ABSTRACT

BHATTACHERJEE, UDITA. Experimental Study of Localizing an Aerial User and Application
of Deep Neural Network in Localization. (Under the direction of Dr. Ismail Guvenc.)

The wireless industry is growing very fast in the last decade with the main aim of high-speed,
low-latency, and reliable communication. Localization, being a primary and essential component
of wireless communication, needs to be efficient enough to match modern requirements. With
a higher range of frequency, not only the localization should be fast, but also it needs to be
accurate. This thesis tries to address both these aspects of localization. In the first chapter,
we discuss the improvement of localization accuracy for an aerial user. This is followed by the
second chapter, where we discuss the benefits of using a deep neural network for faster and
accurate localization utilizing a large number of historical databases that can be obtained in
the current generation wireless networks.

In the first chapter, we localize aerial users in the form of unmanned aerial vehicles (UAVs).
Unmanned aerial vehicles (UAVs) are being used for multiple purposes in the wireless industry
e.g. military services, video surveillance, drone delivery. Extensive and uncontrolled use of UAVs
may lead to privacy and security breaches. Hence, UAV monitoring is a hot research topic in the
wireless industry. Tracking a UAV involves detecting and localizing it accurately. In the first part
of this thesis, a UAV flying randomly in an open field is detected using a radio frequency (RF)
sensor and localized using a commercially available Keysight Geolocation software N6854A.
After evaluating the performance of the software localization algorithm against a groundtruth,
the error is observed to be high occasionally. To improve the location accuracy, a popular
bayesian filter named extended Kalman filter (EKF) is implemented over the location estimation
of the localization algorithm. In state-of-art works, EKF is observed to perform well for a
fixed motion model. In this research, the motion model is unknown and randomly changing.
To counter that problem, the UAV trajectory is divided into small segments and fitted into
either of three basic motion models: constant turn (CT), constant velocity (CV), and constant
acceleration (CA). The result shows that the EKF can improve the location accuracy if the
UAV trajectory points of a particular segment are aligned with the motion model definition of
that segment.

The second half of the thesis explores the ways to escalate the localization process. There
are multiple localization algorithms available in the literature. These algorithms are time and
computationally efficient for the line of sight (LOS) communication. However, the algorithms
become computationally heavy and time-consuming for non-LOS (NLOS) communication. In
this part of the research, a deep neural network (DNN) is used to exploit the advantage of his-
torical data from channel estimation. For a static environment, the previous channel estimation
can be used to train a DNN for predicting the user location. Two different approaches are con-

sidered as the input of the DNN: the raw channel parameters and the channel response vector.



In the first approach, multiple combinations of channel parameters are chosen as the input to
predict the location of the user. The result shows that the DNN can predict the location with
great accuracy provided the DNN is trained in a supervised manner. In the second approach,
the DNN fails to perform well due to the high correlation between the channels. The problem
can be countered by representing the channel response in a sparse domain and then feeding
it to the DNN. Overall, the use of DNN gives a promising result to achieve faster localization
when the DNN is well trained.
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Chapter 1

INTRODUCTION

The amount of data for transmission is rapidly increasing with the advancement of life. Hence,
the wireless industry is now implementing 5G and working towards 6G to fulfill the need for
high-speed, low-latency, and reliable data communication wirelessly. With the usage of high-
frequency bands in 5G and upcoming technologies, researchers are facing multiple environmen-
tal issues like high scattering, path loss, the effect of weather, etc. Researchers are working
on handling these issues using beaming forming techniques, implementing the multiple-input-
multiple-output (MIMO) system, increasing the number of transmitters, etc. Localization, the
process of determining the location of a user is one of the essential components for successful
communication some of the use cases being beamforming, location-based services, and remote
area coverage. With a higher range of frequency, not only the localization should be fast, but
also it needs to be accurate. This thesis tries to address both these aspects of localization. In
the first chapter, we discuss the improvement of localization accuracy for an aerial user. This
is followed by the second chapter, where we discuss the benefits of using a deep neural network
for faster and accurate localization utilizing a large number of historical databases that can be

obtained in the current generation wireless networks.

1.1 Layout and Contributions

1.1.1 Chapter 2

In the modern era of telecommunication, higher frequency bands are used which results in high
path loss. Hence, industry and academia are considering all the possible ways of communication
to counter the path loss effect. Unmanned aerial vehicles (UAVs) are used for aerial communica-
tion in different areas like drone delivery, video surveillance, small area coverage, etc. However,
the extensive use of UAV is raising privacy and security issues presently. Detecting and tracking
a UAV is becoming an essential step to avoid any security breach. Chapter 2 of this thesis talk
through an experimental study which is conducted to detect and localize a UAV flying in an

open field. A UAV can be detected using different types of equipment e.g. passive radio fre-



quency (RF) radar, multiple-input-multiple-output (MIMO) radar, optical and acoustic radars.
In this case, a commercially available RF sensor (Keysight RF sensor N6841A) is used to detect
the UAV in the field. After successfully detecting the flying UAV, Keysight geolocation soft-
ware N6854A is used to localize the UAV and the localization performance is evaluated against
a ground-truth value. The performance is observed to be bad for some of the measurement
points. To improve the location accuracy a popular bayesian filter technique named extended
Kalman filter (EKF) is adopted. EKF is famous for tracking automated vehicles and UAVs.
In state-of-art works, people define a fixed system model for the automated vehicle or UAV
which helps the EKF to improve the location error. But it is hard to know the exact system
model for a randomly flying UAV which is the target for this research. This work shows that
the EKF can still be applied to improve the location accuracy by segmenting the trajectory in
small parts. After segmentation, each segment is fitted to either of three basic system models:
constant turn (CT'), constant velocity (CV), constant acceleration (CA). Hence, each segment
has a fixed motion model and an usual EKF algorithm can be applied to improve the location

accuracy. The details of the segmentation and results are shown in Chapter 2.

1.1.2 Chapter 3

As a part of localization, the network has to perform channel estimation for each user at every
location. In a fixed environment, the historical channel estimation data can be used to train a
deep neural network (DNN) for future localization. Following this idea in the chapter 3 of the
thesis, a DNN has been designed for a static environment to predict the user location for both
LOS and NLOS paths. Once the DNN is trained, it can predict the location real-time with
very low complexity. But the problem is how to train the DNN well enough to achieve a good
performance. Two approaches are considered for this work: one using raw channel parameters,
and the other one using the channel response vector as the input of the DNN. In both the
case, the DNN is supposed to predict the x and y coordinate of the user as output. In the
first approach, multiple combinations of the angle of arrival (AoA), received signal strength
(RSS), and time of arrival (ToA) is used as input of the DNN keeping the number of multipath
components fixed. In reality, the number of multipath components above a threshold signal
strength varies from point to point. Hence, the second approach uses the channel response
vector as DNN input since it is independent of the number of multipath components. The
learning is performed in a supervised manner for two different frequencies: 5 GHz and 28 GHz.

