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ABSTRACT

PARALLELIZATION OF NOISE SUBSPACE-BASED DOA ESTIMATION
ALGORITHMS ON CPU AND GPU

Eray, Hamza
M.S., Department of Modelling and Simulation
Supervisor: Prof. Dr. Alptekin TEMIZEL

February 2021, [76 pages

Direction-of-Arrival (DOA) estimation is known as an active research area, and it is
studied under array signal processing. The algorithms in this area are widely used
in various applications such as sonar, search-and-rescue, navigation, and geolocation.
However, achieving a real-time system performance is sometimes a challenging task
for these algorithms.

In this thesis, four noise subspace-based DOA estimation algorithms (PHD, MUSIC,
EV, and MN) were considered and implemented in MATLAB, C/C++, and CUDA.
MATLAB implementations were mainly used for theoretical and numerical analyses.
Whereas, C/C++ implementations were initially used for constructing the paralleliza-
tion structure and they were realized in two versions working serially and in parallel
manner (via OpenMP).

Within the scope of theoretical analysis, these algorithms were compared with each
other in terms of DOA estimation accuracy and effects of change in different param-
eters (e.g., array geometry, array aperture, SNR level, etc.) on the accuracy were
observed. On the other hand, in terms of implementation-based experiments, all the
codes in MATLAB, C/C++, and CUDA were evaluated from both numerical and per-
formance viewpoints. The general numerical validation of C/C++ and CUDA codes
was realized against ground-truth MATLAB codes. After the initial assessment of
the CUDA code performance, some GPU-based optimizations were applied and the
corresponding performance improvements were evaluated. The CUDA code perfor-
mance was benchmarked on the PC platforms with different system configurations.
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Consequently, a considerable speedup was achieved for CUDA codes compared to
baseline multi-threaded C/C++ codes.

Keywords: CUDA, direction-of-arrival estimation, GPU, OpenMP, parallelization
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0z

GURULTU ALTUZAYI TABANLI DOA KESTIRIM ALGORITMALARININ
CPU VE GPU UZERINDE PARALLELLESTIRILMES]

Eray, Hamza

Yiiksek Lisans, Modelleme ve Simiilasyon Anabilim Dali1 Bolimii

Tez Yoneticisi : Prof. Dr. Alptekin TEMIZEL

Subat 2021 , [76] sayfa

Varig Yonii (DOA) kestirimi, aktif bir arastirma alani olarak bilinir ve dizi sinyal is-
leme altinda incelenir. Bu alandaki algoritmalar; sonar, arama-kurtarma, navigasyon
ve konum belirleme gibi cesitli uygulamalarda yaygin olarak kullanilmaktadir. An-
cak, gercek zamanl bir sistem performansi elde etmek bazen bu algoritmalar i¢in
zorlu bir hale gelmektedir.

Bu tezde, giiriiltii altuzayi-tabanli dort farkli DOA kestirim algoritmas: (PHD, MU-
SIC, EV ve MN) ele alinmig ve her biri MATLAB, C/C++ ve CUDA’da gerceklen-
mistir. MATLAB gerceklemeleri, agirlikli olarak teorik ve niimerik analizler i¢in kul-
lanilmistir. C/C++ gerceklemeleri ise algoritmalarin paralellestirme yapisini olustur-
mak i¢in kullanilmig ve her birinin seri ve (OpenMP ile) paralel olarak calisan iki
versiyonu gerceklenmisgtir.

Teorik analizler kapsaminda, bu algoritmalar DOA kestirim dogrulugu acisindan bir-
birleriyle kiyaslanmig ve farkli parametrelerdeki (6rn. dizi geometrisi, dizi acikligi,
SNR diizeyi vb.) degisimin dogruluk iizerindeki etkileri gézlemlenmistir. Ote yandan
uygulamaya dayali deneylerde ise, MATLAB, C/C++ ve CUDA’daki tiim kodlar hem
niimerik hem de performans agisindan incelenmistir. C/C++ ve CUDA kodlarinin ge-
nel niimerik dogrulamasi, (duyarlifina giivenilen) MATLAB kodlarina kars1 gergek-
lestirilmistir. CUDA kod performansinin ilk degerlendirmesinden sonra, GPU-tabanl
birtakim optimizasyonlar uygulanmis ve performanstaki ilgili iyilesmeler degerlen-
dirilmistir. CUDA kod performansi, farkli sistem konfigiirasyonlarina sahip PC plat-
formlarinda karsilastirmali olarak analiz edilmigtir. Sonug olarak; ¢oklu is-parcacikli
temel C/C++ kodlarina kiyasla, CUDA kodlar1 ile performansta kayda deger bir hiz-
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lanma saglanmustir.

Anahtar Kelimeler: CUDA, varis yonii kestirme, GPU, OpenMP, paralellestirme
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CHAPTER 1

INTRODUCTION

1.1 Problem Definition

The direction of arrival (DOA) estimation is the process of determining the direction
of signals which can be possibly in the form of electromagnetic (EM), acoustic/sonic
or seismic waves [1]]. This process is generally achieved by a certain type of sensor
arrays such as antenna, microphone/hydrophone or geophone array.

The DOA estimation is known as a key research area in several civilian and mili-
tary applications. Some examples for these applications are navigation, geolocation,
radar, search-and-rescue, sonar and seismology [2, 3]]. In the literature, it is generally
studied under array signal processing. Studies on DOA estimation date back to the
early 1900s (WWI) with the invention of Radio Direction Finder (RDF) systems by
Bellini and Tosi [4]]. Several advances have been achieved from this date in concept-
s/principles and more importantly in the technology [5]. With the help of these, a
strong theoretical and practical basis for DOA estimation has been constructed until
today. Nevertheless, it is still an ever-developing and quite active research area with
proposed novel approaches [2]].

As will be discussed in more detail in Section [2.2] there are various DOA estimation
methods in the literature. Within the scope of this thesis, DOA estimation for the EM
(radio) signals was considered in the narrowband scenario and it was focused on four
noise subspace-based DOA estimation algorithms:

e Pisarenko Harmonic Decomposition (PHD)

e MUltiple Slgnal Classification (MUSIC)

e EigenVector (EV)

e Minimum-Norm (MN)
As long as sufficient amount of data is fed and SNR of the signal is at an acceptable
level, these algorithms mentioned above (especially MUSIC) are known for provid-
ing convergent estimates (i.e., statistically consistent) and higher angular resolution,
in contrast to the some beamforming methods like Capon [6]. However, some parts of

these algorithms are mathematically intensive and in some cases, it may require sub-
stantial computing power for their real-time implementations [7]. Therefore, there
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was a need for having numerically stable and faster implementations for these algo-
rithms following some parallelization approaches.

1.2 Related Studies

MUSIC algorithm is the basis for the noise subspace DOA methods and one of the
most popular DOA algorithms. Hence, parallelization-related studies mainly focus
on the MUSIC algorithm among the four noise subspace-based methods mentioned.
Since field programmable gate array (FPGA) was a popular parallel hardware solu-
tion for many problems before the general purpose usage of GPU technology, early
works related to the MUSIC implementation are on FPGAs. After the emergence of
GPGPU technology, few studies were made possible which mainly focus on the GPU
implementation of the MUSIC algorithm for the DOA estimation of wideband/broad-
band signals. All these studies are summarized in the chronological order as follows:

e In an early work by Kim et al. [8]], the spectral unitary MUSIC algorithm for the
DOA estimation of narrowband signals is implemented on FPGA that computes
all DSP functions by only fixed-point operation with finite bit-length, prefer-
ably. High performance in eigenvalue decomposition (EVD) and angular spec-
tra computation are achieved by the existing system via CORDIC(COordinate
Rotation DIgital Computer)-based cyclic Jacobi processor and spatial DFT op-
eration, respectively. Even if the performance is highly satisfactory, the estima-
tion accuracy is sometimes negatively affected by FPGA-specific fast process-
ing factors like finite bit-length and bit-truncation.

e In a work by Zou et al. [9]], an improved MUSIC algorithm is proposed with
a high-speed parallel implementation working fully on FPGA. In this study, to
avoid the eigenstructure decomposition of the full covariance matrix, an opti-
mization algorithm on FPGA is proposed where the signal subspace is acquired
by using a submatrix of the full covariance matrix. Estimating the covariance
matrix and spectral peak search are also realized on FPGA. The computational
cost of this optimization algorithm is significantly lower compared to the orig-
inal MUSIC algorithm, hence this FPGA implementation performs four times
faster than the DSP (TM320C6711) counterpart. Even if the implementation
proposed in this work reduces the computational complexity, some differences
with the original algorithm may cause a performance degradation in the DOA
estimation.

e In a work by Majid et al. [[7], the wideband MUSIC algorithm for DOA esti-
mation is implemented on multi-core CPU, GPU, and IBM Cell BE processor
for real-time applications. This algorithm divides the wide frequency band into
narrowband components and a focusing matrix is constructed using the initial
DOA estimate. This focusing matrix is used as a new covariance matrix and af-
ter QR decomposition, Akaike Information Criterion (AIC) is applied in order
to determine the number of detected sources and realize the separation of signal
and noise subspaces. The parallel GPU implementation (NVIDIA GTX 260)
is realized for all major parallelizable parts including FFT, estimating covari-
ance matrix, householder transformation, QR decomposition, AIC and power
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method. An adaptive load balancing algorithm (ALBA) is utilized for preserv-
ing the efficiency of the implementation in any size of signal. The conclusion
of the study is that the GPU implementation outperforms multi-core CPU and
IBM Cell BE implementations. Another important point from the results is that
there should be a balance between the number of tasks and data size in order to
reduce the overhead and idle state of the processors.

e In another work by Majid et al. [10], the wideband MUSIC algorithm is im-
plemented on multi-core CPU and GPU. In this study, the parallel steps of
the implementation include the Parallel Haar Wavelet Transform (PHWT) in-
stead of parallel FFT. Remaining all steps are similar to the previous one.
The PHWT-based wideband DOA estimation generally provides availability
for non-uniform array and non-stationary signal cases. The performance exper-
iments show that both implementations (multi-core and GPU) of PHWT-based
parallel MUSIC algorithm have a reduced computation time compared to the
previous versions of parallel MUSIC algorithm.

e In a recent work by Lu et al. [11], parallel MUSIC algorithm is implemented
on a GPU platform (Tesla K80) for the DOA estimation of broadband underwa-
ter acoustic signals. In this implementation, the broadband underwater signal
is divided into several narrowband frequency bands via FFT method and each
one is processed to get narrowband power spectrum. In order to determine the
computational load distribution and obtain a baseline for GPU implementation,
a hotspot analysis is done by realizing the serial MUSIC code on the CPU. This
analysis shows that the majority of the overall execution time belongs to the
azimuth spectrum computation. EVD is still computed on the CPU and the az-
imuth spectrum (major hotspot) is computed on the GPU utilizing an efficiently
integrated usage of global and shared memory units. Different experiments are
realized to compare the speedups under different system parameters. Up to 23x
speedup is reported at 256 array elements and 1000 frequency points.

1.3 Motivation and Proposed Approach

As mentioned in Section [I.T] in order to obtain a satisfactory time performance for
the noise subspace-based DOA methods, some compute-intensive parts require spe-
cial attention from the point of implementation methodology. As listed in Section[I.2]
there are some studies overcoming the computational burden via parallel hardware so-
lutions using FPGA. Even if some of them provide an expected performance, these
implementations are susceptible to a precision problem and hence they have a reduced
estimation accuracy in some cases. Apart from this, as long as some special require-
ments like low SWaP (size, weight, and power) do not exist, the implementation on
a consumer-level computer can provide a better solution instead of a special FPGA
hardware and more troublesome code development cycle.

With the advent of important developments in the GPU technology from both hard-
ware and software point of view, general-purpose computation on GPU (GPGPU)
has become popular in various areas such as scientific computing, robotics, computer
visualization and so on [12]]. Array signal processing is also a research area where

3



GPGPU technology is actively used [13]], [14], [15].

To this respect, faster implementation of noise subspace DOA methods utilizing the
GPGPU is the main motivation of this thesis. In order to realize the GPU imple-
mentations, appropriate parts within these DOA methods have been parallelized and
optimized using CUDA platform of NVIDIA®.

To be able to measure the relative numerical accuracy and time performance of the
CUDA codes, these methods were firstly implemented in MATLAB and C/C++ (se-
rial and multi-core). By doing this, various effects including different precision levels
(FP32 and FP64) were investigated from the numerical perspective. Moreover, from
the performance-based perspective, these baseline implementations enabled us to ob-
serve the effects of using different programming models and architectures.

To have a more holistic view, before implementing all the methods in C/C++ and
CUDA, their DOA estimation performances were evaluated under different DOA pa-
rameters (array geometry, aperture, and SNR) in MATLAB.

1.4 Contributions and Novelties
The major contributions presented within the scope of this thesis are as follows:

e The DOA estimation methods named as PHD, EV and MN have not been im-
plemented before on GPU using CUDA.

e There are some studies on the GPU implementation of broadband MUSIC al-
gorithm, but, to the best of our knowledge, there is no GPU implementation of
the narrowband case in the literature.

e A comprehensive optimization on GPU has been done, guided by the compu-
tational analysis and benchmarking of the algorithms.

e The scalability of these implementations were investigated via measuring the
code performances on different hardware configurations.

Regarding the work done in this thesis, a paper was presented in 2020 High Perfor-
mance Computing Conference (BASARIM) [16].

Moreover, the source codes for the CUDA implementations of the algorithms were
made publicly accessible via the following GitHub link:

https://github.com/erayvhamza/NssDOACuda


https://github.com/erayhamza/NssDOACuda

1.5 The Outline of the Thesis

The structure of the thesis can be summarized as follows:

In Chapter 2] firstly, some background information is given about the DOA estimation
including its practical applications, brief history and classification. Before mention-
ing all the noise subspace-based DOA methods under our consideration, a system
model is presented with all details (definitions, assumptions and data model).

In Chapter 3] two main parallelization environments used in this thesis, OpenMP and
CUDA are introduced including their programming, execution and memory models.

In Chapter 4} all methods are firstly compared via their pseudocodes. Then, all the
implementations of our methods in MATLAB, C/C++ and CUDA are presented with
the relevant details.

In Chapter[3] the experiments and the corresponding results are presented in two main
categories based on DOA estimation accuracy and on the numerical and performance-
related issues. In the first category, DOA estimation analyses are done under different
DOA parameters. In the second category, all the analyses based on numerical valida-
tion and performance are presented.

In Chapter [6] all works done throughout the thesis are mentioned briefly and the
main output of this thesis work is presented. Finally, some future works that can be
followed are mentioned.






CHAPTER 2

DOA ESTIMATION

From the EM wave point of view, Direction-of-Arrival (DOA) estimation is the direc-
tion information retrieval process for EM wave emitting sources, and this process is
generally applied to the output signals collected from an antenna array, possibly after
some preprocessing steps.

