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Abstract

With the fast growing demand of location-based services indoor environments, indoor
positioning based on ngerprinting has attracted a lot of iterest due to its high accuracy. In
this thesis, we present a novel deep learning based indoogerprinting system using Channel
State Information (CSI), which is termed DeepFi. Based on tiee hypotheses on CSI, the
DeepFi system architecture includes an o -line training pase and an on-line localization
phase. In the o -line training phase, deep learning is utitied to train all the weights as
ngerprints. Moreover, a greedy learning algorithm is usetb train all the weights layer-by-
layer to reduce complexity. In the on-line localization phse, we use a probabilistic method
based on the radial basis function to obtain the estimated éation. Experimental results are
presented to con rm that DeepFi can e ectively reduce locabn error compared with three

existing methods in two representative indoor environmest
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Chapter 1

Introduction

1.1 Problem

With the proliferation of mobile devices, indoor localizabn has become an increasingly
important problem. Unlike outdoor localization, such as theGlobal Positioning System
(GPS), that has line-of-sight (LOS) transmission paths, idoor localization faces a challeng-
ing radio propagation environment, including multipath e ect, shadowing, fading and delay
distortion [1,2]. In addition to the high accuracy requirerent, an indoor positioning system
should also have a short estimation process time and low colexity for mobile devices.
To this end, ngerprinting-based indoor localization becmes an e ective method to satisfy
these requirements, where an enormous amount of measuretaeare essential to build a
database before real-time position estimation.

Fingerprinting localization usually consists of two basiphases: (i) the o -line phase,
which is also called the training phase, and (ii) the on-linphase, which is also called the
test phase [3]. The training phase is for database constrimm, when survey data related
to the position marks is collected and pre-processed. In tlmm-line phase, a mobile device
records real time data and tests it using the database. The geoutput is then used to
estimate the position of the mobile device, by searching dadraining point to nd the
most closely matched one as the target location. Besides Butearest estimation method,
an alternative matching algorithm is to identify several abse points each with a maximum
likelihood probability, and to calculate the estimated pogion as the weighted average of the
candidate positions.

In the o -line training stage, machine learning methods cabe used to train ngerprints

instead of storing all the received signal strength (RSS) tiea Such machine learning methods
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not only reduce the computational complexity, but also obtia the core features in the RSS for
better localization performance.K -nearest-neighbor, neural networks, and support vector
machine, as popular machine learning methods, have been kg for ngerprinting based
indoor localization. K -nearest-neighbor uses the weighted average Kf nearest locations
to determine an unknown location with the inverse of the Eumean distance between the
observed RSS measurement and ik&6 nearest training samples as weights [1]. A limitation
of K -nearest-neighbor is that it needs to store all the RSS traiimg values. Neural networks
utilizes the back-propagation algorithm to train weights,but it only considers one hidden
layer and needs label data as a supervised learning [4]. Sagpvector machine uses kernel
functions to solve the randomness and incompleteness of tR&S values, which has high
computing complexity [5].

Many existing indoor localization systems use RSS as ngeipts due to its simplicity
and low hardware requirements. For example, the Horus systamses a probabilistic method
for location estimation with RSS data [6]. Such RSS based nheids have two disadvantages.
First, RSS values usually have a high variability over timedr a xed location, due to the
multipath e ects in indoor environments. Such high variablity can introduce large location
error even for a stationary device. Second, RSS values ararse information, which does
not exploit the subcarriers in an orthogonal frequency-dision multiplexing (OFDM) for
richer multipath information. It is now possible to obtain dannel state information (CSI)
from some advanced WiFi network interface cards (NIC), whicban be used as ngerprints
to improve the performance of indoor localization [7, 8]. Fonstance, the FIFS scheme
uses the weighted average CSI values over multiple antenrtasmprove the performance of
RSS-based method [9]. In addition, the PinLoc system alsoaits CSI information, while

considering 1 1 m? spots for training data [10].



1.2 Approach

In this thesis, we propose a deep learning based ngerpring scheme to mitigate the sev-
eral limitations of existing machine learning based methed The deep learning based scheme
can fully explore the feature of wireless channel data andtalin the optimal weights as nger-
prints. It also incorporates a greedy learning algorithm teeduce computational complexity,
which has been successfully applied in image processing atmice recognition [11]. The
proposed scheme is based on CSI to obtain more ne-grainedommation about the wireless
channel than RSS based schemes. The proposed scheme is alscedt from the existing
CSI based schemes, in that it incorporates 90 magnitudes oSlvalues collected from three
antennas to train the weights of a deep network with deep leing. As a result, our method
does not require to sample a large number of positions.

In particular, we present DeepFi, a deep learning based indio ngerprinting scheme
using CSI [12]. We rst introduce the related work on indoor dcalization, which is di-
vided into three categories: Fingerprinting-based Localation, Ranging-based Localization
and AOA-based localization.We then introduce the backgrouhof CSI and present three
hypotheses on CSI. In addition, we present the DeepFi systemnchitecture, which includes
an o -line training phase and an on-line localization phaseln the training phase, CSI in-
formation for all the subcarriers from three antennas are tected from accessing the device
driver and are analyzed with a deep network with four hidderalyers. We propose to use the
weights in the deep network to represent ngerprints, and tancorporate a greedy learning
algorithm to reduce the training complexity. Moreover, a psudocode of training phase for
weights learning with multiply packets is provided to explan how to train weights based on
the greedy learning algorithm. In the on-line localizatiorphase, a probabilistic data fusion
method based on the radial basis function is developed forlme location estimation. The
pseudocode is presented for the online phase for locatiotireation with multiply packets,
where the number of packets is divided into two parts for actsrating the speed of the

matching algorithm of ngerprinting.



The proposed DeepFi scheme is validated with extensive exipgents in two repre-
sentative indoor environments, i.e., a living room enviranent and a computer laboratory
environment. DeepFi is shown to outperform several existyRSSI and CSI based schemes in
both experiments. We also examine the e ect of di erent Dedf parameters on localization
accuracy, the e ect of di erent environments on CSI properies with replaced obstacles and

human mobility, and the e ect of the size of spot on localizabn accuracy.

1.3 Layout

The remainder of this thesis is organized as follows. We rew the background and
recently proposed indoor localization schemes in Chapter\&here the related work are clas-
si ed into three categories. The CSI hypotheses and testbedhplementation are described
in Chapter 3. In Chapter 4, we present the proposed DeepFi $gm. Experimental results
are presented and analyzed in Chapter 5. Chapter 6 concludéss thesis with a discussion

of future work.



Chapter 2
Background

There has been a considerable literature on indoor localin [13]. Early indoor loca-
tion service systems include (i) Active Badge equipped mobd with infrared transmitters
and buildings with several infrared receivers [14], (i) th Bat system that has a matrix
of RF-ultrasound receivers deployed on the ceiling [15], @riii)) the Cricket system that
equipped buildings with combined RF/ultrasound beacons @l. All of these schemes achieve
high localization accuracy due to the dedicated infrastrigre. Recently, considerable ef-
forts are made on indoor localization systems based on newdhaare, with low cost, and
high accuracy. These recent work mainly fall into three cagmries: Fingerprinting-based,

Ranging-based and AOA-based, which are discussed in this pler.

2.1 Fingerprinting-based Localization

Fingerprinting-based Localization incorporates a traimg phase and a test phase to
identify the most matched ngerprint for location estimation [17,18]. As can be seen in
Fig. 2.1, the o ine training phase is focused on preliminarydata collection and processing.
A good collection method should carefully select the traing points: neither too few, which
reduces the localization accuracy, nor too many, which remes a larger amount of data
collecting work. Then the collected data along with their coesponding positions are sent
to the server, which will train the data before saving it in tke training database. Since most
of the raw data without training is chaotic and redundant, itis not an optimal choice for
ngerprints to be saved in the training database. Thereforesome localization algorithms

process the raw data and then save the ngerprints for the téephase.
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Figure 2.1: The ngerprinting based localization model.

In the online test phase, when the mobile user moves to an urdwn place, the nger-
prints corresponding to the current position are sent to theserver for localization. Since
the database reserves already known the ngerprints and thvecorresponding positions, the
position algorithm can estimate the current position via seking matched ngerprints in the
database. The location with the most matched ngerprints ismost likely to be near the
current position. The server nds the optimal current positon with a position algorithm,
and then sends the estimated location back to the mobile user

Recently, there have been quite some e orts on developingri@us training algorithms.
Di erent ngerprints are proposed to improve localizationaccuracy, including WiFi [6], FM
radio [19], RFID [20], acoustic [21], GSM [22], light [23],ral magnetism [24]. WiFi-based

ngerprinting is the dominant method because WiFi signal isubiquitously accessible in



most indoor environments. The rst work on WiFi ngerprinti ng is RADAR [3], which
builds ngerprints of RSSI using one or more access pointstivioverlapped coverage of the
area of interest. Instead of raw data set of RSSI, processeatal set including the standard
deviation and mean of the corresponding RSSI from each ackeint is acquired to describe
ngerprints. Therefore RADAR is considered as a deterministi method that uses the K-
nearest neighbor algorithm for position estimation.

Another RSSI based scheme is Horus [6], which incorporates alpabilistic technique
to improve localization accuracy, where the RSSI of an AP is rdeled as a random variable
over time and space. Fig. 2.2 shows the architecture of Horushose enhancements are
described as follows. Data collected from access points ist grouped in the clustering
module, which trains data in order to reduce computation inhe test phase. Then the
correlation module calculates the average of a batch of celated samples from collected
data in order to separate these points. In the online test pisa, the Discrete Space Estimator
seeks the training point that has the maximum probability tomatch the realtime test data.
The Continuous Space Estimator take advantage of the contiity of human movement to
further improve localization accuracy.