The details of the research and the comparison of the results are discussed in Chapter 3.



Chapter 2

Experimental Study of Outdoor
UAYV Localization and Tracking

using Passive RF sensing

Research Outcome

e U. Bhattacherjee, E. Ozturk, O. Ozdemir, I. Guvenc, M. L. Sichitiu, and H. Dai “Ex-
perimental Study of Outdoor UAV Localization and Tracking using Passive RF sensing,”
[Submitted to ACM WiINTECH 2021].

2.1 Summary of the Chapter

Extensive use of unmanned aerial vehicles (UAVs) is expected to raise privacy and security
concerns among individuals and communities. In this context, detection and localization of
UAVs will be critical for maintaining a safe and secure airspace in the future. In this chapter,
Keysight N6854A radio frequency (RF) sensors are used to detect and locate a UAV by passively
monitoring the signals emitted from the UAV. First, Keysight sensor detects the UAV by
comparing the received RF signature with various other UAVs’ RF signatures in Keysight
database using an envelope detection algorithm. Afterwards, time difference of arrival (TDoA)
based localization is performed by a central controller using the sensor data, and the drone is
localized with some error. To mitigate the localization error, implementing an extended Kalman
filter (EKF) is proposed in this research. Performance of the proposed approach is evaluated
on a realistic experimental dataset. EKF requires basic assumptions on the type of motion
throughout the trajectory, i.e., the movement of the object is assumed to fit some motion
model (MM) such as constant velocity (CV), constant acceleration (CA), and constant turn
(CT). In the experiments, an arbitrary trajectory is followed, therefore it is not feasible to fit the

whole trajectory into a single MM. Consequently, the trajectory is segmented into sub-parts and



a different MM is assumed in each segment while building the EKF model. Simulation results
demonstrate an improvement in error statistics when EKF is used if the MM assumption aligns

with the real motion.

2.2 Introduction

Unmanned aerial vehicles (UAVs), commonly known as drones, are expected to be an im-
portant component in next-generation wireless systems [1]. UAVs have multiple commercial,
government, and personal uses, ranging from goods delivery, live video surveillance, photogra-
phy, among others. On the other hand, UAVs can also be used to breach public privacy and
security, and sometimes UAV swarms may threaten sensitive facilities such as nuclear plants,
oil installations, and large public gatherings. Thus, detecting, locating, and tracking UAVs is
of great importance. A few popular techniques for UAV detection include the use of optical
or acoustic radars [2},3], passive radio frequency (RF) radars [4], and MIMO radars [5]. These
detection techniques have their distinct advantages/disadvantages, and are chosen based on the
need and type of a specific application, UAV size under consideration, among other criteria.
For instance, small UAVs are harder to detect by radars as their radar cross-section (RCS) is
similar to a bird [6] and their acoustic signature is typically weak to be detected by acoustic
radars |7]. A popular and effective approach to UAV detection is passive RF sensing of UAV
and controller signals [81|9], which is the focus of our work.

Majority of the UAVs use 2.4 GHz and 5.8 GHz ISM (Industrial Scientific and Medical)
frequency bands to communicate with the remote controllers. Therefore, an RF sensor can
passively detect and localize the UAVs using the RF signals. In this chapter, we detect the
RF signals and localize UAVs using the Keysight Geo location system N6854A with the data
collected by RF sensor N6841A. The sensor is capable of detecting RF sources in the vicinity
of 1-2 km in sub-6 GHz bands, and inter-operates with a geolocation tool, N6854A |10], which
performs localization. Occasionally these RF sensors may perform poorly resulting in large
localization errors as in [11], where the authors utilized an N6841A sensor in a spectrum sensing
module. These high errors are not acceptable for some critical applications. In this context,
we propose an extended Kalman filter (EKF) framework in this chapter to improve tracking
accuracy for GPS-denied environments.

The accuracy of the EKF algorithm relies on the dynamics of the UAV trajectory. One way
of modeling the problem of localizing a highly maneuvering UAV with an unknown pattern is
to segmentize the trajectory and use multiple motion models (MMs) that represent the possible
maneuvering patterns for each segment [12]. This approach assumes that the UAV follows one of
the possible models and the precision of the model depends on the accuracy of this assumption.
In this chapter, a multiple MM-based EKF framework is adopted that considers three types
of motion, i.e., moving in a circular trajectory and moving on a straight line with constant

velocity or constant acceleration. More specifically, these three kinematic models are labelled as



constant turn (CT), constant velocity (CV), and constant acceleration (CA) models. A multi-
MM framework models the trajectory better and, thus, provide better performance than a
single-MM model.

The core purpose of this study is to analyze the performance of the EKF-based tracking with
different MMs and its relationship to parameter selection (e.g., noise covariance) on a realistic
dataset. The rest of the chapter is organized as follows. Section presents the measurement
setup, details of the Keysight geolocation system, the UAV trajectory, and the results after
post-processing the data. The EKF implementation along with the modeling of multiple MM
are presented in Section The numerical results along with insights and discussions are given
in Section 2.5

2.3 Experiment Setup and Measurements

This section briefly describes the capabilities and data collected by the RF sensors along with
its important parameter selection (e.g., noise covariance). This is followed by the presentation
of UAV trajectory in an open field and the simulation results from the N6854A system for the

post-processed data.

2.3.1 RF Sensor System and the UAV

In this chapter, commercially available Keysight RF sensor N6841AE] is used for detecting,
recording, and time-stamping the UAV downlink RF signals. The sensor node consists of RF
sensor N6841A, a GPS antenna, and a broadband antenna as shown in Fig. The RF
receiver operates in the frequency range of 20 MHz - 6 GHz and has a bandwidth up to 20 MHz.
The broadband antenna is omnidirectional for better reception, and the GPS antenna helps to
record the timestamps of the RF sensor collected data. This sensor system is also accompanied
by a localization software called geolocation software N6854A [10] that can localize RF sources
within a 2 km radius.

