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Abstract

In recent years, more capabilities and applications have been added to existing wireless
communication systems due to the rapid development of the Internet of Things(IoT) [1-8].
WiFi and RFID exhibits tremendous potential in this industry due to their prevalence and low-
cost. Among the applications, indoor localization has been a popular field of research over the
years, since it plays a vital role in resolving position-related challenges such as gesture recog-
nition and human pose estimation. In the meantime, with the advancement of deep learning,
researchers are attempting to integrate deep networks into indoor localization systems to take
advantage of their superior ability to solve classification and regression problems. On the other
hand, the fingerprint method emerges with its convenience and effectiveness, which transfers
the localization problem into a feature matching to estimate the location of the signal. Thus,
deep learning technique is a great complement to fingerprinting-based indoor localization sys-
tems. However, numerous intrinsic difficulties of fingerprinting-based localization systems re-
main unresolved even though the performance of indoor localization systems keeps improving
with the iteration of deep networks. First, the distance between the stored fingerprints deter-
mines the minimum error of the fingerprinting-based localization system. To guarantee the
lower-bound of the localization accuracy, as many fingerprints as possible have to be collected,
which is laborious and time-consuming. Second, fingerprints are discrete signal space samples.
As aresult of the elimination of ambiguity between fingerprints, deep neural networks may pro-
duce counterintuitive location estimations, contrary to our expectations. To address such issues,
the Deep Gaussian Process(DGP) is leveraged in this dissertation to generate a detailed radio
signal map using a limited number of fingerprints. Then, the uncertainty information from DGP
is adopted to train an LSTM model for enhancing the localization estimation by using the signal
sequence. Furthermore, a novel network input, the hologram tensor, is employed for reserving
the ambiguity between the fingerprints. In the last section, the threat of the adversarial attack

to the fingerprints is investigated to promote the robustness of the localization system.
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Chapter 1

Introduction

1.1 Background and Motivation

The growing use of Internet of Things (IoT) devices has heightened interest in indoor location-
based services. Relying on the progress of radio frequency communication systems [10-14],
an increasing number of emerging indoor localization systems adopt radio frequency(RF) sig-
nals, such as WiFi, RFID, and Bluetooth, as the observation for indoor localization. Among
the localization techniques, the fingerprinting method exhibits great performance with its con-
venience and effectiveness. The localization problem is recast as a feature matching problem.
The unknown location may be deduced intuitively once the signal feature matched with a fea-
ture stored in the fingerprint database. Thus, deep learning techniques join the field of indoor
localization with its outstanding performance in feature extraction and classification. However,
the several intrinsic issues related to the fingerprinting method are not alleviated by the intro-
duction of deep learning. First, high-accuracy fingerprinting-based localization relies on the
density of fingerprints. A wardriving would be essential to the fingerprint collection, which is
time-consuming and laborious. Second, the fingerprints, particularly those formed with angle
of arrival, lack interpretability. The ambiguity between fingerprints could not be reserved dur-
ing the generation of fingerprints. As a result, the transferability of the fingerprinting-based
localization system is hampered. Furthermore, to increase localization accuracy, fingerprinting
algorithms often focus on two angles: fingerprint and matching. Hence, position estimation
wastes peripheral information such as indoor layout and trajectory history. Finally, because
fingerprints are discrete signal samples from the signal space, most deep learning localization

models ignore signal uncertainty, which should have been beneficial in resolving fingerprint



updating concerns. In my dissertation, I would focus on these four aspects in order to improve
the current fingerprinting-based indoor localization systems. Because the fingerprint method
is strongly coupled with deep learning techniques in this dissertation, the threat of adversarial

assaults on the deep learning-based localization system is also investigated.

1.2 Summary of Contributions

1.2.1 DeepMap: Indoor radio map construction and localization with deep Gaussian pro-

CESSES

DeepMap is a fingerprinting-based indoor localization system. Received signal strengths are
leveraged as fingerprints to estimate the indoor location. To decrease the dependence to dense
fingerprints and improve the distance resolution, a Deep Gaussian Process(DGP) is utilized
to generate the radio signal maps. The system is prototyped with the COTS WiFi devices
and evaluated in Auburn University Broun Hall. The experimental results demonstrate that a

detailed radio signal map can be established with a limited number of fingerprints successfully.

1.2.2  MapLoc: LSTM-based Indoor Location Estimation using Confidence Interval Maps

As a follow-up project of DeepMap,the DGP model in the MapLoc recovered the received
signal strengths of WiFi and the magnetic field strength and the corresponding uncertainty in-
formation. The collected fingerprints are augmented by sampling the distribution described
with the uncertainties. Thus, the signal reliability is learnt by the deep networks with fluctu-
ating signal measurements. To boost the localization accuracy, the trajectory information is
considered in the MapLoc. We use the physical constraints of the indoor environment and
the motion model to build the trajectory dataset. A LSTM model is trained to replace the tra-
ditional matching algorithm. With extensive experiments, a centimeter-level localization has

been demonstrated in MapLoc.



1.2.3  MulTLoc: A Framework for Multiple RFID Tag localization Using RF Hologram Ten-

sors with Deep Neural Networks

All previous systems rely on received signal strengths as measurements for indoor localiza-
tion, whereas MulTLoc utilizes phase information collected from RFID systems to complete
centimeter-level localization. Compared with received signal strengths, phase information is
sensitive to the distance change between the receiver and transmitter. Thus, the received phase
values are usually noisy, including the offsets resulting from the multipath and phase wrap-
ping effects. To eliminate the offset and optimize the transferability of the localization system,
the RF hologram tensors are innovatively used as the fingerprints to estimate the target loca-
tion. Two representative deep networks are deployed in the proposed system to sanitize the
noisy hologram tensor for location prediction. In MulTLoc, we treat the location estimation
as a regression task, while the traditional fingerprint-based systems would solve the localiza-
tion estimation as a classification task. Thus, the interpretability of the system is enhanced

significantly.

1.2.4 AdvLoc: Adversarial Deep Learning for Indoor Localization

In the previous projects, the localization performance took advantage of improving with the
progress of the deep networks. However, some counter-intuitive properties of deep networks
have been exposed recently, which make networks vulnerable to adversarial attacks. In Ad-
vLoc, the effects of six types of common adversarial attacks are analyzed in both white-box
attack and black-box attack scenarios. The extensive experimental study exposed the threat of
adversarial attacks to indoor localization systems. Furthermore, adversarial training is lever-
aged in AdvLoc to defend against first-order adversarial attacks and promote the robustness of

localization systems.



Chapter 2

DeepMap: Indoor radio map construction and localization with deep Gaussian processes

2.1 Introduction

Location-based service has collect significant attraction [15-19] due to the popularity of mo-
bile devices and wireless networks. However, the accurate location estimation for mobile de-
vices using radio frequency(RF) signals is still a challenging problem because the radio signal
propagate in indoor environments unpredictably (e.g. the multipath degrades the localization
precision of lots of indoor localization systems [20-23]). To address the accuracy degradation
resulted from the complex signal propagation, the fingerprinting-based localization approach
has been one of the hot topics. The basic idea about the fingerprinting-based localization ap-
proach consists of an offline stage and an online stage. Fingerprints are collected and stored
in the offline stage. They consist of exhaustive records for the surveillance area. In the on-
line stage, the location estimation is obtained by comparing the newly collected records to the
predefined fingerprints [24].

Owing to the low hardware requirement and the ubiquitousness, the received signal strength
(RSS) of WiFi signals is leveraged as fingerprints in many proposed localization systems.
It 1s in Radar that the RSS is utilized as fingerprints for the first time [25]. Moreover, Ho-
rus [26] leverages a probabilistic method to enhance the localization accuracy of a RSS based
fingerprinting system. After that, the channel sate information (CSI) attracts attention from re-
searchers because it includes fine-grained information estimated from each subcarrier [27-31].

However, the density of fingerprints is still the key factor that affects the accuracy of indoor



localization significantly. To achieve high-accuracy localization, a wardrive is essential to the
fingerprint collection, which is time-consuming and laborious.

To get rid of the dependency on the war-driving, the radio map is constructed with dis-
crete training data in some proposed localization systems. The Gaussian process is a popular
method to build the radio map.In the area of cellular networks, it is in GPSS that Gaussian
process is used for generating radio maps for the first time. In GPSS, the distribution of signal
strengths is modeled by the Gaussian process and the unknown location is estimated by max-
imizing a joint likelihood [32]. Furthermore, Gaussian process regression is also utilized for
modelling the log-signal strengths in many types of wireless systems [33—-38]. With the model
regressed by Gaussian process, the distance between the mobile devices to APs would be in-
ferred conveniently. Then the accurate location of mobile devices is obtained by triangulation
However, to locate the mobile devices, the accurate locations of access points (APs) would also
be necessary. In many practical scenarios, it is impossible to acquire the precise coordination
of APs.

The radio map construction problem in RSS fingerprinting based localization methods is
addressed in this chapter. First of all, the Gaussian process for radio map construction is in-
vestigated. The Gaussian process is capable of measuring the uncertainty in input RSS data
over a continuous space, and it is depicted with the mean and covariance function. Also, it
is a Bayesian nonparametric model. For the radio map construction problem, Gaussian pro-
cess could be leveraged to regress the relationship between RSS measurement values and their
corresponding locations. Furthermore, the Gaussian process shows an agreeable ability in rep-
resenting data when training data is adequate. However, such ability of Gaussian process de-
grades dramatically when RSS radio maps are generated with reduced training data. In fact,
Gaussian process is not effective for handling the non-stationary components of RSS values,
because of the lack of fusion of kernels in Gaussian process for complex input data [39]. Thus,
the Gaussian process leads to an unacceptable localization accuracy when it is trained with
reduced training data.

In this chapter, we propose DeepMap to solve this problem, which is a Deep Gaussian

process for indoor radio Map construction and location estimation. It is noteworthy that the



method is not restricted to WiFi RSS values. The proposed method could also be applied in the
systems leveraging other wireless signals, such RFID and BLE. Like traditional fingerprinting
based localization methods, the DeepMap system includes an offline training stage and online
localization stage. In the offline stage, the RSS values labeled by corresponding coordinates
are passed into a two-layer deep Gaussian process model for modeling the relationship between
RSS values and coordinates in a continuous space. Also, we develop an offline Bayesian train-
ing method for maximizing the marginal distribution of the observed RSS values to compute
optimal hyperparameters, where a variational lower bound makes the problem tractable. Un-
like Gaussian process, deep Gaussian process is capable of constructing a precise radio map
with inadequate training data. The structural advantage of deep Gaussian process enhances the
learning capacity of training complicated datasets associated with abstract information [40].
Therefore, the distribution of a small dataset for radio map construction could be better de-
scribed with deep Gaussian process. In the online stage, a Bayesian method is leveraged to en-
hance localization precision. With radio maps generated by deep Gaussian process and newly
measured RSS values from all available APs, the location estimation is obtained with maximum
a posteriori (MAP) estimation.

The main contributions of this chapter includes:

* We propose DeepMap system, which first utilizes deep Gaussian process for radio map
construction and indoor localization. Deep Gaussian process effectively overcomes the
drawbacks of Gaussian process, which could not regenerate radio maps in detail with

limited numbers of training data.

* A two-layer deep Gaussian process model is designed to regress the relationship between
the RSS space and the location space; a Bayesian training method is deployed for opti-
mize model parameters; and a Bayesian fusion method is utilized to boost localization

performance.

* We validate the proposed DeepMap system in two indoor environments. Even though the

Gaussian process is comparable to deep Gaussian process when 100% training data are



leveraged to train schemes, DeepMap outperforms the Gaussian process when moderate

training data is available.

In the remainder if the paper, the preliminaries and motivation is presented in Section 2.2.
The DeepMap system design is introduced in Section 2.3 and the performance evaluation is

covered in Section 2.4. Section 2.6 concludes this chapter.

2.2 Preliminaries and Motivation

As a kernel based Bayesian model, Gaussian process has been leveraged in regression and
classification successfully [39]. With the help of Gaussian process, the uncertainty in input data
distribution over a continuous space could be measured. Generally, a Gaussian process could
be delineated by its covariance and mean function, which is a generalization of a multivariate
Gaussian distribution.

For radio map construction problems, we could treat measured RSS values and corre-

sponding locations as a a Gaussian process regression model, that is
s=f(x)+ ; 2.1

where S is the measured RSS at location X, T(X) represents the pure RSS at location X, and

is the observation noise, which follows an i.i.d. (independent, identically distributed) Gaussian
distribution with zero mean and variance 2. The Gaussian process model assumes that the RSS
measurements S, and Sy at two different positions X, and X, follow a joint Gaussian distribution

with covariance K(Xp; Xq), which is a kernel function for the two locations given by
K(Xp; Xq) = 2ex Lo s (2.2)
p»Xg) = £ E€XP WJ p a .

where ¢ and | are the hyper-parameters, 2 represents the variance and | is a length scale, both

of which describe the smoothness of the kernel function. The predicted RSS for an unknown



position X can be obtained by

Pr(fF(x )iX;Z;x ) =N(f(x );u; ?) (2.3)
u =k"(K+ 21) 1z (2.4)
2=k(x;x) k'(K+ 21) k; (2.5)

where kK isann 1 vector of covariances between training locations X and X , K is the covari-
ance matrix of training locations X, Z is the training observation values matrix. In addition,
the hyper-parameters ¢ and | can be estimated by a maximum likelihood approximation.

The RSS radio map in Fig. 2.1 is constructed with Gaussian process. As we can see,
all training data from Broun Hall dataset (see Section 2.4.1) are utilized to train the Gaussian
process. Obviously, the bell-shaped RSS radio map is consistent with most of the ground truth
RSS values. Thus, it verifies that Gaussian process could model the distribution of RSS values
in an indoor environment and regress the relationship with adequate training data. However,
the ability of Gaussian process in depicting RSS data distribution downgrades remarkably with
inadequate training data. Fig. 2.2 shows a RSS radio map constructed with 20% training data
by Gaussian process. We find that the RSS radio map in Fig. 2.2 tends to be a plain. Clearly,
most of rises and falls in Fig. 2.1 is lost in Fig. 2.2, even though the upper-right corner is still
the highest area in Fig. 2.2. In other words, the non-stationary components of RSS values are
lost in the radio map constructed by Gaussian process, because of the lack of fusion of kernels
in Gaussian process for complex input data. Therefore, this coarse RSS radio map resulted
from the deficiency of Gaussian process hampers the localization accuracy in the online stage.
To alleviate the problem, a DeepMap system is proposed for RSS radio map construction using

deep Gaussian process in the next section.
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Figure 2.1: The constructed RSS radio map using 100% training data with Gaussian process.
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Figure 2.2: The constructed RSS radio map using 20% training data with Gaussian process.

2.3 The DeepMap System

2.3.1 DeepMap System Architecture

Fig. 2.3 shows the architecture of the DeepMap system. The DeepMap system is a fingerprint-

ing based indoor localization method, which consists of two stages: the offline training stage
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Figure 2.3: The DeepMap system architecture.

and the online localization stage. In the offline stage, we labeled the RSS values from training
positions with corresponding coordinates. In each training location, RSS values are collected
from as many as possible available APs to enhance localization accuracy. To guarantee the RSS
records from all training locations are in the same size, we collect all potential RSS readings.
For some specific locations, the corresponding RSS readings are set to a -99 dBm when the
RSS values are unavailable. Therefore, a training dataset is generated with all the RSS records
and the corresponding location labels. To construct RSS radio maps of the indoor environ-
ment, we employ a deep Gaussian process for regressing the training dataset. The well-trained
model(reconstructed map) is saved in a database for future use, which describes the relationship
between RSS values and location labels in a continuous space.

