
Maximizing GPU Utilization in High-
Performance Sensor Signal Processing

Master’s Thesis in Embedded Electronic System Design

David Ernstig

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
UNIVERSITY OF GOTHENBURG
Gothenburg, Sweden 2024





Master’s thesis 2024

Maximizing GPU Utilization in High-
Performance Sensor Signal Processing

David Ernstig

Department of Computer Science and Engineering
Chalmers University of Technology

University of Gothenburg
Gothenburg, Sweden 2024



Maximizing GPU Utilization in High-Performance Sensor Signal Processing

David Ernstig

© David Ernstig, 2024.

Supervisor: Lena Peterson, Department of Computer Science and Engineering
Advisor: Anton Karlsson, Jacob Lundberg, Anders Åhlander, SAAB
Examiner: Per Larsson-Edefors, Department of Computer Science and Engineering

Master’s Thesis 2024
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Cover: Description of the picture on the cover page (if applicable)

Typeset in LATEX
Gothenburg, Sweden 2024

iv



Maximizing GPU Utilization in High-Performance Sensor Signal Processing

David Ernstig
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
The purpose of this thesis work was to investigate the necessary steps to increase the
utilization of a GPU and to eventually establish if the GPU is suitable as a processing
unit in a challenging sensor signal processing chain. This was done by implementing the
2D-ESPRIT algorithm on a Quadro RTX 6000 GPU and analyzing the time that the GPU
required to finish the necessary calculations. Then, the code was improved to increase
computation speed and lower the execution time of the program.

The first version of the implementation achieved a calculated GPU utilization of 0.82%.
It was later found that the utilization of the GPU could be increased by dividing the data
set into threads and CUDA streams which were computed concurrently. This increased
the calculated utilization to 2.94%. Further, the main bottleneck of the 2D-ESPRIT algo-
rithm was the singular value decomposition calculation, which if improved, would increase
the utilization of the GPU further.

Keywords: Computer science, engineering, master thesis, ESPRIT, GPU, RADAR, sen-
sors, signal processing.
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1
Introduction

In modern sensor signal processing, high efficiency of embedded systems is required for
the ever-increasing demand for faster computing. For antenna arrays used in radar tech-
nology with thousands of small digital sensors, each sampling at a rate of several MHz, the
amount of data gathered by each element each second is very high which further increases
the need for computing power. The data is collected in batches that stream through the
digital processing chain. Thus, it is important that the data processing has low latency.
However, this efficiency generally comes at the expense of high power consumption. Due
to factors such as cost and available space in a whole system, it is also generally desirable
that these systems are small. Creative solutions and technologies are required to find
a satisfactory trade-off between the computing power, power consumption, the physical
space required for the processing unit and the cost for any given implementation.

In this thesis, we explore whether graphics processing units (GPUs) are suitable for han-
dling the huge amount of data that multi-channel sensor signal processing entails. GPUs
have very many small cores that work in parallel which enables high efficiency when
dealing with embarrassingly parallel problems [1]. This investigation will be done by im-
plementing a direction of arrival (DOA) algorithm, called estimation of signal parameters
via rotational invariance techniques (ESPRIT) [2], on a GPU and attempt to maximize
its performance. The algorithm will be implemented in compute unified device architec-
ture (CUDA) C/C++: a software platform that enables GPU programming provided by
NVIDIA [3]. ESPRIT serves as a challenging representative algorithm, meaning it will
be used by us to investigate if other similar algorithms for the same application can be
efficiently implemented on a GPU and what the GPU can handle. Bottlenecks and areas
of improvement are investigated in the implementation of the algorithm to improve the
performance and utilization of the GPU. The thesis is linked with industry at the com-
pany SAAB situated in Gothenburg.

Detailed below is a more concrete problem formulation, related works, the goals and
objectives of the thesis and the scope and limitations of the thesis.

1.1 Problem description
The problem is that large amounts of data are collected for radar applications and must
be processed efficiently. The data is also collected in batches that are streaming through

1



1. Introduction

the digital processing chain. For this reason, the data must be processed fast with a low-
latency requirement so that other applications in the radar system, which are dependent
on the data, can maintain proper functionality.

Therefore, we want to investigate if GPUs are suitable for dealing with the challenge of
handling high-intensity data processing with high throughput. Further, we want to see if
the GPU can be used for radar signal processing applications with a representative algo-
rithm. We also investigate how the utilization of the GPU can be maximized to handle
as much data as possible while maintaining proper functionality.

By addressing these problems, further insight can be gained about the capabilities of the
GPU. The answers may also give insight into what other algorithms can be implemented,
how parameters of the data sets can be changed while still meeting performance require-
ments, and how powerful the GPU has to be while maintaining good functionality and
precision. This insight into how powerful the GPU has to be can affect the selection of
GPUs used in future projects.

1.2 Related works
Previous work has been done using GPUs for parallel applications. The following sections
contain previous research on GPUs, deep learning, radar signal processing, the ESPRIT
algorithm, and other related contexts.

1.2.1 GPU usage
The GPU is very promising for handling parallel problems. It was found that GPUs were
suitable for applications with high arithmetic intensity in parallel problems [4]. Here, the
authors compared the performance of a central processing unit (CPU) to a GPU and
found that the GPU in some cases achieved up to 100x better performance compared to
the CPU in raw calculation power. The limiting factor was the memory transfer band-
width, which lowered the performance of the GPU substantially. Although the thesis is
now quite dated with the improvements in technology since then, it showcases that the
GPU has much to offer in applications where parallelism can be implemented for calcula-
tions with high arithmetic intensity.

Another master thesis investigated whether a field programmable gate array (FPGA) was
suitable for implementing space time adaptive processing (STAP) and also compared the
FPGA to the GPU [5]. It was found that the FPGA was insufficient in meeting the re-
quirements of handling the radar data in the range of 1GFLOPS-50TFLOPS (giga/tera
floating point operations per second). The processing power of 300 units of the Virtex-7
FPGA device had to be used which is unrealistic for power, area, and cost reasons. On
power efficiency, it was found that the FPGA performed better than the NVIDIA GTX
260 GPU. However, no conclusions could be drawn about whether the FPGA or the GPU
performed better considering both power consumption and performance. This was due

2



1. Introduction

to a lack of information on the power consumption of STAP on the GPU where only
utilization could be found.

1.2.2 GPU usage in other contexts

In [6], a CPU and a GPU were compared in deep learning applications. It was found
that when comparing the CPU to the GPU in the time taken for computations, the GPU
outperformed the CPU in most calculations. The computation time gap also increased
with batch size, further highlighting the strength of the GPU when handling large amounts
of data that can be processed in parallel.

1.2.3 ESPRIT

ESPRIT is an algorithm that was first proposed in 1985 as an algorithm for estimating
signal parameters in noisy environments [7]. The algorithm utilizes a rotational invariance
in signal subspaces produced by a sensor array which consists of sensor elements displaced
by a known displacement factor in one dimension. Considering one planar wave produced
by a source point that impacts a sensor array, the wave will coincide with each sensor
element with a phase shift. By finding this phase shift between the elements, one can
ascertain the DOA of the source point.

The ESPRIT algorithm has previously been used for radar applications. An implemen-
tation of a 2D version of ESPRIT that calculates both range and velocity for multiple
targets in frequency modulated continuous wave (FMCW) radar shows great promise in
estimating the targets’ parameters [8]. It had greater accuracy in estimating both velocity
and range for multiple targets compared to other algorithms such as fast Fourier trans-
form (FFT), multiple signal classification (MUSIC), and Modified Matrix Enhancement
and Matrix Pencil (MMEMP). However, the article does not investigate the computation
effort of the algorithm.