In this chapter, firstly, some practical applications are presented. Afterwards, a brief
history and the classification of DOA estimation methods are mentioned. Then the
data model is presented with the details on the problem parameters and related as-
sumptions. Finally, all noise subspace-based algorithms within the scope of this thesis
are explained.

2.1 Practical Applications

There are numerous practical applications of DOA estimation in various areas. Since
EM (radio) perspective for DOA estimation is assumed in this thesis, some examples
based on radio signals only are presented here:

e Radio Navigation: One of the well-known examples is LORAN (Long Range
Navigation) and it is a position finding system for maritime and aeronautical
navigation, by receiving typical radio signals from the stations of well-known
position. Unlike radar, LORAN operates at much lower frequencies (about 2
MHz) and this enables its waves to travel not only over the surface of the earth,
but also to hundred of miles from the transmitter by being reflected from the
ionosphere [17]. They are generally used for helping aircrafts or ships to find
their desired directions and locations.

e Search and rescue services: There are some international search-and-rescue
initiatives like COSPAS-SARSAT which consists of 45 participants (by 2019)
including Turkey as a member at ground segment provider status. The main
purpose of the system in this initiative is to detect the emergency distress signals
from the registered radio beacons activated by ships, aircraft or just persons and
determine their corresponding locations [18]].

o Signal DF and location systems: These systems are generally designed to op-
erate along the radio spectrum from HF band (3-30 MHz) up to 18 GHz. They
are used for various purposes that vary from wildlife tracking to intelligence
gathering [[19]].



e Radio astronomy: The interferometric systems used for radio astronomy con-
sist of large dish radio antennas and their continent-sized arrays such that the
inter-element spacing in such systems can reach up to thousands of miles. Such
large arrays with interferometry techniques provide high angular resolution and
thus better isolation of detected emissions from celestial objects in order to con-
struct the radio maps or images [20].

2.2 Brief History and Classification

The problem of DOA estimation has a century-long history and the first studies were
related to radio direction finding (RDF). Initial efforts were done for RDF by Mar-
coni (1906) and Bellini & Tosi (1909) using directional properties of some available
antennas like dipoles and loops [2] and these systems were generally used for long
wave signals. However, when it came to use for higher frequencies, some unknown
effects (as learned later, multipath due to reflections from the ionosphere) caused
problem for determining the location of emitter during the day. This led to the inven-
tion of Adcock antenna (four separate monopole antennas instead of two loops) and
the corresponding DF system (1919) prevented sky wave paths via suppressing the
horizontal components [21]]. After that, a significant progress in RDF was suggested
originally for locating lightning by Robert Watson-Watt by using the fifth antenna
to eliminate the ambiguities [22]. The special Watson-Watt RDF systems named as
HF/DF or huff-duff were then utilized for military roles in late 1930s. When more
DF accuracy was required, pseudo-Doppler RDF systems were developed and they
were widely used in place of huff-duff systems after WWII. A pseudo-Doppler sys-
tem is based on a phase-based DF method in which a bearing estimation is realized by
measuring the Doppler shift of the signal by rotating the antennas physically in early
systems [23] or electrically switching between a set of antennas in modern systems.
Following pseudo-Doppler systems which are actually single-channel interferome-
ters, multi-channel interferometer systems were developed which consist of usually
more than three omnidirectional antennas that are placed appropriately in the hori-
zontal plane [24].

From the theoretical point of view, one of the first DOA methods is the conventional
(Bartlett) beamformer and it is an old method going back to WWII and simply based
on the Fourier analysis of the data sampled in the spatial domain [25]]. Following this,
to get a better DOA performance for closely spaced signal emitters, a well-known
beamformer method called MVDR was proposed by J. Capon [26]. However, since
its resolution capability still depends upon physical size of the antenna array (aper-
ture) and SNR [6], the development of other DOA methods was driven. In the 1970s,
Pisarenko proposed that DOA information can be extracted from second order statis-
tics of the signal data [27]] and with that, a new important class called subspace-based
methods emerged including MUSIC, ESPRIT and their variants. Another common
class of DOA methods (called as parametric methods) arisen from the weaknesses
of the existing DOA methods and they were inspired from the maximum likelihood
principles.

As a concluding point, there are various types of DOA methods proposed in the liter-
ature. They can be classified into two main categories, which are spectral-based and
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parametric approaches [6] as shown in[Figure 2.1]

DOA Estimation Methods
1
I 1
1 1
I 1 I T 1
Classical Methods Subspace-based Methods Subspace-based
r 1 y elal S approximations
Eanventinnal Noise subspace Signal subspace
—  (Bartlett) methods methods | SSF
Beamformer 1 1
. Search-based Algebraic Search-based Algebraic
Capon's | NSE
— Beamformer
(MVDR) |_
— Pisarenko Root-MUSIC |— Correlogram |[— ESPRIT
— WSF
L FFT-EADF
L music | Minumum- | o esprir
variance
— Eigenvector — Autoregressive [— TLS-ESPRIT
— MODE b GEESE
| Minumum-

norm

Figure 2.1: The classification of DOA methods.

The methods shown in red boxes are the ones to be considered in this thesis.

2.3 System Model

Sensor Array Signal Processing is an active research area in which some unknown
signal parameters are extracted using measurement data obtained from an array of
sensors placed in space [28] and these sensors are used for a sampling operation in
space obeying the spatial version of the Nyquist Theorem. The direction of arrival
(DOA) of the emitter signals is one of most well-known signal parameters studied in
the literature. Estimating this parameter is generally accepted as an inverse problem
and its solution needs a parametric model fed with the array output to obtain the
parameter of interest [29]. Before diving into the data model and related assumptions,
it is better to give some definitions first.

2.3.1 Definitions

e Sensor: A device which is capable of measuring a physical quantity (light, EM
field, sound, pressure, etc.) and converting this into an electrical signal which
is sampled and digitized later on. Some sensor examples are antennas (EM
waves) , microphones (acoustic waves), hydrophones (ultrasonic waves), and
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camera/photodiode (light) [30].

Sensor Array: A collection of sensors placed in a certain type of array geom-
etry to collect information which is not obtained using just a single sensor. The
main purpose is to filter signals in both space and time.

Array Aperture: The spatial region occupied by the array and it is defined in
the continuous space domain whereas the sensor array is in the discrete space
domain (at least in our context).

Array Geometry: It is how the sensor array is configured in space. This can
be linear (1D), planar (2D) or volumetric (3D).

Sensor Placement: It defines how the space between the sensors is arranged.
It can be uniform, non-uniform or random spacing.

Spherical Coordinate System: It is the physical coordinate system and in
sensor array signal processing, this system is commonly used. In this system, a
point defined as x = (x, y, z) in Cartesian coordinate system can be represented
in the spherical coordinate system as r = (r, 0, ¢) where r is radial distance, ¢
is azimuth angle and 6 is elevation/inclination angle, satisfying that r € [0, c0),
¢ € [0,27) and 6 € [0, 7). Transformation between two coordinate systems

can be realized by the equations in and it is represented visually
in

x =rsinfcos o

y =rsinfsin¢ 2.1
z=1rcosf
z

g =0°

Figure 2.2: Spherical coordinate system (r, ¢, #) in relation with Cartesian coordinate system.
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2.3.2 Assumptions

In order to construct a convenient theoretical model, some significant assumptions
need to be made beforehand and once again, the data model and all algorithms to
be mentioned in this thesis are investigated from the EM (electromagnetic) point of
view.

1. Narrowband Assumption: The d incoming signals from d sources assumed
to have the same f, (carrier frequency) such that all the frequency contents are
accumulated in the neighborhood of the same f. and these sources in this way
are also referred to as monochromatic. This condition can be achieved only
if the amplitude and phase (information-carrying) components of the signals
change slowly w.r.t. time spent for the impinging signals to travel from a sensor
to another one [1]].

2. Far-Field Assumption: The d signal sources are assumed to be far away from
the sensor array such that their wavefronts can be modeled as planar (plane
wave assumption) and by this way, arriving fields of the d signals can be con-
sidered as parallel to each other. Therefore, constant phase difference between
consecutive elements can be assumed in the model. The far-field assumption is
accepted as valid if the source is located at a distance larger than 2D? /) from
the antenna array where D is the typical dimension (aperture) of the array and
A is the wavelength of the RF signal [31]].

3. Point Emitters: RF sources in the model can be assumed to be point emitters,
which means they are dimensionless and have an equal radiation in all direc-
tions. This assumption is acceptable in our case since the antennas of the radio
sources are generally smaller than one wavelength.

4. Number of Sources: The number of sources is assumed to be known. If it
was taken as unknown, a detection problem would be also involved and be
solved by some methods like Akaike’s Information Criterion [6]] in addition
to an estimation problem. This additional problem is out of the scope of this
thesis.

5. Linear and Isotropic Transmission Medium: The transmission medium where
the propagation from the sources to the antenna array occurs is assumed to be
isotropic and linear. In other words, the physical properties of the medium do
not vary in different directions and possible nonlinear effects are ignored such
that the superposition of the waves at a certain point is possible [[1].

6. Uncorrelated sources: The signals impinging on the antenna array are as-
sumed to be uncorrelated (incoherent) such that there is no strong relation be-
tween them like being scaled and delayed version of each other. Even if this
is practically not feasible since most of the realistic scenarios include some
disturbing effects like multipath propagation, it is not a concern since the fo-
cus of this thesis stays more on the computation- and performance-side of the
algorithms. Therefore, this assumption seems to be acceptable.

7. Noise assumption: Data collected from the array elements in the model in-
cludes both signal and noise components. The latter component in the model is
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assumed to be an additive noise of a complex white Gaussian process (AWGN
channel). This zero-mean noise is spatiotemporally stationary and uncorrelated
with the signals. The noise components observed at the array elements are
uncorrelated among them and they have a common variance o3, [1]].

2.3.3 Data Model

Let us consider the scenario in [Figure 2.3] where a passive antenna array with m
elements placed in a random geometry and d point RF sources radiating from such a
distance to the array that far-field assumption given in Section [2.3.2/holds.

O#© s« (0)
7 N
- N

Figure 2.3: A passive antenna array receiving signals from point emitters.

Each antenna output in the given scenario is modeled as the LTI (linear time invariant)
system response. Let us denote the impulse response of kth antenna to the incoming
signal s;(t) as hy;(t) and propagation delay of the ith signal at kth antenna measured
w.r.t. a certain reference point as 7;;. Since an antenna element is considered as an
LTI system, its output can then be expressed as a superposition (Equation 2.2)).

(1) = Z i () % 5 (t — i) + ng(t) (2.2)

where (*) is used to represent the convolution operator and 7 (t) is additive noise
which is uncorrelated with s;(t).

It is also possible to put all antenna outputs in a compact matrix form as:

t t
x1.< ) S g x s (t— T1g) nl.( )
X (t)= ) = : + ) (2.3)
2?21 hm'L * S5 (t - Tmi)

T (1) (1)
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Narrowband assumption (Section applied on the incoming signal s(¢) means
that signal envelopes do not alter significantly while the wavefronts travel from one
element to another and this allows the propagation delay of the signal to be modeled
as only a phase shift of the carrier frequency [28]. Under the narrowband assumption,
the adaptation of the model to complex signals makes us to reach the following pa-
rameterized data model for an array of m omnidirectional antennas at a specific time
instant ¢:

1 (t) ar (¢, 0;) ny (t)

xw=1| . |[=% : s+ |
w0 ] Lontu) i 1) (2.4)

=[a(¢1,01) « + + a(da,0a)][s1(t) - « - sa(t) ]+ W()

— A(¢,0)S(t) + W (1)

The derivation of the given parametric model is skipped for the sake of simplicity.
All parameters given in|[Equation 2.4{are tabulated with their explanations and matrix

expressions as in

Table 2.1: Data model parameters with their explanations.

Parameters Explanations Matrix Forms
X(t) (maz1): array output matrix (21 (8) @2 () ... @ ()]
S(t) (dx 1): incident complex signals [s1(t) s5(t)... sq(0)]"
W(t) (mx 1): AWG noise [n1 (t) no (t) ... nm ()]
(¢,0) (dz1): unknown DOAs (61, 01), ..., (da, 0a)]"
A (¢, 0) (mz d): array manifold matrix [a(¢1, 01),... a(¢q, 04)]

exp { jQT” (x1sinb; sing;+ yycosh; sing; + z; cos @)}
a (¢, 0;) = : (2.5)
exp { jQT” (Tmsind; sing;+ y,,cosb; sing; + z,, cos (b,)}
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In the array manifold matrix A (¢, 0) consists of d complex array steering
vectors stacked in the columns of the matrix. Each vector a(¢;, ;) is a representation
for an array response (considering m elements) to the ith source coming at the angle
(¢4, 0;) and hence the steering vectors carry information about complex directional
characteristics of the array elements in relative manner [2].

Array manifold

Figure 2.4: Visual representation of an array manifold.

Array steering vector a (¢;, 6;) for the unit amplitude signal can be visually repre-
sented as in and it can be expressed in a general manner (for all geome-
tries) as in where A is the wavelength of the incoming signal(s) and
{Zk, yr, 2z} forall k € {1,2,...,m} are the coordinates of the array elements.

In a more realistic scenario, it is required to observe the array output X (¢) for a
duration to collect N samples at ¢y, ...,ty. Each vector observation is known as a
snapshot of the array output [28]]. Therefore, it is better to describe ina
discrete form as:

Xy =[X(t).. X(tn)] = A(¢,0)Sy + Wy (2.6)

The process described above can be clearly seen as a multi-channel random process,
whose characteristics are determined from first and second order statistics of the un-
derlying signal and noise components.

2.4 Noise Subspace-based DOA Methods

In the single emitter (source) case, the classical and subspace-based (super-resolution)
methods given in have a similar estimation performance. On the other
hand, the subspace-based methods have considerably better performance compared
to the classical methods in the multiple emitter case, especially when the emitters
are angularly close to each other. This performance difference comes from the fact
that subspace-based methods can have a resolution performance[] which goes beyond
the Rayleigh bouncﬂ, that is why these methods are referred to as "super-resolution”

1 1t is usually measured in terms of the smallest distinguishable angle.
2 Rayleigh resolution bound is the term in wave physics for the discernibility limit of two point light sources
and in our case, it corresponds to approximately one beamwidth [2].
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methods [32]]. The performance of these methods is generally limited by how ac-
curately the signal and noise subspaces are separated in a noisy scenario [33]. As
visually represented in [Figure 2.1}, subspace (super-resolution) methods are divided
into two groups, namely noise-subspace and signal-subspace methods. Within the
scope of this thesis, search-based four noise subspace methods will be studied and
they are given as:

e Pisarenko Harmonic Decomposition (PHD)
e MUItiple SIgnal Classification (MUSIC)

e EigenVector (EV)

e Minimum-Norm (MN)

All the calculations to be mentioned in these algorithms are based upon time samples
of the arriving signals because DOA values for the incoming signals may differ with
time. When the received signals at the array elements change, the corresponding
DOA estimation may change as well. Therefore, there is a need to calculate the array
spatial covariance matrix R x x and this is expressed as given below.