In the online stage, we collect RSS values from unknown locations and contrast them with
the RSS values in the constructed radio maps. Then, the similarities between the measured RSS

values and the RSS values in the radio maps are calculated. By synthesizing the similarities
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obtained from the radio maps of APs, the location for corresponding RSS values could be
inferred using a Bayesian fusion method. Unlike the traditional fingerprinting methods which
save original RSS readings as fingerprints or the autoencoder based methods that leverage a
bunch of well-trained weights as fingerprints [27-29,41], the deepMap system has two different
storage strategies. Depending on the specification of user devices, users could store the well-
trained model to reconstruct radio maps in the online stage if the disk space is a limited resource
for user devices. Alternatively, the constructed radio maps could be saved in the disk directly to
accelerate the localization process. Furthermore, the resolution of the constructed radio maps
could be variable. In fact, a high-resolution map offers a higher localization precision at the cost
of localization speed, while a low-resolution map contributes to a coarse but fast localization.
In following sections, we will show that the agreeable localization results would be obtained
by the proposed DeepMap system even with a low-resolution map, compared to the Gaussian

process method.

2.3.2  Deep Gaussian Process for Radio Map Construction

We propose a deep Gaussian process for radio map construction with RSS values, which can
be represented by a graphical model with three different sets of nodes, including the leaf nodes,
the intermediate latent nodes, and the parent nodes [40]. For radio map construction, the leaf

<N D where N and D are the number of training locations

nodes represent RSS values Y 2
and the number of APs, respectively. The intermediate latent nodes are defined as H 2 <N @,
where Q is the size of the intermediate latent nodes in this layer. These latent nodes cannot be
observed in the training phase. For the DeepMap system, we consider one intermediate latent
layer to have a deep Guassian process. Let X 2 <N M denote the parent nodes, where M is
the input size. Parent nodes X represent the training locations.

It can be shown that the proposed deep Gaussian process for radio map construction is a

generative model for regression. This generative process can be formulated by

hng = fg'(%n) + Tgr 0 =12;:5Q; X 2 <M (2.6)
Yoa = FJ (hy) + Y4 d=1;2;::D; h, 2 <% (2.7)
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where 1 GP(0; k" (X; X)) and f¥  GP(0;k" (H; H)) are Gaussian processes, and the
intermediate nodes H connect the two Gaussian processes. Note that these two Gaussian pro-
cesses only depend on the covariance function K for different inputs, where is chosen to be the

automatic relevance determination (ARD) covariance function K, that is

2 1 X 2 ]
K(xi;Xj) = “exp 5 We(Xig  Xjg)® (2.8)
=1

where  is the hyperparameter and Wy is the weight for latent node . Irrelevant dimensions

can be removed by setting their weights to zero.

2.3.3 Offline Bayesian Training

The objective of Bayesian training is to maximize the marginal distribution of observed RSS

values Y to determine optimal hyperparameters, which is formulated as

z

max logp(Y) = log p(Y JH)P(HjX)p(X); (2.9
X;H

Because of the nonlinear functions for H and Z, it is not easy to solve the integral in (2.9)
with the maximum likelihood method. In DeepMap, we apply Jensen’s inequality to achieve a

variational lower bound for the above marginal distribution L log p(Y ), given by

Z Y- .-H-
L= Qlog PYIFIHFTX) (2.10)
FY;H;FH;X Q
where Q is the variational distribution, and the term p(Y; FY ; H; FH; X) is given by
p(Y;F"; H FT;X)
= p(Y jF)p(F ¥ jH)p(HjF ")p(F "jX)p(X): (2.11)

In fact, the above integral is still intractable due to the nonlinearity in both p(FYjH) and
p(FHjX). Consider the probability space with K auxiliary pseudo-inputs H 2 <K @ and

X 2 <KX M [42], whose function values are UY 2 <X D and UH 2 <K Q| respectively.
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Then, we can derive the augmented probability space, as

p(Y;FY;H;FH, X;U";U": H; X)
=p(YjF)p(FYjuY; H)p(U" jH)

p(HjF™M)p(F7ju™; X)pUHjX)p(X): (2.12)

To remove the nonlinear items p(F Y jUY ; H) and p(F™ju"; X)), the variational distribu-

tion Q is defined as

Q =p(F"ju”;H)q(UYjH)a(H)

p(F7ju™; X)g(UHjX)g(X); (2.13)

where (U jH) and q(UHjX) are free-form variational distributions, and q(H) and q(X) are
Gaussian.

According to (2.11) and (2.13), we can update the variational lower bound for (2.10), as

P(Y JF)p(UY jH)p(H]F)p(U T X)p(X)

Z
= | .
L= Qlog a(UYjH)g(H)g(UFX)a(X) ’

where the integration is with respect to FFY, H, FH, X, U, UY g. By grouping the variables

for Y and H, we can rewrite the variational lower bound as

L=sy +sy q(H)log(a(H)) KL(a(X)jjp(X)); (2.14)

where KL is the Kullback-Leibler divergence, Sy is given by

_ Ly p(U'jH)
Sy = EpEvjuy Hyujrygmy 109p(Y jF") +log —q(UYjH) ;
and Sy is given by
p(U"jX)

SH — Ep(FHjUH;X)q(UHjX)q(X) IOg p(HJFH) + |Og W
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We can see that both Sy and Sx are Gaussian densities, which are thus tractable. In fact,
Bayesian training for deep Gaussian process can optimize the above variational lower bound
to seek the optimal hyerparameters for the deep Gaussian process, the inducing points (H and
X), and the variational parameters [40].

The constructed RSS radio map shown in Fig. 2.4 is generated by deep Gaussian process
with 100% training data in the same Broun Hall dataset. Even though the similar bell-shape
surface is also created by Gaussian process, deep Gaussian process brings more details on the
bell-shape surface. For example, a slight fluctuation, which is closed to the coordinate origin,
is delineated by deep Gaussian process in Fig. 2.4, however the corresponding area in Fig. 2.1
tends to be a plain surface, which is constructed by Gaussian process. In the Fig. 2.5, the
RSS radio map is constructed by deep Gaussian process with 20% training data. Clearly, the
bell-shape outline is also retained from the radio map generated by 100% training data, even
though only 20% training data is utilized. Additionally, the surface contains most of the non-
linear characteristics. It is safe to say that deep Gaussian process can handle non-stationary
components comparing with the plain-like surface constructed by Gaussian process in Fig. 2.1.
Moreover, nonlinear characteristics are also reproduced with only a few training data, because
deep Gaussian process has a deep and heterogeneous nonlinear structure, which is more ef-
fective for complex training data. Thus, the radio map constructed by deep Gaussian process
captures more detailed information of the real RSS values distribution for indoor environments,

which contributes to improving localization precision considerably.

2.3.4 Online Phase

In the online localization stage, a Bayesian method is leveraged to estimate the location
of a mobile device the newly measured RSS values from D APs and the constructed radio
maps. We grid the RSS radio map to obtain T reference positions. The size of T is decided by
the resolution of the RSS radio map. The pseudocode for the online localization estimation is
presented in algorithm 1. The input to the algorithm 1 are the newly measured RSS values vj,
the constructed radio map rJ, the number of APs D and the number of reference points M. In

the DeepMap system, we assume that the likelihood function p(v;jjl;) is a Gaussian function.
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Figure 2.4: The constructed RSS radio map using 100% training data with deep Gaussian
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Figure 2.5: The constructed RSS radio map using 20% training data with deep Gaussian pro-

CESS.

Thus, the similarity between the measured RSS value v; and the discrete data rfi at location

l; in the radio map from AP j is computed in step 6 [27]. Here, 2 is the variance and is

the parameter of the variance of the input RSS values. Based on the likelihood function, the
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Algorithm 1 Pseudocode for Online Localization

Input: the measured RSS values vj, the constructed radio map ri, the number of APs D, and
the number of reference points M;

Output: the estimated location f:

1: //J denotes the index of AP

2: //i represents the index of the reference points in the radio map rJ
3: forj =1:Ddo

4: fori=1:T do

5: /lcompute the likelihood function p(vjjl;)

6: p(vjili) =exp 5 v; rf

7:  end for

8:  //compute the posterior probability p(lijv;)

o p(lijvy) = P

10: end for

11: //derive the the %Scation of the mobile device using MAP estimation
12: = argmax;, =2, p(lijv;)

13: return 1'\

posterior probability p(lijvj) for AP j could be obtained by

_ pPpiil) . 2.15)

lijvi ;
P = P i)

where p(l;) is the prior probability for the device to be placed at position l;. Generally, p(l;) is
assumed to have a uniform distribution. Therefore, the posterior probability p(lijv;) is obtained
in the step 9. Also we assume that the posterior probability p(l;jv;) is independent for each AP;

hence we derive the the location of the mobile device using MAP estimation (step 12).

2.4 Experimental Study

2.4.1 Experiment Configuration

We implement DeepMap system with commodity WiFi devices to evaluate its localization per-
formance. Gaussian process for indoor localization is leveraged as benchmark [43] in this
section. To guarantee the fairness, both schemes are applied with the save datasets, the Broun
Hall dataset and the public dataset. The training data and test data for both schemes are iden-
tical. The same online localization algorithm presented in Section 2.3.4 is also used in both

schemes to ensure the fairness. First, the DeepMap performance is evaluated with the Broun
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Hall dataset, which is collected from the third floor of Broun Hall in the Auburn University. In
this scenario, we use Wi-Fi Scanner 3.4 to collect all RSS measurements in both offline stage
and online stage. The surveillance area is about 2300 m?. As seen in Fig. 2.6, 157 locations is
covered in the training data, which are represented by blue dots. The space between blue dots is
2m. The test data are gathered from 43 locations, which is represented by yellow squares. The
space between yellow squares is 4m. In this dataset, the RSS values are gathered from 433 APs,
which consists of both SGHz APs and 2.4GHz APs from various manufacturers. Furthermore,
the RSS values for unavailable APs are assigned to -99 dBm as discussed.

We also deploy our DeepMap system on the public dataset to examine its performance.
The area is 860 m? approximately, which includes eight classrooms, four offices and a main
hallway [44]. Also, all RSS values in the dataset are extracted from both SGHz APs and 2.4GHz
APs. The training data are collected from 82 locations and the test dataset includes RSS values
from 34 locations. The distance between two adjacent locations is 2.6 m. The RSS values for
online localization phase are collected from each testing location twice, each of which faces a

different direction.

2.4.2 Accuracy of Location Estimation

First, we check the localization accuracy with the adequate training data. Fig. 2.7 illustrates the
cumulative distribution function (CDF) of localization errors for the proposed DeepMap and
Gaussian Process. In both schemes, all fingerprints collected from Broun Hall are leveraged
to train the models. For the DeepMap, the median localization error is about 1.3m. However,
Gaussian process obtains the median error of about 1.5m. The comparison shows that DeepMap
has a better accuracy than Gaussian process. In addition, only 60% localization errors for
Gaussian process could be lower than 2m, while 75% localization errors reach the same level
with DeepMap. We also find that the largest error for Gaussian processes is 6.182 m which
is greater than the largest errors for DeepMap, 5.207 m. Thus, DeepMap exceeds Gaussian
processes in localization accuracy when adequate fingerprints are available.

Similarly, Fig. 2.9 shows the localization performance of both schemes with the Public

dataset. When all training dataset is leveraged to train these two algorithms, the median errors

17



Y

54 m

v

“
gl

w19

Figure 2.6: Layout of the third floor of Broun Hall at Auburn University: training locations are
marked as blue dots and testing locations are marked as yellow squares.

for DeepMap and Gaussian process are 1.668 m and 2.2017 m, respectively, which proves
DeepMap shows a better performance in localization than Gaussian process. For DeepMap,
we also notice that more than 80% errors are under 2.8 m. However, only 65% test points for
Gaussian process could reach the same level. Thus, DeepMap outperforms Gaussian process
based on this public dataset, when the whole training dataset is available.

We also evaluate the performance of both scheme with deficient training data. With Borun
Hall dataset, the mean distance error is 1.569 m when all fingerprints are leveraged. However,
when 90% training data is used by DeepMap, the minimum mean distance error is reached,
which is 1.536 m. Besides, we also find that the distance errors are robust to the percentage

of fingerprints when more than 50% fingerprints are available to DeepMap. Gaussian process
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Figure 2.7: CDF of localization errors for the proposed DeepMap and Gaussian Process ap-
proaches using 100% Broun Hall dataset.

Figure 2.8: Mean localization errors for the proposed DeepMap and Gaussian Process ap-
proaches using different percentages of ngerprints in the Broun Hall dataset.

achieves the best performance, 1.845m, when all training data are avaiable. However, it is still
greater than the lowest mean distance error for DeepMap. Even though Gaussian process also
shows robustness in mean distance errors when more than 60% ngerprints are available, the

distance error downgrades dramatically to 3.725m when 50% of ngerprints are leveraged in
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Figure 2.9: CDF of localization errors for the proposed DeepMap and Gaussian Process ap-
proaches using 100% public dataset.

Figure 2.10: Mean localization errors for the proposed DeepMap and Gaussian Process ap-
proaches using different percentages of ngerprints in the public dataset.

Gaussian Process. Then, the mean distance error for Gaussian process explosively increases to
8.3496m when 20% of ngerprints are used to train the model. However, the distance error for

DeepMap system does not change abruptly. The worst largest distance error for DeepMap is
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3.8447m when 20% of ngerprints are utilized to train the model. In Fig. 2.8 , we also note that
all errors obtained by DeepMap are always lower than the errors achieved by Gaussian process.

Furthermore, we investigate the effect of de cient data to localization errors with the pub-
lic dataset. In Fig. 2.10, the minimum distance errors with 2.12 m for DeepMap and with 2.489
m for Gaussian process are obtained when all training data are available. However, the dis-
tance error for Gaussian process increases dramatically with the decrease of the training data.
When only 20% training data are available for Gaussian process, the maximum distance error
is 11.67 m. Both methods show larger errors when the algorithms are trained with only 20%
training data even though the maximum error for DeepMap is about the half of the maximum
error for Gaussian process. However, the performance for the proposed DeepMap is improved
signi cantly, when 40% datasets are leveraged to train the algorithms. The mean distance error
for DeepMap is 3.892 m, which approximates to the performance of Gaussian process when
70% public dataset are used. Thus, DeepMap shows a more robust performance with a smaller
training dataset.

In conclusion, when the training data is adequate for training DeepMap and Gaussian
process, both of the schemes are able to regress the outline of the RSS surface. However, com-
paring with the Gaussian process, a more detailed map could be generated by DeepMap, which
leads to a more accurate localization precision. For the map constructed by Gaussian process,
it does not contains much detail, such as non-stationary components, thus the minimum error
is slightly greater than DeepMap. When only partial ngerprints are available, the localization
error of Gaussian process increases dramatically, while DeepMap exhibits the robustness to the
inadequate ngerprints. The nonlinear characteristics are captured by DeepMap even with a

few number of ngerprints, thus achieving a higher localization accuracy.