1.2.4 Radar signal processing

Other alternatives to ESPRIT have been used for handling radar data on GPUs. ESPRIT
and MUSIC were compared to a recently proposed algorithm, MARS, which builds on
a maximum likelihood estimation for achieving high resolution when measuring DOAs
[9]. MARS was implemented using the CUDA toolkit on an NVIDIA Tesla V100 GPU
and achieved a prediction of several DOAs within one-degree precision while having a
computational time under one millisecond. Both MUSIC and ESPRIT had worse precision
and higher computation time compared to MARS. MUSIC was also implemented on a
GPU. The article does not specify on what platform ESPRIT was implemented. Therefore,
it is difficult to draw any conclusions on ESPRIT’s viability on GPUs. However, the article
shows that GPUs can be used for handling radar data to accelerate computations.

3



1. Introduction

1.3 Goals
With the above-mentioned works on the GPU, ESPRIT, and other related contexts, we
arrive at the goal of this thesis.

The goal of this thesis is to implement the 2D-ESPRIT algorithm on NVIDIAs Quadro
RTX 6000 GPU and investigate how high utilization can be achieved with radar data from
a simulated antenna array. We try to increase the utilization of the GPU by scaling up
the amount of data handled by the algorithm and by trying to exploit the parallel nature
of the GPU. The amount of data is increased by varying in-signals, sensor elements, and
samples taken.

The purpose of the thesis is to identify the limits of the GPU to explore if the GPU is a
viable option when selecting processors for radar signal processing applications.

1.4 Objectives
The main objectives of this thesis are as follows:

• Implement an initial 2D version of ESPRIT based on a MATLAB model.

– Increase the amount of data the GPU must handle before it fails performance
criteria.

– Identify bottlenecks and areas of improvement of the implemented algorithm.

• Improve the previously implemented ESPRIT algorithm by:

– Attempting to resolve previously identified bottlenecks.

– Improving memory management and transfer time.

– Increasing parallelism where possible.

• Investigate the differences between the initial and improved version of the imple-
mented algorithm and monitor the GPU utilization, latency and data size.

• Identify limitations of the GPU in the implementation.

This workflow is conducted iteratively, where gradual improvements to the algorithm are
tested against a previously failed test case to identify the new limit. This is done to try
to push the GPU to its limits.

1.5 Scope and limitations
This thesis does not cover whether one algorithm or another is best for handling radar
data. ESPRIT is assumed to be a suitable algorithm for processing data in radar appli-
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cations. Investigation of how to improve ESPRIT as an algorithm is not done.

This thesis does not use collected radar data but uses simulated data instead. In practice,
this does not have much impact on the experiments since the data is the same size as
it would have been if it had been collected from an actual antenna array. It actually is
beneficial to simulate with a known data set, because then the output of the system can
be predicted.

CUDA C/C++ is the language used for implementing the algorithm. Therefore, this
thesis does not consider other languages, such as OpenGL.

Due to time constraints, many functions required for the algorithm will not be imple-
mented from scratch but we will use functions already implemented from established
libraries. Also, the solver for the eigenvalues used in the implemented algorithm is used
on the CPU and not on the GPU. This is due to a solver not already existing for the GPU
for this function. However, the function is not the heaviest part of the algorithm and will
not affect the timing results to any large extent.

1.5.1 Thesis outline
In chapter two of this thesis, the relevant theory to understand the thesis work is explained.
In the third chapter is a description of the workflow of the thesis work. In chapter four,
the results of the work is presented which is followed by a discussion of the results in
chapter five. Finally, the conclusion of the thesis is in chapter six. Additional results,
which were not found in the results section, can be found in Appendix A.

5



1. Introduction

6



2
Theory

In this chapter, the relevant theory for the thesis project is presented. This includes an
overview of how radar works and how the 2D-ESPRIT algorithm can use the data gathered
by radar sensors. Moreover, information on CUDA C/C++ and existing libraries used
in the implementation of ESPRIT is shared. The Quadro RTX 6000 GPU specifications
and how GPUs function will also be shared. Finally, there will be a section on how an
estimate of the GPU utilization is calculated.

2.1 Radar Background and Theory
The radar concept was originally demonstrated in the late 19th century when Heinrich
Hertz demonstrated that electromagnetic waves could be reflected by a surface [10, ch.
1.1.]. It was later researched further during World War 2, when it was developed to
survey the airspace for flying aircrafts. Radar as a technology has since transitioned from
analog to digital signal processing, enabling more refined data processing techniques that
provide more accurate readings of the airspace. However, this has also increased the
required computation power immensely.

2.1.1 Radar fundamentals
Radar works by transmitting an electromagnetic wave that later reflects on an object’s
surface. This reflected wave is received by an antenna sensor and is used to get information
about the distance between the antenna and the object using

R = c · t

2
, (2.1)

where c is the speed of light and t is the time between the transmission and the reception
of a reflected pulse [11].

The power of a reflected signal is determined by

Pr = PtGAeσ

(4π)2R4 (2.2)

where Pt is the transmitted power, G is the gain of the antenna, Ae is the aperture size of
the antenna receiving the echo, σ is the target cross section and R is the distance to the
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reflecting object. Worthy of note is that reflecting power reduces with R4, meaning that
objects farther away reflect much less power and are thus harder to detect. Furthermore,
the reflected signal strength is diminished if the cross-section of an object is small.

In most radar systems, the transmitting and receiving antenna is the same physical an-
tenna. Such a configuration is called a monostatic radar. The pulse is first transmitted
and then the antenna listens for a reflecting echo. The frequency of the pulse transmis-
sions is called the pulse repetition frequency (PRF). If the rate is high, the resolution of
the radar is increased due to more frequent pulse transmissions. However, targets at a
longer distance than the intended listening range can still be detected. In such a case, the
reflecting wave from these distant targets can be received in a later pulse interval, leading
to range ambiguity. An illustration of how a distance can be perceived versus its actual
distance is found in Figure 2.1.

Figure 2.1: Perceived transmit time vs actual transmit time.

The monostatic radar system can be extended to contain multiple antenna sensor elements
that listen for echoes in the airspace. The elements can be placed in various configurations
depending on the intended use case of the radar system, which enables different signal
processing techniques. A common configuration is a 1-D array.

2.2 Data gathering
To analyze the reflecting pulse, samples must be obtained. These are modeled in a three-
dimensional matrix for an antenna array, with the axes fast-time, slow-time, and antenna
elements. These are explained in further detail below.

2.2.1 Sampling
To find the distance to a reflecting target’s surface from a single antenna element, samples
are collected at a high rate and are stored in so-called range bins [10, ch. 3.2.]. This is
performed L times within a pulse repetition interval (PRI) (the inverse of the pulse repe-
tition frequency, PRF). The number of samples collected, L, will depend on the sampling
rate (PRF) within the PRI, and the samples are stored along the so-called fast-time axis.
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Sampling is performed over multiple PRIs, which forms a two-dimensional array [10, ch.
3.3.]. The axes are generally referred to as the fast-time and slow-time axes because the
sampling rate within a PRI is much higher compared to the PRF. Therefore, the fre-
quency of samples taken along the fast-time axis (or range bin axis) is much higher than
the frequency of transmitted pulses along the slow-time axis.

The resulting two-dimensional sample array is shown in Figure 2.2, where the dotted
arrow line beneath the antenna sensor shows how a recently collected range bin sample is
added to its corresponding PRI to form the two-dimensional matrix.

Figure 2.2: Fast-time and slow-time sampling storage from a single sensor element.

The two-dimensional array contains all range bin samples collected over several PRIs by
a single sensor. This array can be extended into a three-dimensional array to cover all
samples collected by several antenna sensor elements, as seen in Figure 2.3.
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Figure 2.3: Fast-time and slow-time sampling storage from multiple sensor elements.

Here, the three-dimensional matrix is formed by six sensors, each collecting eight samples
within each PRI, throughout seven consecutive PRIs.

2.3 ESPRIT
ESPRIT is an algorithm that utilizes an underlying rotational invariance of a signal space
to estimate an incoming signal’s parameters [7]. When used in a sensor array, relevant
parameters to be estimated may be DOA, doppler shift of an arriving signal, and distance
between the object and the array.

