead, the TEMS device and its software are used during the measurement in order to reduce measurement

errors. The localization algorithms are tested with the RSS values, which are collected before as training data,

not with instantaneous RSS values. Therefore, this case is the calibration case.

The RSS values of the GSM signals are measured for each floor of the shopping mall and the RSS

measurements are recorded using a laptop computer. In addition, the RSS values are collected with a Sony

Ericsson smartphone. The smartphone is connected to the laptop through a USB port. The measurement

values are recorded to a database.

2.1.1. Data collection

In the shopping mall, 254 points are determined on each floor of the Palladium shopping mall. The entrance

stairs of each floor is divided into grids. The distance between the points are selected as 1.7 m and RSS values

are recorded from 7 GSM BSs, one located inside the mall and the others outside the mall. Moreover, 1000

RSS values are recorded for each BS by standing for 1.5 min at each point. A total of 7000 RSS values are

obtained. Considering the polarization effects of the receiver antenna, the phone is fixed at a reference point

for 45 s. After that, the phone is rotated 90◦ with respect to the reference point for the remaining 45 s.

Note that the TEMS module is used in active mode, because data collection is much faster in active

mode compared to the idle mode on this device. In the idle mode, only a handful of data per minute can be

collected. Meanwhile, in the active mode, the TEMS module can easily collect about 1000 RSSI data samples per

minute. The amount of data is vitally important for the localization algorithm to work accurately. Otherwise,

momentary RSSI changes cannot be fetched and the offline training cannot be completed. Since insufficient

RSSI data can degrade the accuracy of the localization algorithm, the idle mode was not used and the active

mode was preferred for the TEMS module.
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2.1.2. Localization algorithms

The RF fingerprinting method consists of two steps, which are online and offline stages. In the offline stage, the

measurement area (the Palladium Shopping Mall in this case) is divided into 1.7 × 1.7 m grids and each point is

labeled manually with a unique 2D coordinate number (x, y). At each grid point, the RSS values from the GSM

BSs are recorded for 1.5 min and a database is generated, which contains the RSS fingerprints (signatures) of

the points in the grids [21]. Then, in the online stage, the fingerprint of the mobile user is generated in real time

using the RSS values from GSM BSs. The generated fingerprint is compared to the fingerprint values in the

database formed during the offline step [21]. The instantaneous location of the mobile user is then determined

using the machine learning algorithms.

In this study, the K-NN and RDF classification algorithms are used to determine the location of a node.

K-NN is a supervised learning method that decides by comparing its kneighbors [17]. On the other hand, RDF

is a classification method consisting of many decision trees [18]. RDF finds the results as a tree, which is the

most repeated one on the decision tree.

For recording the RSS values of the different brands of phones, the ground floor of the shopping mall is

reserved. This area is divided into 32 uniformly separated points, 1.7 m apart. The RSS values are recorded

with a Nokia phone from 3 different GSM BSs: one in the mall (indoor BS) and the others outside the mall

(outdoor BSs). Hence, 500 RSS values are recorded for each point. As a result, 500 different fingerprint values

are obtained from 3 different GSM BSs for each point. Similarly, a Sony Ericsson phone is used to collect RSS

values from the same GSM BSs at the same grid points. Consequently, 500 different fingerprint values are

obtained for each point for this phone.

2.1.3. The effects of localization algorithms

In this section, the localization performance results are provided for the K-NN and RDF classification algorithms

in the shopping mall. Note that the 80% of the measured RSS values are used for training data and the

remaining 20% of the RSS values are used for test data. Besides the effects of both classification algorithms on

the localization error, the effects of the number of BSs are also investigated. The localization performance of

the K-NN algorithm in terms of cumulative distribution function (CDF) of the localization error is shown in

Figure 2. Notice that k is selected as 3 for this case. According to the results, a localization accuracy under 2

m is obtained with the following results: 34.62% for 3 BSs, 82.16% for 4 BSs, 95.55% for 5 BSs, 98.50% for 6

BSs, and 99.00% for 7 BSs.

Similarly, RDF performance is obtained and shown in Figure 3. According to the results, a localization

accuracy under 2 m is obtained with the following results: 35.77% for 3 BSs, 79.59% for 4 BSs, 95.89% for

5 BSs, 99.11% for 6 BSs, and 99.78% for 7 BSs. If we compare the results for K-NN and RDF, one can see

that the RDF algorithm provides better localization accuracy than K-NN for all the cases except the case with

4 BSs, which is an outlier. This is because the RDF method is relatively insensitive to outliers compared to

K-NN. The results show that the number of BSs can be optimized in order to achieve the target localization
accuracy.

