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ABSTRACT

The proliferation of location-based services highlights the need to develop an accurate indoor localiza-
tion solution. The global navigation satellite system does not deliver good accuracy indoors because
of weak signal. One solution is to piggyback Wi-Fi technology, which is widespread in offices and
domestic environments. This wireless communication has a promising future, with the possibility
to estimate locations with a single gateway by combining channel state information with fingerprint-
ing. However, the existing solutions are often limited to a specific setup and are hard to replicate in
other situations. Furthermore, channel state information consists of complex data, which hampers the
learning phase of machine learning techniques. This paper assesses the performances of unsupervised
data complexity reduction methods by considering different data collection scenarios with multiple
antenna elements at the anchor gateway. The study puts forward an evaluation method based on five
heuristic scores to guide the design of future fingerprinting solutions based on channel state informa-
tion. This has been extended to several spatial distributions of training locations, and we show that the
kernel entropy component analysis is more suitable for implementation than the principal component
analysis, the factor analysis, the independent component analysis and the kernel principal component

analysis.

1. Introduction

The internet is set to connect billions of devices support-
ing health monitoring, augmented reality or location-based
services (LBS) [1]. LBS is well supported by global naviga-
tion satellite systems (GNSS) outdoors. However, the reach
of satellite signals is very weak indoors. To mitigate this,
some companies have developed multi-technologies-based
systems to estimate the location of users and provide a con-
tinuous positioning service [2]. However, combining several
technologies increases costs and reduces energy efficiency,
two prerequisites of low-energy, low-cost communications
within the Internet of Things (IoT).

As a result, efforts were made to develop robust indoor
localization algorithms based on only one wireless and ubiq-
uitous network. Among the existing technologies, Wi-Fi is a
relevant option because of its ubiquitous deployment in of-
fices and domestic environments, and the recent 802.11ax
standard. This standard enables a very flexible Wi-Fi net-
work thanks to the orthogonal frequency division multiplex-
ing access (OFDMA) scheme [3]. Communications can be
modulated with a 2 to 160 MHz bandwidth related to the 2.4
and 5 GHz transmission frequency. In this way, a gateway
can allocate its resources efficiently according to different in-
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door applications such as low-energy communications, 4K
data streaming or video games. Combined with multiple-
inputs multiple-outputs (MIMO) technology, this standard
ensures the quality of data transmission as well as the cov-
erage of gateways.

The proliferation of OFDM-MIMO systems has
prompted industry experts and researchers to look for alter-
native signal information, such as channel state information
(CSI). CSI is collected at the physical layer of devices
and prevents multipath fading. Its robustness makes it
a promising solution for indoor localization, as one can
determine the location with a single anchor gateway. A first
approach is to use hyper-resolution techniques [4—7]. It is
mainly based on the direction of arrival (DoA) estimation of
multiple transmission paths from the signal source location.
One disadvantage of this approach is that the system must
know the location and the antenna geometry of the anchor
gateway. Furthermore, the estimation of all the DoAs is
time-consuming for the network, and energy-wasting for the
target devices.

These problems can be handled by the fingerprinting
approach introduced in RADAR with the received signal
strength (RSS) indicator [8]. It consists of correlating new
input with a database of measures collected from the area
of interest. However, RSS is very sensitive to multipath
fading and shadowing; it requires prior analysis to ensure
a target device is covered by multiple gateways [9]. An
option to tackle this is to use CSI in the fingerprinting
approach, as suggested in FIFS [10], CSI-MIMO [11] or in
deep learning-based solutions [12—19]. But the developed
solutions were studied in a unique experimental setup
that does not provide a clear performance assessment.
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Furthermore, the solutions do not highlight the learning
difficulties induced by the high dimensionality of CSI data.
Some studies looked at signal information complexity in
RSS-based fingerprinting [20, 21]. However, CSI-based
fingerprinting [22, 23] stills lacks research on data com-
plexity reduction (DCR).