Consider a sensor array with a known displacement of the individual elements. The
transmission and detection of an electromagnetic wave of the sensor array are done in
the same physical location, i.e. a monostatic radar system with multiple sensor elements.
This array transmits a pulse and then listens for an echo from a reflecting object. If the
distance to the object is large, the reflected wave can be viewed as a planar wave that
impacts the sensor array with a phase shift. This phase shift is the direction from where
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the target was detected, the DOA. An illustration of the system described can be found
in Figure 2.4.

Figure 2.4: Sensor array sampling from a detected target.

Here, a planar wave falls into a one-dimensional sensor array where each antenna sensor
continuously collects fast-time samples.

The reflected pulse can be generalized as

y[t] =
K∑

i=1
ai(θ)xi[t] + ni[t] (2.3)

where K is the number of contributions of a signal at time t, a(θ) are weights of the
incoming signal, x(t) is the incoming signal and n(t) is added Gaussian white noise. When
estimating the DOA of a signal to a sensor array, θ can either be the azimuth or the
elevation angle of an incoming signal, depending on the configuration of the sensor array.

The ESPRIT algorithm stores the samples collected from one antenna element in a vector.
This vector is divided into smaller sub-vectors which are used to form matrix A. This is
shown in Figure 2.5 and Figure 2.6.
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Figure 2.5: Dividing the samples into two sub-arrays to form matrix A.

Figure 2.6: Dividing the samples into three sub-arrays to form matrix A.

Here, the total number of samples is eight which can form two or more sub-arrays. Form-
ing more sub-arrays can provide more accurate results but increases the size of the matrix
A and thus also the computational effort of calculating the auto-correlation matrix de-
scribed below.

The next step is calculating the auto-correlation of the matrix A. This is to increase the
magnitude of the detected target pulse and decrease the impact of noise in the signal.
The auto-correlation is calculated by

Ryy = AA∗ (2.4)

where A∗ represents the complex conjugate transpose of matrix A.
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The next step is to extract the signal subspace from the autocorrelation matrix Ryy. This
can be done by performing singular value decomposition (SVD) on the matrix. This
decomposes the auto-correlation matrix of dimensions m × m into three matrices

Ryy = UΣV∗ (2.5)

where U is a m × m complex-valued matrix, Σ is a m × m matrix with real values on the
diagonal and zeroes everywhere else and V∗ is a m × m complex-valued matrix. Both U
and V∗ describe rotations while Σ is a scaling. From Equation (2.3), we can divide the
SVD into two parts

Ryy = UΣV∗ = USΣSV∗
S + UNΣNV∗

N (2.6)

where S and N refer to the signal and noise subspaces respectively. From Equation (2.3),
we assume K contributions to the incoming signal. Thus, US comprises the first K
columns of U that form the signal subspace.

Next, US is divided into two new matrices. This is done by forming the matrices

J1 = [IM−1 0] (2.7)

J2 = [0 IM−1] (2.8)

where IM−1 is an identity matrix of size (M − 1) and 0 is a column vector of zeroes.
Through these, we form

S1 = J1US (2.9)

S2 = I2US. (2.10)

Now, these matrices form the linear equation system

S2 = S1P (2.11)

where the matrix P’s eigenvalues are the complex-valued incoming signals. Here, it is
possible to solve for P and thus extract the sought-after parameters of the signal. By
performing, for instance, a least-squares solution on this equation system, we can find the
matrix P. Through eigen decomposition on this matrix P,

P = QΛQ−1 (2.12)
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we acquire the matrix Λ which contains the eigenvalues on its main diagonal. The eigen-
values have the form of

λk = αkejθk (2.13)

where θk is the sought-after angle of arrival.

ESPRIT can be extended into more dimensions to evaluate other parameters. This is done
by switching the data set of the algorithm to instead take a 2D data set. From Figure 2.3,
the DOA of a target at a certain range can be found by choosing the data set along the
channel axis, and to find the velocity of a target the data set is chosen along the fast-
time axis. Thus, we estimate a signal’s parameters in two dimensions, called 2D-ESPRIT.

For 2D ESPRIT, the axes chosen are used to form the A matrix. Instead of forming A
from sub-arrays, the 2D data set is split into sub-matrices to form matrix A, as shown in
Figure 2.7.

Figure 2.7: Forming matrix A in 2D over axes fast-time and channels.

Here, four submatrices are formed from the 3 × 4 data set. After this matrix has been
formed, the following steps are the same as in 1D-ESPRIT. By forming the matrix A
with different sized submatrices which results in A being a M × N matrix, the resulting
covariance matrix Ryy will have dimensions M × M which will impact the computational
effort required for all succeeding steps of the algorithm.

2.4 GPUs
A GPU is a processing unit that was originally designed to speed up the rendering of 3D
graphics [12]. Its architecture has many cores, built for parallel applications with smaller
concurrent computations. It differs from the CPU, where the CPU generally has fewer,
but more powerful cores [1].
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The Quadro RTX 6000 GPU builds on NVIDIA’s Turing architecture [13]. It has 36 tex-
ture processing clusters (TPCs), each consisting of two streaming multiprocessors (SMs).
Within one SM are 64 integer (INT) and 64 floating point (FP) CUDA cores, both types
of cores designed for handling integer or floating point 32-bit operations respectively. The
SM also contains two FP64 units for handling floating point 64-bit operations and eight
tensor cores that can handle either INT4, INT8, or FP16 bit precision operations.

The peak FP32 floating point operations (FLOPS) specified for the GPU is 16.3 TFLOPS.

The GPU also has several cache memories. The cache is a smaller memory that stores
frequently accessed data to decrease the data fetching time from the main memory. The
different levels of the cache indicate the proximity of the processing unit, where a level 1
(L1) cache is closer than a level 2 (L2) cache. The higher-level cache is bigger but farther
away. Therefore, it has a higher data fetching time than the lower-level cache.

Each SM has 96 kilobytes (kB) in a L1 cache, which can be allocated as a portioned cache
and shared memory. The shared memory can be accessed through CUDA and the cache
is fully handled by the hardware. Thus, the shared memory can be faster than the cache
if managed properly.

The entire chip has a shared L2 cache of 6144 kB memory space. The system clock is 1455
MHz and the transistor count, which is built on 12 nm fin field-effect transistor (FinFET)
technology, is 18.6 billion. The total board power consumption is 295 Watts. A summary
of the features is found in Table 2.1.

Table 2.1: Quadro RTX 6000 board features.

Feature Number
TPC 36
SM 72

FP32 cores / SM 64
INT32 cores / SM 64
Tensor cores / SM 8
FP32 cores total 4608
INT32 cores total 4608
Tensor cores total 576

Peak FP32 FLOPS 16.3 TFLOPS
L1 cache / SM 96 kB
L1 cache total 6912 kB
L2 cache total 6144 kB

Clock base frequency 1455 MHz
Transistor count 18.6 billion

Total board power 295 Watt
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2.5 CUDA C/C++
In this section, a short background about CUDA C/C++ is given. Thereafter, relevant
concepts regarding CUDA C/C++ used in the project are explained. Finally, the libraries
used in the project to build several functions are introduced.

CUDA C/C++ is a programming platform for enabling programming on GPUs provided
by NVIDIA with its initial release in 2006 [14]. It was initially developed for C but
has since extended to support other languages, such as C++. The interface allows pro-
grammers to directly access a GPU for general-purpose GPU computing to speed up the
processing of heavy workloads by utilizing the many cores of a GPU.

2.5.1 Programming in CUDA C/C++
The CUDA C/C++ language syntax is much the same as that of C and C++, where one
can write a basic program in C++ and it compiles with CUDA. The main difference is
that the programmer decides whether a function is executed on the host (CPU) or the
device (GPU). If a function is to be executed on the device, a so-called kernel function
is created with the specifier __global__ which can be called from the host. To make
a function only callable by the device, the __device__ specifier may be used. These
two specifiers are shown in Listing 2.1.