2.4.3 Impact of Various System Parameters

To investigate the impact of system parameters on the localization precision of our DeepMap
system, all of the ngerprints in the Broun Hall dataset are leveraged in the following ex-
periments. In each experiment, the training process repeats 5 times with identical parameter

settings. The average test result is recorded as the nal result.
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Figure 2.11: Mean distance errors with different valuek of

Figure 2.12: Mean training times with different value<of

Impact of the number of the inducing points

In the DeepMap systenkK represents the number of inducing points. Even though it could
be different for every layer of the overall structure, we keep the numbers of inducing points

the same in each layer to simplify the study. As is shown in Fig. 2.11, we compare the mean
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Figure 2.13: Mean distance errors with different valueg.of

distance errors with the different valueskof According to Fig. 2.11, the mean distance error
decreases gradually with the increment of the valu& of After K is greater than 40, the
impact ofK to the mean distance error reduces and the mean distance error converges to about
1:65m. Fig. 2.12 depicts the corresponding training times for different valu&s.aks we can

see, the mean training time goes up with the increase.ofonsidering that the training time
would not jeopardize the user experience in the online stages, set to48 for obtaining the

best localization performance in the following experiments.

Impact of the number of latent node

g appears as the number of latent nodes in the deep Gaussian process. Ideally, each latent
node could have its own weigi,. but the weight could also be removed by setting t zero. We
design a speci ¢ experiment to study the effectjab the performance of our DeepMap system

and to optimize the value @fto achieve the best localization precision. In this experiment, the
value ofK is set to 48 to eliminate the effect &f. 20 different values of| are introduced to

the DeepMap system to evaluate their effect on the performance of our system. Fqy tb&ch

training process is repeat&dimes to avoid the randomness of the results.
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Figure 2.14: Mean training times with different valuesqof

Fig. 2.13 depicts the mean distance errors for incregsés the number of latent nodes
raises from 1 to 9, the mean distance error declines from a@moubd about2m rapidly. When
the value ofg is in the range betweehl and 27, the mean distance error does not uctuate
signi cantly. The lowest error happens when the value of g is in the range ffoto 19. As
soon agjis greater tha7, it produces a sharp rise in the mean distance errors. As we can see,
the mean distance error increases frbi@/m to 8:4m. Therefore, we conclude that the local-
ization precision of our DeepMap system could be degraded by an ovegsieeeh though the
weight for the corresponding latent node could be eliminated. We also investigate the impact of
g to the mean training time. Similar with the impactkfto the mean training time, the mean
training time goes up gradually with the increasqmgo obtain the best localization precision,
the values ofjis set tol17in the following experiments. Fig. 2.14 illustrates that the training
time is only about 14 minutes whenis 17. It is noteworthy that all of the ngerprints in the
Broun Hall dataset are leveraged in this experiment. The training process would speed up if
fewer ngerprints are utilized in the training process. Thus, the DeepMap system could react to
the change of environment by updating the ngerprints and training the deep Gaussian process

in real-time.

24



Figure 2.15: Mean distance errors with different numbers of iterations for initialising the vari-
ational distribution.

Impact of the number of the iteration for initialising the variational distribution

Fig. 2.15 plots the in uence of the number of iterations performed for initializing the varia-
tional distribution on the localization precision of our system. As is shown in Fig. 2.15, the
mean distance error drops slightly when the initialization iteration increaseslfoorio 200

In the initialization iteration range between 200 and 500, the localization precision keeps stable
and the mean distance error is ab8uat. To better look into the effect of the initialization
iteration to the localization precision, the initialization iteration gap between the rest of the
experiments is enlarged &00 With 1000initialization iterations, the localization precision
improves signi cantly. When the initialization iteration reaches to 1500, the mean distance er-
ror continues to decrease. However, the localization performance of our DeepMap system does
not keep enhancing, once the initialization iteration is greater #®@ The mean distance

error stays at the level of aboirom.

Impact of the resolution of the constructed RSS radio map

Fig. 2.4 depicts the reconstructed RSS radio map, which is generate@DB§ ngerprints in

the BrounHall dataset. In the Figure, the green dots represent the reconstructed RSS values
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Figure 2.16: Mean distance errors with different map resolution.

at the reference positions. The resolution of the reconstructed RSS radio map is decided by
the density of the reference points. To investigate the impact of the map resolution to the
performance of our DeepMap system, 15 maps with the different resolutions are generated
with the same well-trained deep Gaussian process. By observing from Fig. 2.16, we nd that
the localization precision is not affected by the map resolution signi cantly when the map
resolution is lower tha20cm. Also, with the information from the table 2.1, we notice that

the size of the RSS radio map shrinks rapidly when the map resolution increasestrom

to 20@cm. Thus, it is safe to say that a ne-grained RSS radio map is not essential to the
better performance for the DeepMap system. However, the mean distance error goes up if the
map resolution keeps increasing. The worst localization precision is obtained with the map
resolution of40cm. According to the table 2.1, the map size and the time for construction
map are related to the map resolution inversely. Even though the mean distance error is about
1:5m when the map resolution B0cm, the RSS radio map would be enormous, which costs
124 MB. Correspondingly, the testing time and the map construction time are also higher than
the other results obtained by lower resolution maps. Combining the results in the table 2.1 and
the mean distance error in 2.16, the best performance of DeepMap system is achieved when

the resolution of the RSS radio map is se@&cm. With the resolution, the map construction
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Table 2.1: Map Construction Time, Testing Time, and Map Sizes with Different Map Resolu-
tion

Map Resolution (cm) 50 75 100 125 150 175 200 225 250 275 300 325 350 375 400

Map Construction Time (s) 24.3 9.38 5.08 3.13 2.11 156 124 095 0.77 0.63 053 046 0.40 0.33 0.33
Testing Time (s) 091 046 0.27 020 0.15 0.12 0.11 0.09 0.09 0.08 0.07 0.04 0.04 0.03 0.03
Map Size (MB) 124 552 3.17 2.03 1.38 1.03 0.83 0.64 051 044 036 031 0.27 0.22 0.21

time and testing time reduces 14 second and:11 second, respectively. With the help of
this shorter testing time, DeepMap system has the potential to provide the real-time localization
service. Also, because of the optimized resolution, the map size isOB8yMB, which is

friendly to most mobile devices.

2.5 Related Work

Indoor localization has drawn great attention with the proliferation of mobile devices. Recently,
variant indoor localization systems devote to promoting localization precision with advanced
methods and algorithms. In this section, we review the ngerprinting base indoor localization
system rst. Then we mainly discuss two types of ngerpringitng based localization systems,
which are closely related to our DeepMap system, i.e., deep learning based localization system,
and radio map based localizaton system.

RADAR [25], the rst Received Signal Strength(RSS)-based ngerprinting localization
system, localizes the target by comparing the ngerprints collected in the online stage with the
RSS ngerprints database with a deterministic method. To improve the localization precision,
Horus leverages a K-nearest-neighbor based probabilistic method, achieving a mean accuracy
of 0.6 meters. However, the nature of RSS restricts the performance of the RSS-based systems.
Firstly, the RSS values are in uenced by the multipath and shadow fading signi cantly. Thus,
due to the diversity of RSS, two consecutive RSS readings, which are collected at the exact
same location, could be different. Secondly, the RSS value is the coarse information obtained
by averaging the amplitudes of all incoming signals. Comparing with the RSS, the channel
state information(CSlI) is more ne-grained, which depicts the characteristic of each subcatrrier.
FIFS [45] and PinLoc [46] utilize CSI to build ngerprints. The experimental results show

that both FIFS and PinLoc outperforms Horus signi cantly in the same testbed. Although all
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these ngerprinting base systems perform agreeably in localization precision, the enormous
ngerprinting database degrades their performance in mobile devices that have limited disk
space.

Deep learning-based indoor localization systems rely on deep networks to extract features
from CSI and leverage the features as ngerprints. DeepFi [47] is the rst work to use au-
toencoder to extract features from CSI. It leverages the bias and weights from a well-trained
three-layers autoencoder as ngerprints. PhaseFi[41] and DFLAR [48] propose to train the au-
toencoder with the phase values and images generated by CSI respectively. Also, WiDeep [49]
improves the robustness of the localization by combining a stacked denoising autoencoders
deep learning model and a probabilistic framework. Furthermore, [50, 51] contribute to device
free indoor localization with deep auotoencoder networks. Due to the powerful abilities of the
Convolutional Neural Network (CNN) in the elds, such as computer vision, it also has been
used to promote the performance of the indoor localization system. A 6-layer CNN is employed
in CiFi [30]. In contrast to previous ngerprinting based systems, the CiFi system would not
use the ngerprinting database in the online stage. It only stores a set of weights and biases
to achieve localization. Besides, [52] promotes the localization precision by preventing the
over tting problem with a limited training dataset. ResLoc [31] proposes to utilize a residual
network to obtain submeter level accuracy with a single access point.

However, because of the nature of ngerprinting based systems, the localization problem
is treated as a matching problem or multi-classi cation problem. Therefore, the density of n-
gerprints is highly related to the performance of the ngerprinting based localization system.
To address such problem, Surecose [33] and [43] generates the radio map for an indoor en-
vironment with Gaussian process, which models the RSS values in a continuous space. With
the advantages of the interpretable radio map, researchers propose the solution for some ex-
isting problem about ngerprinting based localization. For example, WinIPS [53] leverages
the Gaussian Process Regression (GPR) with Polynomial Surface Fitting Mean to predict RSS
on virtual reference points (VRPS). It overcomes the laborious ngerprint collection in the of-
ine phase, and updates the radio map automatically in a dynamic environment. DnclPS [54]

presents FWA-GPR algorithm, which is based on the Gaussian Process Regression (GPR) with
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a reworks algorithm (FWA). It is also robust to the change of the environment. However, the
location of APs is not essential in the DnclPS, which contributes to the improvement of the
exibility of this system. Even though both WinIPS and DnclIPS solve the problem of nger-
prints update in the dynamic environment, their localization precision could not be comparable

to the other deep learning-based localization systems.

2.6 Conclusions

In this chapter, we presented DeepMap, a deep Gaussian process for indoor radio map construc-
tion and location estimation system. Comparing with the traditional Gaussian process for radio
map construction, our DeepMap system consists of a two-layer deep Gaussian process model,
which is able to extract nonlinear characteristics from ngerprints. We propose a Bayesian
training method in the of ine stage to optimize the model parameters and a Bayesian fusion
algorithm in the online stage. Moreover, extensive experiments are conducted to evaluate the
performance of our DeepMap system. The results indicate that the DeepMap system overper-
forms Gaussian process in both datasets, the Broun Hall dataset, and the public dataset. The

DeepMap system also shows its robustness with the de cient training data.
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Chapter 3

MapLoc: LSTM-based Indoor Location Estimation using Con dence Interval Maps

3.1 Introduction

Recently, With the rapid development of the Internet of Things (IoT), location based service
(LBS) has drawn increasing attention from various elds, such as robotics, retailing, man-
ufacturing, and smart buildings. Instead of using speci cally designed sensors for location
estimation, radio frequency (RF) signals, e.g., WiFi, have been a popular choice for indoor
localization systems due to its wide deployment in indoor spaces. Fingerprinting is a popular
indoor localization method, which generally consists of two stages: of ine ngerprint collec-
tion and online location estimation. In the of ine stage, ngerprints in the form of, e.g., WiFi
received signal strength (RSS), are collected in the service area and labeled with the corre-
sponding coordinates. Then, in the online stage, the unknown location of a mobile device
will be estimated by matching the newly collected measurements with stored ngerprints. The
performance of ngerprinting is thus largely affected by both the ngerprints and the match-
ing method. Many prior works adopted various techniques in wireless communications, signal
processing, and machine learning through these two aspects.

Various observations of RF signals have been utilized as ngerprints. For example, RSS
was rst used in [25]. Intuitively, RSS is negatively related to the distance between the trans-
mitter and receiver. By using an empirical signal propagation model, the unknown location
could be inferred roughly by triangulation. Even though RSS is resilient to slight environmen-
tal changes, it could not achieve ne-grained localization, especially when the number of APs

is limited. For environments with rich AP resources, AP selection emerged to Iter out the
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less useful RSS readings for boosted localization accuracy [55-57], which, however, is still an
open problem. In addition, channel state information (CSI), as a ne-grained observation of the
orthogonal frequency-division multiplexing (OFDM) physical layer (PHY), has been adopted
as ngerprints in the past decade. It depicts how a signal propagates from the transmitter to
the receiver through each subcarrier. Due to the nature of CSI, it is more sensitive than RSS to
distance variations, and is also susceptible to the multipath effect and dynamic environments.
Thus, various signal processing techniques have been proposed for eliminating the offsets in-
troduced by the environment and hardware to enhance the quality of CSI ngerprints [29]. The
extra cost of signal processing may impede the prevalence of CSl-based localization systems
in mobile devices with limited hardware resources. Meanwhile, with the popularity of smart
devices, increasing types of signals, such as light and earth magnetic eld intensity, have been
introduced as ngerprints [58]. It has been shown that such multi-modal ngerprints are com-
plementary to each other and can help to make the system more robust.

In addition to the quality, the density of ngerprints is also a key factor that affects the ac-
curacy of ngerprinting. To achieve high location accuracy, a site survey is needed to collection
ngerprints at densely marked locations, which is usually time-consuming and laborious. Fur-
thermore, such dense ngerprints are costly to update when the service environment is changed
(i.e., change of furniture placement). As a result, there is a trade-off between the location es-
timation accuracy and system deployment cost, which needs to be carefully balanced when
designing a ngerprinting system.

Another crucial factor to the success of ngerprinting is an effective and ef cient location
estimation (i.e., matching) method. In recent indoor localization systems, machine learning
has been widely used as classi ers to estimate unknown locations in the online stage, such
as K-Nearest Neighbors (KNN), support vector machines (SVM), and random forest [25, 59,
60]. Recently, deep learning models, such as multilayer perceptrons (MLP), convolutional
neural networks (CNN), and recurrent neural networks (RNN), have been adopted for effective
multiclass classi cation [30, 31,47, 61]. However, such methods are still focused on solving

the traditional ngerprint matching problem, which partitions the continuous service area into
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a discrete grid and is treated as a multiclass classi cation problem. This approach introduces a
built-in error, even though the error can be mitigated by probabilistic methods [47,62].