The geolocation software is capable of calculating time-frequency response, correlation
amongst the RF sensors, and localization. For localization task, it offers three different al-
gorithms, i.e., the time-difference-of-arrival (TDoA) based, the received-signal-strength (RSS)
based, and a hybrid algorithm of the former two. The performance of these algorithms de-
pends on the scattering environment. For instance, TDoA-based localization is preferred over
RSS-based localization when the number of multipath components (MPCs) is low [14]. In a
rich-scattering environment, the TDoA-based algorithm performs poorly, so the RSS-based al-
gorithm is preferred. This experiment was conducted in a large open field with a dominant
line-of-sight (LOS) path and very weak reflections, hence, TDoA-based localization approach

was preferred. Furthermore, a commercially available drone, a DJI Inspire 2, operating at 2.400

!These RF sensors are also being deployed as a part of the AERPAW: Aerial Experimentation and Research
Platform for Advanced Wireless |13], a large-scale 5G testbed focused on wireless communications and UAVs.
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Figure 2.1 (a) Keysight RF sensor N6841A. b) Google Earth snapshot of Dorothea Dix park and
location of the sensors. (¢) Experimental UAV trajectory relative to the sensor locations.

- 2.483 GHz band with a bandwidth of 20 MHz was used as the target that is controlled with
an RF remote controller.
2.3.2 RF Sensor Measurement Setup and UAV Trajectory

The experiment with Keysight RF sensors and the UAV was conducted in Dorothea Dix Park,
Raleigh, North Carolina. The experiment field is shown in Fig. where white boxes are
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Figure 2.2 Error CDF of the raw and clean data from the RF sensor and EKF against ground truth
locations.

the RF sensors’ location (black square points in Fig. . In total, four Keysight N6841A RF
sensors were used to localize a UAV, and these sensors had a separation distance of at least 50
meters. For the system functionality, at least one of the RF sensors should be connected with a
PC to monitor the UAV RF signals. These sensors can also be accessed via the internet. Each of
the RF sensors collects the RF signals’ in-phase and quadrature (IQ) data. The collected data
is post-processed by the geolocation software to estimate the UAV location using the TDoA-
based algorithm. Upon performing localization, the geolocation software provides the latitude
and longitude of the UAV in decimal degrees and does not provide the altitude information.
Location estimates are logged in conjunction with their respective timestamps.

The UAV trajectory in the experiment based on the location data collected by the drone is
shown in Fig. in 2-D. Apparent from the figure that the UAV was flown arbitrarily given
the start and end point of the trajectory as pointed in the Fig. It is explicit that such a
trajectory cannot be modeled with a single MM (e.g., CV or CT) for the EKF framework to
perform good. More details on the approximation of the trajectory are discussed in Section
Further, during the flight, the UAV records its location and saves it (with the timestamps) in
every 100 msec. This location information is used as the ground truth to evaluate the perfor-
mance of the RF sensor system and the proposed EKF approach. Up next, the further data

processing on the collected experimental data is discussed.



2.3.3 Data Post-processing and RF Sensor Error Performance

With the experimental setup mentioned above, the UAV location data and the estimated lo-
cations from the RF sensor paired with corresponding timestamps were collected for around 5
minutes of flight time. The collected location information from both the UAV and RF sensors
was converted from decimal degrees into cartesian coordinates for ease of representation. Fur-
ther, the sampling time intervals of the UAV and RF sensor data are not equa]ﬂ So to be able
to work on a consistent dataset, two datasets were compared and a few samples were filtered
out for which the timestamps do not match in millisecond sensitivity. After this process, a total
of K = 178 discrete timestamps are considered for further processing. The processed UAV and
RF sensor locations at k' time index are denoted by IEAV and IEF, respectively. These data
points are used for evaluating the performance of the geolocation system.

The performance of the geolocation system is evaluated using the Euclidean distance metric.
The black solid curve in Fig. shows the cumulative distribution function (CDF) plot of the
error between the RF sensor estimations and the UAV GPS data. The error statistics (e.g.,
max, min, mean, and std) are also calculated for the processed data points. Occasionally, the
estimated location is far away from the true points corresponding to a higher error in the upper
tail of the CDF (maximum of 198.4477 m). A possible explanation for this phenomenon is
that the RF sensors would have intermittently detected other RF signal sources in a 1-2 km
radius resulting in erroneous estimation. To disregard these erroneous data points, the data was
cleaned by removing the points with an error higher than 60m. The resulting data points are
referred as clean data, whereas the data set with all the points are referred raw data. The solid
red curve in Fig. shows the error CDF of the clean data. The highest error on this curve
is around 50 m and the errors are greater than 14 m 90% of the time. This much error might
be too high depending on the application. The accuracy of the sensors can be improved by the

use of an EKF framework, especially for the high error portions of the CDF plot.

2.4 Motion Model based EKF

This section first gives details of the proposed EKF approach for a discrete-time system followed
by the working principle of the MMs and segmentation of the trajectory.

2.4.1 EKF Tracking Framework

The primary objective of discrete EKF tracking is to estimate the present state given the infor-
mation of the previous states in terms of time. Target tracking methods are usually model-based

and are expressed in terms of the target dynamic MM and its observation model, respectively.

2The number of data points from the RF sensors (sampling rate ~ 1 sample/sec) is lower than the number
of data points at the UAV (sampling rate ~ 1 sample/100msec).



Mathematically, a discrete-time model is expressed as follows [15]

State model: s = fr(sk—1,ur) + Wi_1, (2.1)
Observation model: z; = Hs; + vy, .

where, k denotes the state (time) index k € {1,..., K}. In the state model, the term s denotes
the state vector which consists of the parameters for predicting in each state. This representation
of state is core to the EKF process and is basically the minimum information required about
the past and present to determine the future response given the future input. The function fy, is
the vector-valued (time-varying) function that dictates the state transition. In the observation
model, z; and H denote the observations at the state index k and observation matrix (not a
time-varying function in this work as the position estimates are obtained only from the RF
sensor ), respectively. Finally, the terms wy and vy, are the process and observation noises that
take into account any irrelevant attribute affecting the state and observations. Both wj and
vy are assumed to be zero-mean Gaussian distribution with the covariances Qi and Ry that
control the level of relaxation of the constant-term MM assumptions and measurement noise
level, respectively. Importantly, the choice of the state components s, the function f; that
accounts for the effect of target motion, and the covariance matrix Qj depends on the choice
of the motion-model (MM).