In addition to using RSSI as ngerprints, channel impulse rgponse of WiFi is considered
as a location-related and stable signature, which utilizeke signal characteristics of wireless
channel for localization. For example, FIFS [9] system exgts CSI information obtained
with the o -the-shelf Intel WiFi Link (IWL) 5300 Network Inte rface Card (NIC), which can
provide reliable ngerprints for location estimation. Fig 2.3 shows the FIFS architecture,
which is the combination of two parts: the ngerprint generdion block and the position
estimation block. The ngerprint generation block gathersCSI as ngerprints, which is
stored in the ngerprint database after some processing. Bm when estimating position in
the online test phase, the localization server searches fbe most matched position according

to the similarity between the stored and measured CSI values
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Figure 2.2: The architecture of the Horus system for RSSI babengerprinting localization.

Another CSI based system is PinLoc [10], which applies a magchilearning algorithm
to train CSI features of each spot. These CSI features are sdvas ngerprints, which
can be used to match mobile users to the closest spot. As Fig4 Zhows, during war
driving, mobile terminal collects abundant CSI measuremés for every spot. Then with
the clustering algorithm, the war driving data generates aefv key clusters per spot, which,

as well as their mean and variance, are used for training. Theaining results, which are
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Figure 2.4: The architecture of PinLoc system for ngerpriting localization with machine
learning.

reserved in the ngerprint database, are used to match onlenCSI measurements to estimate
position in the test phase. Although this technique achieves high localization precision,
it requires large amounts of calibration to build the databse via war driving, as well as

manually matching every spot with the corresponding ngerpnts.



An alternative approach to reducing the burden of war drivings crowdsourcing, where
the ngerprints traced by multiple users are shared and usedlhe two major steps of crowd-
sourcing are (i) estimation of users trajectories and (ii)anstruction of the database mapped
from ngerprints to users locations [25], where trajectods of human movement are estimated
through crowdsourced data collected during user movemeridue to the relationship between
users trajectories and ngerprints, the ngerprints colleted along with human movement
contribute to tracing users trajectories. Since crowdsoced data requires no prior known
conditions, there is no extra cost for users to trace their mement.

LiFS [26] is one of the crowdsourcing based localization sches, which utilizes users
trajectories to obtain ngerprints and then builds the mappng between the ngerprints and
the oor plan. Another crowdsourcing scheme Zee [27] utilisehe inertial sensors and par-
ticle Itering to estimate users walking trajectory, and to collect ngerprints with WiFi data
as crowd-sourced measurements in the calibration step. Fi§5 shows that there are mainly
two parts in the Zee system. In the rst part is Placement Indpendent Motion Estimator,
where the motion estimator exploits the mixed data collectefrom accelerometer, compass
and gyroscope to estimate step counts and moving orientatio The other part combines
WiFi scanner, for collecting time-indexed WiFi informatian, and augmented particle lter,
which computes the joint probability distribution of userstrajectories to perform localization.

On the other hand, one of the crowdsourcing applications igeking indoor contexts
by constructing users traces. For example, CrowdInside [28nd Walkie-Markie [29] are
proposed to detect the oorplan and build the pathway to obtén the crowdsouced users
ngerprints. Fig. 2.6 shows the Crowdinside system architdure, which consists of three
parts, a data collection module, the motion trace generatpiand the oorplan estimation
module. The data collection module gathers hybrid data al@ghwith human movement,
including accelerometer, gyroscope, RSSI of WiFi and GPShigh detects the transit from
outdoor to indoor. Then motion trace generator constructs ngcise user trajectories, which

has high accuracy because the trace is corrected by anchgrsignature based on collected

10
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Figure 2.5: The architecture of zee system based on crowdszmng localization.

hybrid data. At last the oorplan estimation module createsthe building layout, which
distinguishes rooms, corridors, and block areas with thegarithm that ags the layout with
di erent classi ed traces and no trace pass areas.

In addition, Jigsaw [30] and Travi-Navi [31] combine the visin and mobility embedded
in smartphones to build user trajectory. Fig. 2.7 shows thehtee functional parts of Travi-
Navi. The motion engine block combines the Inertial Measureent Units (IMU) such as
accelerometer, gyroscope, and compass to implement stegedgon, rotation sense and
image capture. Then with WiFi, IMU and images from the previas block, the trace packing
block creates users traces that are reversed in server. Thavigation engine block works in
the online phase when recommending route for users. Comhuineith users position that
is corrected by WiFi and IMU ngerprints, Travi-Navi provides suggested routes to the
destination based on detected shortcuts. Although crowdsating based localization does
not require large amounts of calibration, it obtains coarsgrained ngerprints, which thus

leading to low localization accuracy.
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\ 4

Figure 2.6: The architecture of CrowdInside system for Estiating oorplan.
2.2 Ranging-based Localization

Instead of manually constructing ngerprints, ranging-ba&ed localization leverages geo-
metrical models to determine the location of a mobile user lgomputing distances to at least
three APs. Such schemes are mainly classi ed into two cate@ges: power-based and time-
based. For power-based approaches, the prevalent log-diste path loss (LDPL) model [32]
is used to estimate the distances based on RSS, where somesueaments are utilized to

train the parameters of LDPL model.

12
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Figure 2.7: The architecture of Travi-Navi system for navig@on.

Figure 2.8: The ranging based localization model.

As show in Fig. 2.8, a simpli ed power-based localization sisn deploys APs with
known positions and overlapped coverages. The APs broadcdstacons to their nearby
mobile users who collect RSSI from the APs within range. Due tthe assumption that
the path loss when signal propagates in the indoor environmtefollows the LDPL model,
the distance between an AP and the mobile terminal can be estated using the RSSI.

When served by three or more APs, the mobile user collects RS8&m three links, which

13



provide three relative distances from the user to the APs. Wht known positions of APs
and corresponding relative distances, the users positioarcbe estimated with geometric
computations [33].

The LDPL model can be written as

PL = PL(dy)+10 log dﬂ : (2.1)
0

wherePL is the path loss measured B and P L(dp) is pass loss at reference distanck
which is 1 m in the indoor environment; is the path loss exponent, which is set to 2.6
experimentally.

Increasing attention is attracted on ranging-based localation for its desirable advantage
of easy deployment. Unlike ngerprinting based localizatio, ranging-based localization has
no requirement for pre-process of ngerprinting, which uslly requires enormous work. For
example, EZ [34] is a con guration-free localization schesnwithout any pre-deployment
e ort, which utilizes a genetic algorithm for solving RSS-&tance equations to locate mobile
devices.

Due to the e ects of multipath fading and shadowing in indoorenvironments, the path
loss usually does not strictly follow LDPL but requires moreonsideration of dynamic chan-
nel frequency response. Lim et al. use the LDPL model and theuhcated singular value
decomposition (SVD) model to build an RSS-distance map fordalization, which is respon-
sive to indoor environmental dynamics [32]

To avoid the instability of RSS due to indoor multipath propagation, CSl-based ranging
is used to improve indoor localization accuracy. For instae, FILA exploits CSI from the
PHY Layer to mitigate the multipath e ect in the time domain, and then trains the pa-
rameters of LDPL model to obtain the relationship between th e ective CSI and distance,
thus leading to an accurate localization system [35]. FILAamsists of three main blocks,

as shown in Fig. 2.9. The rst block deals with CSI processingvhich as a result produces
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Figure 2.9: The architecture of FILA system with CSl-basedanging localization.
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Figure 2.10: The architecture of acoustic-based peer assglocalization system.

e ective CSI values that are indicative of multipath and shaowing e ects. The second
block establishes the relationship between e ective CSI ke and distance by a supervised
learning based training algorithm which retrieve the envonment factor and the path loss

fading exponentn in the indoor environment. In the last block, distances beteen APs and
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the user are estimated based on the re ned propagation mogdeind then the mobile user's
location is obtained via trilateration.

On the other hand, acoustic-based ranging approaches aresiggmed for improving in-
door localization precision. H. Liu et al. propose a peer astd localization technique based
on smartphones to get accurate distance estimation amonggrsesmartphones from acoustic
ranging [36]. As shown in Fig. 2.10, the peer assisted locatibn requires two samples, one
is RSSI based on WiFi, which is used to estimate a coarse usecdtion, and the other is
acoustic signal from the peer stations which is used to estte the precise relative distance.
Then combining distances estimated from both RSSI and acdiecs a mapping algorithm
searches for the optimal position of user by minimizing theusn of RSS Euclidean distances,
which mitigates the error as two faraway points usually do rtashare a similar WiFi sig-
nal. a In addition, Centour [37] leverages a Bayesian framevk to jointly exploit WiFi
measurements and acoustic ranging for localization, wheti@o new acoustic techniques are
proposed for ranging in NLOS and locating a speaker-only deei based on estimating dis-
tance di erences. Guoguo [38] is an indoor localization dgsn based on smartphone, which
estimates a ne-grained time-of-arrival (TOA) by using beaon signals and implementing

NLOS identi cation.

2.3 AOA-based Localization

Indoor localization based on angle-of-arrival (AOA) utilies multiple antennas to esti-
mate the incoming angles and then uses geometric relationshto obtain the location of the
mobile user. This technique is not only with zero start-up i (i.e., it does not require rich
ngerprinting by training or crowdsourcing), but also with higher accuracy than other tech-
nigues such as RF ngerprinting or ranging-based systems.d- 2.11 illustrates the simplest
angle-of-arrival estimation algorithm, which utilizes tle di erence in the phases of arriving
signals to compute the corresponding di erential length iform of wavelength. It then esti-

mates the arrival angle based on a geometrical methodologyowever, since the real wireless
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Figure 2.11: The Angle-of-Arrival Algorithm presented in wirkess router with two antennas.