1 __global__ void my_func ();
2 __device__ void my_GPU_func ();

Listing 2.1: Kernel function declaration.

The call to a kernel function from the host is shown in Listing 2.2.
1 my_func <<<x, y>>>();

Listing 2.2: Kernel function call from the host.

The x and y arguments are the block size and thread size of the function call, and are
used to specify how many threads should be within each block and how many blocks
that should be called to execute the function. A block is therefore an abstraction used
to group threads. A streaming multiprocessor within the GPU executes threads in warps
which consists of 32 threads per warp. Therefore, to maximize the performance of the
GPU computation and utilization of the multiprocessors, the number of threads per block
should align with the warp size, i.e. divisible by 32. Further, the ratio of number of blocks
per function and threads per block can impact the computation efficiency and therefore
the utilization of the GPU.

The kernel call is called from the CPU asynchronously, meaning that the CPU will not
wait for the device to finish its function before stepping further in the code unless ex-
plicitly told to wait. Therefore, proper synchronization between the host and device is
important at vital parts of the program to ensure correct functionality. To synchronize
the CPU and GPU, the cudaDeviceSynchronize() function can be called which will tell
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the host to wait for the device to finish preceding instructions before stepping further
in the code. However, too much synchronization will lower a program’s efficiency and
increase processor idle time which is to be avoided.

Indexing is conducted somewhat differently on the GPU compared to as if written in
C++ with the use of blocks and threads. Within the kernel function, the desired index
is calculated through the threadIdx.x, blockIdx.x and blockDim.x syntaxes. The
index of the currently executing thread is found through threadIdx.x, the current block
through blockIdx.x, and the number of threads within a block through blockDim.x.
An example of finding an index is shown in Figure 2.8.

Figure 2.8: Indexing in CUDA.

Here, 4 blocks consist of 4 threads each. To access index 9, one would use block index 2
with thread index 1. The index is calculated with index = threadIdx.x + blockIdx.x
× blockDim.x, where the block dimension would be 4 in Figure 2.8. The term block-
Idx.x × blockDim.x essentially calculates the offset from the large data set to the start
of a given block. The appended .x specifies that the sought values are given along the
x-axis, implying that indexing can be done in more dimensions.

2.5.2 CUDA streams
One important aspect of achieving high utilization of the device is using CUDA streams.
Streams can be compared to threads, where the streams are pieces of code that can be
concurrently executed on the GPU to increase the use of parallelism.

By default, kernel calls are called into the default CUDA stream, meaning that CUDA
calls are executed sequentially. However, to increase utilization of the GPU, it is desirable
to increase concurrent execution of simultaneous streams. Observe the following example
in Listing 2.3.

1 # include <stdio.h>
2

3 __global__ void my_func () {
4 printf ("Hello from GPU");
5 }
6

7 int main () {
8 int num_streams = 2;
9 cudaStream_t streams [ num_streams ];
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10 for (int i = 0; i < num_streams ; i++) {
11 cudaStreamCreateWithFlags (& streams [i], cudaStreamDefault );
12 my_func <<<1,1,0, streams [i]>>>();
13 }
14 cudaDeviceSynchronize ();
15 return 0;
16 }

Listing 2.3: Two concurrent CUDA streams.

In this example, two streams are initialized and dispatched to execute the function
my_func() concurrently in two CUDA streams. The cudaDeviceSynchronize() call
synchronizes the CPU and GPU, so the CPU waits for both stream’s execution before
stepping further in the code. To synchronize a single stream with the CPU, the call to
cudaStreamSynchronize() can be invoked.

In this project’s implementation of 2D-ESPRIT, multithreading is used beside CUDA
streams to further increase the parallelism of the algorithm. This is done by multiple
threads launching multiple instances of CUDA streams concurrently to further increase
the utilization of the GPU. Thus, the data set to process must be correctly divided and
assigned. This is shown in Figure 2.9.

Figure 2.9: Two threads dispatching three streams each to execute one run of the 2D-
ESPRIT algorithm.

In this figure, we see two threads each launching three CUDA streams. Each CUDA
stream is assigned a 2D slice of the 3D data set. Each CUDA stream is then used to
dispatch functions on the device and transfer memory between the host and the device.
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2.5.3 Supported libraries

NVIDIA has support for algebraic functions and solvers through their GPU-accelerated
libraries. These include cuBLAS and cuSOLVER, which are implementations of basic
linear algebraic subprograms (BLAS) and linear system and eigen solvers respectively.
cuBLAS chiefly consists of more fundamental arithmetic computations, such as matrix
multiplication, whereas the cuSOLVER library implements LAPACK-like features on the
GPU, such as SVD and least-squares solvers.

The implementation of ESPRIT is done by using several functions from the cuBLAS and
cuSOLVER libraries. The functions mainly used in this thesis work are matrix multipli-
cation and solvers for SVD and a least-square solution.

2.6 Utilization

To estimate the GPU utilization, the total floating point operations (FLOPS) of the entire
algorithm should be estimated. The steps of the algorithm, as described in Section 2.3,
can be summarized as forming matrix A, calculating the covariance matrix Ryy, SVD, two
instances of extracting subspaces to form S1 and S2, a least-square solver and the solving
for the eigenvalues. The time complexity of each function is summarized in Table 2.2,
where m and n are the rows and columns of matrix A respectively and p is the number
of extracted columns of the signal subspace, i.e. the number of estimated pulses.

Table 2.2: Functions required for ESPRIT with their corresponding estimated time com-
plexity.

Function Required operations
Form-A mn

Calculate covariance matrix 2mn2 [15, ch. 1.2.4.]
SVD 21m3 [15, ch. 5.4.5.]

Form S1 and S2 2mp
Least-square solver 2p2(m − p

3) [15, ch. 5.3.3.]
Eigensolver 10p3 [15, ch. 7.5.6.]

Since we are dealing with complex numbers, a single multiplication of two complex num-
bers requires four floating-point multiplications and two additions. Thus, we multiply the
time complexity with the factor 6 to gain an estimate for how many total FLOPS are
required for computing the data set using complex numbers.

The formula for calculating the total number of required FLOPS in a single range bin is
thus, using the values from Table 2.2 and using complex numbers,
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FLOPS_BIN =
∑

Functions

= 6(mn + 2mn2 + 21m3 + 2mp + 2p2(m − p

3
) + 10p3)

= nm(1 + 2n) + m(21m2 + 2p(1 + p)) + 10p3 − 2p3

3

= nm(1 + 2n) + m(21m2 + 2p(1 + p)) + 28p3

3
.

(2.14)

Furthermore, the total number of FLOPS required for calculating the entire data set
is 500 × FLOPS_BIN , since the entire data set used in the algorithm handles 500
range bins. The total number of FLOPS required for each covariance matrix data size is
summarized in Table 2.3.

Table 2.3: Required FLOPS for 2D range bin slice and all range bins for each data set
size parameters.

Covariance matrix size m n p Range bin FLOPS Total FLOPS
64 × 64 64 667 15 3.75 × 108 1.88 × 1011

180 × 180 180 598 15 1.51 × 109 7.54 × 1011

360 × 360 360 403 15 6.58 × 109 3.29 × 1012

When estimating the utilization of the GPU, the FLOPS/s metric is used. By finding the
FLOPS/s of the program and dividing it by the peak FLOPS/s of the GPU, we gain an
estimate of the GPU utilization. The formula is

U =
T otal_F LOP S

Execution_time

Peak_FLOPS
(2.15)
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Workflow

In this chapter, the workflow of the project is explained. It begins with describing how
the initial version of the ESPRIT algorithm was implemented and then how the work was
conducted to improve upon the initial version to increase the utilization of the GPU.