This paper proposes a method based on multiple scores
to assess CSI-based fingerprinting solutions in single-
gateway indoor localization. It is assumed that the solution
is designed for low-energy and low-cost communication, i.e.
only the single gateway is composed of multiple antenna el-
ements. A first analysis covers the variations of locations
estimation performances in three data collection scenarios
and four single input multiple outputs (SIMO) configura-
tions. This analysis is extended to the assessment of unsu-
pervised DCR (UDCR) methods to improve accuracy. Af-
terwards, we define a multi-score evaluation. The goal is to
identify an appropriate solution whatever the data collection
scenarios and SIMO configurations. The analysis is applied
to different training mesh grids (TMG), i.e. different spa-
tial distributions of locations for the learning task. The use
case of the study is the assessment of the UDCR methods
designed to simplify the learning process of ML techniques.
The method then helps identify the best UDCR method for
CSI-fingerprinting in a single-gateway-based indoor local-
ization.

The major contributions of this work are:

e A systematic analysis of CSI-based fingerprinting ac-
cording to different data collection scenarios and mul-
tiple SIMO configurations of single anchor gateway.

e An evaluation method based on multiple scores for
quick recommendations when designing a new CSI-
based fingerprinting solution. This has been applied
to multiple UDCR methods and the analysis has been
extended to a variety of TMGs in the same area of in-
terest.

e The first application of KECA for CSI-based finger-
printing, a powerful algorithm that has already proven
its efficiency in image recognition [24] and data anal-
ysis [25].

The rest of the paper is organized as follows: Section 2
includes a short review of the state of the art. Section 3 out-
lines the CSI data collection procedure in the testbed. Vari-
ous data collection scenarios and configurations of gateway
antenna elements are also discussed. Section 4 states the
tested UDCR methods, the location estimation framework
and reviews some results from Section 3. Our multi-score
evaluation is defined in Section 5, and its applications dis-
cussed. Finally, we summarize the key findings and provide
guidelines for further work.

2. Related Works

In this section we review fingerprinting-based indoor
localization as well as the application of different methods

to reduce data complexity.

RSS-based Fingerprinting: Today a large number of
Wi-Fi based solutions use received signal strength (RSS),
which is extracted from the medium access control layer.
This indicator helps to assess the quality of signal transmis-
sions in the propagation medium; it has been widely used
to estimate the location of users. Multiple solutions have
emerged based on the multilateration approach [26-28], but
they depend on knowing the locations of the anchor gate-
ways. The fingerprinting approach however is used to col-
lect RSS data in the area of interest, a priori. The resulting
database is then split in two: one half is dedicated to train a
ML technique. The second half is used to test the efficiency
of the trained ML solution. This approach has first been ex-
plored in RADAR [8]. With a k-nearest neighbors (KNN)
classifier, the implemented system achieved a median accu-
racy of less than three meters on an area of 978.75 m? cov-
ered by three anchor gateways. This solution led to the devel-
opment of other ML techniques based on statistical learning
theory such as the Naive Bayes (NB) classifier with HORUS
[29] or the neural networks [30]. However, the use of RSS
indicators requires the area to be covered by three gateways;
the deployment must therefore minimize overlapping cover-
age [9]. Another drawback is the fact that multipath fading
and shadowing severely hinders the quality of RSS measure-
ments.

CSI-based Fingerprinting: In the near future, finger-
printing will be supported by the development of passive in-
door data collection, based on sensors embedded in smart-
phones [31-37]. It will have the benefit of reducing the
costs of data collection deployment or database updates. As
smartphones support OFDM-MIMO processing, it is an op-
portunity to combine the advantage of CSI data and finger-
printing. CSI is currently not provided by default by smart-
phones, so the experiment must include dedicated equipment
such a channel sounder [38] or a software-defined radio [39].
Another option is to modify an off-the-shelf Wi-Fi card, as
indicated by the Atheros CSI Extraction Tool [40] or Linux
802.11n CSI Tool [41]. However, the acquisition of data
depends on the standards’ protocols. In any case some CSI-
based fingerprinting systems have emerged to enhance the
performance of location estimation. For instance, the FIFS
method [10] reduced the median localization errors by 32%
compared to HORUS. CSI-MIMO [11] reduced the median
localization errors by 57% compared to the FIFS approach.
In these solutions, CSI has been processed to reduce data
complexity without a loss of relevant information.