2.4.2 Kinematic Motion Models (MMs)

To better model the random trajectory of the UAV, three tractable kinematic models are used,
namely, constant velocity MM (CV-MM), constant acceleration MM (CA-MM), and constant
turn MM (CT-MM). The trajectory will be segmentized and only one of these MMs will be
used for a single segment. Note that, unlike many other works in the literature, arbitrariness of
our trajectory makes it impossible to model the whole trajectory with a single MM. The three
considered MMs are described below. Readers can refer to [15] for further details.

1) CV-MM: The simplest form of motion is the CV-MM, where the speed and the direction
of the object is constant, i.e., the object moves in a straight line. For this MM, the minimum
information required in the state model to capture the future response are the current positions
and the velocity. This is represented by si. The state vector and discrete-time linear state
transition matrix, fj in are as follows |15, Equation (16)]

x 1 0 1T O

ko — .| k= ’
T 0 0 0
g 00 0

where the terms &, y, T} denote the velocity in = and y directions, and interval between the

time-indices k — 1 and k, respectively.



2) CA-MM: The second considered MM is the CA-MM that has constant acceleration
where the velocity is changing with a constant rate each second and is captured in the state
vector by the terms & and ¢ denoting the acceleration in x and y directions, respectively. The
state vector and discrete-time linear state transition matrix, fi in are as follows |15,
Equation (21)]

] 10T 0 % o]
y 01 0 7 0 %
oA |F| goa_ 00 1 0 T 0
Y 00 0 1 0 Ty
i 000 0 1 0
Y] 00 0 0 0 1]

3) CT-MM: This MM captures the object moving in a circular path with a constant
angular velocity of w (rad/sec). The state-space equations expressed in Cartesian [16] are as

follows:

2+ £ sin(wT) — £(1 — cos(wT}))]
& cos(wTy) — ysin(wTy)
sg = 2| B (sk)= |y + L(1 — cos(wT})) + L sin(wTk)

& sin(wTy) + y cos(wTy)

S <R 8

w

Regarding the noise factors, this study assumes that the process noise,wyg, is uncorrelated
across its components, and adopts the covariance structure Qj as explained in |15, Equation
(17, 22)].

On the other hand, only the position information is available from the RF sensor for the

measurement noise, v, and this is reflected by the measurement model for each of the MMs as

follows
Hcv:1000 HCA:100000
010 o 01000 0]
HOT 10000
0100 o

Apart from the above-mentioned models, one might also consider other sophisticated MMs [17]
such as constant jerk, simultaneous deceleration, and turn, oscillatory turns, etc. However, only
these three models are used in this case as these three models are sufficient to model the whole
trajectory. The crucial part of the process is to decide how to do the segmentation of the tra-
jectory and assigning an MM for each segment. In practice, this can be achieved using some

data-driven estimators |18], camera-based you-look-only-once (YOLO) detection methods [19],
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1) Calculate Kalman gain
Ky =P;H'(HP;H” + R)™!

1) Predict state estimate

S, = Jr(Sk-1)
2) Update estimate with
measurement

S =8, + Ky(zr —HS,)

2) Predict covariance estimate

p; = FA‘IE';._[FI 4 QA-
3) Update error covariance

P, = (I- K.H)P;
- /U o

Figure 2.3 EKF steps for each time index k.

or leveraging environmental priors (physical constraints and environmental semantics) and mo-
tion history. However, for the sake of simplicity and tractability, it is assumed that the segments

and which MMs to be used is perfectly known apriori.

2.4.3 Implementation of EKF

In this subsection, the details of the implementation of the EKF is discussed. The flow diagram
is given in Fig. An EKF process is comprised of two consecutive steps, i.e., the prediction
step and the update step.

In the prediction step, the target state §; and the covariance 15,; at time index k are
predicted based on the kinematic process MMs, previous state §;_1, and covariance estimate.
These predictions will further be used in the update step, where the EKF updates the predicted
state based on the Kalman gain K} and the measurement z;. The Kalman gain K} acts as a
weighting factor that signifies the trustable value of the measurement and prediction state
values. If the observations are assumed to be highly noisy (high variance), then K} will be low
weighing less on the measurements and more on the predicted values, and vice-versa. Readers
can refer to [20] for further details. The above process is recursive and repeated for each time
index k. All the implementation were carried out using the trackingEKF built-in function of
the Sensor Fusion and Tracking Toolboz of Matlab®).

2.5 Experiment Results and Discussion

In this section, the performances of different MMs are observed on a realistic maneuvering UAV
target. The statistics of the Euclidean distance metric di(IVAY 155t) = |[IVAV _185t||; is used

11
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Figure 2.4 Segmentation of the complete UAV trajectory into appropriate MMs.

to evaluate the performance of both RF sensors and EKF. The terms igA\/ and iESt' denote the
ground truth (UAV GPS) and estimated locations (RF and EKF algorithms), respectively.
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2.5.1 UAYV Trajectory and Segmentation

The UAV trajectory flown for the experiment is as shown in Fig. with the red points being
the measurement points and black line connecting the points with straight line. As noted in
Section after post-processing, a total of K = 178 discrete time-stamps for the considered
trajectory has been used for EKF implementation. First, the complete trajectory is divided
manually into segments based on the visual inspection of the trajectory and velocity information
obtained from the UAV, both are illustrated in Fig. and Fig. The trajectory knowledge
and velocity variations within the segment would be sufficient to approximate a segment as
either of the MMs [21]. Fig. shows the segmentation of the complete trajectory into eleven
different stages of maneuvering along with its corresponding time indices and approximated
MDMs. Fig. shows the total velocity plot of the UAV trajectory for the complete trajectory
according to the GPS data collected by the UAV. For ease of illustration, the CT, CA, and
CV MMs are colored red, green, and yellow, respectively. These two figures complement each
other and justify the segmentation. Initial UAV take off and an interim part of the trajectory
with many missing data points are colored white in Fig. indicating that these segments are
excluded.