3.1 Initial ESPRIT version
The project began by researching the ESPRIT algorithm to identify the relevant steps.
When the steps had been identified, we started implementing an initial version of the
algorithm using a data set in one dimension. This was done by investigating built-in
functions in the cuBLAS and cuSOLVER libraries, such as herk (which performs AAH

and stores it in upper triangular form) and gesvd (which performs SVD on a matrix),
and using them in the algorithm. When a step of the algorithm had been implemented
in CUDA with a built-in function, such as the auto-correlation step, it was compared to
the same step in MATLAB with the same data set to verify that it worked as intended.
This was done for every step in the algorithm, which yielded similar results for CUDA
and MATLAB.

When comparing the results of CUDA and MATLAB, we realized that some functions,
such as SVD, yielded somewhat different results when implemented in CUDA and MAT-
LAB. This is due to the functions decomposing the matrices slightly differently. However,
we concluded it was correctly implemented despite yielding somewhat different results.

When every step of the algorithm had been implemented, a custom data set was run
through every consecutive step and compared to the MATLAB implementation. When
the algorithm yielded practically the same results, it was deemed correctly implemented
in CUDA.

The next step of this initial version was to expand it into two dimensions. This was done
by extracting a 24 × 60 slice from a 24 × 60 × 500 data set and tweaking the steps of the
algorithm to handle this data. The forming of matrix A and the auto-correlation step
were the largest differences since this extracted sub-matrices of the extracted slice and
converted them into columns of the A-matrix. This resulted in an A-matrix similar to the
one implemented for one dimension. The main difference was that the matrix was much
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larger which resulted in a much larger auto-correlation matrix Ryy. It was also noted that
by changing the sizes of the sub-matrices in forming A, we could effectively change the
computation effort of all succeeding steps to investigate different computational burdens.
This is because, if A is M × N , the resulting covariance matrix size becomes M × M
which is shared by the succeeding computation steps of the algorithm. Thus, all succeed-
ing steps are dictated by the size of M.

The consecutive steps of 2D-ESPRIT after forming A were practically the same. The en-
tire data set of 24×60×500 was handled by running the algorithm 500 times sequentially,
iterating 2D-ESPRIT on each extracted 24 × 60 data slice.

The Quadro RTX 6000 supports computing for various bit sizes. As described in Sec-
tion 2.4, the GPU has 32 FP32 for each FP64 computing unit. Thus, the algorithm was
run with FP32 and FP64 bit sizes to observe the difference in how the GPU handled the
two number representations.

3.2 Second ESPRIT version
For the improved version, it was observed that the implemented function for the auto-
correlation step was very time-consuming. For the first run of the function, the herk
function was quite fast, but for consecutive runs, it was very slow. The speed in consec-
utive runs was almost a hundred times longer, which led us to believe there was some
bug with the function. In the second and improved version, the time spent for herk was
reduced and had consistently the same value for all runs of the function.

Another improvement from the initial version was to reduce the data transfers from the
host to the device and vice versa. There were many data transfers in the initial version
to be able to debug the output of the compute steps of the algorithm. In the improved
version, the data was not transferred between the consecutive steps of the function, thus
reducing excessive data transfer times of the algorithm by having the data ready for cal-
culation on the device.

Another difference was a different SVD implementation supplied by the cuSOLVER li-
brary. This did not, however, affect the time required for calculating the SVD.

The largest difference between the first and second versions was the implementation of
multiple threads running multiple CUDA streams to further try to exploit the parallelism
of the algorithm. Here, the entire data set was divided into 500 separate 2D data slices.
Then, 500 CUDA streams were created on a single thread, so that one CUDA stream
handled one instance of the algorithm. Then, this was further divided so that two threads
created 250 CUDA streams each to further parallelize the algorithm. The first thread
handled the first 250 range bin slices and the second the remaining data slices. Each
configuration used the same principle, where each thread would be assigned 500

#threads
data
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slices to handle, where each thread created one CUDA stream per data slice, as depicted
in Figure 2.9. The configurations tested are listed in Table 3.1.

Table 3.1: Configurations of threads and CUDA streams tested.

Configurations
One thread, 500 CUDA streams

Two threads, 250 CUDA streams per thread
5 threads, 100 CUDA streams per thread
10 threads, 50 CUDA streams per thread
20 threads, 25 CUDA streams per thread
25 threads, 20 CUDA streams per thread

These configurations were tested to try to identify an optimal ratio where the total run-
time required to handle the entire data set was minimized while still not overpushing the
GPU. For some configurations, the least-square solver produced NaN values which told
us that the program was unable to handle the computational burden of configuration. In
the following version, changes were made to make the GPU pass more configuration tests
with the same data set.

3.3 Third ESPRIT version
The third version had some changes compared to the second version. The changes were
mostly trying to minimize excessive synchronization to further utilize the GPU by revis-
ing and removing excess calls to the synchronizing function cudaStreamSynchronize().
It was also was identified that the least-square solver was a major bottleneck of the algo-
rithm due to it always using 50 iterative refinements, which occupied massive resources
on the GPU. For the third version, the maximum amount of iterative refinements was set
to five instead, which contributed to many streams per thread configurations being able
to process the entire data set without failing as they had done in the second version.
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4
Results

This chapter contains the results of the implemented algorithm. The algorithm was im-
plemented in three different versions, with each version being improved upon from the
previous version. All three versions handle the same 3D data set containing 24 antenna
elements, 60 PRIs and 500 range bins. The 2D-ESPRIT algorithm is executed once on
each range bin, meaning the algorithm is executed 500 times. The signal processing is
thus performed on each range bin’s corresponding 2D matrix. Moreover, the size of the
matrix A in 2D-ESPRIT can be altered, as explained in Section 2.3. Thus, every configu-
ration is run with three resulting covariance matrix sizes to evaluate performance with a
larger data set per range bin. The three different computational sizes used were: 360x360,
180x380 and 64x64. For simplicity, these sizes will throughout this thesis be referred to
as having a covariance matrix size of 360, 180, or 64 elements, respectively.

For each run, four different plots were generated. The first plot contains the mean time
for each function used in the algorithm, including computation and various setup and
memory times. The second contains only the computation time and the third only the
memory time. The fourth plot contains the time between each function used in each run
of the algorithm. For each plot, a corresponding scatter plot was generated with each
range bin time to see the variation between consecutive runs. The total time in each plot
refers to the wall clock time, meaning the total execution time of the program.

The functions used in the algorithm are summarized in Table 4.1.

Table 4.1: Function names and explanation.

Function name Explanation
Form-A The creation of matrix A used to calculate the covariance.

AUTOCORR-2D Setup and calculation of AAT .
SVD The singular value decomposition of the covariance matrix Ryy.

Extract-subarrays Extract signal subspace from matrix U and
setup equation system for least-squares solver.

LEAST-SQUARES Least-square solver for finding matrix P.
EIGENSOLVER Solver for finding the eigenvalues of matrix P.
RUN / STREAM Entire range bin execution.

Every configuration is also run with complex FP32 and FP64 to see the execution time
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differences.

Below are the selected results from each version. The remaining plots generated for each
configuration are found in Appendix A.

4.1 First version
The first version executes 2D-ESPRIT on each range bin sequentially. The results below
are the results from the first version, run with different covariance matrix sizes and with
FP32 and FP64. The different number representations were run to see the computing
differences of having smaller or larger number representations.

4.1.1 FP32
The results for FP32 mean times and corresponding scatter plots for a covariance matrix
size of 64 elements are shown in Figure 4.1 and Figure 4.2.

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.1: Mean times for the first version using FP32 with a covariance matrix size of
64 elements.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.2: Scatter plots for the first version using FP32 with a covariance matrix size of
64 elements.

For the mean times, the computation time dominates the execution time of the algorithm.
The two most heavy algorithms are the SVD and the least-squares solver. The other
functions require very little time in comparison. Moreover, the inter-function times and
times required for setting up function calls and freeing resources are comparatively small.