Rss=FE [S(t) S"(t)] & Rww =0 Im '

where (.)# denotes the Hermitian transpose (or conjugate transpose), oz denotes
noise variance and I,,, is m-by-m identity matrix. It is assumed that there exists
no correlation between the signal sources and therefore, the signal covariance ma-
trix Rgg is a full-rank (non-singular) matrix. The noise covariance matrix Ry w 18
defined as a diagonal matrix whose all elements are O’N by the spatially white noise
assumption. Practically, the actual covariance matrlx is not avallable and it is neces-
sary to estimate the sample covariance matrix R x x (or simply R) from the received
data over IN samples as given below:

N
~ ~ 1 H

k=1

Again to remember, our data model adopts a scenario in which there are m antenna
elements receiving a collection of plane wavefronts radiated by d (d < m) sources lo-
cated in the far-field region of the antenna array. The Hermitian characteristics of the

(estimated) sample covariance matrix R allows us to apply the eigendecomposition
and with this, it could be decomposed as:

R—= UAU (2.9)

where U is an m-by-m matrix having eigenvectors of R and A is an m-by-m di-
agonal matrix with diagonal elements {1, Ao, ..., A, } as the eigenvalues of R. The
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eigenvalues can be sorted in a descending way such that A\, > ... > A\ > 0. By
the noise assumption described in Section [2.3.2] the noise term in the model is uncor-
related with the signals. Therefore, the sample covariance matrix can be expressed as
follows [6].

(2.10)

The first term in[Equation 2.10]represents the signal subspace which is spanned by the
d eigenvectors corresponding to the d largest eigenvalues of R. These d eigenvalues

can be expressed as \; = \;° + 012\, where \;° are the eigenvalues of Rgg defined
in The second term, on the other hand, represents the noise subspace
which is spanned by the remaining m — d eigenvectors corresponding to the remain-
ing smallest m — d eigenvalues of R. These m — d eigenvalues are equal to o%;.
This eigendecomposition approach presented here is used for all the noise subspace
methods in our consideration.

2.4.1 Pisarenko Harmonic Decomposition (PHD) Method

The PHD method is known as the first subspace-based method that was developed
in the DOA history and it was proposed by V. Pisarenko in 1973 for the retrieval of
harmonics from a covariance function based on the Caratheodory Theorem used in
the trigonometric moment problem [27]].

Within this method, it is assumed that the received signal X (¢) is composed of d
complex exponentials with an existing white Gaussian noise and the array is com-
posed of m elements. Theoretically, PHD method mainly uses the eigenstructure of

the m-by-m sample covariance matrix R. The main historical purpose of this method
is to estimate the frequencies of the sinusoidal signals in damped and underdamped
cases when the spatial covariance matrix is provided [0].

After the eigenvalue decomposition (EVD) operation on R and sorting the result-
ing eigenvalues in decreasing order, as the distinct property of the PHD method, the
eigenvector (e,,;5) associated with the smallest eigenvalue (\,,;,) is taken into the
consideration. If the smallest one is repeated, any unit-norm vector constituted as a
linear combination of the corresponding eigenvectors can be used as €,,;, [32].

The PHD method assumes that the dimension of the noise subspace is equal to "one"
and it is spanned by the eigenvector e,,;, corresponding to the minimum eigenvalue
Amin regardless of the number of incoming signals under our consideration (i.e. as-
sume m = d + 1). This specific eigenvector €,,;, is necessarily orthogonal to all of
the signal subspace eigenvectors [34]]. Using this, the pseudospectrum or eigenspec-
trum of the PHD method can be expressed as:
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P 0) =
i | ) | @2.11)
7] H N 2
a(e) (emi’nemin a(e) HCL(O)H €min ‘

where a(€) is reduced form of the array steering vector a (¢;,0;) and N repre-
sents the generic matrix formed by the noise eigenvectors, which is generally used
in search-based noise subspace methods.

In the single emitter case, the denominator of Ppyp (6) takes a minimum value (ide-
ally zero) when the orthogonality of a steering vector and e,,,;,, is nearly achieved and
a sharp peak is ideally observed in the pseudospectrum. In the multiple emitter case,
the smallest multiple values for the denominator are considered and hence, multiple
peaks are observed in the pseudospectrum. These peaks correspond to nothing but
the DOA values of the emitters.

The resulting technique has a relatively limited usefulness since it shows an apparent
sensitivity to noise. However, from the theoretical point of view, it has provided
valuable insights into the the DOA estimation problem [34]].

2.4.2 MUiltiple SIgnal Classification (MUSIC) Method

The MUSIC method was first proposed by Schmidt in 1979 [35] and it is nothing but
an improved version of the PHD method. Since that time, it is known as one of the

most popular DOA estimation algorithms. The idea behind is similar to that of the
PHD method.

Let us remember that the sample covariance matrix can be spectrally decomposed as
= ~ A~~~ H .. . ... . . ~
R = UAU anditis possible to partition the matrix of eigenvectors U as

U= [f]s, ﬁn} 2.12)

where ﬁs is the m x d matrix composed of the eigenvectors corresponding to d largest
eigenvalues and U, is the m x (m — d) matrix composed of the eigenvectors cor-
responding to m — d smallest eigenvalues. When the sources are incoherent, it is

important to note that ﬁs and the array manifold A share the same range space [6]]
given as:

R{U,} = [a(¢1,01), ..., a(dq, 04)] (2.13)

It is possible to refer IAJS as the signal subspace and U » as the noise subspace.
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Since U is known to be a unitary matrix, then these subspaces are then orthogonal to
each other, so that

af(¢;,0) U, =0 for i=1,...,d (2.14)

Being different from the PHD method, instead of using a single eigenvector, the MU-
SIC method uses all noise eigenvectors to construct the matrix /N. Keeping this in
mind, the pseudospectrum expression (also called as the MUSIC spectrum) can be
derived as:

1
a(0)” N a(0)
1 1

a()" (Xl eiel)ald)  a(0)" E, E; a(9)

Pyusic (0) =

(2.15)

where a(0) represents a (¢;, 0;) and assuming that the noise eigenvectors are obtained
by the EVD of the sample covariance matrix as {€4+1 5 €442, -+ 5 €m }, the matrix
E,, is the combination of the noise eigenvectors (e;) in the columns as:

En = [ 6d+13 €d+2 .. em] (216)

Moreover, the matrix IN in is calculated by a summation term which
is actually the orthogonal projection onto the range space of the E,, . Similar to the

PHD case, when the orthogonality with the array steering vector is nearly satisfied,
the denominator term drops to a small value and the pseudospectrum shows a peak
for that. These peaks are the DOA results of the MUSIC method.

The MUSIC method generally shows better performance than the PHD method, and it
has an estimation performance which approaches to the optimum solution asymptoti-
cally [35]. The disadvantage of the noise subspace-based methods including MUSIC
is the requirement for sufficient number of samples (snapshots) since their computa-
tions strongly depend upon the estimated (sample) covariance matrix of the received
data [2].

2.4.3 EigenVector (EV) Method

In addition to PHD and MUSIC methods, some other eigenvector methods were pro-
posed for the frequency estimation of complex exponentials in the noise. One of
these methods is the EigenVector (EV) method [36]. This method is quite similar to
the MUSIC algorithm.

In contrast to the MUSIC method, the EV method makes use of inverse noise eigen-

values obtained by the EVD of the sample covariance matrix R. These values are ba-
sically utilized for weighting the corresponding eigenvectors. In the MUSIC method,
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these weights are considered as unity. The expression for calculating EV-spectrum is
given as:

1
a(0)” N a(0)
1 1

a(0)" ( Xl zeef) a®)  a(0)" E, E; a(6)

Py (0) =
(2.17)

where a(0) represents a (¢;,0;) and the matrix IN in this method is formed using
E. instead of E,, . In fact, this is the main difference from the MUSIC spectrum

n
expression and it is realized by just weighting each noise eigenvector e; with the
inverse of the corresponding eigenvalue as given in [Equation 2.18, Note that EZ

matrix is computed by taking the Hermitian transpose of E,, .

Eln = (1/)\d+1> 6d+1§ (1//\d+2) €d+2 . 1/)\m em:| (218)

By the weighting coefficients (inverse eigenvalues) inside the EV-spectrum computa-
tion, the method claims to have fewer spurious peaks than MUSIC and the method
gives a better shape to the noise spectrum by less pronouncing the low-level source
and physical noise effects [36]].

2.4.4 Minimum-Norm (MN) Method

Another noise subspace-based method studied within the scope of this thesis is the
Minimum-Norm (MN) method. This method was firstly proposed by Kumerasan and
Tufts [37] in order to suggest a solution to the frequency estimation problem.

In this algorithm, rather than constructing an eigenspectrum using all eigenvectors
spanning the noise subspace as in the MUSIC & EV methods, the MN method makes
use of a single vector v which is constrained to lie within the noise-subspace. The
DOA estimation by this method is realized by determining where the peaks are ob-
tained in the MN-eigenspectrum and this spectrum is computed as follows.

Hl - - L - L (2.19)
a(0)” N a(@0) a(8) vva(0) Ha(O)H v

PMN (0) —

where a(0) represents a (¢;, 6;), the matrix IN in this method is formed using the
vector v and the problem here is to determine which vector v in the noise subspace
minimizes the spurious effects on the spectrum peaks. The approach that is followed
for this minimization is to find the vector v that fulfills the constraints summarized
below [34]:

1. The vector v must lie in the "noise subspace", hence it is orthogonal to the
projection onto the signal subspace spanned by array steering vectors.
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2. The vector v has "minimum norm".

3. The first element of this vector should be "unity".

The first constraint guarantees that "d roots" of V' (z) (z-transform of the coefficients
in vector v) lie on the unit circle. The second constraint ensures that the "spurious
roots" of V'(2) lie inside the unit circle. Lastly, the third constraint guarantees that
the minimum-norm solution is the "non-zero vector".

The constrained minimization problem given above can be solved starting from the
first constraint that can be expressed as v = P,, w where P,, = E,, Eg is the ma-
trix projecting w onto noise subspace and the matrix FE,, is constructed by inserting
each noise eigenvector e; of the sample covariance matrix into the columns of FE,,.
After a few additional steps (see [34] for detail), the minimization problem is solved
as:

w = \u; (2.20)

where w; = [1, 0, ..., 0]" , which is a special vector for emphasizing the first

element of the vector v and \ is weight vector calculated by A = (ul P, ul)_l.
Finally, the pseudospectrum expression for the MN method is obtained as follows.

Pn U, yields
’U:in: )\Pn’ul:m

1 1 (2.21)

Pry (0) = PR - 3

Ha(e) v Ha(e) E, E! u,

The expression given above is nothing but projection of the unit vector onto the noise
subspace, normalized in order to satisfy that the first coefficient is equal to "unity".

This method is generally recommended if the configuration is Uniform Linear Array
(ULA). For two closely spaced equal-power signals, the MN method claims to suc-
ceed a lower SNR threshold, which is the metric for minimum SNR-level required to
separate two sources [38]].
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CHAPTER 3

OPENMP AND CUDA

In order to accelerate the bottleneck sections of the aforementioned algorithms on
GPU, CUDA platform has been adopted (see Section 4.4)). To enable a fair compar-
ison, baseline C/C++ codes have also been implemented in both serial version and
parallel version (using OpenMP).

In this chapter, some background information is given related to OpenMP and CUDA
in order to provide a basis for the parallelization concepts to be mentioned in Chap-

ter 4l
3.1 OpenMP

OpenMP (Open Multi-Processing) is an API initially developed for realizing parallel
applications in the systems having multiprocessors with shared-memory support. It is
actually not a programming language, but it can rather be seen as an extension to some
programming languages, namely FORTRAN, C, and C++ [39]]. Its specifications
are maintained by a non-profit organization named as OpenMP Architecture Review
Board (ARB) including some permanent and auxiliary members, some of which are
AMD, IBM, Intel, NVIDIA, EPCC, RWTH Aachen and NASA [40].

OpenMP is an easy-to-use and mature API which requires only a limited amount
of programming effort for parallelization. Most of the troublesome works required
for the parallel programming are handled by the compiler [39]. Another advantage
of OpenMP is that it enables the programmers to incrementally create the parallel
programs from their serial code without forcing them to apply the parallelization for
all parts at the same time. In most of the cases, the parallelization performance ob-
tained by OpenMP satisfies its users and the scalability is achieved without too much
effort [40].

All fundamental information related to OpenMP is given in the following.

3.1.1 Definitions

The following definitions are given from the the OpenMP perspective [40].

e Thread: An entity for execution having stack and threadprivate memory and it
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actually corresponds to the smallest processing unit which might be scheduled
by an OS.

e Team: A collection of thread(s) which participates in a parallel region execu-
tion.

e Directive: A base language (FORTRAN, C or C++) mechanism determining
the behavior of a program.

e Construct: An executable directive and its related statements.

e Structured Block: An executable statement or compound in C/C++ that is
starting with a single entry and ending with a single exit.

e Region: A code part during a specific time at which the execution of a given
structured block sequence or a library routine encounters.

e Memory: A resource for storage in order to keep/write and read variables used
by OpenMP threads.

e Barrier: A point determined in a program execution that a team encounters
and beyond that point, no thread in a team can proceed until all ones in the
team reach to the barrier.

e Task: A specific executable code instance and the corresponding data environ-
ment which are schedulable for execution by the threads.

e Private Variable: A variable providing a different storage block access for
each task within the common parallel region.

e Shared Variable: A variable providing the same storage block access for each
task within the common parallel region.

e Threadprivate Variable: A variable which is copied for each thread and it
provides each with an access to a different storage block.

3.1.2 The OpenMP Programming Model

OpenMP is based upon the usage of multiple threads in the programming structure
involving a shared memory system and it is not an automatic model such that it allows
the programmer to have complete control over the parallelization. The OpenMP API
with which the programmer directly interacts is mainly composed of the following
three elements:

e Compiler Directives: They are mainly used to inform the compiler which in-
structions are requested for a parallel execution and how they are distributed
among the principal threads [39]. Some of these directives are parallel region,
work-sharing constructs, tasking, data-sharing attributes and so on. These com-
piler directives are used in the following syntax:

fpragma omp directive [clause]
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where "pragma" is used to inform a compiler or preprocessor about some infor-
mation on the processing to be governed by the directive. It does not express
any logic and it is similar to #include and #define.

e Runtime Routines: The runtime routines are functions which can be used for
querying some settings and for setting some runtime values by overriding the
default or prespecified values [41]. Some example usages of these functions
are number of threads, thread ID, nested parallelism, schedule, thread limit,
dynamic thread adjustment and locking [40].

e Environment Variables: There are certain number of environment variables
available to make some runtime settings to be initialized. If they are not set,
their implementation-dependent default settings are used except the nested par-
allelism, and they have precedence over the run time function with the same
functionality [41]. Some functional examples of these variables are thread num-
ber, type of scheduling, nested parallelism, thread limit, stacksize and dynamic
adjustment for threads [40].