Considering both Fig. and Fig. first two segments (S1-S2) are approximated with CT-
MM, and similarly, CA-MM is used for the segments S4, S5 and S7. The remaining segments, S3,
S6, S8, S9, S10, and S11, are approximated as CV-MM due to approximated straight lines and
velocities. Even though CV-MM is the best choice for this third segment group, EKF accuracy
will reduce because of the deviation from idealized MM assumption due to high variations in
velocity. The mean and standard deviation of velocity for CV and CT segments and those of

acceleration for CA segments are also shown in Fig. [2.5

2.5.2 EKF Parameters Selection Strategy

While building the EKF model for each segment, the initial point was chosen to be the lo-
cation measured by the RF sensor system. These estimates are noisy and the noise level is
characterized by a covariance matrix Ry = diag{o2, 02}, where 02 and O’Z values are chosen
as the mean of the RF sensor location error. On the other hand, the process noise covariance
matrix elements depend on the MM and are treated as design parameters. These elements are
the velocity variance 032-3 and o*yg, acceleration variance 09'25' and 05, and variance of turn-rate 2.
These parameters have been kept fixed for each segment using the variance of the respective

domain segments obtained from the UAV data.

2.5.3 Performance Analysis

EKF is applied separately to each segment and the error performances are studied of the RF
sensor and the proposed tracking EKF algorithms . The error CDF curves for both raw data

and clean data are also given in Fig. 2.2] The black and red solid lines represent the error of
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Figure 2.5 Total velocity plot for clean UAV trajectory data where S1 - S2: CT, S4, S5, S7: CA, S3,
S6, S8 - S11: CV

Table 2.1 Error statistics for each segment (Clean data, Error < 60 m).

S1 S2 S3 S4 S5 S6
Err. stats. | RF | EKF | RF | EKF | RF | EKF | RF | EKF | RF | EKF | RF | EKF
min. (m) 1.08 | 0.23 | 093 | 0.35 | 53 | 5.65 | 0.14 4.2 5.54 74 1.53 | 0.68
max. (m) | 14.25 | 13.88 | 9.04 | 9.73 15 | 14.84 | 39.89 | 19.89 | 49.55 | 32.91 | 7.32 | 7.3
mean (m) 7.7 8.0 5.89 | 6.39 | 889 | 897 | 10.59 | 9.67 | 14.63 | 13.84 | 4.72 | 4.7
std (m) 3.64 | 3.49 | 228 | 259 | 3.23 | 2.79 7.7 3.8 11.87 | 6.89 | 2.13 | 2.49

the raw data and clean data, whereas, the dashed black and red lines are the error CDFs of
the EKF predicted data. As expected, the results are better for the clean data since EKF can
reduce the highest error without disrupting errors of the rest much. On the other hand, the
highest error is reduced significantly for the raw data with the cost of an increase in errors
of the remaining points. This is because the noise varies highly from point to point for some
segments, and it is hard for EKF to perform well for all the points with fixed noise covariance.
For the error analysis in each segment, this study focus only on the clean data and compare the
maximum, minimum, mean, and standard deviation (std) of calculated errors, and highlight
the lowest error. These values are listed Table and

For both CT-MM segments (S1 and S2), the maximum error with the EKF is reduced
significantly compared to the RF sensor even if it does not take into account the dynamic
modeling. Thus, even an approximated MM-based EKF can help to reduce the highest error
significantly. The EKF even helps reduce the minimum and std error for S1. For S2, the results
are not improved but rather increased. This might be due to the nonalignment of the points

with the circular assumption and velocity variation. Note that CT-MM assumes a constant
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Table 2.2 Error statistics for each segment (Clean data, Error < 60 m).

S7 S8 S9 S10 S11
Err. stats. | RF | EKF | RF | EKF | RF | EKF | RF | EKF | RF | EKF
min. (m) 233 | 1.69 | 239 | 1.41 | 646 | 3.17 | 1.75 2.28 2.04 | 2.02
max. (m) | 35.81 | 23.86 | 14.67 | 14.67 27 19.53 | 17.06 | 12.84 | 16.17 | 16.31
mean (m) | 7.68 | 5.81 | 599 | 6.54 | 10.72 | 10.3 | 823 | 7.02 | 7.36 | 7.52
std (m) 994 | 6.46 | 3.97 | 4.13 | 5.66 | 4.24 | 496 | 3.37 5.1 5.15

angular velocity. A similar trend can be noticed for CA-MM and CV-MM segments. Among
all the CA-MM, S7 performs the best with the reduction in all the observed error statistics.
In S4 and S5, all other error statistics are reduced except the minimum error. Comparing all
three CA-MMs, the acceleration variation is the smallest in S7 as it is closer to a straight line,
hence, performing the best. In CV-MM case, S9 is mostly satisfying the CV-MM assumptions
and all the error statistics are reduced. The segments S6 and S10 performs the second best
because of the good alignment with the straight-line assumption. In S11, on the other hand,
the points are well aligned on a straight line but the velocity variance is quite high resulting in
no improvement by the EKF framework. Finally, segments S3 and S8 are performing the worst
by uplifting the error statistics due to the discontinuity in data points and misalignment from
the straight line.

To sum up, even though the proposed EKF approach does not give the lowest errors in all
circumstances, it reduces the highest error significantly for different types of motions model as
long as the segment trajectory is in compliance with the MM assumption. It is also observed
that the performance of the EKF depends on the noise covariance selection. Different noise
covariances may improve errors at some particular points deteriorating at other points. One
possible approach for this is to tune the EKF parameters at each state according to some prior
knowledge. A reinforcement learning-based approach can be adopted in that case. The summary
of this chapter is included in the Chapter 4.
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Chapter 3

Localization with Deep Neural
Networks using mmWave Ray

Tracing Simulations

Research outcome

e U. Bhattacherjee, C. K. Anjinappa , L. Smith, E. Ozturk, and I. Guvenc, “Local-
ization with Deep Neural Networks using mmWave Ray Tracing Simulations,” in Proc.
Southeastern Conf., Raleigh, NC, Mar. 12-15, 2020. [22]

3.1 Summary of the Chapter

The world is moving towards faster data transformation with more efficient localization of a
user being the preliminary requirement. This chapter investigates the use of a deep learning
technique for wireless localization, considering both millimeter-wave (mmWave) and sub-6 GHz
frequencies. The capability of learning a new neural network model makes the localization
process easier and faster. In this chapter, a Deep Neural Network (DNN) was used to localize
User Equipment (UE) in two static scenarios. Two different methods are proposed to train a
neural network, one using channel parameters (features) and another using a channel response
vector, and compare their performances using preliminary computer simulations. It is observed
that the former approach produces high localization accuracy: considering that all of the users
have a fixed number of multipath components (MPCs), this method is reliant on the number
of MPCs. On the other hand, the latter approach is independent of the MPCs, but it performs
relatively poorly compared to the first approach.
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3.2 Introduction

In the upcoming 5th generation (5G) wireless communication networks, one of the most promis-
ing enhancements will be larger data rates with increased coverage, which requires faster beam-
forming in a given direction to maintain uninterrupted communication. To accomplish this, a
base station (BS) must know a user equipment’s (UE) location within the network. The process
of determining the location of a given UE within a particular area is called localization. Capabil-
ity of localizing a UE can further be leveraged to provide location-based services by the cellular
network. Thus, the process of localization is highly necessary in wireless communication.