Considering the scatter plots, the Form-A, AUTOCORR-2D and Extract-subarrays
functions require very little time to finish and have low spread in execution times. The
EIGENSOLVER function is similar, however, one outlier can be observed at around 10
milliseconds (ms). The SVD and least-square solver lie around 4 to 8 ms and 5 to 10
ms respectively with quite a bit of spread in execution times. The memory times have a
low spread and low overall times. The initialization stage for the inter-function times has
some outliers at around 3-3.5 ms, otherwise, the times are low.

The results for a resulting covariance matrix size of 360x360 are shown in Figure 4.3 and
Figure 4.4.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.3: Mean times for the first version using FP32 with a covariance matrix size of
360 elements.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.4: Scatter plots for the first version using FP32 with a covariance matrix size of
360 elements.
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As can be seen in Figure 4.3b, we see a steep increase in time required for the SVD
function because of the increased covariance matrix size. The least-square solver takes
approximately the same time as before and the other functions are very small compared
to the SVD and least-square solver. The memory times and inter-function times seen in
Figure 4.3c and Figure 4.3d, are very small in comparison to the calculation times.

We observe a large spread for the SVD function ranging from 35 to 60 ms each. The other
functions have a low spread, with the least-square solver lying around 8-10 ms. We can
observe one outlier in the eigensolver function at around 10 ms, but has otherwise a low
execution time.

4.1.2 FP64
Due to the increased size of the FP64 number representation and the capabilities of the
Quadro RTX 6000 as described in Section 2.4, we should expect an increase in wall-clock
times and calculation times compared to FP32. The mean times and scatter results for
the ESPRIT-2D algorithm using FP64 with a covariance matrix size of 64 elements are
shown in Figure 4.5 and Figure 4.6.

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.5: Mean times for the first version using FP64 with a covariance matrix size of
64 elements.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.6: Scatter plots for the first version using FP64 with a covariance matrix size of
64 elements.

Here, the results are similar to that of the FP32 times only that the time required for
each function is increased. The ratio of the SVD and least-square functions look very
similar and the other functions’ execution times are comparatively low. The memory and
inter-function times are very low in comparison to the computation times.

For the scatter plots, the SVD and least-square functions require 5-10 and 15-20 ms re-
spectively. Beside one outlier for the eigensolver function at around 8 ms, the execution
times for the other functions are low. For the memory times, there is one outlier at 3 ms
for the SVD setup time and one at 1.5 ms for the least-square solvers freeing of resources.
For the inter-function times, one outlier around 3.4 ms can be observed between the auto-
correlation function and the SVD. The initialization stage has some spread, but the other
times are very similar and low.

The corresponding plots for an increased covariance matrix size of 360 elements are shown
in Figure 4.7 and Figure 4.8.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.7: Mean times for the first version using FP64 with a covariance matrix size of
360 elements.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.8: Scatter plots for the first version using FP64 with a covariance matrix size of
360 elements.
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As with the previous results, the FP64 plots are very similar to the FP32 plots only that
the execution times are higher. The SVD requires around 60 ms and the least-square
solver 15 ms. A single range bin run takes approximately 80 ms. Furthermore, the mem-
ory and inter-function times are low in comparison.

For the scatter plots, the SVD takes around 60-85 ms. The least-square solver takes
around 20 ms and the other functions require very little time in comparison. The memory
and inter-function times require very little time compared to the computation times.

4.1.3 Wall-clock times for the initial ESPRIT version
Figure 4.9 summarizes the total execution times of the entire data set for both FP32 and
FP64 with covariance matrix sizes of 360, 180 and 64 elements.

Figure 4.9: Initial ESPRIT version’s wall-clock times for FP32 and FP64 using different
data sizes.

Here we see that using FP32 requires less time compared to FP64. Also, the time increases
with an increased data size. The total execution time looks to have a linear correlation
to the data size.

4.2 Second version
The second version executes 2D-ESPRIT on the entire data set by dividing each range
bin on a separate CUDA stream as explained in Section 3.2. In this version, different
ratios of threads and CUDA streams were tested to see if an optimal configuration could
be found. Here follows a selection of the configurations tested.

4.2.1 One thread with 500 CUDA streams
The results for FP32 with a configuration on one thread with 500 CUDA streams with a
covariance matrix size of 64 elements are shown in Figure 4.10 and Figure 4.11.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.10: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.11: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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In the second version, we see similar results to the first version only that the wall-clock
time is reduced. The SVD and least-square solver are still the most computationally
heavy functions and take the most time. The memory and inter-function times are still
very low compared to the computation times.

Some outliers can be observed for the scatter plots, mainly for the least-square solver, re-
sulting in some outliers for the stream times. The SVD has times ranging from 5-7.5 ms.
There is one outlier for the eigensolver at approximately 7.5 ms, otherwise the times are
low. The remaining functions have very low execution times. The inter-function times are
generally very low. Outside from one outlier for the aftermath of the least-square solver
in the memory time plot, the memory times are lower than 1 ms.

The results of an increased covariance matrix data size of 360 elements are shown in
Figure 4.12 and Figure 4.13.

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.12: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is one thread and 500 CUDA
streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.13: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is one thread and 500 CUDA
streams.

With an increased covariance matrix data size, we see a steep rise in execution time for
the SVD, with a mean time of 40 ms. The least-square solver lies around 8 ms, making
the majority of the stream time the SVD. The other functions require very little time in
comparison. The memory and inter-function times are all below 1 ms.

For the scatter plots, the SVD has a wide spread ranging from 35 to 60 ms which also
impact the entire stream time. The eigensolver has one outlier at around 10 ms. Otherwise,
the execution times for the other functions are quite even and do not have a large spread.
Further, the memory and inter-function times do not have any significant outliers and
have the max execution times at around 1 ms.

4.2.2 Two threads with 250 CUDA streams each
For Figure 4.14 and Figure 4.15, there are two threads which each dispatch 250 CUDA
streams with a covariance matrix size of 64 elements on FP32.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.14: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is two threads with 250 CUDA
streams per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.15: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is two threads with 250 CUDA
streams per thread.
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Here, the total execution time has decreased by approximately two seconds compared to
one thread dispatching 500 CUDA streams. The mean execution times of the computa-
tion, memory and inter-functions show very similar results with the SVD and least-square
solver being the dominant time consumers.

The scatter plot of both the SVD and least-square solver shows quite a wide spread. Some
outliers can be observed for the memory and inter-function times which increase the un-
certainty in the execution times for an entire stream run.

Figure 4.16 and Figure 4.17 show the results of an increased covariance matrix size of 360
elements on FP32.

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.16: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is two threads with 250 CUDA
streams per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.17: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is two threads with 250 CUDA
streams per thread.

For the increased data size, there is a spike in SVD execution time as before and the
least-square solver looks approximately the same.

The scatter plots show quite a wide spread in execution times. The SVD has a wide
spread from 40 to 70 ms. The aftermath of the SVD shows a very large spread, ranging
from under 1 ms to almost 10 ms. This results in a high variance in the entire stream run
time.

4.2.3 Wall-clock times for the second ESPRIT version
In Figure 4.18 we see two plots with the total run-times of different configurations using
64, 180 and 360 elements for the covariance matrix for both FP32 and FP64. The x
above some bars in the bar graph show if one or more streams were unable to handle the
workload in the given configuration.
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(a) FP32 (b) FP64

Figure 4.18: Wall-clock times for each run configuration with both data types and different
data sizes using the second version of the algorithm. The legend explains the run’s ratio
of threads and CUDA streams, where T and S stands for threads and CUDA streams
respectively.

What can be observed is that the wall-clock time decreases when dividing the streams on
more threads. A significant time reduction in the program’s run-time can be observed
by just using two threads. However, when reaching 10 threads each running 50 CUDA
streams, no significant wall-clock time improvement can be observed, indicating that some
sort of improvement saturation has been reached. Also, this configuration fails for all three
covariance matrix sizes, which indicate that this version is the most computationally heavy
configuration of all tested. By using FP64 instead of FP32, more runs are unable to handle
the computations. Further, an increased covariance matrix size also results in more runs
being unsuccessful and higher run-times.