3.1.3 The OpenMP Execution Model

This model defines how an OpenMP program is executed. The OpenMP API is known
to use the fork-join parallel execution model and multiple execution threads perform
the implicitly- or explicitly-defined tasks. An important point to note is that a parallel
program using OpenMP may produce different numeric results when executed with
different number of threads due to possible associational variations in the numeric
operations [40].

The fork-join execution model of OpenMP is illustrated in Here, an
OpenMP program starts with a single master thread and it is initially executed in a
sequential way. When it encounters with a parallel region, worker threads are created
in the requested number and they hence form a team. OpenMP has SPMD (Single
Program, Multiple Data) program model for its parallel regions and according to this,
the same code is executed by all threads within these regions. This model is also
commonly used for parallelization patterns in platforms like CUDA and MPI.

Fork Join
1 I
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Thread " /!
\ 7
\ ’ KN 4 "N / N
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Figure 3.1: The OpenMP execution model.



3.1.4 The OpenMP Memory Model

OpenMP has the memory model as illustrated in As can be seen, there
are two main types of memory: shared and private. Each thread (shown as T) has its
own private memory and it can read and write (R/W) to that memory. However, there
is no way to access the variables stored in the private memory by another thread. All
threads have R/W access to the variables stored in shared memory. The memory type
to be used for a specific variable depends upon either default rules or some clause
explicitly defined on a construct [41]].

Figure 3.2: The OpenMP memory model.

3.2 CUDA

CUDA (Compute Unified Device Architecture) is a parallel computing platform and
programming model introduced by NVIDIA® in 2007 for general purpose computing
on the supported graphics processor units (GPUs). CUDA is supported for different
popular languages (e.g., C/C++, FORTRAN, and Python) [42] and the developers can
express the parallelism in their codes using some keywords that can be considered as
extensions to their language. In this thesis, the C/C++ support version of the CUDA
is considered.

The GPUs are inherently designed for high-speed graphical computations which are
done in parallel. With the introduction of the CUDA platform, without any need for
knowing graphics primitives, an opportunity for actively using these powerful graph-
ics co-processors by everyday developers has come in sight [43]]. With the advantage
of a massive data parallelism provided by CUDA, it has been adopted in various ar-
eas where high computing performance is critical. Some examples for these areas are
computational finance, deep/machine learning, climate modeling and supercomput-
ing. This platform is composed of architecture (hardware design and structure) and
programming model (how to develop software suitably for the hardware). A typical
CUDA application developed by using this integrated model works upon two major
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components, which are host and device. The host side consists of CPU and its associ-
ated memory units (RAM, cache, etc.) whereas the device side consists of GPU and
its associated memory units (GDRAM, cache, etc.).
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Figure 3.3: The theoretical peak performance history of CPUs and GPUs.

The plot given in is generated by using the data provided in [44] and
the code in [45]. In this plot, the theoretical peak performance (GFLOPS) evolu-
tion of CPUs and GPUs is shown. It is seen that FP32 (single-precision) and FP64
(double-precision) peak performance gaps between Intel CPUs and NVIDIA GPUs
have started to increase since 2010s. Today, a high-end GPU card of NVIDIA has
about 10 times (FP32) and 8 times (FP64) higher theoretical peak performance in
FLOPS compared to a high-end CPU of Intel.

There are several differences between the CPU and the GPU. Two processors are

compared in

Table 3.1: The comparison of the CPU and the GPU.

CPU GPU
higher clock rate moderate clock rate
computing a task rapidly computing (many) tasks in mid-speed
lower latency with big caches hidable latency with multi-threading
reasonable throughput high throughput
few cores (today < 150) many cores (today < 6000)
ordered consecutive tasks unordered indepedent tasks
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A typical simplified workflow for a CUDA application in heterogeneous mode is
illustrated as follows.

2- Kernel launch

3- Réturn

1- Copy input data
PC Memory _r GPU Memory
(RAM) & (GDRAM)

4- Copy back resulk

- _J/ | J/

Y Y

Host-side Device-side

Figure 3.4: A typical workflow (1 to 4) for a CUDA application.

As can be seen in there are four basic steps in the workflow. Firstly,
the input data on the host RAM to be used for the computation is copied to the pre-
allocated memory space on the GPU memory. Secondly, the kernel(s) defined in the
program is/are launched for the desired computations by the CPU. Thirdly, when the
computations on the GPU are completed, a return is requested by the main program
on the host. Lastly, this request is replied by the GPU and it copies the resultant data
back to the host-side. In this integrated approach, fully serial or modestly-parallel
parts in the overall code are executed on the host side and parts which are suitable for
a much higher parallelization are executed using SPMD (Single Program Multiple
Data) kernels on the device side. The data-parallel code portion is run on preferably
thousands of CUDA threads to harness the power of the GPU.

All the details on CUDA are explained from different perspectives in the following
four subsections.

3.2.1 CUDA Memory Model

Several types of memory are supported by CUDA and they are generally served to
different needs in the GPU programming scheme to achieve high execution speed
performance in the kernel(s). The overview of the CUDA device memory model [46]
is visually given as follows.

In most of the memory types residing in the device-side are shown in
relation to thread and block concepts. Some properties of these memories and two
other ones (local and texture memory) are given in In this table, off-chip
memory is used to express the memory residing on the GDRAM, R/W is used for
readable/writable and N/A means not applicable.

The R/W data communication between host and device is realized by a PCI-express
interface, which plays a critical role in applications where an intensive amount of data
needs to be copied into the GPU memory.
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Figure 3.5: CUDA device memory model.

Table 3.2: CUDA memory types and their properties [47]].

Memory | Location | Cached | Access | Latency Scope Lifetime
Register | On-chip N/A R/W 1 cycle Thread Thread
Local Off-chip Yes R/W 100s Thread Thread
Shared | On-chip N/A R/W 1 cycle Block Block
Global | Off-chip Yes R/W 100s All + host | Applic.
Constant | Off-chip Yes R 100s All + host | Applic.
Texture | Off-chip Yes R 100s All + host | Applic.

Due to their practical importance, some of the GPU memory types in are

explained with some details as follows [42].

e Local Memory: It resides on the GDRAM and its data bandwidth and rate
is same as the global memory. This memory is put into use when too many
registers are needed for an application where a large data structure or too many

kernel variables exist.

e Shared Memory: It resides on the GPU chip and it has higher data bandwidth
with lower latency characteristics compared to the local memory. Threads
within the same block can communicate with each other via this memory.
While using this memory, it is important to be careful about the bank conflict
case in which multiple simultaneous accesses to a bank take place and hence,

the overall process is serialized.

e Global Memory: It resides on the GDRAM and its access to the data can be
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realized with different memory segments (32-, 64-, or 128-bit). To be able to
get a high memory performance, data transfers can be realized preferably in an
aligned manner and coalesced memory access is thus achieved.

e Constant Memory: It resides on the GDRAM and it can be utilized as a cache
memory via the existing constant cache units. It is efficiently used when its us-
age includes single address. If several separate requests are taken, the through-
put of this memory reduces proportionally.

3.2.2 CUDA Execution Model

The execution of a CUDA application is realized in hierarchical three levels as shown
in These levels from the software perspective are thread, block and grid.
At the lowest level, threads are executed by scalar processors on the GPU hardware.
At the mid-level, thread groups constitute nonmigrant thread blocks and they are ex-
ecuted on the multiprocessors. Threads in a block can communicate with each other
using the shared memory residing in their multiprocessor. Concurrency of several
thread blocks is allowed on the same multiprocessor, but this might be limited by
available resources like register space and shared memory. At the highest level, a col-
lection of thread blocks form a grid, whose operation corresponds to a kernel launch
in a CUDA program. Moreover, executing more than one kernel concurrently can
also be realized in most of the current GPU devices.

Warp is another important concept in the execution model and it is defined as a paral-
lelly executed thread group in the physical meaning. This works as a base unit in the
thread scheduling operations of the multiprocessors. Each warp has 32 threads which
are consecutively indexed. During the execution process, each block of threads with
arbitrary size is further split into warp units. If the block size is not an integer multi-
ple of 32, then some redundant (non-functional) threads will be padded to the end in
order to satisfy 32 in the last part. The importance of the warp is that all threads in
a warp simultaneously execute the same instruction for different data parts in accor-

Software Hardware
~ " Scalar Processor
Thread ]
L]
W — =
[
Thread Block Multiprocessor
R e
Grid Device

Figure 3.6: CUDA execution model.
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dance with the SIMD (Single Instruction, Multiple Data) model. Providing enough
work to the multiprocessor by requesting so many warps enables fast context switch-
ing and it is important to hide the latency occurring when an instruction waits for the
result of a long operation.

3.2.3 CUDA Programming Model

In this subsection, some important basics for programming in CUDA will be men-
tioned in compliance with the memory and execution models previously given in
Section [3.2.1] and Section [3.2.2] respectively. Basic programming steps in a typical

CUDA application are illustrated in

1) malloc/calloc 2) cudaMalloc

input data (H2D) input data
| 3) cudaMemcpy [
I | [ [I[[[]]];
J |
I'TT TT

4) kernel <<< . >>>

| d 444y
L]

|
| | | [ ‘ ‘ | | | [ | 5) cudaMemcpy
output data (D2H) output data

7) free HOST-SIDE DEVICE-SIDE 6) cudaFree

Figure 3.7: CUDA programming model.

Each step in this typical programming model is explained as follows.

1. The memory space required for the data to be transferred is allocated on the host
memory viamalloc () orcalloc () function and the input data is prepared.

2. The device memory space to be used for the input data from host-side is allo-
cated via cudaMalloc () function.

3. The input data is copied from host memory to device memory (through PCI-e
bus) via cudaMemcpy () function in host-to-device (H2D) mode.

4. In order to launch all the threads in a grid to execute the defined work in a kernel
function, kernel launch call is realized by the host side via kernel<<<.>>>

5. After all work is done by the CUDA threads and the resulting data is prepared,
at the request of the host-side, the output data is copied from the device mem-
ory back to the host memory (again through PCI-e bus) via cudaMemcpy ()
function in device-to-host (D2H) mode.

6. When the transfer is finished, the memory space allocated on the device mem-
ory is released via cudaFree () function if the corresponding data is no
longer to be used for any computation on the GPU.

7. If the related data is not necessary anymore, it is also a good practice to release
the allocated memory space on the host-side via free () function.
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The kernel function mentioned here can be seen as the heart of the computation done
on the device-side (GPU). The function determines what each thread is responsible
for doing and any interactions between them (if exists) are also defined inside it. As
shortly mentioned in Section [3.2.2] the main execution structure of a kernel is based
on a grid containing a certain number of thread blocks. A typical kernel call is realized
by using some parameters that belong to the corresponding grid as follows.

kernel <<< blocks, threads >>> (...)

In the syntax given above, two commonly used parameters of a kernel function are
stated, namely threads and blocks. According to the definition of the CUDA
API [42], these two parameters can be specified in a type of either int or dim3.
With the help of this, a 1D thread hierarchy can be directly constructed by using the
parameters in int type and 2D/3D thread hierarchy can also be realizable by dim3
type. The threads parameter is the total number of threads per block and it is
commonly limited to 1024 threadﬂ The blocks parameter, on the other hand, is
used to represent the total number of thread blocks within the grid.

Each CUDA thread which executes the kernel defined in the application is labeled
with a unique thread ID that make it possible to access a specific thread within the
kernel function, and this ID can be specified through a combination of kernel built-in
variables. These variables are given with details in [Table 3.3

Table 3.3: CUDA built-in kernel variables [42].

Variable Data Type Functionality
gridDim dim3 grid-structure dimensions
blockIdx uint3 index of a block in the grid
blockDim dim3 block-structure dimensions
threadIdx uint3 index of a thread in the block
warpSize int number of threads in a warp

For the convenience of a CUDA programmer and better thread structure of a CUDA
application, in addition to the 1D grid, it is also possible to construct 2D or 3D struc-
tures. In these cases, thread indexing has more than one dimension and the desired
access is governed by combination of these indices. An example for 3D grid structure
is given as follows.

! CUDA devices with compute capability > 2.0 support this value.
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Figure 3.8: CUDA 3D-grid indexing example.

In|Figure 3.8] a 3D grid structure of CUDA threads in an application is given, which
is actually 2D since 3rd dimension (z) is never used here. First dimension of the
structure is shown with x and the second one with y. A specific thread in this structure
can be uniquely defined with indices i and j, preferably adding the index k which is
always zero. These indices can be determined the expressions given in

Table 3.4: CUDA thread indexing for the grids in different dimensions.

Grid Thread Indexing
1D i = blockIdx.x * blockDim.x + threadIdx.x
2D i = blockIdx.x % blockDim.x + threadIdx.x
J = blockIdx.y » blockDim.y + threadIdx.y
3D i = blockIdx.x * blockDim.x + threadIdx.x
= blockIdx.y * blockDim.y + threadIdx.y

k = blockIdx.z blockDim.z + threadIdx.z

*
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In CUDA programming, due to some software-based requirements, variables used
in both the host- and device-side of the program may need to be used with different
type qualifiers depending on the situation. These qualifiers with their properties are
tabulated in

Table 3.5: The variable type qualifiers in CUDA with their properties.

Variable Type Qualifiers Memory Scope Lifetime
__device_ Global Grid Application
__device_ _ shared_ Shared Block Block
__device__ __ constant___ Constant Grid Application
__volatile_ - - -

Table 3.6: The function type qualifiers in CUDA with their properties.

Function Type Qualifiers Executed in Callable from
__device_ Device (GPU) Device(GPU)
__global___ Device (GPU) Host(CPU)

__host___ Host (CPU) Host(CPU)

There are also some needs for qualifying the function types in host- and device-side
of an application. These qualifiers are summarized in

It is important to notice some points related to these qualifiers:
e Functions qualified by __device__ and __global___ cannot be used in
recursive operations (not-supported).
e Qualifiers __global___and __host___ cannot be used together.

e A function qualified with __global__ needs to be defined with void return
type.
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3.24 CUDA-C/C++ Application

As a final point in the section related to CUDA, some brief information on the ex-
ecutable generation procedures for a C/C++ code (.cpp) and a CUDA code (.cu) is
given. In a C/C++ project including CUDA codes is demonstrated from
the source code phase to the executable/dll phase.

cpp

e

| Host | | cupa
| functions | | kernels |
cl.exe
| Host.obj | | Host.obj | | cuba.obj |

1 I Executable
link.exe /DLL

Figure 3.9: Executable generation process including .cpp and .cu codes.

As seen in the figure above, C/C++ codes (.cpp) only include the parts to be executed
on the host (CPU). These codes can be compiled with gcc or cl.exe (MSVC) compiler.
At the end of the compilation procedure, an object file is generated.