Figure 2.12: Direct path estimation with the MUSIC algorithm

signal is a ected by multiple paths, a practical angle-of-aival estimation algorithm, called
MUSIC [39], can be used to distinguish multiple arrival angke Fig. 2.12 shows an example
result of MUSIC, where each peak corresponds to the arrival gle of each of the multiple
paths. Since the direct path has the strongest energy if LOS available, the highest peak

indicates the angle of the direct path.
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Figure 2.13: lllustration to re ne location in CUPID with AOA- based localization.

The challenge of the MUSIC algorithm is how to improve the resation of the antenna
array. The recently proposed CUPID system [40] uses o -thdislf Atheros chipsets with
three antennas to obtain CSI for AOA estimation. It can achige a mean error about 20
degree based on MUSIC. The main idea of CUPID is shown in Fig. 3.1When the user
moves from positionA to B, the three sides of the triangle are measured. Speci call,
and Dy, are estimated by their corresponding signal strength with path loss model andP;;,
is estimated by the IMU with the dead reckoning method. Sincthe change of angle of the
direct path, which is computed fromD,, Dy and P,,, cause elimination of the interfering
angles estimated by MUSIC, the user position is nally compw@d via re ning its distance
and the real direct path. However, the main disadvantage of CUB, which leads to its poor
localization performance with MUSIC, is the low resolution fothe antennas array, which
contains only three antennas with the Atheros 9390 chipset.

For obtaining high localization accuracy, the ArrayTrack sgtem [41] implemented with
two WARP FPGA-based software de ned radios (SDR) utilizes a retangular array of 16
antennas to compute the AOA, and then uses spatial smoothing tsuppress the e ect of
multipath on AOA. Fig. 2.14 shows the architecture of ArrayTrak that consists of two parts,

the AP and the ArrayTrack server. The AP is able to detect packetgven with low density
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Figure 2.14: The architecture of the Arraytrack system impl@mented on antenna array.

and power signal due to the diversity synthesis algorithm, lwch enables quick switches be-
tween antenna pairs to enhance received signal strength. @re other hand, the ArrayTrack
server gathers AOA data from multiple antennas, which genates an accurate spectrum to
indicate signal power. Since the direct path is usually owwhelmed by multipath re ec-
tions, the spectrum is further re ned by a multipath suppresion algorithm by mitigating
the multipath e ect without changes on the direct path. Findly ArrayTrack employs maxi-
mum likelihood estimation for localization estimation though combining information from
several near APs each with a likelihood probability associd with the spectrum. However,
this ArrayTrack system requires a large number of antennasysh as 16 antennas), which is
impractical to apply with commodity mobile devices.

On the other hand, some systems, such as LTEye [42], Ubicard8][ Wi-Vi [44], and
Pinlt [45], use Synthetic Aperture Radar (SAR) to mimic an antena array to improve the
resolution of angles. In other words, the main idea of SAR is tase a moving antenna to

obtain signal snapshots as it moves along its trajectory, drthen to utilize these snapshots
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Figure 2.15: The circular SAR with rotating antenna.

to mimic a large antenna array with this trajectory. Fig. 2.5 illustrates a circular SAR,
which emulates a circular antenna array as the antenna rotas$ round a circle. Since both the
shapshots captured at the gray points in the circle trajecty and their accurate positions are
measured in SAR, SAR is able to apply antenna array equations smlve for the multipath
pro le. However, the existing limitation of SAR is that it requires extremely precise control
of the speed and its trajectory by employing a moving antennpglaced on an iRobot Create

robot.
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Chapter 3

Hypotheses and Testbed Implementation

3.1 Channel State Information

Thanks to the advanced NICs, such as Intel's IWL 5300, it is nowasier to conduct
channel state measurements than in the recent past when onasho detect hardware records
for physical layer (PHY) information. Now CSI can be retrievedrbm a laptop by accessing
the device drive. CSI records the channel variation expeneed during propagation. Trans-
mitted from a source, a wireless signal may experience abamt impairments caused by,
e.g., the multipath e ect, fading, shadowing, and delay disrtion. Without CSI, it is hard
to reveal the channel characteristics with only the signalgwer.

Let X and Y denote the transmitted and received signal vectors. We have

Y =CSI X+ N; (3.1)

where vectorN is the additive white Gaussian noise and CSI represents thaannel's fre-
guency response, which can be estimated frofhand Y.

The WiFi channel at the 2.4 GHz band can be considered as a namgand at fading
channel. The Intel WiFi Link 5300 NIC implements an OFDM systen with 48 subcarriers,
30 out of which can be read for CSI information via the devicerider. The channel frequency

response CSlof subcarrieri is a complex value, which is de ned by

CSI; = jCSljexpfj (\ CSI)ag: (3.2)
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wherejCSlij and\ CSI; are the amplitude response and the phase response of subeati,
respectively. In this thesis, the proposed DeepFi framewors based on these 30 subcarriers
(or, CSl values) in the OFDM system, which can reveal complely di erent properties than

RSSI.

3.2 Hypotheses

We next present three hypotheses about the CSI data, which eawvalidated with the

statistical results through our measurement study.

3.2.1 Hypotheses 1

CSl values are stable at a xed location but exhibit large vability at adjacent locations.

CSl values re ect channel properties in the frequency donmraand exhibit great stability
over time for the same location. Fig. 3.1 plots the CDF of thetandard deviations of
normalized CSI and RSS amplitudes for 150 sampled locationat each location, CSI and
RSS are measured from 50 received packets with the three amtas of Intel WiFi Link 5300
NIC. It can be seen that for CSI, 90% of the standard deviatiorsre blow 10% of the average
value; for RSS, however, 60% of the standard deviations arw 10% of the average value.
Therefore CSI is much more stable than RSSI. The stability &SI values is also invariant to
changes in the indoor environment. Our measurements lasta@nly period covering both o ce
hours and quiet hours. No obvious di erence in the stability bCSI for the same location is
found at di erent times. On the contrary, RSS values usuallyary greatly even at the same
position.

On the other hand, another characteristic of CSl is the appant variability at di erent
locations. Fig. 3.2 plots the subcarrier amplitudes for 504dtk-to-back packet receptions

from three adjacent positions, from which hardly any similatrend can be observed.
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Figure 3.1: CDF of the standard deviation of CSI and RSS amplides for 150 sampled
locations.
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Figure 3.2: Amplitudes of channel frequency responses of 58ckets measured at three
di erent locations.
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Figure 3.4: Amplitudes of channel frequency response meastiat the three antennas of the
Intel WiFi Link 5300 NIC (each is plotted in a di erent color) for 50 received packets.
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3.2.2 Hypotheses 2

The multipath e ect causes clusters of CSI values from the saloriers with respect to
the attenuation experienced by the subcarriers.

CSI values re ect channel frequency responses with abundamultipath components
and channel fading. The indoor environment can be viewed adime-varying channel, and
therefore CSI may change slightly over time. Our study of clmael frequency responses show
that there are several dominant clusters of subcarriers far xed location, while each cluster
consists of a subset of subcarriers with similar CSI valueBig. 3.3 presents the distribution
of number of clusters for 50 di erent locations. As shown in i 3.3, most of the locations
have two or three clusters. We also nd that some locations Isaonly one cluster, which
usually means that there is less re ection and di usion. Som other locations with ve or
six clusters may su er more from the multipath e ect.

To detect all possible numbers of clusters, we measure CSbrfr received packets for
a long period of time at each location. Since a lot of data areeaded to train the specic
characteristics in deep learning, more packet transmissi® will be helpful to reveal the
comprehensive properties at each spot. In our experiments)00 packets are recorded for

training at each location, more than the 60 packets used in FS.

3.2.3 Hypotheses 3

The three antennas of the Intel WiFi Link 5300 NIC have di eren CSlI features, which
can be exploited to improve the diversity of training samsle

Intel WiFi Link 5300 is equipped with three antennas. We nd hat the channel fre-
guency responses of the three antennas are highly di erergyen for the same packet re-
ception. In Fig. 3.4, signals from the three antennas exhibvery di erent properties. In
FIFS, CSI from the three antennas are simply accumulated torpduce an average value.
In contrast, DeepFi aims to utilize their variability to enhance the training process in deep

learning. The 30 subcarriers can be treated as 30 nodes an@digs input data of visible
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variability for deep learning training. With the three antennas, there are 90 nodes that can
be used as input data for deep learning training. The greatiycreased number of nodes for
input data can improve the diversity of training samples, lading to better performance of

localization if reasonable parameters are chosen.

3.3 Experiment Setup

3.3.1 Hardware Implementation

In our experiments, we employ Intel WiFi Link 5300 network iterface card (NIC) as
wireless receiver to record channel frequency response EJFUnlike other NICs which can
only obtain CFR in the form of RSSI, IWL 5300, which supportsiie 802.11n standard, allows
us to record channel state information (CSI) between the trasmitter and receiver. Equipped
with three antennas, IWL 5300 is able to o er signal strength and phases of the subcarriers
of a practical OFDM system. The CSI consists of 30 readableaymps of subcarriers, each
group is an OFDM subcarrier containing two orthogonal sigria in complex form. There
are two operation modes with di erent bandwidth for IWL 5300 One mode uses 20MHz
channels with 56 groups of subcarriers and the other mode as#0MHz channels with 114
groups of subcarriers. The 30 readable groups are evenlytidlgited within these 56 or 114
groups in either modes.