4.3 Third version
The third and final version of the algorithm was implemented with fewer synchronization
calls and different parameters for the least-square solver to reduce the times required for
the entire run to finish executing. The least-square solver uses iterative refinement to
find a more precise solution, which slows down the total run-time of the program. The
default number of allowed refinement iterations for the least-square solver is 50, but in
this version it is set to five.

Here are the results for the third and final version.

4.3.1 One thread with 500 CUDA streams
In Figure 4.19 and Figure 4.20, we see the mean times and the scatter plots for the third
version’s implementation with one thread launching 500 parallel CUDA streams, on a
covariance matrix size of 64 elements using FP32.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.19: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.20: Scatter plots for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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The SVD require mostly the same execution time as before. However, the least-square
solver is cut from a mean time of 7 ms to approximately 1 ms which lowers the total mean
stream time to around 5.5 ms. The memory and inter-function times are very similar to
that of the same configuration on version 2.

For the scatter plots, there are some outliers for the SVD, least-square solver and the
eigensolver which make the stream execution time spread quite a bit. The memory and
inter-function times have some spread, but the overall times are very low.

The results of the same configuration but with a larger covariance matrix size of 360
elements are shown in Figure 4.21 and Figure 4.22.

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.21: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is one thread and 500 CUDA streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.22: Scatter plots for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is one thread and 500 CUDA streams.

Here, the SVD mean time increases substantially to around 28 ms. The least-square solver
still lies around 1 ms and the other functions require very little time. Thus, the SVD is
the dominant factor in the entire stream time which lies around 30 ms. The memory times
are low, with a max mean time of half a millisecond for the aftermath of the SVD. The
inter-function mean times are slightly higher with the time between the autocorrelation
and SVD functions being the highest.

For the scatter plots, we find some outliers for the least-square and eigensolver. The
SVD has the largest spread of 25 to 38 ms which also causes some spread for the total
stream time. One outlier can be observed in the memory time for setup and aftermath
of the SVD, at around 5 ms each. The inter-function times also have two outliers, one
between the form-A and autocorrelation functions and one between the least-square and
eigensolver functions, both around 3.5 ms.
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4.3.2 Five threads with 100 CUDA streams per thread
In this configuration, there are five threads, each dispatching 100 CUDA streams each.
The resulting times for a covariance matrix size of 64 elements using FP32 are found in
Figure 4.23 and Figure 4.24.

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.23: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.24: Scatter plots for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams per
thread.

In this configuration, we observe an increased mean computation time for both the SVD
and least-square solver compared to the same version with the same covariance data size
with one thread launching 500 CUDA streams. However, the total run-time of the pro-
gram is decreased by almost one second. The mean time for a single stream is around
16 ms. The remaining function means are low. For the memory time, the means do not
exceed half a millisecond, and the inter-function mean times do not exceed 0.4 ms.

For the scatter plots, we observe a much larger spread for the SVD, least-square solver
and eigensolver functions. The SVD range from 4 to 35 ms, the least-square solver from
1 to 10 ms, and the eigensolver from under 1 to 20 ms. All of this results in a high spread
for the stream times, with around 5 ms being the lowest to around 40 ms. The majority
of the memory times experience a large spread. Beside from the initialization stage in the
inter-function scatter plot, most inter-function times also experience higher spread.

The results of an increased covariance matrix size of 360 elements are found in Figure 4.25
and Figure 4.26.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.25: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure 4.26: Scatter plots for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams per
thread.
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Here, the SVD has a steep rise in mean total execution time. The least-square solver
lies around 5 ms, making it barely 10 percent of SVD execution time. The aftermath of
the SVD also has a large contribution of the execution time, where it lies around 3.7 ms.
The other memory functions all lie below 1 ms each. The inter-function times are not
high, with the time between the autocorrelation function and the SVD function being the
highest at around 1.2 ms. The rest are less than 1 ms.

For the scatter plots, we observe a large variation for different functions, with the SVD
having the highest with times ranging from 30 to 100 ms. Also, the aftermath of the SVD
has times ranging from below one ms to 25 ms. Also, the variation in the inter-function
times has increased, making the predictability of the entire stream time much lower.

4.3.3 Wall-clock times for the third ESPRIT version
The different configurations were executed with both FP32 and FP64 and the total run-
times of the programs were recorded. This can be seen in Figure 4.27.

(a) FP32 (b) FP64

Figure 4.27: Wall-clock times for each run configuration with both data types and different
data sizes using the third version of the algorithm. The legend explains the run’s ratio
of threads and CUDA streams, where T and S stands for threads and CUDA streams
respectively.

Here, we notice a big drop in total run-time from just having one thread launching 500
CUDA streams to two threads launching 250 CUDA streams each for both data types.
Further, we can observe that both five threads launching 100 CUDA streams each and 10
threads launching 50 CUDA streams each provide the best total timing results.

For FP32, most of the configurations can handle the computations except for having the
largest covariance matrix size on the 10 threads launching 50 CUDA streams configuration.
Otherwise, the remaining FP32 runs were all successful. Using FP64 we see a higher rate
of failed runs, where all runs having 10 or more threads fail. Having 5 threads only pass
the largest covariance matrix data size and having two or one threads pass all their runs.
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4.4 Speed-up
The wall-clock time of each run was logged. This time was compared to investigate the
relative speed-up of each version and configuration. The results are found in Table 4.2,
Table 4.3, Table 4.4 and Table 4.5.

Table 4.2: Wall-clock time speed-up and comparison from version 1 using FP32 with
covariance matrix size 64.

Version Configuration Wall-clock time Speed-up from Success
first version

1 1T, 1S 5.569 1 Yes
2 1T, 500S 5.674 1.00 Yes
2 2T, 250S 3.524 1.58 Yes
2 5T, 100S 2.851 1.95 Yes
2 10T, 50S 2.912 1.91 Yes
2 20T, 25S 4.035 1.38 Yes
2 25T, 20S 4.206 1.32 Yes
3 1T, 500S 2.748 2.03 Yes
3 2T, 250S 1.98 2.81 Yes
3 5T, 100S 1.7463 3.19 Yes
3 10T, 50S 1.565 3.56 Yes
3 20T, 25S 2.131 2.61 Yes
3 25T, 20S 2.127 2.62 Yes

Table 4.3: Wall-clock time speed-up and comparison from version 1 using FP32 with
covariance matrix size 360.

Version Configuration Wall-clock time Speed-up from Success
first version

1 1T, 1S 24.73 1 Yes
2 1T, 500S 24.08 1.03 Yes
2 2T, 250S 15.74 1.57 Yes
2 5T, 100S 11.13 2.22 No
2 10T, 50S 10.57 2.34 No
2 20T, 25S 11.57 2.14 No
2 25T, 20S 11.22 2.20 No
3 1T, 500S 15.85 1.56 Yes
3 2T, 250S 9.52 2.60 Yes
3 5T, 100S 6.866 3.60 Yes
3 10T, 50S 6.218 3.98 No
3 20T, 25S 7.561 3.27 Yes
3 25T, 20S 7.586 3.26 Yes
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Table 4.4: Wall-clock time speed-up and comparison from version 1 using FP64 with
covariance matrix size 64.

Version Configuration Wall-clock time Speed-up from Success
first version

1 1T, 1S 11.1 1 Yes
2 1T, 500S 10.78 1.03 Yes
2 2T, 250S 6.532 1.70 Yes
2 5T, 100S 4.537 2.45 Yes
2 10T, 50S 4.766 2.33 No
2 20T, 25S 5.762 1.93 Yes
2 25T, 20S 6.013 1.85 Yes
3 1T, 500S 4.52 2.46 Yes
3 2T, 250S 2.886 3.85 Yes
3 5T, 100S 2.253 4.93 No
3 10T, 50S 2.357 4.71 No
3 20T, 25S 2.911 3.81 No
3 25T, 20S 2.893 3.84 No

Table 4.5: Wall-clock time speed-up and comparison from version 1 using FP64 with
covariance matrix size 360.