On the other hand, CUDA codes (.cu) include parts which will be executed on both
host (CPU) and device (GPU). CUDA kernel functions with global identifier are
called by CPU and executed on GPU. At the beginning of the compilation procedure,
the CUDA compiler (nvcc) splits the overall code into host functions and CUDA
kernel functions which will be executed on CPU and GPU, respectively [48]. Host
functions in the CUDA code are assigned to a standard cpp compiler (gcc, cl.exe, etc.)
and the CUDA kernel functions are assigned to cudacc compiler which is aware of
all compilation rules (cuda.rules). When two sides are successfully completed, object
files are generated for both host and device parts.

At the last step, all object files (.obj) are combined with a linker (link.exe) and a final
executable(.exe) or a dynamic link library (dll) of the application is generated.






CHAPTER 4

IMPLEMENTATIONS

As mentioned in Section [2.4] this thesis is based on four noise subspace-based meth-
ods (PHD, MUSIC, EV, and MN) and these methods were implemented in three dif-
ferent programming environments: MATLAB, C/C++ and CUDA. The purpose for
these implementations is to evaluate the methods in terms of numerical accuracy and
computational performance. In this chapter, firstly, a pseudocode comparison of the
four methods is given, and then the implementations in MATLAB, C/C++ and CUDA
are mentioned in three separate sections with all relevant details.

4.1 Pseudocode Comparison

To understand the details behind the implementations, it is better first to compare the
pseudocodes that belong to four noise subspace-based methods and determine their
similarities and differences between them. The common code structure which is valid
for all methods is given in Algorithm I}

As can be seen in Algorithm ] it takes some inputs, which are explained as:

e X represents the input data obtained from the antenna array outputs.

e d is the number of sources in the scenario, which is assumed to be known (see
Assumption-4 in Section[2.3.2).

e arrayConfig is the array-related information including number of antennas
(m), their coordinates etc.

e f is the RF carrier frequency of the signal(s) transmitted by the emitter(s)
located in the far field region of the receiving array (see Assumption-1 and
Assumption-2 in Section[2.3.2).

e azims represents the azimuth angles used in the spectral search and they are
predetermined by start/stop/step angle values.

e clevs represents the elevation angles, which are determined and used similarly
in azims.
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Table 4.1: Some variables used in Algorithmand their definitions.

Variables Definitions
X m-by-N signal data from antenna array
d, f number of emitters (known), their frequency

arrayConfig | array configuration parameters: m (# of antennas), coords

azims, elevs azimuth/elevation angle series
R m-by-m sample covariance matrix
u, Sing, v m-by-m SVD decomposition matrices
Qind m-by-1 array steering vector for indth angle pair
C m-by-m projection matrix used in pseudospectrum

Algorithm 1 Common pseudocode for noise subspace-based DOA algorithms

1: procedure NSSDOA(X, d, arrayConfig, f,azims, elevs)

2 R+ X*XH > Step-1
3: [u, sing, v] « svd(R) > Step-2
4 nssEig <— nssDetermination.) > Step-3
5 C' < projProd(nssEig) > Step-4
6: angleSeries < SeriesGen(azims, elevs) > Line 6-12 : Step-5
7: for all angle Pair;,; € angleSeries do

8: Aina < SteeringVector(anglePairiyg, f,arrayConfig)

9: all <+ adjoint(a;nq)

10: invPyg < al )% C % aing

11: pseudoSpec(ind) < Ping < (invPipg) ™"

12: end for

13: [peakVals,indices| <— findPeaks(PseudoSpec) 1> Line 13-14 : Step-6
14: estimDOA <« PeakSelection(peakV als,indices, d)

15: return estim DO A

16: end procedure

After taking the aforementioned inputs, the common code structure in Algorithm
follows these steps:

e Step-1 (line : This step generates m-by-m R (sample covariance matrix)
from (m-by-N) X (array output matrix) and its Hermitian (/V-by-m) where m
is the number of antennas and /N is the number of signal samples (snapshots).

e Step-2 (line : In this step, singular-value-decomposition (SVD) of R is taken.
Theoretically, this step should have been realized by eigen value decomposition
(EVD). However, since R is Hermitian and positive definite matrix [49], EVD
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and SVD factorizations coincide [50]. Therefore, the SVD operation can be
utilized without any problem. This operation here gives us three (m-by-m)
output matrices (u, sing, v), which are left singular vectors, diagonal singular
value matrix (in decreasing order) and right singular vectors, respectively.

Step-3 (line [d): This step is for arranging how noise and signal subspaces
are spanned by the corresponding eigenvectors. The determination of which
eigenvector(s) are taken to lie in the noise subspace plays a critical role in the
performance of our algorithms as explained later.

Step-4 (line [5): This step applies an orthogonal projection operation onto the
range space of the corresponding matrix/vector via a complex inner product and
an (m-by-m) matrix C, which is a noise subspace representative is obtained at
the end.

Step-5 (line [6] - [12): This step can be referred to as "Spectral-search". In this
step, an angle series is firstly created (Step-5.0) (see line [6) by considering
all angle pair combinations of azimuth angles (azims) and elevation angles
(elevs). Then the spectral search in angleSeries is realized by following these
sub-steps:

— At Line [8| (Step-5.1), the steering vector (a;,q) 1s generated for the corre-
sponding angle pair in the search using the signal frequency (f) and array
coordinates (in arrayCon fig).

— At Line |§] (Step-5.2), the hermitian of the steering vector aZ ; is obtained
by taking an adjoint operation (i.e., transpose and then complex conjugate)
of the steering vector (a;,q)-

— At Line|10|(Step-5.3), a product of three terms affld, C' and a;,4 18 realized
to measure the orthogonality of the corresponding steering vector and the
noise subspace term C'. When the resulting inv P, is close to zero, it
could be implied that the orthogonality is somehow achieved.

— At Line[IT](Step-5.4), the term inwv P,  is inverted, hence its small value
in a case is converted into a large one and it is stored in pseudoSpec.

All these sub-steps are repeated for each angle pair in angleSeries and the
vector pseudoSpec is filled. This provides us with a 1D or 2D pseudospectrum
showing some peaks.

Step-6 (line[13]-[I4): These two lines are basically for determining the peaks of
the pseudospectrum obtained at the end of the spectral search and then selecting
the certain number of these peaks according to the number of sources (d) which
is assumed to be known at the beginning of the DOA estimation procedure.
Finally, the estimation angle pair(s) corresponding to the selected peak(s) can
be easily determined by tracing the relevant index information in angleSeries.
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Table 4.2: Variables used in Algorithmand their definitions.

Variables Definitions
d number of emitters (known)
u m-by-m matrix containing left singular vectors
sing m-by-m matrix containing singular values

Algorithm 2 Differences in nssDetermination (Step-3)

1: procedure PHDNSSDET(u, sing)
2 minldz < min(diag(sing))
3: Cmin < w.col(minldzr)

4: end procedure

procedure MUSICNSSDET(u, d)
: E, < u.col(d+1 : end)
7: end procedure

AN

8: procedure EVNSSDET(u, sing, d)
9: E, < u.col(d+1 : end)
10: Wan — sing.diag(d + 1 : end)

11: E,., <+ E, o> Initialize this with unity weights
12: for i < 1, cols(E,) do

13: Epa-col(i) < E,.col(i) * (wan (i)™

14: end for

15: end procedure

16: procedure MNNSSDET(u, d)

17: E, < u.col(d+ 1 : end)

18: P, «+ E, % adjoint(E,)

19: unitV <« [1,0, ..., 0]

20: A < (adjoint(unitV') * P, x unitV)~!
21: valph < (P, * X x unitV)

22: end procedure

Even if four methods in our scope (PHD, MUSIC, EV, and MN) share a common
code structure as in Algorithm [I] it is important to notice that there are also some crit-
ical differences between them. These differences basically happen in Step-3 (line {)
and Step-4 (line [5) of Algorithm [I] These differences are given in Algorithm 2] and
Algorithm 3| with 1-based indexing format.

As can be seen in Algorithm 2] PHD determines the noise subspace only with a sin-
gle eigenvector that corresponds to the smallest eigenvalue and this eigenvector is
referred here as e,,;,. On the other hand, MUSIC determines the noise subspace by
using all (m — d) eigenvectors corresponding to the smallest (m — d) eigenvalues.
These eigenvectors are put into the columns of the matrix £,,. EV determines the
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noise subspace similarly to MUSIC. Instead of keeping directly the noise eigenvec-
tors for Step-4 operation, it keeps a modified version of £, which is obtained by
weighting each noise eigenvector with the inverse of its corresponding eigenvalue.
As opposed to MUSIC and EV methods, MN method determines the noise subspace
using a single vector with special properties. This single vector in MN has a minimum
norm and its first element should satisfy unity.

Table 4.3: Variables used in Algorithm [3|and their definitions.

Variables Definitions

€min/ Vaiph selected noise subspace (nss) single-vector (PHD/MN)

E./Enw selected noise subspace (nss) matrix (MUSIC/EV)
C projection matrix obtained by using nss vector/matrix

Algorithm 3 Differences in projProd (Step-4)
1: procedure PHDPROJPROD(ée,,,,)
2: C' < emin * adjoint(em,)
3: end procedure

4: procedure MUSICPROJPROD(FE,,)
5: C < E, * adjoint(E,)
6: end procedure

7. procedure EVPROJPROD(L,,, Ey, o)
. C < E, . * adjoint(E,)
9: end procedure

10: procedure MNPROJPROD(valph)
11: C' < valph * adjoint(valph)
12: end procedure

As can also be seen in Algorithm [3, PHD and MN use the orthogonal projection onto
the range space of a single vector (e,,;, or valph). On the other hand, MUSIC and
EV apply the orthogonal projection for matrices which carry more information than
a single vector.

All differences mentioned above basically determine the estimation accuracy perfor-
mance of four algorithms. Strong and weak sides of each algorithm take roots from
these differences.

39



4.2 MATLAB Implementations

In order to initially evaluate four algorithms in our scope (PHD, MUSIC, EV, and
MN) from the estimation accuracy point of view, all were implemented in MATLAB
following the structure mentioned in Section4.1] All data structures used in the codes
are in double precision (FP64) by default. Within all these implementations, only
standard built-in functions of MATLAB were used and no special toolbox function
is utilized in the codes. In this thesis, these implementations are used for following
purposes:

e To evaluate the estimation accuracy performance of algorithms under different
scenario parameters (array structure, aperture, SNR-level, and number of direct

paths) (see Section[5.1))

e To create a ground truth for numerical accuracy evaluation of the implementa-
tions in C/C++ and CUDA (see Section[5.2.2))

e To create a baseline for computational (time) performance of C/C++ and CUDA
implementations (see Section[5.2.4)

As would naturally be expected, in order to prepare a working code flow and evalu-
ate the results in a controlled way, we need real or synthetic input data with known
signal/scenario parameters. Since it is difficult to arrange controlled experiments and
collect real scenario data, a simulated data solution was preferred in the analyses. For
this, a proprietary synthetic signal generator developed at ESEN System Integration
Ltd. was used to prepare input data in MATLAB for different test scenarios. To per-
form the experiments in appropriate manner, all implementations (MATLAB, C/C++
and CUDA) have utilized the same input data that was synthetically generated.

The synthetic signal generator used in our experiments is a MATLAB code that sim-
ulates an RF transmission/reception scenario and data collection by a multichannel
phase-coherent RF receiver system. This code can simulate a certain number of emit-
ters as if their signals impinged on an antenna array (in a certain structure and aper-
ture size) with direct path(s) and possibly multipath propagation(s). This generator
enables to create signals with the following parameters:

e Sampling Frequency (Fs)

e Number of Samples (N)

e Incoming/impinging signal (carrier) frequency (f)

e Direct path (DP) number

e Multipath (MP) number

e Direct path/Multipath DOA angles (in azimuth and elevation)
e Signal amplitude and type (sinusoidal, random etc.)

e Noise type (AWGN or randn)
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Signal-to-noise ratio (SNR)

Number of antennas (m)

Antenna array structure/geometry (linear, circular, random etc.)

Antenna array configuration (coordinates or for special geometries: radius, el-
ement spacing, etc.)

Multipath-related parameters (delay, correlation bandwidth etc.)

4.3 C/C++ Implementations

In the C/C++ implementations of four noise subspace DOA methods (PHD, MU-
SIC, EV and MN), mostly Eigen library [51] is utilized in the codes to construct the
MATLAB-equivalent data structures and also to use the equivalent functions. Eigen
library is a C++ template library, which means that the project has a dependency on
Eigen in compile-time only. Because of this, it is simply required to include the li-
brary directory in the project settings and there is no need to follow a long installation
procedure. Therefore, using this library in a project requires very little effort. The
Eigen library supports many dense and sparse linear algebra utilities, some of which
are given as:

e Different data-structures (matrix, array, row-vector, etc.)

e Mapping of the external arrays

e Various dense/sparse matrix manipulations

e Several reduction methods (min/max, sum, norm, etc.)

e Sub-matrix accesses (row, column, segment or block operations)
e Different decomposition methods (LU, QR, JacobiSVD, etc.)

e Different geometrical operations (scaling, translation, 2D/3D rotation, trans-
form, etc.)

Eigen is also known for providing vectorization activated by telling the compiler (gcc,
MSVC, clang, etc.) to enable the relevant instruction set. The vectorization is simply
the preparation of a program to operate on a vector processor via SIMD instructions.
In general, the vectorization process can be achieved manually or automatically by
the compiler. In our case, it is done automatically. The Eigen library supports most
of the well-known SIMD instruction sets (AVX, SSE, AltiVec, etc.) of different ar-
chitectures [51]. The data-level parallelism coming from the SIMD instructions in
Eigen is realized by doing the operations simultaneously on the vector elements and
this provides an important performance improvement in the codes.

As mentioned in Algorithm I} other than the standard matrix/vector operations in the
code flow, we have a singular-value-decomposition (SVD) in Line [3] It is a special
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operation since the decomposition applied on the spatial covariance matrix R gives
us a list of eigenvectors, some of which determine the noise subspace and hence the
estimation performance of our DOA methods. The SVD operation in the C/C++ im-
plementations is realized by using JacobiSVD method [51]] of the Eigen library. This
method is based on two-sided Jacobi singular value decomposition of any rectangu-
lar matrix and it is known to have optimal accuracy and reliability. By default, only
singular values are computed by the method and in order to get left and right singular
matrices, they need to be explicitly requested within the argument.

In order to determine the most time-consuming parts in the algorithms, since they
are quite similar, the MUSIC serial C/C++ code was chosen for the hotspot analysis.
In this analysis, a spectral search was realized in azimuth=[0:1:359](deg) and ele-
vation=[0:1:90](deg) ranges, and the execution of the serial MUSIC algorithm was
repeated enough times (~1000) for reliability. At the end, the average duration for
each part was determined and the corresponding time distribution is profiled as fol-
lows.

MUSIC-C/C++
Time Distribution (%)

Step-1
1%

Step-2
1%
Step-6
5% ' Step-3/4

0%

Figure 4.1: Time distribution for serial MUSIC algorithm in C/C++.