Fig. 3.6 illustrates the platform of IWL 5300, a portable mimnNIC with a 2.5 inch size.
In our system, the IWL 5300 is installed in a Dell laptop as shn in Fig. 3.5, which runs a
32-bit Ubuntu Linux Operating System (OS), version 10.04LT®f the Server Edition. This
Linux version has the 2.6.36 kernel, which is then modi ed bys in order to access to the
CSl records from the NIC. The modi ed kernel is derived from agleased modi ed rmware,
which is based on Intels close-source rmware and open-sogiiwlwi wireless driver. Thanks
to the modi ed rmware, we can now access the Intel debug mode which CSI values are

obtained and saved in the laptop. For each received packehdre is an integrated CSI data
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Figure 3.5: The DeepFi Architecture.

saved in a le, which will be used for data analysis at the hosterver when all packets have

been received.

3.3.2 System Con guration and Development

Since IWL 5300 has a limitation on the Intels close-sourcemware, we cannot directly
access to the NIC memory for CSI. However, thanks to an open-soe iwlwifi wireless
driver, we can enable the debug mode of IWL 5300, which allowse NIC to report CSI to
the main memory. Therefore, we install a new kernel based ohet modi ed iwlwi driver
on the Linux server OS. Running with the new kernel, the Ubuntus able to report CSI

through a C program and export CSI as a le. In the next step, te les of saved CSI are
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Figure 3.6: The Intel WiFi Link 5300 Network Interface Card.

uploaded to the server, which is another laptop in our expenent tesbed for data processing

as described in the follows.

3.3.3 Preparation

We install 32-bit Ubuntu Linux, version 10.04LTS of the ServeEdition on our laptop.
Since the modi ed kernel is only compatible to this speci ¢ inux version, other versions or
the Desktop Edition will cause failure when compiling the kael. After that, some packages
are needed in Ubuntu for ensuring compiling as described iny{@ode 1 from line 1 to 3. For
example,git core supports GitHub revision control,kernel packageis used to automate
the routine steps required to compile and install a custom keel, libnl devis a collection of
libraries for dealing with netlink sockets, andw is a new version of iwcon g which enables
the monitoring mode of wireless interfaces.

After preparing the OS, we then fork the custom kernel from Giub, which is an open-

source hosting service providing revision control and sam& code management. Apart from
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KeyCode 1: Prepare to Compile the Kernel

/linstall necessary packages;

sudo apt-get -y install git-core kernel-package fakerootuld-essential ncurses-dev;
sudo apt-get -y install libnl-dev libssl-dev;

sudo apt-get -y install iw;

/lfork code from GitHub;

git clone -b csitool-stable git://github.com/mars920314linux-80211n-csitool.git;

git clone git://github.com/mars920314/linux-80211n-cstool-supplementary.qgit;

git clone git://github.com/mars920314/hostap-07.qit;

o N O g A W N P

the custom kernel, some supplementary les including congation tools and data reading
scripts are also appended together. We download the latestamch from our account in
Git (https://git-scm.com/) as shown in KeyCode 1 from line 4 to 6. Three branches are
needed. Thdinux 8021t csitool includes custom kernel. Théinux 80211 csitool
supplementary includes custom rmware ofiwlwifi . The hostap 07 is one oflEEE 80211
device driver for Linux, which enables a WLAN card to executellafunctions of a wireless

AP and 07 stands for a stable version.

3.3.4 Installation

In this step, we rst con gure the kernel before compile it. $ce an optimized kernel
con guration is recommended in the branch, we can directlytilize it instead of the Ubuntu
default con guration under the root path. We change the curent directory to linux
80211 csitool, the le we have downloaded in the previous step, where the stomized
con guration, named .con g, is included. We then build the pocess and choose the feature
of kernel as described in KeyCode 2 (lines 2 and 3). After a lotighe of compiling, the next
step is to install the customized kernel (line 4 and 5). Then &vcreate a boot option, whose
name is tagged by CSI, and update GRUB, which provides boot magement (line 6 and 7).

Second, we install the Linuxkernel headers which is needed for reading CSI from IWL

5300. We then copylinux  headersat usr=include=to the root directory, :=usr=include=
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KeyCode 2: Install the Kernel

//lcon gure and compile the custom kernel,
cd linux-80211n-csitool;

make oldcon g;

make menucon g;

/linstall the kernel,

make -j3 bzimage modules;

sudo make install modulesnstall;

/lupdate GRUB;

sudo mkinitramfs -o /boot/initrd.img-"cat include/con g /kernel.release” "cat
include/con g/kernel.release’;

10 sudo update-grub;

© 0 N O O A W N P

KeyCode 3: Install the Linux Kernel-headers

1 /linstall the Linux kernel-headers;
2 make headersnstall;
3 sudo mkdir /usr/src/linux-headers- cat include/con g/k ernel.release’;
4 sudo cp -rf usr/include /usr/src/linux-headers-"cat
include/con g/kernel.release’/include;

as described in KeyCode 3 (line 2 and 3). After installation,eboot the Ubuntu and choose
the new kernel, whose name is CSI in our laptop.

Third, we have to install the custom rmware which is under tre directory linux
80211 csitool supplementary=firmware=. We replace the original rmware named
iwlwifi 5000 2:ucodewith the custom rmware namediwlwifi 5000 2:ucode:sigcomn2010
as described in KeyCode 4 (line 2). Considering for future fexence, we backup the orig-
inal rmware in advance. Then we compilehostapd which enables the Host AP mode
for IWL 5300. Since the custom con guration le for compilirg hostapd is at linux
80211 csitool supplementary=hostap config files=, we copy this con guration
le, named hostap dotconfig, to the compiling dictionary, hostap 07=hostapd and then
compile (line 3 to 5) it. The last step is to compile the tool tlat logs CSI in directory

linux 80211 csitool supplementary=netlink (line 6 and 7).
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KeyCode 4: Install the Custom Firmware

/linstall the custom rmware;

sudo cp /lib/ rmware/iwlwi -5000-2.ucode /lib/ rmware/  iwlwi -5000-2.ucode.orig;
sudo cp iwlwi -5000-2.ucode.sigcomm2010 /lib/ rmware/wlwi -5000-2.ucode;
//compile hostapd;

cd hostap-07/hostapd;

cp linux-80211n-csitool-supplementary/hostap-con g-4es/hostap-dotcon g .con g;
make;

/lcompile reading CSI tool,

cd linux-80211n-csitool-supplementary/netlink;

make;

© 0 N O U A W N P
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3.3.5 Execution

With the above steps, we have completed installing the reqeid platform for CSI col-
lection. In the next step, we report CSI from the IWL 5300 carsl between the laptop and
wireless router.

Before logging CSI, the laptop equipped with IWL 5300 need® tconnect to the AP,
i.e., the TP Link wireless router. There are some limitatios for setting up the router. First,
since CSl is based on the IEEE 802.11n standard, the wirelesede of router is con gured to
support IEEE 802.11n. Second, because we prefer to utilizeet20MHz channel bandwidth
mode of IWL 5300, the channel bandwidth of the router shouldso be con gured to 20MHz.
Third, since the custom rmware has limited bits for code, tkere is no enough bits for both the
beamforming software path, which is required to measure G&ind the encryption software
paths, which is required for WEP/NWPA/WPAZ2/etc. functions. We con gure the router
without encryption with security-free connections. The APS SSID is set toAuburn314 and
its IP address is 1921680:1.

First, the Ubuntu server associates to the router using the Is& command. Since we
have modi ed the NIC driver, we have to prevent some modulesdm being automatically
loaded by removing these modules, includinigviwifi , mac80211, andcfg80211. We then
reload the custom modulewlwifi that supports CSI reports as described in KeyCode 5

(line 1 and 2). Since IWL 5300 is denoted aslanl, we con gurewlanl to connect the AP
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KeyCode 5: Connect to Wireless Router

/Iremove and reload modules;

sudo rmmod iwlwi mac80211 cfg80211;
sudo modprobe iwlwi connectorlog=0x01;
/lconnect to wireless router;

Sudo iwcon g wlanl essid Auburn314;
Sudo dhclient wlani;

o g~ W N B

named Auburn314. We then request the server to automatically assign an I&ldress to
wlanl (line 3 and 4).

After connecting to the router, two di erent terminals are required for logging CSI. One
terminal runs the program that is used to report CSl, the otheterminal continuously Pings
the IP address of router. In the rst terminal tty 1, since the program for logging CSI has
been compiled in foldedinux 80211 csitool supplementary=netlink, we run the C
code namedog to_file and consequently export the CSI le as described in KeyCode(bne
1 and 2).

In the second terminaltty 2, since the laptop needs to receive packets from the router,
we utilize the Ping command to build sessions between the tap and router. Each time
the laptop receives a response from the router, the progralmg_to_file in tty 1 will process
the received packet as well as logging CSI. Since only one Gfaka is recorded for each
received packet, we need to continuously receive multipleagkets, to collect enough CSI
values for training and location estimation. For example, 00 packets are collected for each
training point and 100 packets are collected for each test p. In order to achieve successive
collection, we execute a customized Java program to replabe bash command (line 3). The
Java program creates a thread every 50 ms, each thread exesubne command, which Pings
the IP address of the router, i.e., 192.168.0.1/24. After racsive Pings, the CSI recorded
from all the packets will be written into a le, which can be read by a customized script for

processing.
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KeyCode 6: Log CSI

/llog CSI in tty1;

cd linux-80211n-csitool-supplementary/netlink;
sudo ./log_to_le CSl le;

//Ping the IP address of router in tty2;

Java jar pingjava.jar 192.168.0.1 1000;

a A W N B

3.4 Data Processing

3.4.1 Data format

After collecting the CSI data, we export the measured CSI repts from the mobile
device to the server for processing. The server here is a PGthuns MATLAB to process
the CSI data. First, since the original CSI report is in the famat of binary les, we utilize
the mex compiled C program in MATLAB to read the binary CSI data The unpacked
format of processing result i1 structs compacted in a cell. There ar@ correctly received
CSI packets corresponding to the equal structs, each of which contains antenna parameters
as well as raw CSI values. Then these parameters are utilizedcalculate normalized CSI
values, which are needed via corrected raw CSI values.