Data Signal Complexity: High-dimensional data cre-
ates severe disturbances in the training of ML techniques.
For instance, a large number of gateways degrades the lo-
calization performances in RSS-based fingerprinting. P.-C.
Lin et al. [42] assessed the effect of principal component
analysis (PCA), independent component analysis (ICA),
and discrete cosine transform (DCT) on the weighted kNN
regression, to reduce the location estimation errors. The
tests showed that PCA outperforms ICA and DCT methods
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by reducing the data complexity from 15 dimensions to
3. J. Luo et al. [43] applied the kernel trick to PCA to
deliver better results, regardless of the spatial density of
the training locations. In CSlI-based fingerprinting, data
complexity stems from the configuration of OFDM-MIMO
communications. To handle this, Jinsong Li et al. [22]
applied the FOS algorithm associated with a neural net-
work regression. They achieved an accuracy error 65.5%
lower than HORUS. More recently, deep learning methods
have been implemented to perform location estimations
[12-18, 44, 45]. In a complex environment, E-Loc [19],
deployed for low-cost and low-energy communication,
reduced by 50% the median localization error compared
to RADAR with three gateways. However, the DCR and
deep learning solutions have been limited to studies in a
specific setup. Moreover, a scoring system is needed to
improve the reliability of CSI-based fingerprinting solutions.

In RSS-based fingerprinting, some new approaches have
been put forward to assess the selection of labels [46], the
performance of location estimations [20, 21, 42, 47] or
to determine the best parameters to optimize a Wi-Fi net-
work [48]. However, the lack of analysis tools in CSI-
based fingerprinting hinders the development of reliable so-
lutions. Our work builds on previous research by consid-
ering the data collection scenarios and the SIMO config-
urations where only the single gateway has multiple an-
tenna elements. By showing the difficulty to recommend
the best UDCR method, we generate results for all the meth-
ods across all possible setups. We then select the method
based on multiple scores that summarize the performances
in a specific TMG. To enhance the confidence of our results,
the method is extended to different TMGs. This guarantees
the robustness of our evaluation.

3. The Experiment

CSlI-based fingerprinting relies on a database composed
of signals collected in the targeted area. This section starts
by describing the CSI data in the frequency domain as well
as its final shape, based on data collection made with a ded-
icated measuring equipment. It then introduces the area be-
ing studied, including the distributions and number of train-
ing and testing locations, the gateway location and the differ-
ent data collection scenarios. The third part compiles some
preliminary studies about the experiment.

3.1. Channel State Information

The Wi-Fi IEEE 802.11 standards implement an OFDM
or OFDMA scheme on the physical layer to enhance the
communication of data in presence of multipath fading.
Specifically, a OFDM-based signal processing is based on
the fast Fourier transform (FFT). At the transmitter level, the
OFDM scheme transforms binary data into a set of complex
values. Then the scheme associates these complex values
with subcarriers in frequency domain. The spacing between
subcarriers is orthogonal to ensure a consistent bandwidth
of the propagation channel. Then, an inverse FFT converts
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Figure 1: Experiment area with locations of furniture.

the dataflow in time domain to make them workable for the
transmission. At the receiver level, a reverse procedure re-
stores the data from time to frequency domain. During the
data recovery, the system estimates the channel frequency
response (CFR) matrix. Let X be the Fourier transform of
the transmitted signal, Y be the receiver one and N be the
noise. The CFR matrix, H is then estimated as follows:

Y =HX +N: (1)

In addition to an OFDM scheme, Wi-Fi systems sup-
port MIMO technologies to improve data throughput. Then,
knowing R, S and T, which are, respectively, the number of
receiving antenna elements, the number of subcarriers and
the number of transmitting antenna elements, the element-
wise complex representation of H may be written as an ele-
ment of a 3D data tensor as follows:

Hrst = Hest el st )

wherer € [1;...;R];s € [1;...;S]land t € [1;...;T].
Here, the CFR estimation is performed by a channel sounder
[38], where the subcarriers frequency spacing is 122.07 kHz
in 250 MHz (i.e. 2048 subcarriers), and the central fre-
quency has been set to 5.2 GHz to ensure an interference-
free environment. The receiver is a half-wavelength spaced
linear antenna array of eight elements and the transmitter is
a half-wavelength spaced squared antenna array of four ele-
ments. The height and antenna orientations of both commu-
nicating systems cannot be changed during the data collec-
tion. This condition ensures that a location estimation can
only be disturbed by the data collection scenario, the envi-
ronment and the MIMO configurations.

3.2. Experiment Area and Testbed

The area is composed of five rooms, one internal corri-
dor and one external corridor as presented in Fig. 1. Mul-
tiple furniture such as chairs, metal cabinets and electronic
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