2.1.4. The effects of phone types

In order to investigate the effects of the different phone brands on localization accuracy, the measurements are

obtained with both a Sony Ericsson and a Nokia under the same conditions. The K-NN algorithm, with k= 3, is

considered for obtaining results. During this study, 80% of the data is used for training data and the remaining
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Figure 2. Localization performance of K-NN algorithm

with different numbers of GSM BSs.

Figure 3. Localization performance of RDF algorithm

with different numbers of GSM BSs.

20% is used for test data. Under these conditions, the CDF of the location estimation error with Sony Ericsson

and Nokia phones for the localization error is shown in Figure 4. The Sony Ericsson provides better localization

accuracy than the Nokia phone. For example, the Sony Ericsson phone gives a 4-m localization error with

90% probability, whereas the Nokia phone gives a 9-m localization error with the same probability. The main

reason for this difference is that the Sony Ericsson phone has better receiver sensitivity than the Nokia phone.

Therefore, the training data for the Nokia phone were not as good as the Sony Ericsson phone data due to the

receiver sensitivity levels. It should also be noted that the receiver sensitivities of different brand phones vary,

and then the RSS data reception capabilities also vary, which may cause different training schemes.

Figure 4. The effects of phone types on localization accuracy.

The calibration case of indoor RF fingerprinting-based localization is performed in the Palladium Shop-

ping Mall of İstanbul. The location of the mobile user is determined using the GSM signals obtained from both

indoor and outdoor GSM BSs. The localization performance evaluations of the K-NN and RDF algorithms are

represented in terms of CDF. According to the results, the RDF algorithm gives better localization accuracy
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than the K-NN algorithm. In addition, the effects of the smartphones on localization accuracy are investigated.

According to the results, the Sony Ericsson phone gives more accurate 5-m results than the Nokia phone with

90% probabilities.

2.2. Practical measurement case

In this case, the practical method of RF fingerprinting-based localization is performed in the Gebze Center

Shopping Mall in Kocaeli, Turkey. The practical implication of the RF fingerprinting method is selected in

this case. The main difference of the practical case from the calibration case is as follows: the RSS values are

collected and recorded with an ordinary smartphone, i.e. an LG Nexus 4, with no special software or hardware

used. The database is generated based on the actual recorded RSS values. In addition, not only the GSM

signals but also Wi-Fi signals are used to localize a mobile user in the shopping mall. Furthermore, the test

values are instantaneous values selected from a mobile user, not from a database.

An Android mobile application is developed in order to collect RSS values of different GSM BSs and

Wi-Fi APs automatically and this application is run on an LG Nexus 4 smartphone. Using these GSM and

Wi-Fi RSS values, a database is generated on the phone. After this step, the reference point and the RSS value

received at the reference point are sent to the server via short message service (SMS). The reference and the

RSS values at the server are read by the server computer from a subscriber identity module (SIM) card using

the SMSLIB Java library. The SIM card of the server is in a USB 3G modem.

The location of the mobile user is determined by reading the RSS values from the SIM card and comparing

these values with the RSS values stored in the predefined database. Using the Abstract Window Toolkit (AWT)

in Java, the location of the mobile users, their routes, and the tracks are shown on the server screen. The route

that mobile users generated is shown on the map of the shopping mall using the AWT. The steps of the

localization system are shown in Algorithm 1.

Algorithm 1 Summary of the localization algorithm.

Collect the RSS values from GSM and Wi-Fi reference points

Send the RSS data to the server machine via SMS
Read the SMS from USB modems on the server machine
Send the data to the localization application

Estimate the location of the mobile user by employing different machine learning algorithms

Demonstrate the estimated location of the mobile user on the map of the shopping mall

2.2.1. Data collection

An LG Nexus 4 is used to collect the RSS values of GSM BSs and Wi-Fi APs. The RSS values are collected
from predetermined points for a specific time. While collecting RSS values, the coordinates of the point are also

attached to the stored data. The coordinate and the RSS values of GSM BSs and Wi-Fi APs are stored in two
different files on the LG Nexus 4. The recorded data are then transferred to the PostgreSQL database. The

RSS values are collected from two floors of the mall. For each floor, 100 points are selected, 2 m apart. The

data are collected over four different days and the measurement is performed twice a day. The measurement

time is 4 min for each point.

The received signal power of the strongest GSM BS over 24 h is shown in Figure 5.

The average signal power is –62.35 dBm between 16:00 and 17:00 hours, whereas this value is –71.88

dBm between 17:00 and 18:00 hours [14]. There are remarkable average power differences within this 1-h time
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Figure 5. The RSS values of the most powerful GSM BS near the shopping mall over 24 h on Friday, 18 October 2013.

period.

The minimization of the location estimation errors is critical for designing high-precision localization

systems. In order to reduce the localization error of the RF fingerprinting method and obtain more accurate

results, data collection is performed twice for each point. In addition, the data are collected on different days in

order to obtain more realistic results. It is worth noting that the test data are collected for 30 s independently

from the training data.