In each correctly received packet, not only the CSI value bulso antenna parameters

for receiving the packet are saved in the report. The data forat is described below.

Timestamp_low is the low 32 bits of the 1 MHz clock in NIC.

Bfee _count counts the number of packet received by the driver. If a packeés lost

between the kernel and user spacBfee _count can detect this error.

Nrx is the amount of occupied antennas when receiving packetshile Ntx is the

amount of antennas used to transmit packets.

Rssi is received signal strength indication of input receivingignal whose value is in

format of dB. The su x a, b and c stand for the values of correspnding antenna a,
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b and c. In addition, the received signal strength is got by gdsting this value by

automatic gain control value and a constant magni cation fator.

Noise is the thermal noise measured during reception in dB. Thers & fact that the
thermal noise might be unde ned when NIC works in the monitor rade. Therefore, if
the noise value is -127, which is an initial value without madatation, it is replaced by

a hard coding noise oor value, which is -92 as recommended.
AGC stands for automatic gain control value in dB.
P erm presents the order of three receive antenna.

Rate is the transmission bit rate including all occupied antenra Bit rate can be

modi ed as needed.

CSiI is the raw CSI values relative to a NIC internal reference. Itsia three dimension
matrix of Nx ~ N, 30, in which the third dimension with 30 values stand for 30

OFDM subcarriers.

3.4.2 CSI Figure

Instead of raw CSI values in packets, the normalized CSI vada represent the actually
received signal by removing the NIC internal reference. We @eess raw CSI value in MAT-
LAB by dividing it with a noise factor. The noise factor is derved from two parts, one is the
thermal noise, and the other is the quantization error whicls divided by N,y Ny entries.
We then divide the raw CSI by the noise factor to get unit of sgared SNR, which is the
normalized CSI value we need.

Fig. 3.7 plots the normalized CSI from three antennas for ormeceived packet. Due to
the complex form signals in OFDM, we calculate the amplitudef each subcarrier. In this
gure, the green line above the rest two lines stands for the & of antenna C, which has

the largest RSSI of 44 dB. The rest two antennas has relatiyelower RSSI, i.e., 38 dB for
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Figure 3.7: The CSI from the three antennas collected from emreceived packet.

antenna A and 37 dB for antenna B. Since this packet is reced/én an empty space, its
CSI represent a typical case of LOS reception, in which, as wrpect, there is no signi cant

frequency selective fading observed.
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Chapter 4

The DeepFi System

4.1 System Architecture

Fig. 3.5 shows the system architecture of DeepFi, which onigquires one access point
and one mobile device equipped with an Intel WiFi link 5300 NICAt the mobile device, raw
CSI values can be read from the modi ed chipset rmware for ieived packets. The Intel
WiFi link 5300 NIC has three antennas, each of which can colte€SI data from 30 di erent
subcarriers. We can thus obtain 90 raw CSI values for each pat reception. Unlike FIFS
that averages over multiple antennas to reduce the receiveise, our system uses all CSI
values from the three antennas for indoor ngerprint to expit diversity of the multiple-
input and multiple-output (MIMO) channel. Since it is hard to use the phases of CSI values
for localization, we only consider the amplitude responsésr ngerprinting. On the other
hand, since the input values should be limited in the range (Q) for e ective deep learning,
we normalize the amplitudes of the 90 CSI values for both theime and online phases.

In the oine training phase, DeepFi generates feature-base ngerprints, which are
greatly di erent from the traditional methods that are based on clustering. Feature-based
ngerprints utilize a large number of weights obtained by dep learning to denote di erent
locations, which e ectively describe the characteristicef CSI values for each location. The
feature-based ngerprints server can store the weights fali erent training locations. In the
online localization phase, the mobile device can estimats position based on data fusion,
which normalizes the magnitudes of CSI values using weight®m di erent positions to

obtain its estimated location.
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Figure 4.1: Weight training with deep learning.

4.2 Weight Training with Deep Learning

Fig. 4.1 illustrates how to train weights based on deep leany. There are three stages
in the procedure, including pre-training, unrolling, and ne-tuning [46]. In the pre-training
stage, it is a deep network with four hidden layers, where ayehidden layer consists of a

di erent number of neurons. In order to reduce the dimensioonf CSI data, we assume that
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the number of neurons in a higher hidden layer is more than than a lower hidden layer.
Let K1;K,; K3 and K, denote the number of neurons in the rst, second, third, andourth
hidden layer, respectively. It follows thatkK; > K , >K 3> K 4.

In addition, we propose a new approach to represent ngerpis by the weights between
two connected layers. De neWy; W,; W3 and W, as the weights between the normalized
magnitudes of CSI values and the rst hidden layer, the rst ad second hidden layer, the
second and third hidden layer, and the third and fourth hidde layer, respectively. The key
idea is that after training the weights in the deep network, w can store them as ngerprints
to help localization in the on-line test stage. Moreover, wee ne h; as the hidden variable at
layeri, fori =1;2;3;4, and letv denote the input data, i.e., the normalized CSI magnitudes.

We represent the deep network with a probabilistic generate model with four hidden

layers, which can be written as

Pr(v; h; h?; h3 h%)

= Pr( vjh!) Pr(h'jh?) Pr(h3jh®) Pr(h®; h%): (4.1)

Since the nodes in the deep network are mutually independer®r(vjh!), Pr(hjh?), and

Pr(h?jh®) can be represented by

S Q

3 Pr(viht) = %, Pr(vijh?)
Pr(hijh?) = QiK;l Pr(hijh?) (4.2)
Pr(h?jh3) = QiKgl Pr(h3jh3):
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In (4.2), Pr(v;jh), Pr(hijh?), and Pr(h?jh3®) are described by the sigmoid belief network in
the deep network, as

8
P
3 Pr(vih)=1= 1+exp( ¥ % wi'h)

P

Pr(hljhd) =1= 1+exp( b 2wl h?) (4.3)
P .

Pr(h3jh3) = 1= 1+exp( K S wlhd)

where?, bt and f are the biases for uniti of input data v, unit i of layer 1, and uniti of
layer 2, respectively. On the other hand, the joint distribtion Pr( h®; h*) can be expressed as
an Restricted Boltzmann Machine (RBM) with a bipartite undirected graphical model [47],

which is given by

Pr(h®; h') = Zlexp( E(h% h*)); (4.4)
where
X X
Z = exp( E(h3h%) (4.5)
h3 h4
X3 Xa X3 Xa
E(h%h%) = *h3 b'h? w,’ hiht: (4.6)
i=1 j=1 i=1 j=1

In fact, since it is dicult to nd the joint distribution Pr(  h%; h*), we use the contrastive

divergence (CD) algorithm to approximate it, which is giverby

8
2 pr(ndint) = O Pr(hfind)
S Q. 4.7)

Pr(h‘jh®) = =1 Pr(hjh®);
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where Prh3jh%), and Pr(h#jh®) are described by the sigmoid belief network, as

8
P
2 Pr(hdhf)=1= L+exp( B K4 WihY

> (4.8)

=]
Pr(h%jh®)=1= 1+exp( If hER)
Finally, the marginal distribution of input data for the deep belief network is given by

X X X X
Pr(v) = Pr(v; h'; h? h3; h*): (4.9)
hi h2 h3 h4
Due to the complex model structure with the large number of ngons and multiple
hidden layers in the deep belief network, it is di cult to obtain the weights using the given
input data with the maximum likelihood method. In DeepFi, weadopt a greedy learning
algorithm using a stack of RBMs to train the deep network in adyer-by-layer manner [47].
This greedy algorithm rst estimates the parametersf iP; b'; W1g of the rst layer RBM
to model the input data. Then the parametersf ’; W,g of the rst layer are frozen, and
we obtain the samples from the conditional probability Prig*jv) to train the second layer
RBM (i.e., to estimate the parameters bt; ?; W,(g), and so forth. Finally, we can obtain the
parametersf b*; b*; W,g of the fourth layer RBM with the above greedy learning algothm.
For the layer i RBM model, we use the CD with 1 step iteration (CD-1) method to
update weightsW;. We rst get h' based on the samples from the conditional probabil-
ity Pr( hijh' 1), and then obtain fil ! based on the samples from the conditional probabil-
ity Pr(h' jh'). Finally we obtain ' using the samples from the conditional probability
Pr(hijA" 1). Thus, we can update the parameters as follows.

8
E W, = W, + (hi 1hi ﬁi lﬁi)

EU':ti+ (h f (4.10)
T Hl=pg 1+ (hil f-\lil);
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Algorithm 7:  Training for Weight Learning

1 Input:  m packet receptions each with 90 CSI values for each of the training
locations;

Output: N groups of ngerprints each consisting of eight weight matces;

3 forj=1:N do

2

4

© 00 N o O

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

end

/Il pretraining;

fori=1:4do

initialize W' =0, B =0;

for k =1 : maxepochdo

fort=1: mdo

hO = v(t);

Compute Pr(h'jh! 1) based on the sigmoid with input h' 1:
Sampleh' from Pr(hijhl 1);

Compute Pr(h' 1jh') based on the sigmoid with input h';
Samplefi’ ! from Pr(h' 1jhi);

Compute Pr(hiji’ 1) based on the sigmoid with input i ;
Samplefi' from Pr(hijfii 1);

Wi = W; + (hl Ih fi 1ﬁi);

b=+ (h A

b l=p 1+ (hil A 1);

end

end

end

/lunrolling;

fori=1:4do

Compute Pr(h'jh! 1) based on the sigmoid with input h! 1
Sampleh' from Pr(hijhi 1);

end

Setfil = hi:

for i=4:1do

Compute Pr(fit 1ji") based on the sigmoid with input fi';
Samplefi' ! from Pr(f' Ljfii);

end

// ne-tuning;

Obtain the error between input data fi° and reconstructed datah®;
Update the eight weights using the error with back-propagaion;

where

is the step size. After the pre-training stage, we need to urltéhe deep network to

obtain the reconstruction datavtusing the input data with forward propagation. The error

between the input data and the reconstructed data can be used adjust all the weights in

di erent layers with the back-propagation algorithm. This procedure is called ne-tuning.
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By minimizing the error, we can obtain the optimal weights tarepresent ngerprints, which
are stored for indoor localization in the on-line stage.