In wireless networks, there exist many localization algorithms. In 23], the authors perform
localization with the help of signaling data like Reference Signal Received Power (RSRP) and
timing advance. In [24], authors compare different advanced algorithms, such as localization with
hybrid Received Signal Strength (RSS) and Angle of Arrival (AOA), projection onto convex
set, multi-hop methods, etc. In [25], the authors explore different Time-of-Arrival (TOA) based
algorithms for localization. In general, these algorithms use channel parameters such as AOA,
TOA, RSS as well as various channel statistics, derived from the channel parameters, to perform
accurate localization. These procedures often involve time-consuming and complex operations,
such as the least square methods mentioned in [24]. A geometry based perspective to improve
localization performance using the non-line of sight (NLOS) paths is explored in [26,27].

Researchers considered NLOS components as source of distortion in earlier studies [28].
However, the NLOS components increase the channel sparsity as few MPCs can be received with
significant RSS, hence provide additional information about the location of a UE [29]. In [30], it
is mathematically demonstrated that NLOS components are the most informative ones in case
of narrow beams (e.g. mmWaves). The most popular features used to predict the location in
the literature are AOA, TOA, and RSS. The authors in [31] provides the performance analysis
of localization using these features. They observed different combinations of these features and
found the result to be better for the combination of TOA and AOA, but not much reliable with
RSS. The numerical analysis of these features using Monte-Carlo simulation can be found in [32].

The aforementioned works tackle the localization problem from a system modeling, signal
processing, and even a geometry-based perspective. In this study, machine learning (ML) is
leveraged to improve the localization process, in terms of low run-time complexity i.e. lower
computation time without sacrificing the accuracy. The ML algorithms are capable of learning
complicated functions if provided enough training samples. It is used extensively in the field
of wireless communication for various tasks, such as the prediction of the Angle of Departure
(AoD) channel feature from AOA [33], predicting channel characteristics of a massive multiple-
input multiple-output (MIMO) system [34], classification of different types of Unmanned Aerial
Vehicles (UAVs) [35], etc. ML is being used in localization research as well. In [36], the authors
observe the effects of a BS or an eNodeB (eNB) on node localization. In this study, a deep neural

network (DNN) is proposed to locate user nodes in a mmWave network. However to the best
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of our knowledge, there is no study in the literature that compares mmWave and sub-6 GHz
bands using ML techniques and explore the effect of using different channel parameters.

A supervised ML technique is used in this chapter and the localization problem is posed as a
regression problem. In supervised learning, it is assumed that one has access to a set of learning
features, measured over several observations, and an outcome variable ( i.e.the UE location in
this chapter), which is also known as the label or the target. The learning features can either
be the combination of raw channel parameters, such as AOA, TOA, and RSS, or the channel
response vector; see Section II for more details. The training data for the DNN was generated
by Remcom’s Wireless Insite, a ray-tracing simulator. Our preliminary results show that the
proposed localization technique gives high accuracy considering a high signal-to-interference
ratio (SNR) regime. Our future work includes studying the performance trade-offs in various
different environments and SNRs, and exploring the effect of beam forming on the localization
accuracy.

The rest of this chapter is organized as follows. Section introduces the system model
and problem formulation, including two different approaches for generating inputs for the DNN.
Section introduces the proposed DNN technique. Section provides our preliminary sim-

ulation results.

3.3 System Model and Problem Formulation

This section describes how the channel features and location information provided by the ray-
tracing model are transformed into input features and output labels for training a DNN at
the BS side. In this process, two different approaches are mentioned that are followed in this
chapter with relevant details.

As described briefly in Section the training data for the DNN was obtained from ray-
tracing simulations. The ray-tracing simulator generates channel parameters that capture the
dependence of the environment geometry and transmitter/receiver locations, which are crucial
for the ML applications. The choice of a dataset depends on our approach to designing the
DNN, which is discussed up next.

3.3.1 Approach 1: Utilization of the Channel Parameters

This approach uses raw channel parameters observed at the BS, provided by the simulator i.e.
AOA, TOA, and RSS, to train the DNN model in order to predict the location of the users.
The number of inputs to the model depends on the selected number of MPCs and the number
of features considered. For simplicity, the number of MPCs is fixed to three, and three different
combinations of channel parameters are used to feed the model. Details of the DNN architecture

for Approach 1 are as follows:

e Input: The number of inputs will vary for each combination of features - it will be the

product of the number of MPCs and number of features.
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Figure 3.1 Approach 1: Ray tracing scenario in North Moore Street, Rosslyn, Virginia.

— Only AOA (3 inputs)
— Only AOA and RSS (6 inputs)
— Only AOA, RSS and TOA (9 inputs)

e Output: The outputs to be observed are the x and y coordinates of a user’s location. All

the users are assumed to be on the same plane, thus the z coordinates are ignored.

Details of the trained DNN model are further discussed in Section III.

Intuitively, more MPCs will provide more information to the DNN to be trained more
efficiently, but it will increase the training computational complexity and likelihood of overfitting
as well. In this trade-off, three MPCs are considered to have the balance between accuracy and
complexity.

Fig. shows a scenario where a UE communicates with BSs. There are multiple UE grids
(red path) and BS nodes (green point) within an urban environment. All of the nodes use half-
wave dipole antennas at a height of 10 m from the ground and transmits at a power level of 0
dBm. They are excited with two different frequencies, 5 GHz and 28 GHz, with 100 MHz and
500 MHz bandwidths, respectively.

Specifically, for this study, Tzrs #1 is the transmitter for which the channel parameters are
observed for both receiver grid 2 and 3. All of the users in receiver grid 2 are in Line of Sight
(LOS), and the users in receiver grid 3 are in Non-Line of Sight (NLOS). The UEs are spaced

1 meter apart from each other, and there are a total of 1530 receiver points, 990 in receiver grid
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2, and 540 in receiver grid 3. The UE locations, within their respective receiver grid, serve as
the expected output of the DNN.