As can be seen in there are two primary hotspot parts, which are namely
Step-5* and Step-6. Step-5* is apparently recognized as the most time-consuming
part dominating the overall distribution (93% of the whole execution time). It is
simply defined as Step-5 as a whole in Algorithm [I] excluding the computation of
the array steering vector (see Line [8). In this step, a spectral search is realized to
completely fill a pseudospectrum until the end of the loop. On the other hand, Step-6
is the second most time-consuming part (5% of the whole execution time) and as can
be seen in Algorithm (1] it includes finding peaks in the pseudospectrum and selecting
certain ones for DOA estimation (see Line [[3]and Line [T4).

The results obtained by the hotspot analysis given above can also be verified ana-
lytically by the computational complexity analysis for the MUSIC algorithm. This

analysis is tabulated in[Table 4.4]
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Table 4.4: Total number of computations at each step of the MUSIC algorithm.

Step Number Total Computation
Step-1 (3m*N + mN)/2
Step-2,3 12m3
Step-4 m3 + (1/2 — d)ym? — (1/2 + d)m
Step-5* L(2m? 4+ m)
Step-6 Llog(L)

In the the complexity parameters m, N, d, L represent the number of an-
tennas, the signal sample (snapshot) number, the number of incoming signals and the
number of angle pairs in the spectral search (scan), respectively. In our scenario, all
variables except L take relatively small values. However, since L represents the angle
scan range, it generally takes a large value to cover all possible angle pairs in the
DOA estimation. As can be seen, Step-5* and Step-6 have a multiplicative term L
and this actually explains why these two steps dominate the overall execution time

in [Figure 4.1}

After determining the hotspots and verifying with complexity analysis, these parts
are further evaluated with respect to their parallelization potential. Following Algo-
rithm[I] in the C/C++ implementations, Step-5* was realized within a "for-loop" over
angle scan range (L) and there is no data dependency between indices in this loop.
Therefore, a data-level parallelism is applicable for this part. On the other hand, Step-
6 includes a function related to finding all peaks in the resultant pseudospectrum and
this part can also be parallelized at a certain level.

In order to construct a parallelization basis for the upcoming CUDA implementations
and create a baseline for fair performance measurements, Step-5* and a part of Step-6
were parallelized by using OpenMP. This enabled us to realize multi-threaded code
execution for these parts on CPU. Some brief implementation details are explained as
follows.

o The parallelization of Step-5* (spectral-search) via OpenMP:

As can be seen in two innermost "for" loops starting at line-7 and
line-9 with indices 7 and j are enclosed with two OpenMP directives. The out-
ermost one informs the compiler about that an OpenMP parallel region needs
to be initialized with certain number of threads (7'hread N um) and some vari-
ables (a, 1, j, etc.) should be created for each thread using thread private mem-
ory (see Section [3.1.4). The second OpenMP directive, on the other hand, is
used to inform the compiler about how the parallelization is realized. This
directive includes the request about parallel for-loop where threads are dynam-
ically scheduled. This setting is preferred since there is no particular order in
which the chunks are distributed to the threads and by this, a higher efficiency
can be achieved [39].
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4 #pragma omp parallel private(a,a_adj,i,j,invP) num_threads(Threadhum)
5

6 #pragma omp for schedule(dynamic)

7 = for (1 = @; i < n_azim; i++)

8 {

9 = : for (j = 8; j < n_elev; j++)

10 b

11 ! 1 a = arrayManifold[i].col(j);
12 ! ' a_adj = a.adjoint();

13 E E invP = a_adj * C * a;

14 L P(d, §) =1/ (invp.real());
15 b

16 }

17}

Figure 4.2: MUSIC C/C++ code snippet for Step-5* parallelized via OpenMP pragmas.

e The parallelization of findPeaks() in the Step-6 via OpenMP:

20  #pragma omp parallel private(i,j) num_threads(Threadhum)
21 =

22 | #pragma omp for

23 for (1 = @; 1 < max(colSize, rowSize) - 1; i++)
24 | {

5 |

% |1}

27 |

28 | .  #pragma omp for

29 = for (1 = (1 - isOneRow); i < rowSize; i++)

3@ | {

31 [ E for (j = (1 - isoOnecCol); j < colsize; j++)
32 1o

33 [0 00 ..

£

35 ; : #pragma omp critical

36 =1 {

37 [ 5

3 |1 ¥

39 [0 01}

0 |11}

a1 | T

42 }

Figure 4.3: C/C++ block structure for findPeaks() parallelized via OpenMP pragmas.

As shown in the parallel region (line 20) is initialized similarly as
done in Step-5* with only two private variables this time. The
execution of two for-loops (starting at line-22 and line-28) inside the parallel
region is declared to be parallel via #pragma omp for. There is also a need
for a block in the second for-loop to update a shared variable by a single thread
at a time, which was achieved by #pragma omp critical and it prevents
a possible race condition [41]].
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4.4 CUDA Implementations

N ¥

Figure 4.4: The CUDA design cycle (APOD).

In a typical CUDA implementation, a design cycle proposed by NVIDIA® is gener-
ally applied. This cycle is visually represented in [Figure 4.4] and it mainly consists of
the following four steps [47]]:

e Assess: In most of the applications, this is the first step and it includes a pro-
cess in which the parts of the code taking up the majority of the execution time
are located. The process can also be referred to as bottleneck or hotspot analy-
sis. By this analysis step, the hotspots in the code can be further evaluated for
parallelization and potential GPU acceleration.

o Parallelize: After the assessment step, problematic (in terms of time perfor-
mance) but parallelizable parts are determined and these parts are focused by
the developer. Depending on the complexity and the applicability of the original
code, some existing libraries which are already GPU-optimized (e.g., Thrust,
cuSOLVER, and cuBLAS) can simply be used, or it is sometimes necessary to
restructure (refactor) the code at a certain level to benefit from the inherent par-
allelism. In general, the main aim here is to realize the parallelism in a simple
way while harnessing the power of the GPUs as efficient as possible.

e Optimize: After each possible parallelization attempt, an optimization proce-
dure can be applied by the developer. For some scenarios, there could be several
possible optimizations that are worth considering. In this situation, the opti-
mization procedure can be realized in an iterative way. There is also a trade-off
between the effort spent for an optimization and the performance improvement
that it can provide. Because of that, applying more reasonable optimizations is
generally preferred.

e Deploy: This step is generally applicable in a code development scenario in-
volving an end-product at the final stage. Deploying an application on the target
system at a relatively early stage is useful for observing a potential speedup at
even a preliminary level and it helps to reduce some possible risks in the code
development process.
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After completing the hotspot, the computational complexity, and preliminary perfor-
mance analyses for C/C++ implementations as mentioned in Section [4.3] the most
time-consuming parts and their suitability for parallelization were determined. This
procedure actually corresponds to "Assess" in the CUDA design cycle
and this was generally adopted for the CUDA implementations of the algorithms in
this thesis.

For the parallelization of the serial C/C++ codes (second step in the design cycle),
the analysis results obtained from Section[d.3|were used. Since most of the execution
time (93 %) 1s devoted to Step-5%*, at the first stage, this step is evaluated from the
parallelization point of view.

Apart from Step-5*%, some additional parts are also investigated to determine their
suitability for implementing on the GPU. One of the attempts in that scope was to
look for the possibility of an efficient SVD computation on the GPU even if its con-
tribution to the overall performance is expected to be small. Nevertheless, the SVD
implementation on the GPU was realized by utilizing cuSOLVER-gesvdj method and
the implementation details were adapted from an example code provided officially by
NVIDIA® [52]. The gesvdj method is provided under cuSOLVER, which is known
as a GPU-accelerated library whose aim is to provide the CUDA users with some
LAPACK-like features (e.g., matrix factorization and eigenvalue solver).

All CUDA codes were generally adapted from the C/C++ codes and therefore, the
computations on the host (CPU) are mostly realized by using Eigen library opera-
tions and functions. Moreover, cuComplex wrapper was used for all complex-valued
computations on the GPU.

CPU GPU

synthetic

signal data

-

Step1-Rhat computation

that

OR
Step2-JSVD(Rhat) Gmmmmmnate

Y

Step3-NSS selection
Step4-InnerProd for C

Step2-gesvdj(Rhat) &
copy [u, d] back to CPU

Steps.2 to Step5.4-
Compute
Pseudo-spectrum

Step5.1-Prepare A-table

Step6-findPks & Selec ]

L 2

[ DOA-Estim(i): [Azim, Elev]; ]

copy|PsdSpec values (D2H)

\,

Figure 4.5: Heterogeneous (CPU-GPU) structure for the CUDA implementations.
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Taking all implementation details into account, the structure in was cre-
ated considering all algorithms in our scope to realize a CPU-GPU heterogeneous
computation. This structure can be explained step-by-step as follows:

e Step-1: R, computation is done on the "CPU" using the complex-valued
signal matrix X (and copying to GPU memory if necessary)

e Step-2: The SVD operation for Ry, is realized by one of the following:

— The cuSOLVER-gesvdj method can take SVD on the "GPU" and the re-
sulting complex-valued matrices should be copied back to the CPU for
the further steps.

— The JacobiSVD method of Eigen library can take SVD on the "CPU" and
its complex-valued results can be used directly for the further steps.

e Step-3: The noise subspace span is determined and some operations (e.g.,
weighting, normalization, etc.) are done on the complex eigenvectors accord-
ing to the approach adopted by the corresponding DOA method (PHD, MUSIC,
EV or MN). This step is done on the "CPU".

e Step-4: The calculation of complex inner product is realized on the "CPU",
which is done differently for each method and a complex-valued matrix C' is
obtained at the end. The resulting matrix is put into a host array (C'_h) and its
content is copied from RAM (host) to global (device) memory.

e Step-5: This step consists of the following sub-steps:

— Step-5.0: A vector containing all possible angle pairs is generated on
"CPU" using azims and elevs scan ranges.

— Step-5.1: The steering vectors for all generated angle pairs are computed
on "CPU" and they are kept in a lookup-table array (A_table_h). This
array is copied from host memory (RAM) to global (device) memory and
each steering vector partition in the array (A_table_d) is used by a sepa-
rate CUDA thread on the GPU.

— Step-5.2, Step-5.3 and Step-5.4: These include the computation sub-
steps starting with input arrays C'_d and (A_table_d), resulting with the
(P_table_d) array including the pseudospectrum values. All sub-steps are
defined in a CUDA kernel function and they are executed for each angle
pair on a separate CUDA thread which works in parallel with the other
ones. The parallelization is here based upon the different array steering
data partitions of the (A_table_d) array and the SPMD (single program,
multiple data) approach is hence adopted in the parallelization procedure.

As given in a typical kernel used in our CUDA implementa-
tions is configured with BLKSIZE and b1Num parameters. The number

of threads spawned in a block is represented by BLKSIZE and b1Num is
used to represent how many blocks are required in a task. Total number
of active threads is determined by the parameter named as TotalScan
and it depends on the angle scan ranges (azims and elevs). Due to the
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nature of thread organization in the CUDA environment, a certain number
of threads are redundant, which means that they are spawned to complete
a block, but not used in the computations. The number of these redundant
threads in our case is computed by (b1Num+*BLKSIZE-TotalScan).

/* MUSIC kernel-configuration */

int BLKSIZE = 32;

int TotalScan = n_azim * n_elev; // total number of active threads to be spawned
int blNum = (TotalScan) / BLKSIZE + (TotalScan % BLKSIZE ==© ? @ : 1);

/* MUSIC kernel-launch with preferred configuration */

MUSIC_kernel <<< blNum, BLKSIZE >>> ( C_d, A_table_d,invPrhs_table_d,
invP_table_d, P_table_d,
n_azim, n_elev, TotalScan);

Figure 4.6: MUSIC-CUDA code snippet for the thread settings and kernel launch.

Total threads = BLKSIZE * bINum

L

F .
BLKSIZE BLKSIZE BLKSIZE

- R R

Redundant
threads

Figure 4.7: The typical thread organization used in CUDA implementations.

To explain better, the thread organization mentioned here is also visu-
alized as in Step-5 is completed when all CUDA threads fill
(P_table_d) array which contains the pseudospectrum values correspond-
ing to scanned angle pairs. This completed array is then copied back to
the CPU for being processed in the next step.

e Step-6: This is the last step in a typical implementation of the algorithms and
this includes the following two sub-steps:

— Step-6.1: After the pseudospectrum values are copied to (P_table_h) re-

siding on the host memory, significant peak values are determined via 1D
or 2D search, depending on how the initial angle scan is configured (1D:
scan only in one of the angles or 2D: scan in both azimuth and elevation).
Step-6.2: After determining all the considerable peaks in the pseudospec-
trum, the largest d peaks are selected after a simple sorting operation and
the corresponding angle pairs are determined. These angle pairs are noth-
ing but d DOA estimation results of our algorithms.
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CHAPTER 5

EXPERIMENTS AND RESULTS

There are two main types of experiments that were realized within the scope of this
thesis, namely:

e DOA estimation accuracy-based theoretical experiments

e Implementation-based numerical and performance experiments

All the details related to the experiments and the corresponding results are mentioned
in this chapter.

5.1 DOA Estimation Accuracy Analyses

The analyses to be mentioned in this section mainly include how the DOA estimation
accuracy is affected depending on some system-based parameters, namely; array ge-
ometry (structure), array aperture and SNR-level of the impinging signal(s). All the
experiments have been implemented using MATLAB and evaluated from the theo-
retical perspective. External effects that may be encountered in a real scenario were
ignored in our analyses.

5.1.1 Effects of the array geometry

Array geometry (structure) is an important parameter in terms of the DOA estima-
tion performance. It is simply determined by the arrangement of the array elements.
As mentioned in Section [2.3.1] array geometries are classified into linear (1D), pla-
nar (2D) and volumetric (3D) arrays. Each category has also different subcategories
determined by the spacing arrangement like uniform, non-uniform or random [S3].
Some examples for array geometries are ULA (uniform-linear-array), UCA (uniform-
circular-array), concentric circular and non-uniform L-,X-, or U-shaped structures. In
our study, two common array geometries (ULA and UCA) were taken into consider-
ation and their DOA estimation performances were comparatively investigated.
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Firstly, two arrays ULA and UCA configurations were evaluated under d=2 (two
sources, no multipath) case where the inter-element spacing is 10m for both ar-
rays, the frequencies of the emitter signals are 15MHz, SNR level is at 20dB and
two sources are coming at [80°] and [240°] in azimuth and at the constant eleva-
tion [90°]. For the pseudospectrum scan ranges, azimuth=[0:1:359](deg) and constant
elevation=[90](deg) were chosen. DOA estimation plots of four algorithms (PHD,
MUSIC, EV, and MN) for ULA and UCA structures are given in[Figure 5.1 and [Fig-]
ure 5.2} respectively.