The pseudocode for weight learning with multiply packets igiven in Algorithm 7. We
rst collect m packet receptions for each of thé&l training locations, each of which has 90
CSI values, as input data. Letv(t) be the input data from packett. The output of the
algorithm consists ofN groups of ngerpirnts, each of which has eight weight matres. In
fact, we need to train a deep network for each of thil training locations. The training
phase includes three steps: pretraining, unrolling and nr&ning. For pretraining, the deep
network with four hidden layers is trained with the greedy larning algorithm. The weight
matrix and bias of every layer are initialized rst, and are hen iteratively updated with
the CD-1 method for obtaining a near optimal weight, wheren packets are trained and
iteratively become output as input of the next hidden layerI(nes 4-21).

Once weight training is completed, the input data will be unolled to obtain the recon-
structed data. First, we use the input data to compute Pr@'jh' 1) based on the sigmoid
with input h' ! to obtain the coding output h*, which is a reduced dimension data (lines
23-26). Then, by computing Prfii %jfi’) based on the sigmoid with inputfi, we can sample
the reconstructed datafi®, where the weights of the deep network are only transposedivss
reducing the time complexity of weight learning (lines 2743. Once the reconstructed data
fi° if obtained, the unsupervised learning method for the deeptwork becomes a supervised
learning problem as in the ne-tuning phase. Thus, we compatthe error between the input
data v = h° and reconstructed datafi® to successively update the weight matrix with the

standard back-propagation algorithm (lines 33-34).

4.3 Location Estimation based on Data Fusion

After o -line training, we need to test it with positions that are di erent from those

used in the training stage. Because the probabilistic metds have better performance than
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deterministic ones, we use the probability model based on B=s' law, which is given by

o Pr(Li) Pr(viLi)

P = P e ) Pl

(4.11)

In (4.11), L; is reference location, Pr(L;jv) is the posteriori probability, Pr(L;) is the prior
probability that the mobile device is determined to be at refrence location, and N is the
number of reference locations. In addition, we assume that(®;) is uniformly distributed

in the setfl;2; ;Ng, and thus Pr(L;) = 1=N. It follows that

_Pr(viL) &

SN Pr(viL)
Pr(viLi) .
N Pr(viLi)

Pr(Lijv)

(4.12)

Based on the deep network model, we de ne RiL;) as the radial basis function (RBF)

in the form of a Gaussian function, which is formulated as

Pr(vjLi) = exp kv Ok ; (4.13)

where W is the reconstruction input data by using deep learning, is the variance of the
input data, is the coe cient of variation (CV) of the input data. In fact, w e use multiple
packets to estimate the location of a mobile device, thus imgving the indoor localization
accuracy. Forn packets, we need to compute the average value of RBF, whichgisen by
: 1 X kvi 0k
Pr(vjL;) = oo — (4.14)
where v; and ¥ are the input data and the reconstruction input data for thei packet,

respectively.
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Algorithm 8:  Online Location Estimation

1 Input: n packet receptions each with 90 CSI value$| groups of ngerprints each
with eight weight matrices and the known training location;

Output: estimated location(';
Compute the variance of CSI values ;
Group the n packets into a batches, each withb packets;
fori=1: N do
for j =1:ado
/lcompute the reconstructed CSI \7J with b packets;
Ui = Vi
/lwhere V; is the matrix with 90 rows and b columns;
for k=1:8 do
| % =1=+exp( ¥ W),
end q
dj = P bm:1 exp LP tggl (Vjtm \’)jtm)Z :
14 /lwhere V™ is the element at rowt and column m in matrix Vj, \’7]-”“ is the
element at rowt and column m in matrix O-;
15 end
16 PiZ%Pjazldj;
17 end
18 // Obtain the posterior probability for di erent locations ;
19 for i=1:N
20 ‘ Pri = b= ia:1 P;i;
21 end
22 I Colgnpute the estimated location;
23 CZ iN:1 PriL; ;

© 0o N o g b~ W N

e =
N P O

iy
w

Finally, the position of the mobile device can be estimatedsaa weighted average of all

the reference locations, which is given by

X
L= Pr(Lijv)L;: (4.15)

i=1

The pseudocode for online location estimation with multigl packets is presented in
Algorithm 8. The input to the algorithm consists ofn packet receptions, each of which has
90 CSI values, andN groups of ngerprints obtained in the o -line training phase, each
of which has eight weight matrices for each known training t@tions. First, we compute

the variance of the 90 CSI values from each packet. We also gpothe n packets into a
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batches, each withb packets, for accelerating the matching algorithm (lines 8). To obtain
the posterior probability for di erent locations, we need b compute the RBF as likelihood
function based on the reconstructed CSl values and input C84lues, where the reconstructed
CSl values are obtained by recursively unrolling the deep wweork using the input data with
forward propagation. For batchj, the reconstructed CSI value§>,- are obtained by iterating
the input data V;, based on the eight weight matrices (lines 10-12). Then the rsuof the
RBFs (i.e., the d;'s) is obtained by summing over the 90 CSI values and thepackets in
each batch (line 13). In addition, the expected RBF is competl by averaging over all the
n packets (line 16). Then, we compute the the posteriori probdity Pr; for every reference
location, thus obtaining the estimated position of the molke device as the weighted average

of all the reference locations (lines 19-23).
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Chapter 5

Experiment Validation
5.1 Experiment Methodology

Our experiment testbed is implemented with two major compants, the access point,
which is a TP Link router, and the mobile terminal, which is a @Il laptop equipped with
the IWL 5300 NIC. At the mobile device, the IWL 5300 NIC receivesvireless signals from
the access point, and then stores raw CSI values in the rmwar In order to read CSI values
from the NIC driver, we install the 32-bit Ubuntu Linux, version 10.04LTS of the Server
Edition on a Dell laptop and modify the kernel of the wirelesdriver. In the new kernel, raw
CSIl values can be transferred to the laptop and can be convenily read with a C program.

At the access point, the TL router is in charge of continuougltransmitting packets
to the mobile device. Since the router needs to respond to a bie device who requires
localization service, we use Ping to generate the requestdaresponse process between the
laptop and the router. Initially, the laptop Pings the router, and then the router returns a
packet to the laptop. In our experiment, we design a Java progm to implement continuous
Pings at a rate of 20 times per second. There are two reasonssilect this rate. First,
if we run Ping at a lower rate, no enough packets will be avallte to estimate a mobile
device position. The rate of 20 times per second is suitabler the online phase in DeepFi.
Second, if too many Pings are sent, there may not be enough &nfor the laptop to process
the received packets. Also, since we need to continuouslyisgite the device position, it
may cause bu er over ow and packet loss. In addition, after e IWL 5300 NIC receives a
packet, the raw CSI value will be recorded in the hardware inhe form of CSI per packet

reception. Since IWL 5300 NIC has three antennas, each of whican collect CSI data from
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30 di erent subcarriers, we can obtain 90 raw CSI values foraeh packet reception, which
are all used for ngerprinting or for estimating the device psition.

We experiment with DeepFi and examine both the training phasand the test phase.
During the training phase, CSI values collected at each lotan are utilized to learn features,
which are then stored as ngerprints. In the test phase, we ed to use online data to
match the closest spot with the similar feature stored in thdraining phase. In fact, a
major challenge in the feature matching is how to distinguiis each spot without overlap
or fuzziness. Although CSI features vary for di erent propagtion paths, two spots with a
shorter distance and a similar propagation path may have arsilar feature. We examine
the similarity of CSI feature along with spot interval in Setion ??, where more details are
discussed. If the training spots we select are too sparsejstpossible to cause fuzziness in
the test phase, resulting in low localization accuracy. Foexample, a measurement could
hardly match any training spot with high similarity, as it in fact has strong similarity with
many random spots. On the other hand, if we choose dense triaig spots, it will cost a lot
of e orts on pre-training data collection. Based on our expénents, the distance between
two spots is set to 50 cm, which can maintain the balance betese localization accuracy and
pre-process cost.

Since DeepFi fully explores all CSI features to search forahmost matched spot, each
packet is able to t its nearest training spot with high probability. Therefore, in our local-
ization system, only one access point is utilized to implemeDeepFi, which can achieve
similar precision as other methods such as Horus and FIFS witwo or more access points.
Although DeepFi has high accuracy with a single access poiittheeds more time and com-
putation in the o ine training phase in order to learn ne-gr ained features of the spots.
Fortunately, the pre-training process will be performed inthe o ine phase, while the online
test phase can estimate position quickly. We design a datallextion algorithm with two
parts. In the training phase, we continuously collect 500{3100 packets at each spot and the

measurement will lasts for 1 min. When collecting packets iaur experiment, the laptop
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Figure 5.1: Layout of the living room for training/test postions.

remains static on the oor, while all the test spots are at thesame height, which construct
a 2-dimensional platform. Then all the packets collected aach spot are used in DeepFi to
calculate the weights of the deep network, which are stored @ spot feature. In the test
phase, since we match for the closest position with weightewave saved in the database,
it is unnecessary to group a lot of packets for complex leang processing. We thus use 100
packets to estimate position, thus signi cantly reducing lhe operating complexity and cost.
We verify the performance of DeepFi in various scenarios ammbmpare the resulting
location errors in di erent environments with several benemark schemes. We nd that in
an open room where there are no obstacles around the centdre tperformance of indoor
localization is better than that in a complex environment wiere there are fewer LOS paths.
We present the experimental results from two typical indoofocalization environments, as

described in the following.