In this paper, we propose MapLoc, an indoor ngerprinting system that utilizes Deep
Gaussian Process (DGP) to regress uncertainty maps and incorporates a Long Short-term Mem-
ory (LSTM) based method for location estimation. From the perspective of ngerprint quality,
both WiFi RSS and earth magnetic eld intensity are utilized as ngerprints in MapLoc. Since
the magnetic sensors are available in many smart devices, the magnetic eld intensity mea-
surements are readily available. Moreover, MapLoc utilizes the inferred con dence intervals
of the uncertainty maps to generate arti cial trajectories of ngerprints, which are used in aux-
iliary learning to pre-train the location prediction model. By implementing a stacked LSTM
network as a backend, we design a location prediction model for regressing the signal maps.
And the estimated location will be inferred directly by the model. More speci cally, a DGP is
rst implemented for uncertainty estimation in the service area. Then the arti cial signal mea-
surements are generated by sampling the distribution described with uncertainties. In addition,
geometry constraints and user movement patterns are considered in trajectory generation. The
generated signal measurements are used to compose signal sequences that supervise the pre-
training of the location prediction model. To better regress the signal strength, an auxiliary loss
is adopted in the training. Both location prediction and ngerprint estimation are used to cal-
culate the loss for weight updating. Finally, the pre-trained model is ne-tuned with real signal
sequence collected in the eld. Fine-tuning forces the location prediction model to converge to
the real signal surface, thus eliminating the cumulative error of the DGP model. In the online
stage, the location of the target mobile device is readily predicted by the location prediction
model using its newly measured signals and past trajectory in a small sliding window.

The main contributions of this paper are summarized below.

» An innovative localization framework is proposed by leveraging the uncertainty estima-
tion capability of DGP. Continuous uncertainty maps are created by DGP using nger-
prints measured at gridpoint locations. The ngerprints are then augmented by sampling

the distribution described by the uncertainty maps. The generated signal measurements
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re ect their own stability, allowing deep learning models to learn the reliability of signals

and select the effective measurements for location estimation.

» By introducing geometric constraints of the service area and user movement trajectories,
the continuous nature of human mobility and the historical locations of the target device
within a small window are taken into account. Furthermore, ngerprinting is no longer
treated as a classi cation problem here. Rather, the location prediction model readily
produces the estimated location in the manner of regression, thus mitigating the built-in

error of the traditional approach.

» We leverage auxiliary learning in training the location prediction model. By introducing
the signal measurement loss as one of the components of the auxiliary loss in supervise
training, the LSTM-based location prediction model will be forced to learn the inherent
relationship in the sequences of measurements. Compared with the traditional training
approach that only uses isolated location as labels, signal sequences include much more

features to guide and accelerate the training process.

» Multimodal maps, created using WiFi RSS and earth magnetic eld strengths, are utilized
in the MapLoc system. Such measurements are widely available and do not increase
the cost and affect the compatibility of the system. It is easy to extend the proposed
framework to include more types of measurements, such as light intensity, for future

improved performance.

» We veri ed the performance of the proposed MapLoc system with extensive experiments
in two representative indoor environments. The results demonstrate that MapLoc ad-
vances the the accuracy of location estimation by taking advantage of the uncertainty

estimation provided by DGP and the bi-modal ngerprints.

In the remainder of this paper, we present an overview of related work in Section 4.2.
The preliminaries and motivations are provided in Section 4.3. Section 4.4 presents the system
design. In Section 3.5, we evaluate our prototype system, and in Section 3.6, we wrap up this

paper.
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3.2 Related Work

With the rise of the wireless communication [63—68], indoor location-based services have
drawn a lot of attention from both academia and industry, due to their high social and eco-
nomic value. Unlike outdoor localization systems, such as the Global Positioning System
(GPS), which rely on the line-of-sight (LOS) reception of satellite signals, the performance
of indoor localization is hampered by scattered and re ected signals due to the clutter environ-
ment. Indoor localization is still an open problem without a universal solution, despite a variety

of techniques have been proposed in the literature.

3.2.1 Fingerprinting Approaches

Because of their adaptability and adequate accuracy, ngerprinting methods are commonly
used in localization systems. The features derived from the observations are adopted for pattern
matching in ngerprinting. RADAR [25] was one of the rst attempts to use RF signals, where
RSS was used as ngerprints. Aside from RSS, various types of observations were leveraged in
prior works as well. CSl is a ne-grained observation from the PHY layer, which includes the
amplitude and phase of each subcarrier of the OFDM PHY. FILA [69] demonstrated that CSI
helps to improve localization accuracy and reduce latency. The quality of ngerprints, which
can be viewed as a discrete radio map, plays a critical role in such systems. A basic and effective
way to improve the quality of the radio map is to increase the number of ngerprints. However,
collecting ngerprints is usually time-consuming and laborious, and in some cases, impossible.
To minimize such effort, prior works [70-72] utilized Unmanned Aerial Vehicles (UAV) to
replace manual labor. DeepMap [62] constructed a radio map with DGP using only a limited
number of ngerprints. WIGAN [73] generated ngerprints for an unknown area with Gaussian
Process Regression conditioned least-squares Generative Adversarial Networks (GPR-GANS).
The authors in [74, 75] investigated the radio map adaptation and update problem to avoid
the cumbersome recollection of ngerprints in dynamic environments. On the other hand, the
quality of ngerprints keeps improving with the advance of technology, hence the evolution of

radio maps. Gu et al. [76] eliminated multipath interference in WiFi signals with the Sparsity
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Rank Singular Value Decomposition (SRSVD) method. Luo et al. [77] extracted nonlinear
features from RSS signals by implementing Kernel Principal Component Analysis (KPCA).
Furthermore, deep learning techniques have achieved an exceptional performance in feature
extraction as well. To extract nonlinear features from observations, deep autoencoders were
incorporated in [29,41,47,78], while [58,79,80] leveraged LSTM and its variants to evaluate the
correlation between received RF signals for optimizing the ngerprints. In[30,31,61,81], CNN
was used to extract ngerprints from multidimensional signal arrays for improved localization

accuracy.

3.2.2 Geometry-based Approaches

In addition to ngerprinting methods, geometric methods, such as multilateration and trian-
gulation, are widely used in indoor localization systems by exploiting the measurements for
ne-grained information. Among various measurements, Angle of Arrival (AoA) is commonly
employed in radar and acoustics systems. ArrayTrack [82] proposed a multipath suppression
algorithm for eliminating the re ection paths between transmitter and receiver. SparseTag [17]
proposed to use a spatial smoothing based method, which processed a sparse RFID tag ar-
ray and decreased the angle estimation errdr&31 . Time of Arrival (ToA) based systems
estimate the transmitter-receiver distance by measuring the traveling time of the signal. How-
ever, such systems require tightly synchronized clocks at the transmitter and receiver. Kang et
al. [83] mitigated the time synchronization error and the NLOS error by introducing an itera-
tive Time-of-arrival (iToA) algorithm incorporating a multivariate linear model. Also, Yuan et

al. [84] proposed a uni ed factor graph-based framework for ToA based localization in wire-
less sensor networks. The framework provided a uni ed treatment of the inaccurate positions
of transmitters and the asynchronous network. Even though the localization accuracy keeps
increasing with these approaches, their performance is still insuf cient for practical indoor ser-

vices because of the required LOS signals and multipath-free environments.
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3.2.3 Other Approaches

In addition to RF signal-based techniques, vision-based techniques are also popular with the
emerging of robotics, autonomous vehicles, and Augmented Reality (AR) [85]. The localiza-
tion algorithms rely on the inputs from sensors, such as RGB-D cameras and infrared cam-
eras, to extract location information. The vision based techniques usually achieve centimeter
level accuracy in real-time, outperforming most of RF signal based techniques. For example,
MonoSLAM [86] is the rst study to apply the simultaneous localization and mapping (SLAM)
approach with a single uncontrolled camera, with centimeter level accuracy at 30Hz real-time
performance. AprilTag [87] created a visual ducial system that enables full six degrees-of-
freedom (6DOF) localization with a single image by using a 2D barcode tag as landmark.
However, the computational cost of vision-based approaches constraints their deployment on
loT devices with limited computation power and short battery life [88]. Moreover, the visibility,
occlusion, and privacy related issues further constrain the usage of vision-based approaches.

Indoor localization also takes advantage of the development of visible light communica-
tions (VLC). By analyzing the modulated light signal transmitted in the form of visible LED
lights, many VLC signal-based localization techniques have been proposed. Because the dif-
fused components emerging from multipath scattering are substantially weaker than the LOS
component, the VLC-based localization system has a superior accuracy over RF signal based
system, which usually suffer from strong multipath interference [89-91].

Acoustic signals have also been employed in localization systems. It provides precise lo-
calization at a low cost due to readily accessible equipment such as speakers and microphones,
as well as excellent time-domain resolutions. For instance, EchoTrack [92] tracked hand trajec-
tory with a built-in speaker array and microphone on smart phones by leveraging two-channel
chirps to remove the multipath noise. Location estimation is enhanced by using the Doppler
shift compensation and roughness penalty smoothing method. Vernier [93] achieved accurate
motion tracking accuracy of less thdmm, by proposing a differentiated window based phase

change calculation (DW-PC) to minimize the computation overhead for real-time tracking.
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3.3 Preliminaries and Motivations

Gaussian process has been successfully applied for solving regression and probabilistic clas-
si cation problems. A Gaussian process is described with its covariance matrix and mean
function. Since the prediction is also Gaussian, con dence intervals can be estimated to depict
the uncertainty of data distributed over a continuous space. Thus, a normalized signal strength
map for a service area can be conveniently reconstructed with measured signal strengths and

the corresponding coordinates by a Gaussian process regression model, which is give by
rig=1f(Q+ ; (3.1)

wherer (¢) andf (c) represent the received signal strength and ideal signal strength for location
c, respectively, and is the observation noise, which follows an i.i.d. (independent identically
distributed) Gaussian distribution with zero mean and variapice

It is intuitive to assume that the received signal strengirendr; at coordinates; and
G, respectively, also follow a joint Gaussian distribution with covariaki; ¢ ), which is

usually described using a kernel function as

2

1. .
k(cig)= 2exp  Spia Gi° (3.2)
where andl are the hyper-parameters for depicting the signal variance and the smoothness
of the kernel function, both of which can be estimated by using a maximum likelihood approx-
imation method. Then the joint distribution of the estimated signal streingtt locationc
and the measured signal strengthsan be depicted as follows.

0 O 11

fr N EDO;%@K “ KK - (3.3)
KT K
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The signal strength can be inferred from the measured signal stremdif

Pr(f je;cr)= N j ; ) (3.4)
u =K (K+ 2I)*r (3.5)
= K KT(K+ 2I) K ; (3.6)

wherec2 RN 2 r 2 RN, K =[k(c;c)], N is the number of positions where the measure-
ments were takerK is the covariance matrix af with dimensiorN N, andK isanN 1
matrix of covariances betweemandc .

Inspired by the Gaussian process based works, the DGP is leveraged in this paper to en-
hance the precision of the constructed map by recovering the non-stationary components of
signal measurements. In our prior work [62], a two-layer DGP model was leveraged to extract
nonlinear characteristics from RSS samples and construct radio maps. Compared with Gaus-
sian process, DGP is able to regress complex input data by taking advantage of the fusion of
kernels. Fig. 3.1 is a graphical representation of a DGP, which consists of three layers of nodes,
i.e., the parent nodes, the leaf node®, and the latent nodds, which include two sublay-
ersH; andH; [94]. For a 2D map generation problei@, is the set of training coordinates
with dimensionN 2, R denotes a signal measurement matrifNof S, andH 2 RN Lsw
Here,N, S andL g, represent the number of measured coordinates, the number of sensors, and
the number of the intermediate latent dimensions in the sublayers, respectively. Therefore, the

generative process is given by

hy =)+ R 1=1,200 6 2 R? (3.7)
h2 =f" (h})+ " 1=1;2:1L, 0 2 R (3.8)
rs = f8(M2)+ R s=1;2:5S; i 2 R, (3.9)

wheref H  GP(0;k"(C;C));f"  GP(0; k"™ (H1;Hy1)), andf R GP(0;kR(H2; Hy)) are
Gaussian processes, which connects the latent nddegh parent node€, themselves, and

leaf nodeRR, respectively. The automatic relevance determination (ARD) covariance functions
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Figure 3.1: The DGP model for signal map construction.

for the Gaussian Processes is de ned as
I

wi(Gr  Gi)? (3.10)

=1

, b
Karp (Gi;G) = arp €XP

wherew, is the weight for each latent dimension angsp is a hyper-parameter. For different
inputs, the Gaussian procesdes,andf R, only be dependent on the covariance funckigg .
To nd the optimal hyper-parameters, Bayesian training is leveraged to maximize the marginal

distribution of the observed signal measurenfenivhich is given by

Z
max logp(R) = log P(RjH)p(HC)p(C): (3.11)

CiH

The outstanding performance of DGP for generating a detail-rich signal map has been
demonstrated in [62]. With the deep and heterogeneous nonlinear structure, the DGP han-
dles the non-stationary components in complex signal measurements and extracts the detailed
information about the distribution of real WiFi RSS measurements in indoor environments.

Despite the fact that the detailed maps created by DGP improves localization accuracy,
the uncertainty information, which could also be retrieved using DGP, was largely ignored in
our prior work [62]. Indeed, the uncertainty information just happens to be a convenient tool
for evaluating the reliability of sampled signals. Fig. 3.2 illustrates a uncertainty radio map

constructed by DGP using the measured RSS data from a speci ¢ AP in a public dataset [95].
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The map includes three layers, a green layer representing the upper con dence bound of the
map, a blue mean layer, and a peach layer denoting the lower con dence bound of the map.
The con dence bound layers depict tBB%con dence interval of the signal distribution. The
position of the AP is implied in Fig. 3.2. At the top-left corner of the map, the signals are
the strongest and the most stable, because this area is close to the AP. When the distance is
increased, the signal strength decreases and uctuates more considerably. For the locations
that are beyond the coverage of the AP, the signal strength dropEX@Bm and settles there.

The RSS data from this AP, obviously, would be more constructive in locating target devices
in the top-left region, while this AP would have a negative impact on locating targets in the
map's central area because the RSS samples in the area would be highly random with large
uctuations. Such a pattern of uncertainty indicates that the signal stability varies depending
on the location. And different patterns of uncertainty map would also be obtained for different
APs. Thus, in MapLoc, we can sample the Gaussian distribution that is de ned by the mean and
con dence intervals in the uncertainty map to generate arti cial measurements that depict the
stability of the signal. The following LSTM-based location prediction model will exploit such
uctuations to distinguish the optimal signal measurements for location estimation. Moreover,
Fig. 3.3 plots the uncertainty map generated by DGP using earth magnetic eld observations. It
follows a similar trend as in Fig. 3.2, in which the signal stability changes at different locations,
and is complementary to the RSS uncertainty map. Both RSS and magnetic eld data will be
used in this effort to improve the accuracy of localization.

On the other hand, the proposed MapLoc system also takes into account the trajectory of
the target device in a sliding time window. The trajectories can be reasonably synthesized by
leveraging the movement pattern of target devices and geometry constraints (e.g., the shape of
the room or corridor). Using the uncertainty maps, arti cial signal sequences can be generated
along such movement trajectories. The arti cial signal sequences are used to pre-train the
LSTM-based location prediction model, which is then ne-tuned with real collected signals in
the eld. The pre-training process guides the location prediction model by learning the signal
reliability, while ne-tuning mitigates the cumulative error introduced by imprecise uncertainty

maps.
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Figure 3.2: An RSS uncertainty map constructed by DGP.

Figure 3.3: An earth magnetic eld intensity uncertainty map constructed by DGP.