Drawback of this approach: In this approach, we only consider a fixed number of MPCs
which might not be a realistic assumption. This is because the actual number of MPCs vary in
practice for each user due to the dynamic environment and scatterers. To make the model more
flexible and independent of the number of MPCs, we took another approach, which is described

below.

3.3.2 Approach 2: Utilization of the Channel Response Vector

In this approach, the channel response vector is considered as the input to the DNN model.
Namely, the number of antennas is taken as inputs, which makes the system robust against the
number of varying MPCs. For simplicity, a single antenna system is assumed on the UE and
the number of antennas on the BS is set to 10. Details of the DNN architecture for Approach

2 is as follows:
e Input: The number of inputs will be the product of antennas at the BS and UE.

— We pass the absolute value of the channel response vector as the input. The abso-

lute value of the channel impulse response was calculated using functions provided

in [37] 1

e Output: As output the x and y coordinates of a user’s location are considered. All the

users are assumed to be on the same plane, thus the z coordinates are ignored.

In the scenario used here, UEs communicate with different BSs as shown in Fig. The
Deep-MIMO dataset was generated for ML researchers. For the DNN, BS3 is considered as the
transmitter and the users (1000 - 1025 rows) from User grid 1 as receivers, which is 185 users

in total. For each user, the channel response is generated as follows:
b o= [Pt SO+ ZE T B) b b
hk7 = Z ?6 l r a(¢a’z 7¢ez ) ) (3'1)
=1

where hZ’“ is the channel response vector at BS b from the UE w for subcarrier k. The
01,01, T, Gazy Per are the RSS, Doppler frequency, TOA, AOA (azimuthal and elevation), re-
spectively. The number of MPCs is denoted by L.

3.4 Deep Neural Network Preliminaries

In this section, we discuss some preliminaries and the overall architecture of the considered
DNN.

"https://www.deepmimo.net/
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Figure 3.2 Approach 2: Ray tracing scenario from DeepMIMO dataset.

3.4.1 Input Features

As discussed earlier, the input features depend on the approach. For both approaches, the
combination used as input is mentioned in Section with appropriate normalization to the

data set. An illustration of Approach 1 is shown in Fig.[3.3

3.4.2 Output Labels

The Cartesian coordinates x and y of the location are considered as the output labels. The z
coordinates are ignored since all the users are in same plane.

3.4.3 Hidden Layers and Hyper-parameters

Two hidden layers, as shown in the Fig. [3.3] are considered in this model. The other hyper-
parameters, such as number of nodes in each hidden layer, learning rate and activation function,
are optimized using the Bayesian optimization technique by calculating the mean square error

(MSE). The grid of hyper-parameters used while training the DNN model are shown in Table
B.1

Table 3.1 Hyper-parameters and their range.

Range
Number of Nodes 4 to 50
Learning Rate le-3 to le-1

Activation Functions | tansig, logsig, purelin (linear),
poslin (positive linear), radial
basis (radbas)
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Figure 3.3 Ilustration of DNN for approach 1.

3.4.4 Objective Function

The objective of a supervised learning process is to minimize a loss function. An example of
a loss function is the binary cross-entropy in classification and the mean square error (or the
quadratic loss) in regression type problems. In this chapter, the mean square error is considered
as the loss function. The location is predicted as a learning-based optimization problem, as
shown in . The goal of the optimization problem is to learn the mapping JF, such that the

MSE between the known output and the estimated output is minimized:
m}n || F (features) — output labels||? . (3.2)

The DNN model has been designed using MATLAB’s deep learning toolbox. Given enough
training data, the DNN can be trained well enough to learn complicated functions using the

back-propagation algorithm.

3.5 Simulation Results

In this section, the simulation setup and the obtained results are discussed. For Approach 1,
the localization problem is divided into two cases, LOS-based and NLOS-based localization.
Apriori, it is known that all of the UEs in receiver grid 2 are in LOS and thus, possess a strong
direct LOS signal component. Whereas, the UEs in receiver grid 3 are in NLOS. The total
number of UEs for the LOS and NLOS cases are 990 and 540 user points, respectively. The
simulations are performed at both 5 GHz and 28 GHz bands. For Approach 2, the considered
region is located within the LOS area and has a total of 185 users.

For both approaches, the entire dataset is used for both training and testing purposes. The
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Table 3.2 Frequency bands used in ray tracing simulations.

Frequency | Type of | Inputs Number Number Learning Activation
path of nodes | of mnodes | Rate Function
in hidden | in hidden
layer 1 layer 2
AOA 40 50 0.9078 logsig
LOS AOA + RSS 8 25 0.0010027 logsig
5 CHz AOA + RSS + TOA | 4 50 0.0011179 tansig
AOA 40 38 0.40981 radbas
NLOS AOA + RSS 42 50 0.1957 tansig
AOA + RSS + |29 31 0.93405 tansig
TOA
AOA 50 41 0.97691 tansig
LOS AOA + RSS 8 46 0.0012802 tansig
AOA + RSS + | 15 46 0.8885 logsig
28 GHz TOA
AOA 34 50 0.0010755 radbas
NLOS AOA + RSS 9 50 0.9795 tansig
AOA + RSS + | 35 35 0.32042 logsig
TOA

final hyper-parameters are obtained by performing Bayesian optimization. The trained model
is used for testing the accuracy of proposed localization approaches. For Approach 1, location
maps and the CDF plots are generated for two different frequencies. For Approach 2, only
the location map is included. In the preliminary results in this chapter, a high-SNR regime is

considered, the effects of noise is ignored for the sake of simplicity.

3.5.1 Bayesian Optimization Results

The optimization procedure starts with a random combination of predefined range of hyper-
parameters given in Table The function "bayseopt’ calculates the cost function and accord-
ingly chooses the next combination. In this chapter, mean squared error is considered as the
loss function and the the total cost is calculated adding up all loss values as . After trying
30 different combinations, it picks the best combination to train the actual DNN. Table
illustrates the best hyper-parameters obtained for different experiments. It is obvious from the
table that the choice of hyper-parameters depends on the combination of input, scenarios, and

frequency.

3.5.2 Approach 1 Results

Fig. (a), (b), (c) give the location mappings for LOS users (Receiver grid 2) at 5 GHz. At
this scenario, considering only AOA gives the worst results. When RSS is given as input along
with AOA, the accuracy of the model increases significantly. Adding TOA with the previous
two features improves the model but not as much as it does when RSS is added. This is because
RSS and TOA are somewhat correlated. For a user far from the BS, TOA will be greater, and
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Figure 3.4 Location and CDF plot at 5 GHz (LOS).