5.1.1 Living Room in a House

The living room we choose is almost empty, so that most of the easured locations
have LOS receptions. In this 4 7 n? room, the access point was placed on the oor,
and so do all the training and test points. As shown in Fig. 5.150 positions are chosen

uniformly scattered with half meter spacing in the room. Besuse only one access point is
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Figure 5.2: Layout of the laboratory for training/test postions.

utilized in our experiment, the access point is placed at onend (rather than the center)
of the room to avoid isotropy. We arbitrarily set 12 positios in two lines as test positions
and use the remaining positions for training (in Fig. 5.1: th training positions are marked
in red and the test positions are marked in green). For each gition, we collect CSI data
for nearly 500 packet receptions in 60 seconds. We choose apdeetwork with structure

K1 =300;K, =150;K3; =100, and K4 = 50 for the living room environment.

5.1.2 Computer Laboratory

The other test scenario is a computer laboratory in Broun Halh the campus of Auburn
University. There are many desks and PCs crowded in the 69 m? room, which block most
of the LOS paths and form a complex radio propagation enviroment. In this laboratory, 50
training positions and 30 test positions are selected, asastn in Fig. 5.2. The mobile device
will also be put at these locations on the oor, with LOS pathsblocked by the desks and
computers. To obtain integrated characteristics of the sudarriers, CSl information for 1000
packet receptions are collected at each location. We choaseleep network with structure

K1 =500; K, =300; K3 =150, and K4 = 50 for the laboratory environment.
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Table 5.1: Mean errors for the Living Room and and Laboratorfxperiments.

| Living Room | Laboratory
Method || Mean error | Std. dev.| Mean error | Std. dev.
(m) (m) (m) (m)
DeepFi || 0:9425 0:5630 1:8081 1:3432
FIFS 1:2436 0:5705 2:3304 1:0219
Horus 1:5449 0:7024 2:5996 1:4573
ML 2:1615 1:0416 2:8478 1:5545

5.1.3 Benchmarks

For comparison purpose, we implemented three existing meittis, including FIFS [9],
Horus [6], and Maximum Likelihood (ML) [48]. FIFS and Horus aréntroduced in Chapter 2.
In ML, the maximum likelihood probability is used for locaton estimation with RSS, where
only one candidate location is used for the estimation resulFor a fair comparison, these
schemes use the same measured dataset as in DeepFi to esentla¢ location of the mobile
device.

The performance metric for the comparison of localizationlgorithms is the mean sum
error E. Assume the estimated location of an unknown useris (Xi;¥) and the actual

position of the user is X;;y;). The error of distance estimation is computed as

X p

E= o B x)E® P 51

i=1

5.2 Localization Performance

We rst evaluate the performance of DeepFi under the two remsentative scenarios.
The mean and standard deviation of the location errors are gsented in Table 5.1. In
the living room experiment, the mean distance error is abou?.95 meter for DeepFi with
a single access point. In the computer laboratory scenariahere there exists abundant

multipath and shadowing e ect, the mean error is about 1.8 nters across 30 test points.
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Figure 5.3: CDF of localization errors in the living room exeriment.

DeepFi outperforms FIFS in both scenarios; the latter has a @an error of 1.2 meters in
the living room scenario and 2.3 meters in the laboratory scario. DeepFi achieves a 20%
improvement over FIFS, by exploiting the ne-grained propedies of CSI subcarriers from
the three antennas. Both CSI ngerprinting schemes, i.e., &pFi and FIFS, outperform the
two RSSI-based ngerprinting schemes, i.e., Horus and ML. Ehlatter two have errors of
2.6 and 2.8 meters, respectively, in the laboratory experant.

Fig. 5.3 presents the cumulative distribution function (CDF) of distance errors with the
four methods in the living room experiment. With DeepFi, abot 60% of the test points
have an error under 1 meter, while FIFS ensures that about 2586 the test points have an
error under 1 meter. In addition, most of the test points havelistance errors less than 1.5
meters in FIFS, which is similar to DeepFi. On the other handboth RSSI methods, i.e.,
Horus and ML, do not perform as well as the CSl-based schemeshefte are only 80% of the

points have an error under 2 meters.
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Figure 5.4. CDF of localization errors in the laboratory exgriment.

Fig. 5.4 plots the CDF of distance errors in the laboratory geriment. In this more
complex propagation environment, DeepFi can achieve a 1.7etars distance error for over
60% of the test points, which is the most accurate one amongetliour schemes. Because the
tables obstruct most LOS paths and magnify the multipath e et, the correlation between
signal strength and propagation distance is weak in this stario. The methods based on
propagation properties, i.e., FIFS, Horus, and ML all have dgaded performance than in
the living room scenario. In Fig. 5.4, it is noticed that 70% fothe test points have a 3 meters
distance error with FIFS and Horus. Unlike FIFS, DeepFi explts various CSI subcarriers.
It achieves higher accuracy even with just a single accessimio It performs well in this

NLOS environment.
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5.3 E ect of Di erent Parameters

5.3.1 Impact of Di erent Antennas

In order to evaluate the e ect of di erent antennas on DeepFperformance, we consider
two di erent versions of DeepFi: (i) DeepFi with 90 CSI value from the three antennas as
input data in both phases (3-antenna DeepFi); (ii) DeepFi vih only the 30 CSI values from
one of the three antennas in the training phase and estimatinthe position using 30 CSI
values from the same antenna in the test phase (single antenBeepFi). In addition, we set
all the other parameters the same as that in the computer lalb@tory experiments.

In Fig. 5.5, we compare these two schemes for di erent anteas in the training and
test phases. According to the CDFs of estimation errors for érent antennas, it shows that
more than 60% of the test points in the scheme with DeepFi ugir@0 CSI values from the
three antennas have an estimated error under 1.5 meter, whithe other schemes using 30
CSI values from a single antenna have an estimated error umde5 meters for fewer than
40% of the test points. In fact, the single antenna scheme htéi® mean distance error around
2.12 meters for di erent antennas, while the combined threantenna scheme has reduced
the mean distance error to about 1.84 meters. Thus, the schemwith 90 CSI values achieves
better localization accuracy than that with 30 CSI values fsm a single antenna, because the
more environment property of every sampling spot is explad for location estimation in the
test phase as the amount of CSI values increases from 30 CSluea to 90 CSI values.

Even though the 3-antennas DeepFi scheme achieves a loweamerror, it takes more
time for processing the 90 CSI values as input data for eachghat. We evaluate the average
processing time to estimate the device position in the testhpase using 100 received packets.
The processing time is measured as the CPU occupation time foe Matlab program running
on a laptop. In Fig. 5.6, we can see that the single antenna sthes take 2.3 seconds on
average to estimate the device position, while the 3-antearscheme takes around 2.5 seconds

for processing the 100 packets with 90 CSI values per packstiaput data to estimate the
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Figure 5.5: CDF of estimated errors for di erent antennas.

location. The di erence is small, although the latter procsses three times input data than
that in the single antenna scheme. Although the 3-antenna DgEi takes about 10 percent
extra processing time, it can achieve a 15 percent improventén localization precision. The
latter is generally more important for indoor localization Considering the tradeo between

localization precision and time consumption, we select ti&antenna approach for DeepFi.

5.3.2 Impact of the Number of Packets

In order to study the impact of the number of test packets, we &sign a speci c exper-
iment by utilizing di erent numbers of packets to evaluate heir e ect on both localization
accuracy and execution time. In DeepFi, the laptop requespackets from the wireless router
every 50 ms, i.e., at a rate of 20 packets per second. In additi we assume that a user
randomly moves with the speed of about 1 meter per second, thstays in a 1 meter square
spot for 1 second, moves again, and so forth. Thus 20 packety gecond are received for

each test location.
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Figure 5.6: The average execution time for di erent antenra

Fig. 5.7 shows the expectation and the standard deviation ddcalization error of 90
independent experiments. As the number of test packets is reased, the mean localization
error tends to decrease. For example, the mean estimated dbzation error is about 1.83
meter for the case of 300 packets, which is better than the errof 1.93 meter for 5 packets.
This is because a large number of test packets provide a sttdstimated localization, thus
mitigating the in uence of environment noise on CSI values.Another trend is that the
standard deviation of localization error will decrease a$é number of packets is increased
due to the fact that as more samples are available, the standbdeviation of samples will be
decreased.

In the case of using 5 packets, although it takes less than 18econds for collecting
them, DeepFi can still achieve a good performance of localion. Apart from reducing the
collecting time, our DeepFi system with 5 packets also simpm@s the process of averaging
packets in the test phase, thus signi cantly reducing the eecution time for the online phase.

We compare the average running time of position estimatiom ithe test phase based on
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Figure 5.7: The expectation and the standard deviation of Bsation error for di erent
number of packets.

recording CPU occupation time for di erent packets under 90ndependent experiments. In
Fig. 5.8, it can be seen that as the number of packets is incesal, the execution time also
increases quickly. This is because our DeepFi system estigsathe error of every location by
averaging errors of all packets. For instance, the executidime with 300 packets is around
4.2 seconds, which is about 2.5 times of that with 5 packetshiaut 1.7 seconds). Therefore,
even though more packets contributes to slightly improvinghe localization precision, we

prefer to reduce the number of packets for saving collectiragd processing time.