3.4 system overview

Fig. 3.4 presents the system architecture of the MapLoc system, where the green and blue
blocks represent the components in the of ine stage. More speci cally, the green blocks are

related to collecting signal measurements and their corresponding coordinates, whereas the
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Figure 3.4: The MapLoc system architecture.

blue blocks are associated to the synthesized signal measurements and their coordinates. The
location prediction model is unique in that it is pre-trained with the synthesized RF data and
then ne-tuned with the collected RF data, which is why it is colored in gradients (from blue to
green). The yellow blocks in Fig. 3.4 represent the components in the online stage.

Similar to traditional ngerprinting systems, MapLoc also consists of two stages: an of-
ine stage for data collection and model training, and an online stage for location estimation. In
the of ine stage, WiFi RSS measurements as well as magnetic eld readings are collected with
the built-in sensors in the mobile device. The measurements comprising the collected bi-modal
sequences, which are tagged with the corresponding coordinates where the data was measured.
For each location, we collect RSS measurements from as many APs as possible. Since the set
of visible APs usually varies from location to location, we force the RSS measurements from
those inaccessible (i.e., out of coverage) APs to be -100 dBm to ensure consistency in measured
data.

Localization with MapLoc includes two parts as well. The collected bi-modal signal mea-
surements are rst leveraged for training the DGP model to generate their uncertainty maps.
The uncertainty map includes the mean value and the upper and lower bounds of the 95%

con dence interval, as illustrated in Fig. 3.2. The uncertainty map will then be leveraged to
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synthesize arti cial bi-model signal sequences for enhancing the training of the location pre-
diction model, which is introduced to consider the trajectory (or, historical) information of the
target device in location estimation. The model is rst pre-trained with the arti cial signal se-
guences synthesized by sampling the uncertainty maps, and then ne-tuned with the collected
bi-modal sequences to avoid the cumulative errors introduced by the DGP model. In the online
stage, the DGP model will not participate in location estimation. The estimated location will
be obtained by combining the previous trajectory information with a time windbwith the

signal measurements from the current unknown location.

3.4.1 Ofine Training

Of ine training of the MapLoc system includes pre-training and ne-tuning. The DGP model is

rst trained using the bi-modal signals that have been collected. The location prediction model
will rst be trained using the arti cial bi-modal sequences generated by the DGP model, and
then ne-tuned using the signal sequences composed of collected signal measurements from

the eld to ensure that it converges to the real-world situation.

Pre-training

First, the collected signal measurements are used to train the DGP model. Because the DGP
model focuses primarily on the signal distribution, the temporal information in the signal se-
guence is neglected during the training. To improve the structure of the DGP model and op-
timize the related hyper-parameters, a simple approach is employed to assess the quality of
the uncertainty map generated by the DGP model. As shown in Algorithm 2, the constructed
uncertainty maM isaG S 3 matrix, which includes an upper con dence layer, a mean
layer, and a lower con dence layer. Her@, denotes the number of gridpoints in the map.

It has to bel0Q 000to reach a resolution d¥:01 m for an area oflO0 m?. S represents the
number of available signals. For example, we h&ve 10 if the WiFi RSS measurements

are collected fron¥ APs, since each magnetic eld reading is a vector with three elements
(magy; mag,; mag,), describing the magnetic eld intensity for the north, east, and vertical

directions, respectively. The mean layeris constructed to evaluate the overall quality of the

43



Algorithm 2 Pseudocode for measuring the quality of the uncertainty map

Input: the measured veri cation sampk—}‘ and the corresponding coordinatg the mean
layer of the uncertainty mam; for thej th signal, the number of gridpoin@ in m;, the
number of available signals, and the number of veri cation samplé&s;

Output: the map qualityQ ;

1: /i represents the index of gridpoints in map

2: I/} denotes the index of signals
3: //k denotes the index of veri cation samples
4: /I denotes the coordinate of the gridpoints in map
5 fork=1:K do
6: forj=1:Sdo
7: fori=1:Gdo
8: /lcompute the likelihood functiop(rfjc;)
9 p(rfjc)=exp 4 rf m7
10: end for
11: /[compute the posterior probabilig(lijrjk)
: _ p(riici)
12 p(CiJrjk) o JF’(rij'Cd) '
13:  end for
14:  /luse MAP estimation tg_infer location for the veri cation samples

=
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: end for
. /lcompute map qualit®)

Q= L

exp(ok Kop (ick ekjj))
s return Q;
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uncertainty mapK veri cation samples are collected from each gridpoint in the service area
and labelled with the corresponding coordinates. We calculate the likelihood fup@tiﬁjq)
of thej th signal, which indicates the similarity between &tk veri cation samplerjk and the
signal measurement at in the uncertainty mapn’ with a Gaussian kernel, as presented in
Step 9. In MapLoc, the? and are set td:35and2, respectively. Thus, the posterior prob-
ability p(cijrj") Is obtained conveniently by assuming the distribution overGhgridpoints is
uniform (see Step 12). The coordinate estimation ofktiesample is given by choosing the
gridpoint with the highest posterior probability. Eventually, the quality of the uncertainty map,
Q, is evaluated based on the errors of the coordinate estimation in Step 18.

Based on the well-trained DGP model, a movement model is introduced to produce trajec-
tories for generating arti cial signal sequences. As shown in Algorithm 3, the stride length

considered in the movement model and is restricte@l@on. The azimuth is determined by
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Algorithm 3 Pseudocode for arti cial trajectory generation
Input: the length of the arti cial trajectory; the layout of the indoor environmeq; the
stride lengthd ;
Output: the arti cial trajectoryC ;
1: /lgenerate the coordinategrandomly in the environmer® and initialize the trajectorg
2: C = frandomP osition(O)g;
3: while C:length <L do

4: if C:length ==1 then

5: /I is a random initial azimuth

6: /lgenerate the coordinate with the distancel and the azimuth
7 llco, andcy, are the x-axis and y-axis coordinatescgfrespectively
8: c =[cy +d cof );c, +d sin( )l U( 180;180);
9: else

10: /lupdate based on the previous azimuth

11: = + ¢ U( 40;40);

12: /lc 1 is the last coordinate in trajecto€y

13: c =[cy, +d cog );cy +d sin()];

14:  endif

15: if ¢ in the environmen® then
16: C:appendc) ;

17:  endif

18: end while

19: return C;

the previous azimuth with a random offset betweetD and40 . In Step 13, the coordinates

in trajectoryC are generated sequentially based on the previous azimuth. And the layout of
the indoor environment is considered to eliminate the coordinates outside the service area (see
Steps 15-17).

As shown in Fig. 3.5, the well-trained DGP model is utilized to generate the arti cial
signalry for coordinatecy in trajectoryC. According to trajectoryC, the arti cial signal
sequences are assembled using the signal measurements generated by sampling the distribu-
tion N ( n; 2) that is described by the mear and variance y in the uncertainty map.

It is noteworthy that the distribution is sampl&tl times to ensure that the generated signal
measurements are able to represent the stability of signals. Furthermore, we employ a slid-
ing window with a length oW for adjusting the size of the arti cial sequences for training

the LSTM based location prediction model. An arti cial trajectory of lendthwill produce

N W +1 training sequences. For each training sequence, the last signal measurgent

and the corresponding coordinae,, ; will be extracted as label for supervise training.
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Figure 3.5: How to synthesize labeled signal sequences for pre-training the LSTM-based loca-
tion prediction model.

The forward propagation of the location prediction model is depicted in Fig. 3.6. The
backbone of the location prediction model is a stacked LSTM model, which is followed by a
DNN for signal estimation (termed DNNS) and a DNN for location estimation (termed DNNL).
To push the model to learn the signal map made by the DGP model and estimate location
using the map, auxiliary loss is used in training. The signal val{igs ; in the label data
is processed and concatenate with the output of the LSTM network in the DNNL model for
predicting the unknown coordinabe Then the MSE loss is calculated by comparing the label
coordinatec.w 1 and the location predictiobby the DNNL. In parallel, a signal estimation
bis given by the DNNS using the output of the previous LSTM model as well. As a result, the

loss function of the location prediction model is given by

L= JMSE(r{T\, ;0 + MSEG+w 1;b) (3.12)

where is a hyper parameter to adjust the in uence of the two types of losses, thihelb

are the predicted signal by DNNS and the predicted coordinate by DNNL, respectively.
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Figure 3.6: The LSTM-based location prediction model in MapLoc.

Fine-tuning

After pre-training, the location prediction model will be ne-tuned with collected bi-modal se-
guences from the service area. The collected bi-modal sequences, like the arti cial sequences,
are reorganized to form shorter training sequences using a sliding window of\Vsiz€éhe

last bi-modal measurement of each training sequence is also used as the sequence's label to

complete the supervised training of the model.

3.4.2 Online Testing

In the online stage, only the stacked LSTM network and DNNL will participate in location es-
timation. The location prediction model operates in a similar manner to autoregression models.
The historical trajectory, including the received signal measurements and the corresponding
coordinates, is fed into the stacked LSTM network. By combining the output of the LSTM
network with the freshly collected signals from the current unknown location, the estimated lo-

cation is deduced readily with the well-trained DNNL model. Because the localization problem
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is addressed as a regression problem in MapLoc, the built-in error associated with the discrete
ngerprints can be avoided. Furthermore, since the estimated location is computed directly by
the location prediction model, the cumbersome localization strategies used in prior work [62]
are not needed anymore in MapLoc, which further reduces the computational cost, especially

for mobile devices with limited computation resources and power supplies.

3.5 Experimental Study

3.5.1 Experiment Con guration

To demonstrate the performance of the MapLoc system, we evaluate it in two typical environ-
ments. First, we conduct experiments on the fourth oor of Broun Hall in the Auburn University
Campus. In this scenario, we implement a prototype system using a Samsung Galaxy S7 Edge
smartphone, which is equipped with a dedicated application for collecting magnetic eld inten-
sity data and WiFi RSS data simultaneously. As depicted in Fig. 3.7, the experiment covers an
area of approximatel270m?. The black dots in Fig. 3.7 represetissample locations (i.e.,
gridpoints) for training the DGP and the location prediction model. Except for some corner
gridpoints, the distance between two adjacent training locatio®8 ¢sn. 80testing locations

are randomly selected in the service area, which are not shown in Fig. 3.7. None of the testing
locations overlap with a training location in this scenario. Moreover, RSS readings are col-
lected from224 APs, including all the available 2.4-GHz APs and 5-GHz APs from various
manufacturers. To make the data size consistent, the RSS values of out-of-range APs are set to
-100dBm. The magnetic eld strength is obtained from the on-device sensor directly, which is

a vector including the magnetic eld intensity for the north, east, and vertical directions.

The performance of the MapLoc system is also evaluated using a public dataset [95].
Fig. 3.8 plots the detailed oor plan where the public dataset was collected. The dataset cov-
ers a oor of 18512 m?, which includes three corridors and two of ces. The ngerprints are
captured fron825gridpoint locations, shown as black dots in Fig. 3.8. The distance between
two adjacent gridpoints i80cm. The data acquisition campaign was performed using a smart-

phone, SONY Xperia X2, and a smartwatch, LG W110G Watch R. We only utilize the data
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Figure 3.7: The oorplan for the Broun Hall dataset.

collected by the smartphone in this experimental study. The RSS data are capturdd®&om
unique APs, and the readings from an out-of-range AP are all setLl@ dBm. We only
leverage75 APs in the following experiments because some AP signals are very weak across
the entire service area. Similar to the magnetic eld intensity in the Broun Hall scenario, the
magnetic eld readings of this scenario are also vectors with three elements. Since the data
acquisition campaign is conducted in this environment with the identical setting twice, we train
and then test the MapLoc system using the datasets from different campaigns for a fair and
realistic evaluation.

Identical settings of the location prediction model are deployed in both environments.
Nine LSTMs are stacked one above another to form a stacked LSTM as backbone of the loca-
tion prediction model. The number of features in the hidden state of LSTM is set to about 1.5
times of that of the input features, e.g., the number of features in the hidden state ¥60ibe

the number of available AP B5. Each magnetic eld reading is a vector of size 1and the
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Figure 3.8: The oorplan where the public dataset was collected.

corresponding coordinates are in a 2D space. The hidden state of the last layer of the stacked
LSTM is passed into the two DNNSs for location estimation and signal estimation, respectively.
DNNL is composed of 4 linear layers. The size of the input dftg , is rst adjusted tol6

by a layer in DNNL, while the size of the hidden state from the LSTM is squeez84a by

another DNNL layer. By concatenating the outputs from the two layers, the estimated location
is obtained by the remainir@layers in DNNL, where the output feature numbers of the layers
arel6and?2, respectively. The structure of DNNS is relatively simple. The hidden state from
the LSTM is compressed by linear layers in DNNS sequentially, where the output feature
numbers of the layers a@56 128 and the same as that of the input dgtg, ,, respectively.

In both scenarios, the magnetic eld intensity and WiFi RSS readings are min-max nor-
malized. Considering that pedestrians usually do not make abrupt changes in their movements
indoors, the stride lengtt is set t0o0:6 m, and the azimuth offset; is limited in the range
between 40 and40 . To accelerate the training process, a server with an Nvidia RTX 3090
GPU is leveraged for real-time trajectory generation and model training.

The following baselines are used in our comparison study:

» DeepMap: this is the scheme proposed in our prior work [62], where a Bayesian method

is used for location estimation without using the uncertainty maps.
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» LSTM: this scheme uses the same stacked LSTM network and DNNL to predict loca-
tion, where the input is the trajectory and the corresponding RSS sequences of the target
device. The LSTM model is trained with trajectory/RSS sequences sampled from the

collected ngerprints.

* LSTM+DeepMap: the same location prediction model, shown in Fig. 3.6, is used to
predict location, where the input is the trajectory/RSS sequences of the target device. The
model is trained with sampled trajectory/RSS from the map created by DeepMap [62]

without using the uncertainty maps.

3.5.2 Experimental Results and Analysis
Accuracy of Location Estimation

First, we evaluate the localization performance on the Broun Hall dataset. Fig. 3.9 illustrates
the cumulative distribution functions (CDF) of localization errors for the proposed MapLoc
system and the three baseline schemes. According to Fig. 3.9, it is obvious that MapLoc out-
performs the other methods on the Broun Hall dataset. Despite the fact that both MapLoc and
LSTM+DeepMap obtained a performance whg08oof the errors are less thdmrm, MapLoc

has a distinct advantage that approximatéb$o of location estimation have errors less than
1:35m, whereas onlp9%of location estimation obtained by LSTM+DeepMap accomplish the
similar accuracy. This demonstrates the improvement brought about by the samples from un-
certainty maps. In addition, Fig. 3.9 reveals the obvious de ciencies of LSTM and DeepMap
in localization accuracy. The maximum localization er4,1m, is from LSTM. The compar-

ison demonstrates that the combination of LSTM and DeepMap contributes to higher precision
localization. In MapLoc, the augmented training data produced by the DGP model bene ts the
location prediction model that uses LSTM as its backbone. By incorporating historical infor-
mation into location estimation via the LSTM model, the localization accuracy of the DeepMap
model is improved signi cantly as well. Based on the collaboration of DeepMap and LSTM,
our proposed MapLoc successfully improves the location estimation accuracy by taking into

account the uncertainties of different signals as well as historical information.

51



Figure 3.9: CDF of localization errors on the Broun Hall dataset.