DOA Estimation Comparison, Linear InterAnt=10m,DP=2 & SNR=20dB
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Figure 5.1: DOA estimation of four algorithms in the ULA case with d=2.
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Figure 5.2: DOA estimation of four algorithms in the UCA case with d=2.
As can be seen from in the ULA case, each method has given two addi-
tional peaks other than the correct DOA angles ([80°], [240°]). However, in the UCA
case (see [Figure 5.2)), all four methods have successfully estimated the correct DOA

angles and there are no additional peaks in their pseudospectrums.
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In order to understand the reasons behind these additional peaks, the ULA case was
studied under d=1 case (single source and no multipath) with the same scenario pa-
rameters. DOA estimation plots of four algorithms were obtained for two different
scenarios with the ULA configurations, which are one with an emitter coming at [80°]
in azimuth and another one at [240°]. The corresponding results are given in
lure 5.3|and [Figure 5.4} respectively.
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Figure 5.3: DOA estimation of four algorithms in the ULA case with d=1 at [80°] in azimuth.
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Figure 5.4: DOA estimation of four algorithms in the ULA case with d=1 at [240°] in azimuth.

As can be seen from [Figure 5.3/ and [Figure 5.4} additional angle peaks at [280°] and
[120°] have been obtained, respectively. These are nothing but symmetry values of the
original DOA azimuths with respect to [180°]. This situation is known as "north-south
ambiguity” which occurs when two wavefronts come from the north and the south,
symmetrically [30]. Therefore, the DOA methods used with the ULA sensor system
could not distinguish the half-space of the actual DOA of the impinging signals and
they have given us additional peaks at the symmetrical side. Since the UCA covers
all the planar space for all DOA angles, no such situation was observed.
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5.1.2 Effects of the aperture size

Array aperture is another important parameter in DOA estimation performance and
it can be actually derived from the array geometry together with the element spacing
information. As mentioned previously in Section [2.3.1] the aperture of a (passive)
sensor array can be defined as the spatial region occupied by the array. There is a
direct relationship between the array aperture size and spatial resolution level. This
relationship is that the aperture of an array determines the resolution with which two
impinging wave fronts could be separated. Angular (spatial) resolution can be ap-
proximately calculated by 6,,,r.s = \/ApertureSize.

The effective apertures for the ULA and the UCA are significantly different from
each other. The one for the ULA depends on the azimuth angle of the wavefront
whereas there is no such situation for the UCA and it is basically equal to the diam-
eter [30]. For the sake of a better observability, the UCA was mainly considered in
our experiments based on different aperture sizes. In order to observe the correspond-
ing effects on the DOA estimation, four circular array radii (1m, 3m, 5m and 10m)
were investigated in d=2 case where the signals coming at [150°] and [200°] in az-
imuth with the frequency of 15 MHz at SNR level of 10dB. For the pseudospectrum
scan ranges, azimuth=[0:1:359](deg) and constant elevation=[90](deg) were chosen
again. The DOA estimation results corresponding to the different array radii are given
in[Figure 5.5|to [Figure 5.8|
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Figure 5.5: DOA estimation results in the UCA case with rad=1m and d=2 at [150°] and [200°].

As can be seen from the [Figure 5.5 PHD and MN methods perform poorly in rad=1m
case since the PHD spectrum has only one peak (there is even no sign for the number
of emitter signals) and MN cannot resolve angles close to the expected DOA angles.
MUSIC and EV methods have relatively better performance by making a maximum
7° DOA error. This performance difference between methods may occur since PHD
and MN use only one vector to span their noise subspace and hence using less in-
formation. In the rad=3m case, all methods perform better compared to the rad=1m
case. PHD can now resolve two angles with a maximum 11° DOA error and MN can
resolve one of the angles with 5° DOA error. The DOA error for MUSIC and EV
drops to 1°. In the rad=5m and rad=10m cases, all methods have similar performance
with a maximum 1° DOA error.
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DOA Estimation Comparison, Circ-Rad=3m,DP=2 & SNR=10dB
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Figure 5.6: DOA estimation results in the UCA case with rad=3m and d=2 at [150°] and [200°].
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Figure 5.7: DOA estimation results in the UCA case with rad=5m and d=2 at [150°] and [200°].
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5.1.3 Effects of SNR level

SNR (signal-to-noise ratio) is defined as the ratio of the signal power to the noise
power and it is generally measured in decibel (dB) by taking 10 log,, of the power ra-
tio. It is known that the DOA estimation performance is controlled by the accuracy of

the estimated (sample) covariance matrix R whose quality depends on the SNR [54].
Therefore, if we take signals from the array elements at a high SNR level, then it will
be more probable to have a satisfying performance. In order to observe the effects of
different SNR levels, the methods were studied under four SNR levels (-15dB, -5dB,
5dB and 15dB) in two different emitter cases (d=1 and d=2).

d=1 case

Firstly, the DOA estimations of the methods for d=1 case were investigated where
single emitter is coming at [160°] with the frequency at 15 MHz and UCA radius
of 10m. For the pseudospectrum scan ranges, azimuth=[0:1:359](deg) and constant
elevation=[90](deg) were chosen again. The DOA estimation results under four SNR

levels are given in [Figure 5.9|to [Figure 5.12]
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Figure 5.9: DOA estimation results in the UCA case under SNR = -15dB with d=1 at [160°].

As can be seen from since SNR level is relatively low (-15 dB), all the
DOA methods have difficulty in finding the single correct orthogonality condition
for signal and noise subspaces since signal components are somehow lost within the
noise component. Nevertheless, the performances of the methods (except PHD) are
quite satisfying only with spurious peaks and 3° — 7° DOA error.

As can be seen in SNR = -5dB is an acceptable level for all the methods
except PHD. Only the PHD method gives a result with 20° DOA error and all the
others have zero error. As mentioned previously in Section [2.4.T] the DOA perfor-
mance of the PHD method is susceptible to noise. The results presented here under
low SNR values (-15dB and -5dB) confirm this claim. Under high SNR values (5dB
and 15dB), as in [Figure 5.11| and [Figure 5.12} all methods including PHD perform
perfectly such that no DOA error is observed in any one of them.
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DOA Estimation Comparison, Circ-Rad=10m, DP=1 & SNR=-5dB
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Figure 5.10: DOA estimation results in the UCA under SNR = -5dB with d=1 at [160°].
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Figure 5.11: DOA estimation results in the UCA under SNR = 5dB with d=1 at [160°].
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Figure 5.12: DOA estimation results in the UCA under SNR = 15dB with d=1 at [160°].



d=2 case

The DOA estimation results for d=2 case are obtained with the same system param-
eters as in d=1 case and these are given under four SNR levels as in [Figure 5.13

to[Figure 5,16,
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Figure 5.13: DOA estimation results in the UCA under SNR = -15dB with d=2 at [150°] and [200°].

As seen from the all methods fail to resolve two emitters and in each
of them, several spurious peaks are observed. Despite this, the major peak in all the
methods except PHD is obtained generally close (max 10° away) to one of the correct
angles, which is [150°].

When the SNR level is increased to -5dB, as in [Figure 5.14] most of spurious peaks
in the methods disappear and the max. estimation error drops to 2°.
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DOA Estimation Comparison, Circ-Rad=10m, DP=2 & SNR=5dB
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Figure 5.15: DOA estimation results in the UCA under SNR = 5dB with d=2 at [150°] and [200°].
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Figure 5.16: DOA estimation results in the UCA under SNR = 15dB with d=2 at [150°] and [200°].

As in [Figure 5.11|and |[Figure 5.12] under SNR = 5dB and SNR = 15dB cases, MU-
SIC and EV perform without any DOA error and two others (PHD and MN) make
relatively less error compared to previous SNR levels.
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5.2 Numerical and Performance-based Analyses

After observing the effects of different parameters (geometry, aperture and SNR) on
the DOA estimation performance of our DOA methods (PHD, MUSIC, EV, and MN)
and evaluating them from the theoretical point of view in Section [5.1] the numerical
and performance-based experiments for the methods are provided in this section.

5.2.1 Test Scenario

In order to validate and measure the performance of C/C++ and CUDA implemen-
tations, a specific DOA test scenario was designed and the corresponding data was
generated using the synthetic signal generator (see Section [4.2) in MATLAB. This
scenario was used in almost all numerical and performance-based experiments. This
scenario is visually represented as follows.

RF Source-1 RF Source-2
incidentat incident at

(¢1,0:) = (200° 90°) (., 65) = (150°90°)

Figure 5.17: A virtual test scenario having two uncorrelated RF sources.

As can be seen from the this scenario assumes that there are two un-
correlated RF sources whose EM waves propagate only in their direct paths (i.e., no
multipath) and their wavefronts impinge on the passive antenna array at [90°] in eleva-
tion (perfect ground waves assumption). All the other assumptions (e.g., narrowband,
far-field, etc.) mentioned in Section [2.3.2] are also valid in this scenario. The antenna
array here was chosen as UCA (uniform circular array) and it consists of 8 identical
monopole antennas, each of which has an omnidirectional radiation pattern, theoreti-
cally. All the details regarding to the test scenario are tabulated in [Table 5.1]

58



Table 5.1: The detailed description of the test scenario parameters.

Array Type: Uniform Circular Array (UCA)
Antenna ] .
Antenna Type: Monopole (vertical polarization)
Array
Number of Antennas: 8
Configuration
Array aperture: UCA radius = 10 m
Path Number(s): 2 direct-path & no multipath
Test Expected DOA Angles: [200°,90°] & [150°,90°]
Signal RF carrier frequency (s): 15 MHz (same for all)
Properties Synthetic Noise Type: AWGN
SNR level: 15dB
Signal Data Sampling Frequency: 3e07 Hz
Properties Data Frame: 1000 samples (single packet)

5.2.2 General Numerical Validation Analysis

In order to check the numerical validity of C/C++ implementations of DOA methods
in single precision (real/complex-float32), the pseudospectrum values correspond-
ing to the angle scan pairs were used as percent error measurement data. Consid-
ering the test scenario given in Section [5.2.1] for the pseudospectrum scan ranges,
azimuth=[0:1:359](deg) and constant elevation=[90](deg) were chosen. Thus, 360
real values were obtained for each implementation of the methods. Then, the values
obtained from C/C++ and CUDA implementations were compared against the ones
obtained from the ground-truth MATLAB implementations. In this analysis, for mea-
suring the numerical accuracy in general, the percent error metric was adopted and it

was computed by

N
100 Ymeas,i — YgndTruth,i
Cpercent = W Z | ’ : | ©-1)
=1

| ygndTruth,i |

The percent error results obtained from this analysis for C/C++ and CUDA imple-
mentations against MATLAB were tabulated in[Table 5.2] According to this table, the
maximum percent error of the single precision(float32) implementations is 0.02427%.
Since the MATLAB implementations are based on double precision (float64), this er-
ror is considered acceptable. However, in order to verify that there is no DOA estima-
tion discrepancy between the implementations, their results were compared for each

method separately as in and in
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Table 5.2: Numerical percent (%) error comparison.
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5.2.3 Numerical and Performance Analysis for SVD Computation

In the experiments to be mentioned here, to be able to determine which resource (CPU
or GPU) and the implementation environment (C/C++ or CUDA) are more suitable
for the SVD (singular value decomposition) computation, some analyses were real-
ized in terms of numerical accuracy and computational performance.

To investigate the availability of an efficient GPU-based SVD computation, a CUDA
test code was prepared by adapting from a code exampled provided officially by
NVIDIA® and this was used to evaluate CUSOLVER — “gesvdj” method [52]. Simi-
lar test environments were also prepared in C/C++ for Eigen-JacobiSVD method [51]
and in MATLAB for its svd method [55]].

As mentioned in the test scenario (see Section @, we are dealing with 8 sensors
in our experiments and this results in an SVD of 8x8 R matrix. In order to evaluate
the numerical accuracy of all possible SVD implementations, residual error was used
as metric and it was measured for each by using an 8x8 complex-valued test matrix.
The residual error in our analyses for SVD is basically computed by the
where A represent the input matrix and S, U and V are matrices including singular
values, left and right singular vectors, respectively.

residual Err = |A — USVH (5.2)

Table 5.3: SVD methods - residual error comparison for an 8x8 matrix.

MATLAB Eigen cuSOLVER

Res. Error: 1.075e-14 1.882¢e-05 6.391e-08

As can be seen from (ground-truth) MATLAB-svd has the lowest residual
error since it computes in double precision (float64) and single-precision alternatives
in Eigen (C/C++) and cuSOLVER (CUDA) have both reasonable residual errors.

As can also be seen from the MATLAB-svd outperforms the Eigen Ja-
cobiSVD in all matrix sizes. This is probably due to the fact that the MATLAB-
svd is based on a LAPACK routine that computes SVD by QR decomposition with
initial householder reflection and this approach theoretically requires less computa-
tions (hence faster) [S6]. For small matrices (as in our case), the Eigen-JacobiSVD
method performs significantly better than the cuSOLVER-gesvdj method. Even if
the cuSOLVER-based SVD is computed on the GPU, due to the extensive amount of
preparation steps (configurations, query workspace, etc.) and memory transfers for
using the solver, its performance dramatically decreases.

By considering all numerical and performance-based analyses mentioned above, the
resource and the implementation environment for all SVD computations were se-
lected as CPU and C/C++ using Eigen-JacobiSVD method, respectively.
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Table 5.4: SVD methods - performance comparison (msec).

Matrix MATLAB Eigen cuSOLVER
Size: SVD: JacobiSVD: gesvdj:
8x8 0.018 0.112 390.279
64x64 0.836 29.910 386.242
512x512 64.283 18651.000 N/A
1024x1024 54872.077 183033.000 N/A

5.2.4 General Performance Evaluation

Since all DOA methods share a common code structure as mentioned in Algorithm T}
it is also natural for them to have similar computational performances as given in[Ap-]
Therefore, in order to comparatively evaluate the initial code performances
in MATLAB, C/C++ and CUDA, out of four alternative DOA methods, the MU-
SIC method was chosen and used as a basis method in our performance experiments.
Without any specific performance optimization, the initial performance of the MU-
SIC CUDA implementation was compared against serial MATLAB and serial/multi-
threaded C/C++ implementations. As stated in the hotspot analysis of MUSIC C/C++
code (see [Figure 4.1)), the spectral search part dominates the overall execution time
and this part is actually controlled by the DOA scan range (L). Starting from this
fact, to observe the performance trend of the implementations, the comparison was
repeated for different DOA scan ranges and the results were tabulated as in
In order to evaluate the performance trend for C/C++ and CUDA implementations, a
performance bar chart was also presented in [Figure 5.20

Table 5.5: General performance comparison for different ranges(msec) for MUSIC.

Scan Range | MATLAB | C/C++ (serial) | C/C++ (multi) CUDA
360 x 1 6.4 0.486 0.408 0.507
360 x 30 135.2 3.106 1.242 0.658
360 x 60 269.9 5.612 2.111 0.823
360 x 90 401.9 8.318 2.862 0.966

In this performance analysis, the time required for preparing array manifold was con-
sidered as start-up overhead and excluded from all implementations since in a con-
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tinuously running stationary DOA system, this is actually created once and reused
(lookup table approach). The MATLAB implementation was executed with a single
thread (no explicit parallelization) and in the multi-threaded C/C++ implementation
of MUSIC, 4 OpenMP threads were utilized.