5.3.3 Impact of the Number of Packets per Batch

Since deep learning utilizes packets in the test phase, how to preprocess these packets
is important for DeepFi to reduce the computation complexit Before the test phase, packets
are divided into several batches, each of which contains ansa number of packets. Because

packets are processed in parallel in batches, we can sigaintly shorten the processing time
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Figure 5.8: The average execution time of position estimat for di erent number of packets.

when dealing with a large amount of packets. Here we analyzeetiimpact of the number
of packets per batch. We set 1, 3, 5 and 10 packets per batch tbe test phase with 100
collected packets in the experiment. We examine two main ecés: the test execution time
and the localization error.

Fig. 5.9 shows that as the number of packets per batch is inased, the average exe-
cution time decreases quickly. If we group 10 packets per loht 2.3 seconds are needed for
processing 100 packets in the test phase. However, if we daseethe number of packets to 1
packet per batch, which means processing in serial insteafio parallel, it costs 3.5 seconds
to process the same set of packets. Thus, by dividing packet$o batches, the computation
time can be e ectively reduced. On the other hand, Fig. 5.10otnpares the localization
error in the test phase with di erent numbers of packets per &tch. As expected, the four
experiments maintain approximately the same mean and staadd deviation of error due to

the fact that the parallel processing based on batches onlyexages the errors of 100 packets.
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Figure 5.9: The average running time of position estimatiofor di erent number of packets
per batch.

Therefore, DeepFi uses 10 packets per batch to reduce the @xeon time without reducing

localization accuracy.

5.4 Impact of Varying Propagation Environment

Since the CFR changes as the indoor propagation environmerdries, we examine the
e ect of varying propagation environment on CSI propertieghrough two speci ¢ aspects:
replaced obstacles in the room and human mobility. First, lmause the relative distance
between the transmitter and the obstacle can a ect the stregth and direction of re ection
of wireless signal, we consider the impact of replaced obdts at di erent relative distances.
In the experiment, We place a laptop and a wireless router aivb xed positions, and then
add obstacles at di erent distances to the router, i.e., at Ineter, 2 meters, and 3 meters

locations. Then, we calculate and plot the CDF of the correteon coe cient of (i) the 90 CSI
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values under this cluttered environment and (ii) the 90 CSl alues under the obstacle-free
environment.

In Fig. 5.11, we can see that as the distance between the olid&aand the wireless router
is increased, the correlation between the two groups of 90 IG&lues becomes stronger, which
means that the obstacle has less impact on wireless signartsmission when it is farther
away. This is due to the fact that when the obstacle is farthefrom the transmitter, there
is lower possibility that it distorts strong signals such aghe LOS signal that the laptop
receives. In addition, more than 80% of the test points have@rrelation coe cient greater
than 0.8 when the obstacle is 3 meters away from the wirelessuter. The high correlation
suggests that the obstacle placed more than 3 meter has norsigant impact on the 90 CSI
values the laptop receives. On the other hand, when the obsta is very close to the router,
the 90 CSI values will slightly change. It leads to a smallerocrelation coe cient, which

a ects the precision of indoor localization in the test phas based on such CSI properties.
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Figure 5.11: CDF of correlation coe cient between 90 CSI vales under this environment
with obstacles and 90 CSI values under that without obstacie

Therefore, when the obstacle arbitrarily moves in the roonits impact on CSI properties is
acceptable, and high localization precision can still be lieved with DeepFi.

In addition to static obstacles, human mobility is another poblem we need to consider
in practical localization. The experiment of human mobiliy consists of two scenarios: a user
randomly moves (i) near the LOS path, and (ii) near the NLOS pdt. To demonstrate the
e ect of human interference on indoor localization, we alsplot the CDF of the correlation
coe cients between (i) the 90 CSI values when a user moves nghe LOS path and (ii) the
90 CSI values when a user moves near the NLOS path.

We then present the human mobility experiment results in Fig5.12. It can be seen
that there are only fewer than 20% of the test points with a coelation coe cient under
0.7, if a user moves near the LOS path. On the other hand, whenuaer moves apart from
the LOS path, approximately 20% of the test points has a coraion coe cient under 0.8.
As we can see, the correlation of the two groups of 90 CSI valués user moves around

the LOS path is weaker than that if a user moves around the reated path, which is about
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Figure 5.12: CDF of the correlation coe cients between 90 AS/alues when a user moves
around and 90 CSI values without human mobility.

2 meter away from the wireless router. In fact, due to the staliy of CSI values and high
correlation coe cients for the above two scenarios, the pierty of the 90 CSI values will
not be signi cantly a ected by human mobility. Therefore, DeepFi can still achieve high

localization accuracy even in a busy environment.

5.5 Impact of the Size of Spot

With DeepFi, a mobile device in the test phase uses 90 CSI vahiit receives to search
for the most similar training point. Thus, a reasonable loda&ation scheme requires that
each training point possesses unique property of the 90 CSlwes. Otherwise, if most of
the points have similar CSI properties, it would be di cult to separate the matched point
and unmatched ones. As a result, these unmatched points, wihicandomly scatter in the
coverage space, lead to reduce localization accuracy. Téfere, in order to design a suitable

size of spot in our DeepFi system, we study the correlation e@ient of the 90 CSI values
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between two neighboring points as their interval distancesiincreased. Our experiment
records many pairs of points with di erent distances, inclding 15 cm, 30 cm, 60 cm, and
120 cm. In order to mitigate the e ect of the direction of the puter on the correlation

coe cient of the 90 CSI values between two points, we equallplace the laptop at four

directions facing north, south, west and east.

In Fig. 5.13, it shows that as the size of spot is increased,dlcorrelation coe cient of
the 90 CSI values between two points becomes weaker. In othesrds, their CSI properties
have less similarity due to the larger size of spots. In fachs we can see, some points, even
the ones with a shorter space, have low or negative corretati coe cients. This is because
the CFR will change as a user moves over space, as some muthpeomponents may be
blocked at near points and thus some of clusters in receive@&lCvalues may be lost. If the
CSI values cannot match the corresponding clusters, the celation will obviously become
low.

On the other hand, in Fig. 5.13, the performance is acceptabbased on the correlation
coe cient for a small spot interval with 30 cm, which means ttat most test points can match
the training points within the 30 cm range. We thus set the si of the spot for training
points at around 50 cm so that the test point has about 50 P 2=2 = 35 c¢m distance to the
center of the corresponding training point in the spot in thevorst case. Otherwise, a larger
size of spot fails to match high similar points because of tlsearcity of matched points, while

a smaller size of spot requires redundant pre-training wark
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Chapter 6

Conclusions and Future Work

6.1 Summary

We investigated e ective indoor localization in this thess. We rst reviewed related
work on indoor localization by classifying the related worlnto three categories, including
ngerprinting-based, ranging-based, and AOA-based, and sttuss each category in detail.
We then presented DeepFi, a deep learning based indoor ngenting scheme that uses
CSI information. In DeepFi, CSI information for all the subarriers from three antennas
are collected from accessing the device driver and analyzedh a deep network with four
hidden layers. Based on three hypotheses on CSI, we proposedise the weights in the
deep network to represent ngerprints, and incorporated argedy learning algorithm to train
all the weights layer-by-layer to reduce complexity. In adition, a probabilistic data fusion
method based on the radial basis function was developed fatioe location estimation. The
proposed DeepFi scheme was validated in two representatimeloor environments, and was
found to outperform several existing RSSI and CSI based sahes in both experiments. We
also examined the e ect of di erent parameters including derent antennas, the number of
packets, and the number of packets per batch on the DeepFi pemmance. Finally, we exper-
imented with DeepFi under varying propagation environmers, such as obstacles placed at
various locations and human mobility, and found that DeepFtan achieve good performance

under both scenarios.
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6.2 Future Work

Even though DeepFi can provide high accuracy for indoor lokzation, there are still
rooms for improvement. In the future, we plan to consider théollowing three aspects for
performance enhancement.

In this thesis, we train deep network using integrated CSIncluding absolute values
and angles, but have not fully utilized the phase informatio of the CSI data yet. Phase
information can provide at least two applications. First, vinen the antenna elements are
placed at half of wavelength intervals, the phase di erencleetween two antennas implicitly
indicate the information of signal's AOA. Second, since theO3sub-carriers contain 30 pieces
of phase information at di erent frequency, we can utilizehis diversity for training to achieve
better accuracy.

With ngerprinting based localization, we have to create a bige ngerprint database in
the o ine phase, where each data unit consists of the CSI andhe corresponding position.
Abundant collections are required to prevent under tting. h the future work, we plan to
apply semi-supervised learning in DeepFi, which makes uskumlabeled data for training.
Instead of labeling all the CSI with exact position, most of dta can only have the nearest
position, which can be helpful for feature learning. Sincenlabeled data can be collected
when mobile users randomly move around, semi-supervisedrt@ng can signi cantly reduce
the CSI collecting e ort in the o ine phase.

Another e ective method is online machine learning, which wplan to adopt in DeepFi
in the future to reduce the ngerprinting e ort. Unlike batch learning, which goes through
the entire training dataset and updates only once, onlinedening updates the mapping when
processing every new data point. Therefore, instead of colafing the training network with
the entire dataset in one shot at the beginning, we can updatee mapping when we collect
new data by any mobile user who walks in the room. In order to pdict position from which

we have not collected data, we can utilize regression to ma&eprediction. Therefore, by
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updating mapping training during walking, we don't need to ollect the entire dataset before

providing the localization service.
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