We also conduct an experiment using the public dataset to investigate the performance of
the proposed MapLoc system. The CDF of localization errors on the public dataset is displayed
in Fig. 3.10. The results on the public dataset are similar to those with the Broun Hall dataset.
MapLoc and LSTM+DeepMap keep the leading position in the comparison. Even tB0&gh
of location estimation errors are lower thari m with both MapLoc and LSTM+DeepMap,
the overall performance of MapLoc is superior to that of LSTM+DeepMap slightly. Because
the arti cial signal measurements are sampled from the uncertainty maps, the distribution of
the generated measurements describes the measurement's quality. As a result, the location
prediction model can learn the reliability of different types of signal measurement, the sets
of measurements from different APs, and thus improve the accuracy of location estimation.
Moreover, LSTM outperforms DeepMap in the public dataset scenario, although the maximum
localization error14:26 m, is obtained with the LSTM method.

The main results in Fig. 3.9 and Fig. 3.10 are summarized in Fig. 3.11. The height of
the bars representaean erroyr whereas the black line in each bar represemé¢slian error
The location prediction model of MapLoc, denoted as LSTM in Fig. 3.11, and DeepMap,
each only contribute to limited accuracy in location estimation. By combining these methods,

the localization accuracy is increased signi cantly. The mean and median error on the public
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Figure 3.10: CDF of localization errors on the public dataset.

dataset reacht342m and1:145m, respectively, while the mean and median error on the Broun

Hall dataset ar&:374m and0:94 m, respectively. In MapLoc, the mean and median error are
further reduced by augmenting the training dataset with the arti cial data generated by sampling
the uncertainty maps. In the public dataset scenario, the mean and median errors decrease to
1:234m and1:031m, respectively. The mean error on the Broun Hall dataset reduces from

1:374m to 1:211m, whereas the median error reache&22m.

Impact of Signal Selection

Previous results show that the Maploc system outperforms the systems that use LSTM and
DGP separately. By leveraging the samples sampled from the uncertainty maps to measure the
reliability of different signal sources (e.g., APs), the MapLoc system also beats the combination
of LSTM and DGP. To investigate how the reliability of signal measurements affects MapLoc's
location prediction and how the location prediction model contributes to better performance,
we conduct experiments with both the Broun Hall dataset and the public dataset.

First, a random trajectory of each test datas zet is selected for the experiment. The cor-
responding signal distribution at the label coordinates is obtained with the DGP model in the

MapLoc system. The mean and variance of signal measurements from all available sources,
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Figure 3.11: Mean and median localization errors on the Broun Hall dataset and the public
dataset. The bars indicate mean error and the line within each bar indicates the corresponding
median error.

Figure 3.12: Explaining the importance of different signal measurements to the location pre-
diction made by MapLoc system with the Broun hall dataset.

including magnetic eld readings and WiFi RSSI, are represented by red circles and bars in
Fig. 3.12 and Fig. 3.13. It is intuitive to suppose that a lower variance represents a trustwor-
thy signal measurement, and signal measurements with higher mean values are more likely to
in uence the location prediction. To endow the MapLoc system with the ability to choose the
signals intelligently, we sample the uncertainty maps to generate arti cial signal measurements
that describe its own reliability. We hope our location prediction model is able to learn how to
recognize effective measurements from invalid and uctuating signals. In the experiments, we
double the signal measurements of the testing data in sequence to explore the performance of

the location prediction model in signal selection.
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Figure 3.13: Explaining the importance of different signal measurements to the location pre-
diction made by MapLoc system with the public dataset.

As previously stated, the signal measurements in the Broun Hall dataset contain 3 mag-
netic eld components as well as RSSI readings from 224 WiFi APs. The experiment is re-
peated 227 times with the selected trajectory. In each repetition, we doubled a signal measure-
ment individually. The blue line in Fig. 3.12 depicts the variations in distance errors caused by
the doubled signal measurement. By comparing with the signal distribution denoted by the red
circles and bars, it is clear that the location prediction model selects the optimal signal mea-
surements, and the location estimation is more sensitive to changes in those measurements. As
shown in Fig. 3.12, the rst increment of the distance error happens at signal-2, which is the
magnetic eld reading's y-axis component. The signal measurement is much higher and more
stable than the nearby signals. The next distance error uctuation occurs between signal-13 and
signal-18, where the mean signal values are higher than those on the right side and the signal
variances are smaller than those on their left side. With the drop of the mean values of the sig-
nals, the location estimation of the MapLoc system is not in uenced by the weak signals. The
uctuation in distance errors increase as the signals rise between signal-55 and signal-60, while
the increase in distance errors disappears between signal-61 and signal-117. Even though the
mean values of the signals between index-61 and index-117 are much higher than the rest of
the signals in Fig. 3.12, the location prediction model detects the large variances of the signals,
so the location estimation is not signi cantly affected by the signals. Another wild rise in lo-
cation estimation is associated with signals near index-125, where the signals remain high and
the variances remain stable. Furthermore, two distance error uctuations occur at signal-161
and signal-227. It is clear that the signals remain stable, and they are stronger than the nearby

signals.
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Fig. 3.13 displays the signal measurements from the public dataset, which include RSSI
readings from 75 WiFi APs and magnetic eld components from 3 different directions. Because
the number of signals in the public dataset is much smaller than that in the Broun Hall dataset,
the location prediction model in the public dataset scenario is more sensitive to the doubled
signal measurements. Fig. 3.13 shows the relationship between the distance error uctuation
and the signal stability. As we can see, the largest peak in Fig. 3.13 is related to the y-axis
component of the magnetic eld reading as well, because the signal component remains stable
in a high level status. We also discover distance error uctuations at signal-6, signal-17, and
signal-62. Although these signals cause changes in the distance error with abrupt increases
in signal strength, comparable changes could also be introduced by stable signals with lower
signal strengths at index-10 and index-71. The location prediction model ignores changes in
signal measurements between signal-20 and signal-60. Some signals in this range are stable,
but the weak strength would not cause the degradation of the location estimation. Some signals
are strong, but the location prediction model discards them due to their poor reliability.

Based on Fig. 3.12 and Fig. 3.13, we could conclude that the proposed location prediction
model in the MapLoc system successfully extracts effective signal measurements from the
weak and uctuating signals by learning the arti cial signal measurements that describe its
own reliability. The selected signal is not only decided by the average signal strength but also

determined by the stability.

Impact of System Parameters

In the MapLoc system, the auxiliary loss is used to force the location prediction model to
acquire knowledge from the signal measurement generated by the DGP model and estimate
the unknown location with the knowledge. is introduced into the auxiliary loss function

to balance the signal loss from DNNS and the location loss from DNNL. To optimize the
accuracy of the Maploc system, we investigate the effectarf the performance of the location
estimation. Fig. 3.14 delineates the distance errors related to different valueslofboth
scenarios, the accuracy of location estimation progresses wiseset af):8. Even though the

mean distance error from the Broun Hall dataset is slightly decreasethaseases td.0, the
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Figure 3.14: Mean localization errors for different values of

overall performance of the MapLoc system does not enhance signi cantly with the increment
of . Considering that signal estimation in the location prediction model is a supportive method
for accurate location estimation, we adopted a dynamic way to adjugsed on the number of
epochs. In the MapLoc system, the initial value ak set a®:6. When more than 200 epochs

are completed, updates every 100 epochs by decreadiig Eventually, the auxiliary loss
would degenerate into a loss function determined by the location estimation error exclusively.
Fig. 3.14 exhibits the performance promotion contributed by the dynarajdate.

Given that the position prediction model in the MapLoc system relies on the stacked LSTM
network as its backbone, the window sképlays a crucial role in improving the accuracy of
location prediction. Intuitively, a longer data sequence would contain more useful information
to improve the precision of the location estimation; nevertheless, the longer sequence would
incur additional system costs, such as an extra time cost in data collection. To study the effect
of the sequence length on the accuracy of the location prediction, we conduct experiments with
different window sizes on both the public and the Broun Hall dataset. Fig. 3.15 illustrates
the distance errors resulted by different window sizes. Even though the distance error in the
Broun Hall scenario is more sensitive to the change of the window size, the distance errors drop

with the longer data sequence in both environments. When the window sizes are larder than
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Figure 3.15: Localization errors effected by the size of the sliding window.

Figure 3.16: Reductions in localization error achieved by utilizing the earth magnetic eld
strength map.

the distance errors keep stable. The public dataset has the lowest location estimation error of
1:.233n when the window size i5, and the distance error is234m when the window size is

6. Because we notice that the Broun Hall Dataset has the lowest distance error, 1.21m, when

the window size i%, we set the window size t®in the MapLoc system to ease system setup.
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The MapLoc system uses multi-modal data to improve localization accuracy, as mentioned
in previous sections. With the least amount of data processing, different types of signal mea-
surements could be introduced into the system. In this prototype, magnetic eld readings are
used as a part of the MapLoc system's input data to improve the system's localization accu-
racy. Magnetic eld components from different directions are treated as novel features of the
input in our proposed MapLoc system after the max-min normalization. Fig. 3.16 illustrates
the advancement brought by the bimodal data, which is composed of magnetic eld measure-
ments and WiFi RSSI measurements. The localization errors for the public dataset scenario
decline notably. The mean error drops frarb77m to 1:234m when the magnetic led read-
ings are taken into account, whereas the decline of median error re@&82&s1. A similar
phenomenon happened to the broun hall dataset as well. Both mean error and median error are
reduced remarkably. A huge depreciation of the mean distance error appears with the contri-
bution of the magnetic eld readings, where the mean distance error decreases#idn to
1:21Im.

Because the location prediction model is pre-trained with arti cial data generated by the
uncertainty map, the DGP model is critical in the proposed MapLoc system. To assess the
impact of DGP model parameters on the quality of the uncertainty iQapye investigate
various combinations of latent dimension and number of inducing points in order to nd the
best parameters.

The latent nodes in MapLoc include two sublayetls,andH,. Fig. 3.17 and Fig. 3.18
show how the maps' qualit is affected by the latent dimensions of the two sublayers, denoted
by L, andL,, respectively. The latent dimensions are tuned by gridpoint search in both sce-
narios. We rst examine the effect of latent dimensions using the public dataset. Even though
the quality of the uncertainty map increases with larger dimensions of the rst layer when the
second layer includegor 8 latent dimensions, the relationship between the latent dimensions
and map qualities is ambiguous. As shown in Fig. 3.17, the uncertainty map reaches the highest
value when the latent dimension of the rst layei7iand that of the second layerisAlso, two
similar Q are achieved when the latent dimension of the rst laye8.iBecause all the three

Qs are close, there is no clear advantage to use different latent dimension settings. We try all
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Figure 3.17: Q values versus the number of latent dimensions in public dataset scenario.

Figure 3.18: Q values versus the number of latent dimensions in Broun Hall dataset scenario.

three settings in training the location prediction model of MapLoc. Since the lowest validation
error is reached wheln; = 8 andL, = 6, we choose this setting for training the prototype of

MapLoc using the public dataset. And the previous MapLoc results are all obtained under this

setting.
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Table 3.1: Q Values Affected by the Number of Inducing Points

Public Dataset l Broun Hall Dataset
Inducing Points) 11 | 10 | 9 | 8 | 7 | 6 | 5 | InducingPointy 16 | 15 | 14 | 13 | 12
Q | 0.248| 0.317] 0.274| 0.275| 0.267| 0.266| 0.240 | Q | 0.248| 0.317] 0.274| 0.275 0.267

On the other hand, Fig. 3.18 reveals that the quality of uncertainty r@asproves with
increased latent dimensions of the second sublayesn the Broun Hall dataset. However,
increasing the latent dimension of the rst sublayardoes not imply improved map quality.

We nd that increasingd., signi cantly improves the map qualit®) when the rst sublayer of

the DGP model ha%l latent dimensions; whereas increasingdoes not contribute to further
improvement ofQ. According to Fig. 3.18, a gridpoint search yields the best map quality, i.e.,
Q = 0:42, for the Broun Hall dataset whdr, = 11 andL, = 6.

Another key factor effecting the quality of the maps is the number of inducing points. For
the DGP model of the MapLoc system, we choose identical numbers of inducing points for
different layers to simplify the setting of the model. Similarly, we evaluate the effect of the
number of inducing points on the quality of the uncertainty maps with both datasets. Table 3.1
presents the map quality obtained by different numbers of inducing points with the public
dataset. According to the table, the worst map quality is acquired when each layer of DGP
model only include$ inducing points. Along with the increasing number of inducing points,
the map quality keeps enhancing. Even though the growth rate for the map quality is slow when
the number of inducing points is betwerand9, a notable promotion is observed whed
inducing points of each layer are involved in the training of the DGP model. Thus, the number
of inducing points is set thOfor the accurate location estimation in the public dataset scenario.
The map quality stops improving as the number of inducing number reag¢hefere the map
quality is close to that of the model withinducing points in each layer.

In the Broun Hall dataset, Table 3.1 reveals a similar result regarding the number of in-
ducing points. When the number of inducing points is fewer tb@rthe upward trend in the
map qualityQ is conspicuous. The map quality progresses consistently with the increasing
number of inducing points utilized in the training of the DGP model. As is shown in Table 3.1,

the best map quality is achieved when the number of inducing points raige tdowever, if
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the number of inducing points exceet!§ the map quality drops considerably. Therefore, the
number of inducing points is set 4% for the implementation of the MapLoc system in the

Broun Hall scenario.

3.6 Conclusions

In this paper, we proposed MapLoc, a bi-modal indoor localization system, to improve the lo-
cation estimation accuracy. First, the DGP is used to regress uncertainty maps describing the
signal distribution in the surveillance area. The arti cial sighal measurements that represent
their own reliability are generated by sampling the signal distribution described by the mean
and variance in the uncertainty map. In the arti cial data generation, geometry constraints and
user motion patterns are also taken into account. We then present a location prediction model to
distinguish the effective signal measurements from the weak and uctuating signals by learning
the arti cial signal measurements. The location prediction model leverages a stacked LSTM
network as the backend. The auxiliary output is utilized to push the model to learn the signal
map in the supervised training. The experimental results demonstrate that the location predic-
tion model is able to choose the optimal signals among WiFi RSSI readings and geomagnetic
measurements intelligently. Bene ting from the novel data generation method and location
prediction model, the median error of the location estimation in both the public dataset and the

Brun Hall dataset reach in centimeter-level accuracy.
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Chapter 4

MulTLoc: A Framework for Multiple RFID Tag localization Using RF Hologram Tensors
with Deep Neural Networks

4.1 Introduction

Radio-frequency identi cation (RFID) is an automatic identi cation technology that can read
RFID tag data even when it is not in line of sight (LOS). It has been widely used in a vari-
ety of applications, including supply chain management, inventory tracking, access control,
toll collection, and animal management. Due to its widespread use and low-cost tags, RFID
technology has recently been expanded to elds such as healthcare monitoring and environ-
mental sensing, owing to the rapid development of the Internet of Things (I0T). By exploiting
the measurements in RFID readings, a rising variety of functions and applications are being
added to existing RFID systems. For example, the systems for localization [17], gesture recog-
nition [96], vital sign monitoring [97,98], pose estimation [99, 100], temperature sensing [101],
and material recognition [102], have attracted great interest from both industry and academia.
Among these existing and emerging applications, indoor localization has remained a hot
research topic over the years, as it plays a critical role in solving position-related problems
such as gesture recognition and human pose estimation. The RFID-based localization system
is primarily based on two RFID measurements: the Received Signal Strength Indicator (RSSI)
and the phase angle. SpotOn [103] used RSSI along with a path loss model to perform trilat-
eration for indoor localization. LANDMARC [104] leveraged RSSI readings from reference
tags as ngerprints to estimate an unknown tag position via ngerprint matching. The RFID

phase angle is extremely sensitive to environmental changes as well, particularly variations in
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tag-antenna distance. Recent applications have achieved centimeter-level localization by pre-
dicting the direction of arrival (DoA) with the received RFID phase angle. SparseTag [17] used
a spatial smoothing based method with a novel sparse RFID tag array to predict angles. RF-
Wear [105] achieved a mean inaccuracydf? in tracking angles with a uniform linear array.
Moreover, RF-Kinect [106] added a body geometry model to the RF hologram to determine
limb orientation and human joint location.