RSS will be lower, and vice versa. Hence, in Fig. [3.4] (d), the CDF for AOA + RSS and AOA
+ RSS + TOA curves are almost overlapping. On the other hand, the error is less than 0.1 for
90% of the users, which is quite acceptable.

Fig. m (a), (b), (c) give the location mappings for NLOS users (receiver grid 3) at 5 GHzEl
For NLOS case, the location mapping is not as accurate as it is for LOS scenario. In Fig. [3.5[(a),
it can be observed that when only considering AOA, the error can be a maximum of 10 meters.
However, as the number of features is increased i.e. adding RSS, and TOA, for 90% of the users,

the error becomes less than 1 meter. For NLOS scenario at this frequency, the combination of

2Few predicted points that are outliers and significantly outside of the receiver grid have been ignored for the
location maps for better visualization, but are included in the CDF plots.
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Figure 3.5 Location and CDF plot at 5 GHz (NLOS).

RSS, TOA, and AOA gives better results than the combination of RSS and AOA, since more
than one MPCs are considered. Adding an extra degree of freedom improves the results.

Fig. 3.6 (a), (b), (c) give the LOS location mappings at 28 GHz. The trend of the results
is similar to 5 GHz case. This time, adding TOA to the model as the third parameter does
not increase the accuracy much. In Fig. 3.6/ (d), the CDF plot shows that almost all users are
having an error of less than 0.1 meter when all three channel parameters are used. As expected,
in the case of NLOS users at this frequency, the results are not as good as the LOS case. The
model gives the best estimations when all three parameters are considered. 90% of the users
are having an error of less than 1 meter in that case.

Comparing the CDF curves for LOS and NLOS scenarios for both frequencies, it is observed

that the curve is flatter in NLOS cases because the variation in error is higher. The performance
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Figure 3.6 Location and CDF plot at 28 GHz (LOS).

of the DNN model towards NLOS points can be improved using more MPCs.

Comparing the results of 5 GHz and 28 GHz, one can observe the difference in the DNN
performance. According to , it is expected to have a significant angular congruency between
different frequency bands. In other words, the AOA and the AOD is expected to be close for
the corresponding MPCs in two bands. Intuitively, both the 5 GHz and 28 GHz cases should
yield similar results especially for the DNN based on AOAs only. However, our results do not
align with this intuition.

One possible explanation for this could be the Bayesian optimization procedure, which
starts the optimization with randomly chosen hyper-parameters that can be different in each

training, even with the same inputs. As a result, the optimized final hyper-parameters can be
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Figure 3.7 Location and CDF plot at 28 GHz (NLOS).

different. Second, the angular congruency may not hold at 5 GHz and 28 GHz. In the ray tracing
simulations, the number of features is limited to 3, and these are based on the 3 most dominant
MPCs arranged in descending order with respect to their powers. Thus, even though there exist
significant angular congruency across the bands, the 3 chosen MPCs based on the dominant
power might have mismatch in the AOAs. One explanation to this could be that, the diffraction
gets less effective as the frequency increases, therefore it is more likely for a diffracted signal to
be more powerful than reflected ones at 5 GHz band. It is also observed that 28 GHz frequency
works better than sub-6 GHz band in NLOS scenarios and performance of the models do not
differ much in LOS cases. This can be explained by the fact that the resolution of the model

should be better with smaller wavelenghts, thus it is expected to have more accurate results at
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Figure 3.8 Actual and predicted locations for approach 2 Deep-MIMO dataset.

mmWayve frequencies. However, in LOS cases, information provided by the existing features are
representative enough to estimate the location of the UEs such that the difference in resolution

cannot be observed.

3.5.3 Approach 2 Results

When the DNN is trained using a channel vector response, it cannot predict the location as
expected (Fig. . The actual spacing between the users is about 1 meter. Since the users are
closely located, there is not much difference in the channel response. Hence, the DNN fails to
train itself properly. This problem can be solved by the feature transform technique used in .
Using this technique, the input features can be sparsely distributed so that the DNN can easily
differentiate between two users, in terms of their channel response. The implementation of a
feature transform is considered as a future work.

This chapter is concluded in the chapter 4.
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Chapter 4

CONCLUSION

In the second chapter, penetration loss of several common constructional materials at 28 GHz,
39 GHz, 120 GHz, and 144 GHz were measured. The maximum distance from the Tx and the
Rx to the materials was chosen to eliminate the edge scattering effect. The minimal distance
from the Tx and the Rx to the materials was calculated to ensure both the Tx and the Rx
antennas were in the far field region. Ground reflection was minimized by using narrow beam
antennas. The measured constructional materials were ceiling tile, glass, drywall, and plywood.
The penetration loss results, after being averaged over all the measured positions, ranged from
0.401 dB for ceiling tile at 28 GHz to 16.068 dB for plywood at 144 GHz. The highest attenuation
of 27.633 dB/cm was observed for clear glass at 144 GHz. Overall, the penetration loss and
attenuation increases with frequency for all the materials. These results could be helpful for
developing mmWave and THz channel models that accurately estimate the penetration loss of
common building materials. They can further contribute to link budget calculation for future
5G/6G deployments in indoor environments and for developing accurate penetration models
for ray-tracing simulations.

The third chapter analyzed the propagation of 28 GHz mmWayve signals based on the mea-
surements conducted at Johnston Regional Airport. We compared the measurement results in
indoor, outdoor, and indoor-to-outdoor scenarios with the theoretical propagation characteris-
tics. The study showed that mmWave outdoor propagation had a higher path loss compared
to indoor scenario. Indoor environment had rich scatterings and a wider signal coverage while
received power in the outdoor airport environment was only dominated by a few rays. Moreover,
mmWave had high FSPL and penetration loss, and hence it would be challenging to accomplish
indoor-to-outdoor communication: the indoor-to-outdoor propagation therefore may need to be
highly directional to recover the penetration loss through directionality gain. For both indoor
and outdoor propagation, there were still a considerable number of reflected MPCs that had
comparable received powers to the LOS MPC’s received power, which may allow a feasible way
to achieve mmWave NLOS communications during blockage of the dominant path(s), via the
reflective objects in the channel environment. Our future work includes mmWave propagation

measurements and analysis at larger airports and a wider range of communications frequencies.
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