2.2.2. The effects of localization algorithms

In this step, localization is performed using different machine learning algorithms from the Weka Java library on

the Android OS. The localization performance of the algorithms is evaluated using the Weka library. Different

algorithms are tested by using 30 s of test data and 3.5 min of training data from 17 different Wi-Fi APs for each

point. The performance of the algorithms is obtained in terms of CDF, as shown in Figure 6. The probability

of localization error of 4 m and below of the algorithms is 49.63% for J48, 55.35% for K-NN, 60.16% for RDF,

76.79% for SVM, and 77.27% for BayesNet.

J48 is a decision tree-based classification algorithm similar to the RDF algorithm [22]. The SVM algorithm

classifies objects by maximizing the orthogonal distance of the closest points of the classes. On the other hand,

BayesNet is a probabilistic classification algorithm that considers the conditional probabilities of two random

events and their relations. Since the BayesNet algorithm considers the relations between the RSS values received

from different BSs, it performs better than the other algorithms. According to the results, BayesNet and SVM

are the most suitable algorithms for the practical case. If we compare the performance of K-NN (or RDF) under

calibration and practical cases, it can be easily seen that K-NN (or RDF) is not suitable for practical cases.

2.2.3. The effects of number of reference points

In order to see the effects of the number of reference points on localization accuracy, the BayesNet algorithm is

used with 10, 12, 14, and 17 Wi-Fi reference APs and 30 s of test data and 3.5 min of training data. The results

are shown in Figure 7. Localization accuracy is improved when the number of reference points is increased. At

least 12 reference points are needed to achieve error of 4 m and below with 70% probability, and 17 reference

points are needed to achieve this error limit with 80% probability.
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Figure 6. The effects of different algorithms on localiza-

tion accuracy in the practical case.

Figure 7. The effects of number of reference nodes on

localization accuracy.

2.2.4. The effects of reference signal types

In the practical case, only Wi-Fi reference signals are used for locating the mobile device. This is because the

CRLB expression for the RSS-based localization was derived in [4] and the localization error fundamentally

depends on the standard deviation of shadowing, the distance between the transmitter and receiver, and the

path loss exponent [4]. According to these fundamental limits, the estimation error of localization is proportional

to the standard deviation of shadowing and the distance between the BS (or AP) and the mobile device, and

it is inversely proportional to the path loss exponent, which is an environment-dependent parameter. We can

infer that if the distance between the BS (or AP) and the mobile device is short, the estimation error of the

localization system can be small. Therefore, since the typical value of this distance parameter for the Wi-Fi

system (typical range) is less than for the GSM system (typical cell radius), we prefer to use a Wi-Fi system

for the practical case in order to minimize localization errors.

It is also possible that we can use GSM signals alone, or both GSM and Wi-Fi signals at the same time.

For each point, the RSS values from 17 Wi-Fi, 17 GSM, and 17 GSM–Wi-Fi (15 Wi-Fi + 2 GSM) BSs and

APs are recorded with 30 s of test and 3.5 min of training data. The BayesNet algorithm is employed for these

three scenarios in order to see the effects of reference signal type on the localization error. The results of these

measurements are illustrated in Figure 8.

It is clear that using Wi-Fi signals instead of GSM signals provides better localization accuracy. The

main reason for this result is that the distance between the AP and mobile device in the Wi-Fi case is shorter
than that in the GSM case. However, using GSM signals alongside Wi-Fi signals improves localization accuracy,

because the fingerprint of each grid is diversified by using additional different features, i.e. GSM and Wi-Fi

signals.

3. Concluding remarks

In this paper, the calibration and practical cases of an RSS-based RF fingerprinting localization method are

investigated. In the calibration case, indoor RF fingerprinting-based localization is performed in the Palladium

Shopping Mall of İstanbul, Turkey. The location of the mobile user is determined using GSM signals. According

to the results, the RDF algorithm provides better localization accuracy than K-NN in the same scenario for the

calibration case. In the practical case, the BayesNet and SVM algorithms provide better localization accuracy
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Figure 8. The effects of different reference signals on localization accuracy.

than the other algorithms employed in this study. The Wi-Fi reference signals yield better estimation accuracy

than the GSM signals due to the distance between the APs and mobile devices in Wi-Fi networks being shorter

than in GSM networks. In addition, increasing the number of reference nodes used in the localization can

further decrease the localization error. According to the results, in order to improve the performance of RF

fingerprinting methods, the number of transmitter stations should be increased, the amount of offline (training)

data must be increased, offline training data should be collected on different days and at different times, and

an effective machine learning algorithm must be used.
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