On the other hand, deep neural networks have sparked a lot of interest and promise in do-
mains like computer vision(CV) and natural language processing(NLP). To take advantage of
the superior classi cation performance of deep networks, researchers integrate deep networks
into indoor localization systems that collaborate with the ngerprinting method. Deep autoen-
coders, for example, were used to extract WiFi CSI features as ngerprints of the localization
systems [28,41,47,107]. With a deep residual sharing learning approach, ResLoc [108] en-
hanced localization accuracy. CiFi [109] was the rst work to leverage a deep convolutional
neural network (DCNN) for indoor localization. The generated AoA image was utilized for
training a 6-layer DCNN.

Although the performance of such indoor localization systems improves with the iteration
of deep networks, numerous intrinsic dif culties of ngerprinting-based localization systems
remain unresolved. First, the minimum error of the ngerprinting-based localization system is
determined by the distance between the stored ngerprints. To reduce the inherent inaccuracy,
the number of ngerprints should be as large as possible. Apparently, it would be laborious or
even impossible for some cases. Second, the ngerprints utilized in the system are highly linked
to the equipment con guration. The AoA pictures utilized in the CiFi [109], for example, are
de ned by the con guration and setup of the receivers. Once the network has been trained,
the receivers must be static. In other words, the network must be trained from scratch when
a different setup or equipment is deployed. As a result, the transferability of CiFi is nearly
zero. In this chapter, we try to decouple data creation from the hardware setup and to nd a
deep network that can accept inputs from various RFID device con gurations. The tag position

would be estimated with the deep network using inputs collected from any type of devices.
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Therefore, we propose MulTLoc, a framework for Multiple RFID Tag localization utiliz-

ing RF Hologram tensors with deep neural networks, to alleviate the fundamental dif culties

of the ngerprinting based method and to take advantage of deep neural networks. Radio

frequency (RF) hologram tensors are created using phase readings from antenna pairs in the

proposed framework. To generate ground truth tensors for supervised learning, a computer

vision sensor (e.g., a Kinect V2) is used. Based on the DCNN and Swin Transformer [110],

two representative hologram Iter networks are investigated with the suggested framework to

clean noisy input hologram tensors using the spatial relationship between tags. An intuitive

peak detection technique will be used to infer the location of RFID tags.

The main contributions made in this chapter are summarized as follows.

» To the best of our knowledge, this is the rst study to utilize RF hologram tensors to train
deep networks for three-dimensional localization. The use of the RF hologram tensor
renders deep networks independent of environmental changes, considerably improving

the robustness and transferability of the proposed system.

* We implemented two novel deep networks to clean up RF hologram tensors. In the
networks, the spatial information between multiple tags is leveraged to suppress the fake
peaks that exist in the original RF hologram tensors. We begin by introducing a DCNN-
based network for cleaning RF hologram tensors. A Swin Transformer based network
is also proposed to Iter RF hologram tensors. In the Swin Transformer training, self-
supervised learning is utilized to extract general features from hologram tensors. Position
estimation is reduced to a simple peak detection problem that can be performed fast with

the sanitized hologram tensor.

A prototype of the proposed MulTLoc framework is built using the commercial off-the-
shelf (COTS) RFID devices. With a multiple-joint localization experiment, the perfor-
mance of the proposed framework is evaluated. The experimental results show that the
MulTLoc framework is capable of simultaneously localizing multiple tags in three di-

mensions.
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The remainder of this chapter is organized as follows. We present an overview of related
work in Section 4.2. Section 4.3 introduces the preliminaries and motivation of our approach.
We present the MulTLoc design in Section 4.4 and our experimental study in Section 4.5. Then,

Section 4.6 concludes this chapter.

4.2 Related Work

Indoor localization is crucial in RF sensing for resolving position-related concerns. With the
development of mobile communication technology over the last decade, academia and industry
have paid close attention to location-based services. Signal processing has long been used to
determine the position of a signal source by estimating the Time-of-Flight, Angle-of-Arrival,

or a third signal parameter such as doppler shift and Angle-of-Departure [17,23,82,111-113].
The accuracy of parameter estimate, however, is governed by the number of antennas (for AoA)
and the transmission frequency bandwidth (for ToF), which are often xed in a certain wireless
communication system. As a result, the expense of improving parameter estimate would be
prohibitively expensive.

On the other hand, the ngerprinting method emerges with its convenience and effective-
ness, which transfers the localization problem into a feature matching to estimate the location
of the signal. Researchers are working on two tracks to increase the accuracy of ngerprint-
based localization. First, more and more powerful classi cation algorithms are introduced to
the ngerprinting-based localization. K-nearest neighbors algorithm (KNN) and its modi ca-
tion are commonly leveraged in the indoor localization system [25, 114-116]. The machine
learning algorithms, such as Random forest [117,118] and AdaBoost [119, 120], are often used
in promoting the performance of the classi cation as well. Another important aspect in uenc-
ing the localization accuracy of the ngerprinting-based localization system is the quality of the
ngerprints. Principal component analysis (PCA) is a common tool to extract features from the
original ngerprints [121, 122] for enhancing the ngerprint quality. Recently, with the devel-
opment of deep learning, deep autoencoder has been implemented in the ngerprinting based
localization systems as feature extractors [29, 41]. Since deep networks show the superior per-

formance in the image classi cation task, the feature extraction and classi cation are uni ed
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in the ngerprinting based localization systems using deep neural networks. The features from
the AoA images are extracted and classi ed in CiFi [109] and ResLoc [123] with one effort.
Despite the fact that new techniques are always being developed to improve the performance of
ngerprinting-based localization systems, the inherent aws of the ngerprinting method are
not avoided, where the localization accuracy is determined by the density of the ngerprints,
and any changes in ngerprints would trigger the update of the system. In this research, we
will attempt to present a novel framework for avoiding these ngerprint-related issues.

Deep neural network, as previously stated, has been frequently used in indoor localiza-
tion systems because of the excellent feature extraction and classi cation capabilities. It has
evolved over the last decade to meet the needs of various downstream jobs. Since the debut
of AlexNet [124], DCNN has become a superstar in computer vision. ResNet [125] constructs
a DCNN with hundreds of layers by utilizing shortcut connections. Hourglasss [126] and U-
Net [127] use an encoder-decoder design to keep the high-resolution representation of the im-
ages. To this day, CNN remains the key backbone for addressing computer vision challenges.
In the area of NLP, recurrent neural networks (RNN) were prominent for dealing with tempo-
ral sequences [128, 129]. Transformer [130] has recently emerged as a dominating successor
by using an attention method to construct global interdependence between input and output.
The transformer is also applied for the computer vision tasks. Vision Transformer(ViT), Swin
transformer, and their modi cations [110, 131, 132] keep improving the state-of-the-art perfor-
mance in various CV tasks as backbones. Based on the proposed framework, we deployed two
representative networks, DCNN and swin transfomer, as the backbone for implementing the

hologram Iter network.

4.3 Preliminaries and Motivation

4.3.1 RFID Phase Model

Sensitive and trustworthy measures should be taken from the original RFID readings in order to
locate RFID tags in real-time. In contrast to RSSI, the phase value is commonly used in many

RFID-based sensing applications [101, 133, 134]. As shown in (4.1), the phase readisg
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a periodic function with a period & .

4 iTAnj ,

im = mod tag t equipment;2 (4.1)
wherejT A, j denotes the distance between theTagnd the antennA,,; ; is determined by
the frequency of channel g and cquipment are the phase offsets caused by the RFID tag and
RFID hardware such as antenna and reader, respectivglisment IS @ constant for a given

RFID system; hence it could be removed conveniently.

4.3.2 Hologram Tensor

Tagoram [19] is the rst to introduce the concept of an RF hologram for RFID indoor localiza-
tion. The primary concept underlying an RF hologram is to compute the similarities between
theoretical and measured phase values for each grid in the surveillance space. To eliminate the
tag-related phase offset, i.e«qg in (4.1), we use the phase difference as the observation in
our system. The real phase difference obtained with the phases collected from an antenna pair

(m; n) on channel is denoted as

Pim:n = mod ( i'm i;n;2 ): (4.2)

When the coordinates of the two antennas are known, the theoretical phase difference
between antenna p&im; n) on channel can be determined. The theoretical phase difference
at the grid positiorG,.y., for the antenna paim; n) is shown as

iz —
‘= mod

4 ij;y;zAmj 4 jGXQVJZAnj )

(4.3)
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With the real and theoretical phase differences, their simila8y,,, is estimated as

follows.
X X 1 (fmn)?
Sx;y;z = _p? eXp ’2’2
(MN) I (4.4)
i = mod  pmn 2

where(M; N ) represents the set consisting of all available antenna padltsnotes the set of

all available channel indices. The hologram tenSpis constructed as

g B2z S22 Yir2=1,202 (4.5)
Si1z Sx2z Sxy:z

where each element is scaled to have a valyé;ib] in the proposed system.

4.3.3 Motivation

MulTLoc is, to the best of our knowledge, the rst effort to train deep learning models for
real-time three-dimensional localization using hologram tensors. Although some indoor local-
ization systems, e.g., [61, 109, 123], use radio frequency signals to produce images or tensors
for of ine training, the generated data may lack a strong relationship between the observation
and the spatial location. In these applications, images and tensors are employed as ngerprints,
and deep networks are used as classi ers. The ambiguity between ngerprints may be lost
throughout the dataset construction process, restricting the transferability of the localization
model. In comparison to the images and tensors in the preceding studies, the hologram tensor
is interpretable. The hologram tensors represent the possibility of a tag being located at a grid
position in the surveillance space. The similai®ys directly connected to the distances be-
tween the tag and the antennas, and it is highly independent of the equipment used to generate

the tensor.
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A hologram matrix formed in a two-dimensional area is shown in Fig. 4.1. It displays
the two-dimensional projection of the hologram matrix. The exact location of the target tag is
indicated by the red pentagram. As can be seen, there is a peak near the position of the ground
truth. However, because of the multipath and phase wrapping effects, multiple fake peaks are
formed and distributed across the hologram. Some of the phony peaks have even greater simi-
larity values. To avoid such issues, data prepossessing has become a key component of many
RFID-based sensing systems. Some ways improve accuracy at the expense of real-time per-
formance. Channel selection [17] and phase sanitation [135], for example, are used to keep
systems away from phase readings tainted by the multipath effect. Such approaches, however,
may be impractical for real-time localization systems. This is because multiple-round interro-
gations are required, and the tag (or target) will not remain stationary until the system performs
a suf cient number of interrogations. Moreover, some applications rely on speci ¢ hardware
and deployment, such as the synthetic-aperture array [136] and multi-resolution ltering [137],
to mitigate the detrimental effect caused by the phase wrapping ambiguity. Despite the fact that
these technologies offer suf cient precision and real-time performance, the need for customized
hardware raises costs and limits the compatibility with COTS RFID systems. Furthermore, tag
localization in three dimensions is a more dif cult challenge than in two dimensions. In this
chapter, we presents two unique neural network with the proposed framework to handle such

issues.

4.4 Overview of the MulTLoc System

In this chapter, we present MulTLoc, an RFID-based localization framework for estimating the
location of multiple tagsimultaneouslytilizing noisy hologram tensors. Despite the fact that
MulTLoc, like most previous deep learning-based localization systems, is trained with ground
truths provided by sensors such as an RGB-D camera, the localization problem is treated as
gressionin this study. To estimate the coordinates of unknown sites, traditional ngerprinting
methods leverage deep neural networks to treat location estimatiariassacation problem.

The size of the ngerprint database limits the accuracy of localization, and the granularity of the
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Figure 4.1: Hologram of a 2D scenario. The red pentagram denotes the ground truth.

ngerprints determines the inherent inaccuracy of the system. The network would not give lo-
cation estimation instantaneously in the MulTLoc framework. Instead, noisy hologram tensors
are regressed to single-peak hologram tensors, which are free from the fake peaks created by
the multipath and phase wrapping effects. A location estimate might be performed intuitively

using the sanitized hologram tensor.

4.4.1 MulTLoc System Architecture

Fig. 4.2 depicts the MulTLoc architecture. An RFID system collaborates with a vision-based
sensor to generate the hologram tensors and the accompanying ground truth tensors for training
the hologram Itering networks. Because the hologram tensors and ground truth coordinates
provided by the vision-based sensor are typically in distinct coordinate systems, our proposed
framework uses the Robot Operating System (ROS) to synchronize and unify the data acquired
from diverse hardware. Generally, any deep neural network that is capable of sanitizing noisy
hologram tensors would be compatible with the MulTLoc. We utilized two typical neural
networks in this chapter to evaluate the performance of the proposed framework. The nal
position estimation would be induced conveniently using a simple peak detection algorithm

with the sanitized hologram tensors.
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Figure 4.2: The MulTLoc system architecture.

Based on the proposed framework, we deploy two representative deep network backbones
for creating hologram lter networks. First, a DCNN-based hologram Iter network is designed
with the hourglass backbone to clean and compress the noisy hologram tensors. To recover the
original size of the hologram tensor, trilinear interpolation or equivalent approaches would be
used before the peak detection. Data augmentation is used to prevent over tting in the training
of the DCNN-based hologram Iter network. However, the DCNN network architecture in this
chapter is related to the channel of the input tensors. In Fig. 4.3, three residual units are used to
sanitize the hologram tensors from three tags, however additional residual units are required to
cope with more channels. To resolve the issue, another hologram Iter network is also proposed
with the Swin Transformer for keeping architecture stable in taking care the tensors from more
tags. The output of the network keeps the original size of the input tensors, which would be
directly adopted for location prediction. Self-supervised learning is deployed in the training for
extracting latent features from noisy hologram tensors. Once the networks have been properly

trained, the vision-based sensor will no longer be required for location estimation.
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4.4.2 Training Dataset Generation

The hologram tensor must be labeled with the relevant ground truth tensor in order to train the
networks successfully. However, the ground truth coordinates and hologram tensors are ac-
guired by different sensors with distinct coordinate systems. The reported coordinates for most
vision-based sensors are normally determined by the coordinate origin of the sensor space. For
example, the center of the depth sensor is the origin of the coordinates for Kinect V2, whereas
the surveillance space determines the coordinates of the antennae in MulTLoc. ROS is used in
MulTLoc to integrate the hologram tensors from the RFID system and the coordinates from the
vision-based sensor to label hologram tensors with accurate ground truth tensors. We transfer
all coordinates from the vision-based sensor into the frames of the hologram tensors depending
on the sensor pose and position in the surveillance space. Meanwhile, for synchronization,
timestamps are appended to both the hologram tensors and the ground truth coordinates. An
RF hologram tensor will be assigned to the coordinates with the most recent timestamp.
The ground truth tensokK , is constructed using a gaussian kernel. Based on the synchro-

nized ground truth coordinates by measuring the Euclidean disf&age H j between the gird

locationG,.y., and the ground truth locatian , the ground truth tensoK , is formulated as

2 3
Kiiz Kiog Kiy:z
Koty Koo Koy

K = 2,1;z 2,2,z 2y;z z2=1:2: 7 (4.6)
Kx;l;z Kx;Z;z Kx;y;z

where each element #f is given by

Kx;y;z = _pl?exp (47)
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Figure 4.3: Architecture of the DCNN based hologram Iter network.

where controls the radius of the ground truth peak. In the MulTLoc framewkrkupervises

the training of hologram Iter networks. To coordinate the compressed output of the DCNN-
based hologram Iter network, the ground truth tenkors downsampled. Since the hologram
tensor is interpretable spatially, our training dataset is augmented by the ipping and rotating

operations in the training of the DCNN based hologram lter network.