As can be seen from [Table 3.3 or [Figure 5.20, MUSIC CUDA code generally per-
forms better than the other ones and the performance differences between them get
more pronounced as the scan range takes larger value towards (360 x 90). The ob-
tained results show that initial CUDA implementation provides up to 2.96x speedup
compared to the multi-threaded baseline C/C++ counterpart.

C/C++ vs. CUDA Initial Performance Comparison

8.318

0.966
0.486 0.408 0.507

Total Code Durations (msec)
o =N W s w (=) I - V)

360X 1 360 X 30 360 X 60 360 X 90

Scan (azim x elev) Range

B C/C++serial  EC/C++multi EWCUDA

Figure 5.20: C/C++ (serial/multi-threaded) vs. CUDA initial performance comparison (msec).

5.2.5 CUDA Code Performance Optimizations

After determining the initial performance of the MUSIC CUDA implementation, in
order to improve the code performance, some further CUDA optimizations were in-

vestigated in line with the CUDA design cycle (Figure 4.4)).

The CUDA code optimization procedure was initiated by considering that GPU-
parallelized part (see of our noise subspace-based DOA methods is gov-
erned by a single kernel function and it does not include intensive mathematical op-
erations. This fact is due to the nature of the methods and it results in having the
corresponding GPU threads to be lightweight. Taking these into account, the opti-
mizations under our consideration were determined as ones based on CUDA-related
memory access instead of the strategies like concurrent multi-kernel operations, over-
lapped kernel & data transfer or other low-level parallelism techniques.

All the optimization attempts are given with details in and each optimization
step mentioned here was incrementally applied. The performance measurements re-
lated to these optimization steps were realized for the MUSIC CUDA code in the
DOA pair range where azimuth=[0:1:359](deg) and elevation=[1:1:90](deg) were
scanned. In this case, the measurements were done for kernel and device-to-host
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(D2H) duration as given in

Table 5.6: Details on the CUDA optimization steps.

Steps: Optimization Details:

1 The array C'_d with complex-float entries was moved from global

to local memory for any possibility of performance improvement.

2 The pointer A_table_d pointing the lookup table array containing
all steering vectors was declared with two additional qualifiers,

namely "const" and "restrict".

3 Host arrays (C'_h, A_table_h and P_table_h) which have a direct

relationship with the GPU-side were allocated in the pinned

(page-locked) host memory instead of pageable host memory.

Table 5.7: CUDA code optimization steps and corresponding kernel/memcpy durations (msec).

Optim Steps: 1 2 3
Measured part Initial C: const & Pinned
(msec) Version global->local restrict mem-alloc
Kernel: 0.129 0.128 0.055 0.054
D2H memcpy: 0.098 0.098 0.097 0.072

e Optim Step-1: Changing the memory place of the array C from global to local
memory did not result in any positive performance change. The local memory
(Imem) is actually an off-chip memory (on the GDRAM) dedicated privately to
each thread and its name does not indicate the location that it resides. Therefore,
the cost for the access to this is generally same as the global memory [47]. It is
generally used for spilling by the CUDA program when too much register space
is consumed. Apart from all these, Imem stores can also be cached in L1 (Pascal
and Kepler) depending on the compiler behavior for addressing and with this,
some memory traffic may be avoided [S7]. Therefore, this optimization step
was just done experimentally without a significant expectation.

e Optim Step-2: With the additional qualifiers to the pointer A_table_d, the
kernel performance was improved by "2.4x" reducing the kernel execution time
from 0.128 msec to 0.055 msec. These qualifiers actually enforce the compiler
to use the read-only cache (48 KB per SM) in texture-cache memory space
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without allowing pointers to alias one another [43]. The read-only cache can
also be equivalently activated by "ldg()" intrinsic function [38]. In our case,
since steering vector parts of the data pointed by A_table_d are just read by the
threads and there is no write operation on this array, the read-only cache usage
was suitable.

e Optim Step-3: Since C'_h is quite small and A_table-related durations were
accepted as overhead, only copying data from device to host (D2H) concerning
P_table_h was measured in this step. As seen, D2H memcpy operation perfor-
mance was improved by "1.35x" reducing the kernel execution time from 0.128
msec to 0.055 msec. The pinned memory allocation basically prevents the op-
erating system (OS) from paging the corresponding memory out to disk and
hence, it makes sure that the data resides in the physical memory (RAM). In
our case, this situation basically enables the GPU to use direct memory access
(DMA) for H2D and D2H operations by knowing the physical address [59]].

5.2.6 CUDA Code Performance Benchmarking on Different Platforms

In order to observe the effect of the system specifications on the optimized CUDA
code performance and its speedup compared to baseline C/C++ implementation, a
performance benchmarking analysis was realized using the MUSIC CUDA code.
Within the scope of these analyses, the performance measurements were done on
three different system configurations whose specifications are given in

briefly and in in detail.

Table 5.8: Technical specs comparison for different configurations used in the benchmarking.

Specs Config-1 Config-2 Config-3
CPU Intel 17-9750H | Intel 17-7700HQ Intel Xeon
W-2255
CPU clock 2.6 GHz 2.8 GHz 3.7 GHz
CPU cores 6 cores 4 cores 10 cores
GPU device GTX 1660 Ti GTX 1050 RTX 2080 Ti
Architecture Turing Pascal Turing
CUDA cores 1536 640 4352
GPU clock 1335 MHz 1493 MHz 1545 MHz
Memory clock 6001 MHz 3504 MHz 7000 MHz
Mem bus width 128-bit 192-bit 352-bit
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Table 5.9: MUSIC CUDA code performance comparison (msec) and speedup against

baseline multi-threaded MUSIC C/C++ code on different system configurations.

Config-1 Config-2 Config-3
Scan Range || Runtime | Speedup || Runtime | Speedup || Runtime | Speedup
360x1 0.438 0.93x 0.677 0.60x 0.526 0.77x
360 x 30 0.647 1.92x 1.017 1.22x 0.649 1.92x
360 x 60 0.812 2.60x 1.257 1.68x 0.663 3.19x
360 x 90 0.924 3.10x 1.447 1.98x 0.880 3.25x
CUDA speedup comparison for different configurations
35 3.19 / Lot
3
3.1
N 25 o 1_9/
3’ P \
25 ™~ 1.98
0 ) 0.3/ < 1.68
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Figure 5.21: MUSIC CUDA code speedup against baseline C/C++ code for different configurations.

As shown in[Table 5.9 the MUSIC CUDA code on Config-1 performs approximately
1.5x faster than the one on Config-2 for the largest scan range in our analysis (360
x 90). When the GPU-related technical specifications are especially compared with
each other, the difference between their performances seems to be reasonable.

Even if the MUSIC CUDA code performances on Config-1 and Config-3 are com-
parable, the performance on Config-3 exceeds the one on Config-1 starting from the
scan range (360 x 30).

As can be seen from even if the technical specifications seem not to be
so significant (either Config-1, Config-2 or Config-3) when we evaluate the speedup
at low scan ranges like (360 x 1), the choice of the system becomes more critical as
the speedup is evaluated for higher scan ranges towards (360 x 90). The experiment
results show that up to 3.25x speedup can be achieved by the CUDA implementa-
tion on an available configuration against the multi-threaded C/C++ implementation.
When we consider a real-time DOA estimation system, the benchmarking analysis
similar to the one here is very crucial for determining the conditions to satisfy an
acceptable time performance and a high DOA scan range at the same time.
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CHAPTER 6

CONCLUSION

In this thesis, four noise subspace-based DOA methods (PHD, MUSIC, EV and MN)
have been implemented in MATLAB, C/C++ and CUDA. We have studied the al-
gorithms from a theoretical perspective and evaluated them in terms of numerical
accuracy and computational performance on CPU and GPU.

Within the scope of theoretical analyses, DOA estimation accuracy was observed via
a set of controlled experiments under different system parameters such as array ge-
ometry, aperture size and SNR-level. Conducting these experiments has contributed
to the determination of typical system parameter values in order to satisfy an expected
average DOA estimation performance. These nominal system values have helped us
later to determine which system parameter value dominates in the complexity analysis
and hence which computation step(s) in our algorithms is/are hotspot(s) for us.

In order to determine the parallelization structure of our DOA estimation methods
on CPU and GPU, some prior studies like computational complexity analysis and
hotspot analysis have been realized. These studies basically helped us to determine
which steps in our algorithms are critical in terms of execution time. Based on this
information, parallel CPU and GPU implementations have been realized. After that
point on, GPU-based CUDA implementations were mainly focused and at the first
step, their parallel code performances were initially assessed. Afterwards, in order to
improve their code performances, some GPU-based optimizations were applied and
their effects were evaluated. At the last step, some performance-based benchmarking
studies have been conducted on different system configurations and the suitability of
our algorithms for scalability was observed. In addition to performance-based stud-
ies, some numerical validation analyses have also been conducted. In these analyses,
a particular attention has been devoted to the minimization of numerical error-based
effects on the DOA estimation performance by adapting most appropriate implemen-
tation approaches.

After the optimization and performance tuning steps, on an available configuration, up
to 3.25x speedup was consequently achieved by the MUSIC CUDA implementation
against the multi-threaded MUSIC C/C++ implementation. The resultant implemen-
tations in CUDA are numerically stable and sufficiently fast (< 1 msec) realizations
of noise subspace-based DOA estimation methods. Therefore, from a practical point
of view, they can be efficiently utilized in real-time DOA systems.

Some possible future works for this thesis are as follows:
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. In addition to the system-based parameters that were studied, the effect of the
number of antenna elements and the number of snapshots on the DOA estima-
tion performance can also be studied to understand the nature of DOA estima-
tion in a better way.

. For hemispherical or full-spherical 3D case with a sufficient angular resolution,
instead of scanning azimuth and elevation in equal angle steps, it is possible
to adapt much more efficient sampling schemes like HEALPix which provides
equal-area iso-latitude sphere pixelation [60]].

. Finding the peaks of the pseudo-spectrum obtained at the end of the kernel
execution can be realized on GPU instead of copying the data back to CPU.
This can be done by an appropriate approach like max-reduction using shared
memory.

. In order to reduce the computational cost of the algorithms, instead of fol-
lowing pseudo-spectra approach, spatial entropy-based approach used in the
acoustics [61] can be adapted to our RF-based scenario.

. The SVD operation in the algorithms could be implemented using alternative
numerical libraries, such as KBLAS [62] or Inte]l MKL [63]].

. To make our implementations more suitable for real applications, multipath
propagation case can also be taken into consideration and the algorithms can
be adapted for identifying path characteristics (either direct-path or multipath)
with the help of some suitable methods in the literature (forward/backward spa-
tial smoothing for ULA case, etc.).

. Instead of studying narrowband DOA estimation methods considering the sig-
nals at a single frequency, broadband signals can be considered by adopting
appropriate changes in the code structure and the number of frequencies can be
utilized as another dimension in the overall parallelization structure.
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APPENDIX A

ALL INITIAL PERFORMANCE RESULTS

Initial performance results for MATLAB and C/C++ implementations of all four noise

subspace-based DOA methods (PHD, MUSIC, EV, and MN) are given in

Table A.1: Initial performance results for MATLAB vs. C/C++ implementations

Scan Range |Total # of Total Code Durations:
(Az & Elev): cost PHD- PHD- MUSIC- | MUSIC- EV- EV- MN- MN-
values: MATLAB MATLAB | C/C++ | MATLAB MATLAB
C/C++ C/C++ C/C++
T3:0.402 T3:0.339 T3:0.448 T3:0.379
[0:1:359] & msec msec msec msec
360*1 | 5.7 msec 6.4 msec 6.6 msec 9.3 msec
[90:1:90] T4:0.430 T4:0.408 T4:0.371 T4:0.413
msec msec msec msec
T3:1.311 T3:1.285 T3:1.389 T3:1.394
[0:1:359] & 360*30 137.2 msec 135.2 msec 136.8 usec 136.6 msec
[61:1:90] msec |T4:1.230( msec |T4:1.242| msec |T4:1.180|( msec |T4:1.194
msec msec msec sec
T3: 2.369 T3: 2.297 T3: 2.452 T3: 2.419
[0:1:359] & 360*60 277.6 msec 269.9 msec 271.8 msec 268.8 msec
[31:1:90] msec |T4:2.130| msec |T4:2.111| msec |T4:2.015| msec |T4:2.079
msec msec msec msec
T3: 3.397 T3:3.423 T3:3.481 T3:3.494
[0:1:359] & 360*90 404.2 msec 401.9 msec 409.4 msec 402.1 msec
[01:1:90] msec |T4:2.905| msec |T4:2.862| msec |T4:2.974| msec |T4:2.979
msec msec msec msec
Explanations:
«  All MATLAB codes work in single thread and no parfor (parallel for) option or any additional
acceleration option is preferred.
e T3 & T4 notations given in the table represent the duration measurement with 3 & 4 active OpenMP
threads.
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APPENDIX B

ALL SYSTEM SPECIFICATIONS

Table B.1: Detailed system specs comparison for Config-1 and Config-2.

sysinfo / devQuery

Config-1

Config-2

Processor Freq

Intel 17-9750H 2.6 GHz

Intel 17-7700HQ 2.8 GHz

Number of CPU cores 6 Physical (12 Logical) 4 Physical (8 Logical)
Physical Memory 16 GB 16 GB
Page File Space 2.88 GB 13.6 GB
GPU-device GeForce GTX 1660 Ti GeForce GTX 1050
Installed CUDA Driver 10.2 10.1
CUDA Capability 7.5 6.1
Number of SMs 24 5
Number of CUDA cores 1536 640
GPU memory 6144 MB (6 GB) 4096 MB (4 GB)
GPU Max Clock Rate 1335 MHz 1493 MHz
Memory Clock Rate 6001 MHz 3504 MHz
Memory Bus Width 192-bit 128-bit
Constant Memory 65536 bytes 65536 bytes
Shared memory/block 49152 bytes 49152 bytes
Registers/block 65536 65536
Warp Size 32 32
Max threads/SM 1024 2048
Max threads/block 1024 1024

Concurrent execution

Yes with 6 copy engines

Yes with 5 copy engines
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Table B.2: Detailed system specs for Config-3.

sysinfo / devQuery

Config-3

Processor Freq

Intel Xeon W-2255 3.7 GHz

Number of CPU cores 10 Physical (20 Logical)
Physical Memory 32 GB
Page File Space 2.38 GB
GPU-device GeForce RTX 2080 Ti
Installed CUDA Driver 11.0
CUDA Capability 7.5
Number of SMs 68
Number of CUDA cores 4352
GPU memory 11264 MB (11 GB)
GPU Max Clock Rate 1545 MHz
Memory Clock Rate 7000 MHz
Memory Bus Width 352-bit
Constant Memory 65536 bytes
Shared memory/block 49152 bytes
Registers/block 65536
Warp Size 32
Max threads/SM 1024
Max threads/block 1024

Concurrent execution

Yes with 3 copy engines
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