4.4.3 Design of DCNN for Filtering Hologram Tensors

As shown in Fig. 4.3, a DCNN-based hologram Iter network is introduced to remove the
fake peaks from the hologram tensors. In contrast to the changing settings that compromise
the ef cacy of ngerprinting-based localization systems, the positional connection between
tags is relatively constant, particularly for passive tags attached to items. The hologram Iter
network is intended to learn the spatial connection between tags in order to differentiate the
real peaks in the RF hologram tensors. We downsample the hologram tensors fems
and concatenate them into archannel tensor using residual units to reduce the amount of
weights in the proposed network and accelerate training. The newly creatiegnnel tensor
retains the detailed information in the original hologram tensors while also including a coherent
understanding among the tags. In our following experimeanis,set to three to locate three
tags at the same time.

The residual unit of the hologram Iter network consists of two residual blocks [9]. In each

block, two three-dimensional convolutional layers are included. The hourglass blocks [126]
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(a) (b) (c)
Figure 4.4: (a) The original hologram tensors. (b) The Itered hologram tensor. (c) The full-
size ground truth tensor.
are arranged end-to-end following the residual blocks as the backbone of the hologram lIter
network to extract features in the n-channel tensor at different sizes. The design of the hourglass
unit is comparable to that of an encoder-decoder network, as seen in Fig. 4.3. The input tensor
is rstcompressed and then upscaled in the unit. Each purple cube in the hourglass unitis made
up of three residual blocks, each of which has three three-dimensional convolutional layers. To
maintain spatial information at different resolutions, the skip connection is used between blocks
of the same size. The bottom-up, top-down inference is repeated by stacking the hourglass
units. By computing the loss between the ground truth tensors and the output tensors, the
deep network is optimized with the Adam algorithm. We would discuss the selection of loss
function in the following section. For accelerating training, intermediate supervision is applied
at each hourglass unitin the DCNN-based hologram Iter network. The hologram lter network
produces a low resolutiom-channel tensor (i.e., the LR Tensor), which is divided imtow
resolution hologram tensors for location estimation.

Fig. 4.4(a) and Fig. 4.4(b) display the input and output of the hologram Iter network,
respectively. Lower similarity values are shown as bluish pixels in the gures. The RF holo-
gram tensor is produced using the phases gathered from our testbed, which covers a region of
dimensionl:5m 1:5m 1:5m (see Section 4.5.1 for details). The fake peaks spread out in the
hologram tensor, similar to the hologram matrix in the two-dimensional case. Despite the fact
that the space has four bands with greater similarity values, no clear peak can be recognized.
The hologram lter network generates the sanitized hologram tensor, shown in Fig. 4.4(b), by

mixing the holograms from three tags. The majority of the fake peaks in the input tensor has
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Figure 4.5: Architecture of the Swin transformer based hologram Iter network.

now been muted. The single bright spot is in the center of the Itered hologram tensor, which
is similar to the ground truth tensor in Fig. 4.4(c). The spatial connection among the tags has

now retrieved the location information concealed under fake peaks.

4.4.4 Design of Swin Transformers for Filtering Hologram Tensors

However, the cleaned tensor is compressed by the DCNN based network in Fig. 4.4(b). Because
the input of our networks is a 4D tensor, for example it consistindd 150 150 3

pixels in the following experiment, and the number of parameters escalates with the use of
3D convolution, the output size is reduced to save memory while utilizing the DCNN as the
backbone. Data compression appears to be at the expense of location estimation accuracy.
Furthermore, the number of input channels determines the architecture of the DCNN network.
For dealing with the tensors from three tags, three residual units are included. More residual
units must be added to the network if the network is used to localize more tags. Thus, the
framework’'s compatibility is still limited by the DCNN backbone.

To address the issue, a Swin Transformer based network is used to sanitize the noisy
hologram tensors. In our framework, it is equivalent to the DCNN-based network. The Swin
Transformer backbone is not only robust to the different size of the input tensor but also has
the output with same size as the input tensor. The architecture of the Swin Transformer based
hologram Iter network is depicted in Fig. 4.5. The network is a 3D variation of the U-Net [127]

with a Swin Transformer backend. The input tensor is rst split into non-overlapping 3D tokens
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Figure 4.6: Swin transformer blocks.

for feeding into the Swin Transformer blocks. Our implementation sets the patch 2iz2 t@.

It consists of a raw feature dimensiondf 2 2 3 associated with the multi-tag hologram
tensor with3 channels. The raw features are projected into a 48-dimensional space using
a linear embedding layer, which is consistent with the traditional Swin Transformer. Then,
the processed tokens are applied with Swin Transformer blocks. Fig. 4.6 exhibits the shifted
window based self-attention in the Swin Transformer blocks, where W-MSA and SW-MSA
represent the regular window based multi-head self-attention (MSA) and shifted window based
MSA, respectively. A LayerNorm(LN) layer is adopted before each MSA and MLP. The tokens
are rst partitioned into small cubes in the Swin Transformer block. For example, the token of
H W D would bedividedintd}: Y D cubeswithawindowo#l M M. Inthe following

block, the window would shif(¥-; '\"7; M?) pixels, so that the connection between neighboring
non-overlapping windows in the previous block would be introduced in the network. With the

approach, the output of two consecutive Swin Transformer blocks is computed as,
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8 = W-MSA(LN(s' 1))+ &' !
s' = MLP(LN(&")) + ©'
8"l = SW-MSA(LN(s')) + &
s = MLP(LN(8"")) + s"* (4.8)
The self-attention is given as
;
Attention(Q; K; V) = SoﬂMaK%% + B)V (4.9)

whereQ; K;V stand for queries, keys, and values, respectiwkiy.the scale-down factor, and

B is the relative position bias. A patch merging layer always follows the Swin Transformer
blocks for shrinking the size of the features by a facto® of each stage. The output of each
stage would not only be passed on to the subsequent stage, but also be fed to DCNN-based
decoders to regenerate the Itered hologram tensor.

The feature representation from the Swin Transformer backbone is rst adjusted with a
convolutional encoder before it is concatenated with the features from the decoder of the lower
layer. The convolutional decoder processes the merged features, and the output returns to the
higher layer. In our implementation, the ltered hologram tensor is obtained directly with the
convolutional decoder from the top layer. To supervise the training of the network, a mixed

loss function is formulated as,

Lmix = L msssim+t (1 ) Ly (4.10)

whereL ys.ssiv iS the multiscale structural similarity indelk;, represent; loss, is a hyper-

parameter [138].
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Figure 4.7: Architecture of self-supervised pre-training.

(@) (b) (©) (d) (e)

Figure 4.8: (a) A slice of the input tensor. (b) A slice of the ground truth tensor. (c) A slice
of the sanitized tensor using self-supervised pre-train. (d) A slice of the sanitized tensor using
supervised learning.(e) A slice of the sanitized tensor obtained with DCNN-based network

4.4.5 Self-supervised Pre-training of Swin Transformers

Self-supervised pre-training has made a signi cant contribution to the development of cutting-
edge models for a wide range of NLP tasks. Recent research has revealed numerous self-
supervised ways for enhancing the capacity of deep neural networks to learn feature repre-
sentations in vision tasks as well [139, 140]. In this chapter, the self-supervised pre-training
is leveraged with the Swin Transformer based hologram Iter network to promote the perfor-
mance of sanitizing noisy tensors in the proposed framework.

According to Fig. 4.7, we adopted three pretext loss for learning a good data representation
in the self-supervised pre-training, which are inspired by the prior work for medical image anal-

ysis [141]. The input hologram tens8ris rst cropped and rotated to generate sub-volumes
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randomly. Using the Swin Transformer backbone, the feature representation is extracted from
the sub-volumes, and three different projection heads are leveraged to achieve the correspond-
ing pretext tasks. The rst task is to predict the angle rotation of the sub-volumes in 6 classes
including90; 90 along with x-axis, y-axis, and z-axis respectively. The cross-entropy loss

is utilized as below

X6
Lot = rmlog(fm) (4.11)

m=1

wheref, is the softmax result from the rotation heagl,is the ground truth.

Tensor recover task is also a part of the self-supervised pre-training. We mask out a por-
tion of pixels in the sub-volumes with a ratso The sub-pixel convolution in the recover head
regenerates the masked pixels with the feature representation from the Swin Transformer back-
bone. The MSE los& ¢ is leveraged to measure the difference between the ground truth

sub-volumeS,,, and the recovered sub-volurfg,,, which is given as,

X
(Ssub ésub)2 (4.12)

Liec =

|~

whereP is the number of pixels in the sub-volume.

Contrastive learning [139] is also a part of the self-supervised training in the proposed
framework. We leverage a simple instance discrimination task as the pretext task. Two corre-
lated sub-volumes of the input hologram tens@mds. , are generated with the tensor rotation
and cutout at rst. With the Swin Transformer backbone and the contrastive head, the feature
representations are extracted fremnds, and denoted aq andky. For a minibatch olN
tensors, only the feature representation from the same input tensor is treated as positive pair,
while the feature representatibk;; k;;  ky i1gfromtheresN  1tensors are the negative
examples. Apparently, the instance discrimination task is actually a N-way classi cation prob-

lem, which tries to clasg asky. Thus, the contrastive loss function, called InfoNCE [142], is

80



de ned as

exp(q ko= )
L = logp 4.13
contrast g N _01 X :q km ) ( )

where the dot product is implemented to measure the similarity between the feature represen-
tation, is atemperature hyper-parameter.
Finally, the Swin Transformer backbone is self-supervised by minimizing the complex

loss function as follow:

L = Lrot + Lrec + Lcontrast (4.14)

Our Swin Transformer based hologram lIter network is ne-tuned using regular super-
vised learning after self-supervised pre-training. Fig.4.8 depicts the progress brought by self-
supervised pre-training. Fig.4.8(a) and Fig.4.8(b) show a noisy hologram tensor slice and the
corresponding ground truth slice. In Fig.4.8(c), a sanitized slice of the hologram tensor is gen-
erated using the pre-trained weight, while Fig.4.8(d) shows the slice sanitized by the network
without the self-supervised pre-training. By comparing Fig.4.8(a) and Fig.4.8(c), we notice
that the band pattern in the Fig.4.8(a) is extracted and recovered in Fig.4.8(c). The peak spot
locates at one of the bands in the slice, which meets our observation in Fig.4.1. The band pat-
tern, however, vanishes in Fig.4.8(d). Instead, the shadow area in Fig.4.8(d) is consistent with
the blur area in Fig.4.8(a). It appears that the network learns how to sanitize the tensor via a
"shortcut”, which is not our expectation. Furthermore, the area of the peak spot in Fig.4.8(c) is
signi cantly denser than those in Fig.4.8(d). It reveals that self-supervised pre-training is able
to improve location estimation by extracting detailed and interpretative feature representations
from noisy tensor inputs. Furthermore, Fig.4.8(e) displays a slice of the sanitized tensor from
the DCNN-based hologram Iter network. Compared to the previous slices, Fig.4.8(e) is almost
identical to the ground truth slice in Fig.4.8(b). Even though the slice is much cleaner than the
slices from the Swin Transformers, the details from the original input tensors are eliminated

through the DCNN-based network. It is dif cult for us to discover how the network cleans
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up the tensor in the forward propagation. The phenomenon exhibits the difference between
the DCNN backbone and the Swin Transformer backbone. The Swin Transformer has a larger
representation capacity, e.g. the effective features are kept in Fig.4.8(c). However, it usually
suffers from data shortage because of the lack of the typical convolutional inductive bias. On
the other hand, the DCNN backbone performs well even with a dataset of limited size. The

detailed comparison between the two backbones will be presented in the following chapter.

4.4.6 Location Estimation

The tag location could be inferred easily using a simple peak detection algorithm with the
sanitized hologram tensors. Because the sanitized tensor from the DCNN-based hologram Iter
network is compressed, we employ trilinear interpolation to recover its size. The estimation

location® is computed as follows.

8 = £ Gjf (Sr; G) = max( Sr)g; (4.15)

wheref () extracts the similarity value at the grid locati@ from the sanitized hologram

tensorSy.

4.5 Experimental Study

4.5.1 Testbed Con guration

To evaluate the performance of the proposed framework, we built a prototype using a Zebra
FX9600 reader and eight Zebra AN720 antennas. Three UPM Ra atac Frog 3D tags are utilized
as localization targets. In the experiment, we assess the performance of the proposed framework
by concurrently localizing the tags af xed to the human body. A Kinect V2 device collaborates
with a three-dimensional human position estimation algorithm [143] to produce ground truth
coordinates for supervised learning. For dataset creation and tag position estimation, the target
tags are mounted to the shoulders and neck. ROS Kinetic Kame is utilized to synchronize
and unify the coordinates and tensors from the Kinect V2 and the RFID reader. We adjust

the requirement for hologram tensor creation to ensure real-time performance of the proposed
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Figure 4.9: The MulTLoc testbed setup.

framework. When ve antenna pairs are available, the phases from seven channels will be used
to construct the hologram tensors. The yellow lines in Fig. 4.9 outline the surveillance space
of the prototype, which covers a space of dimendidim 1:5m 1:5m at 0:5m above the
ground. The grid size is set &tm. Furthermore, the similarities at each grid position in the
surveillance space are computed in parallel using CUDA GPU programming to speed up the
construction of hologram and ground truth tensors.

Table 4.1 and Table 4.2 illustrate the backbone detail of two hologram lter networks. For
the DCNN-based hologram Iter network, each residual unit includes two Redilmik. The
downsampled tensors are concatenated as a multi-channel tensor (green cubes in Fig. 4.3) and
then processed by a convolutional layer (conv2 in Table 4.1). The hourglass units are stacked
end-to-end for ltering noisy hologram tensors. Multiple hourglass units could be leveraged in
the DCNN-based hologram lIter network. The number of hourglass units would not affect the
utilization of Hourglassnput and Hourglassutput in the network. An extensive discussion

about the effect of the number of hourglass units on the location estimation will be given in the

83