Version Configuration Wall-clock time Speed-up from Success
first version

1 1T, 1S 41.56 1 Yes
2 1T, 500S 39.53 1.05 Yes
2 2T, 250S 25.94 1.60 Yes
2 5T, 100S 18.72 2.22 No
2 10T, 50S 18.7 2.22 No
2 20T, 25S 19.22 2.16 No
2 25T, 20S 19.69 2.11 No
3 1T, 500S 28.46 1.46 Yes
3 2T, 250S 17.9 2.32 Yes
3 5T, 100S 12.61 3.30 Yes
3 10T, 50S 11.78 3.53 No
3 20T, 25S 11.92 3.49 No
3 25T, 20S 12.06 3.45 No

The results show that we obtain at most a speed-up of 4.93 for the final version compared
to the first implementation. However, this peak speed-up was achieved on a run that
did not pass all its computations. So, the actual peak speed-up while still retaining full
functionality would be around 3.6 for FP32 with both covariance matrix size of 64 and
360, and 3.85 and 3.3 for FP64 with covariance matrix sizes 64 and 360 respectively.

4.5 Utilization
With the wall-clock time of the program and the estimated total FLOPS of the program,
as explained in Section 2.6, we estimate the utilization of the GPU. The data sheet of
the Quadro RTX 6000 does not specify peak TFLOPS for FP64, therefore it is difficult
to find the theoretical peak FLOPS for FP64. However, the GPU promises 16.3 peak
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TFLOPS for FP32 [13] and has one FP64 for every 32 FP32 processing units. If we
assume that peak FP64 computations is 16.3T F LOP S

32 = 509GFLOPS, we can calculate
the utilization for FP64. Thus, we achieve the estimated utilizations listed in Table 4.6,
Table 4.7, Table 4.8 and Table 4.9.

Table 4.6: Total utilization using FP32 with different configurations with covariance ma-
trix size 64.

Version Configuration Wall-clock time Utilization Success
1 1T, 1S 5.569 0.21% Yes
2 1T, 500S 5.674 0.20% Yes
2 2T, 250S 3.524 0.33% Yes
2 5T, 100S 2.851 0.40% Yes
2 10T, 50S 2.912 0.40% Yes
2 20T, 25S 4.035 0.29% Yes
2 25T, 20S 4.206 0.27% Yes
3 1T, 500S 2.748 0.42% Yes
3 2T, 250S 1.98 0.58% Yes
3 5T, 100S 1.7463 0.66% Yes
3 10T, 50S 1.565 0.74% Yes
3 20T, 25S 2.131 0.54% Yes
3 25T, 20S 2.127 0.54% Yes

Table 4.7: Total utilization using FP32 with different configurations with covariance ma-
trix size 360.

Version Configuration Wall-clock time Utilization Success
1 1T, 1S 24.73 0.82% Yes
2 1T, 500S 24.08 0.84% Yes
2 2T, 250S 15.74 1.28% Yes
2 5T, 100S 11.13 1.81% No
2 10T, 50S 10.57 1.91% No
2 20T, 25S 11.57 1.75% No
2 25T, 20S 11.22 1.80% No
3 1T, 500S 15.85 1.27% Yes
3 2T, 250S 9.52 2.12% Yes
3 5T, 100S 6.866 2.94% Yes
3 10T, 50S 6.218 3.25% No
3 20T, 25S 7.561 2.67% Yes
3 25T, 20S 7.586 2.66% Yes
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Table 4.8: Total utilization using FP64 with different configurations with covariance ma-
trix size 64.

Version Configuration Wall-clock time Utilization Success
1 1T, 1S 11.1 3.33% Yes
2 1T, 500S 10.78 4.87% Yes
2 2T, 250S 6.532 5.65% Yes
2 5T, 100S 4.537 8.13% No
2 10T, 50S 4.766 7.74% Yes
2 20T, 25S 5.762 6.41% Yes
2 25T, 20S 6.013 6.14% Yes
3 1T, 500S 4.52 8.17% Yes
3 2T, 250S 2.886 12.79% Yes
3 5T, 100S 2.243 16.45% No
3 10T, 50S 2.357 15.66% No
3 20T, 25S 2.911 12.68% No
3 25T, 20S 2.893 12.76% No

Table 4.9: Total utilization using FP64 with different configurations with covariance ma-
trix size 360.

Version Configuration Wall-clock time Utilization Success
1 1T, 1S 41.56 26.12% Yes
2 1T, 500S 39.53 16.34% Yes
2 2T, 250S 25.94 24.90% Yes
2 5T, 100S 18.72 34.50% No
2 10T, 50S 18.7 34.54% No
2 20T, 25S 19.22 33.61% No
2 25T, 20S 19.69 32.80% No
3 1T, 500S 28.46 22.69% Yes
3 2T, 250S 17.9 36.08% Yes
3 5T, 100S 12.61 51.22% Yes
3 10T, 50S 11.78 54.83% No
3 20T, 25S 11.92 54.19% No
3 25T, 20S 12.06 53.56% No

The utilizations for FP32 peaks with the configuration of 5 threads and 100 CUDA streams
per thread for the third version while still passing all computations. The results for FP64
must be taken with a grain of salt, since here we assume that we can achieve peak FLOPS
of 509 GFLOPS, but no specification has been made by NVIDIA. Nevertheless, the peak
for FP64, while passing all computations, is with the configuration 2 threads with 250
CUDA streams per thread for the third version.
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Discussion

This chapter discusses the results of the thesis conclusions that can be drawn. There is
also a section that covers societal, ethical, and ecological aspects.

5.1 Version results
For each implemented version, the wall-clock time for handling the same data set is de-
creased. This is due to increased parallelism by dividing the data set on CUDA streams
which can be seen by comparing the wall-clock times of version one, two and three in
figures 4.9, 4.18 and 4.27 respectively. Moreover, changing the least-square solver to only
have five allowed refinement iterations proved to reduce time further when comparing the
second to the third version. However, this change comes at the expense of the accuracy
of the algorithm.

The mean times of the functions increase when using FP64 instead of FP32 as seen in
most mean charts. This is to be expected due to both the data being larger as a result,
and that the GPU has more FP32 compute units than FP64. However, the results from
the first version’s wall-clock times in Figure 4.9 show that FP32 is approximately only
twice as fast as when using FP64. Since there are 32 FP32 per one FP64 computation
unit, this leads us to believe that the library functions do not always utilize the hardware
capabilities of the GPU.

There seems to be a large drop in required execution time when threads divide the range
bin runs on CUDA streams. However, there is a limit at 10 threads with 50 CUDA
streams per thread. By using more threads than that, the total run-time increases. To
find an optimal configuration, there seems that the user must experiment to find an opti-
mal configuration. Moreover, more threads with fewer CUDA streams per thread do not
automatically correlate with a faster execution time and a more utilized GPU.

The memory transfer times generally show that there is not much transfer time of data
compared to computation time. Since it has been shown that it is favorable for a GPU to
have a high computational effort contra a high memory transfer rate, the implementations
play into the GPUs strengths.
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However, for each improved version, the mean time for each function used is generally
increased even though the wall-clock time is decreased. This is arguably due to the GPU
processing multiple instances of each function simultaneously, but not caring to process
them in order. This means that the total workload on the GPU is increased but at the
expense of worse throughput latency for each range bin, prioritizing total execution time
of the program but not total execution time of each range bin.

By comparing the versions, we find relative speedups which are shown in tables Table 4.2,
Table 4.3, Table 4.4 and Table 4.5. Here, we see that if the GPU is pushed too hard
with either a large data size or many threads dispatching many CUDA streams, the run
can fail which is undesirable. Thus, it is important to explore different configurations and
data sizes to achieve peak run-time of the program while still ensuring proper functionality.

5.2 Utilization
When estimating the utilization of the different versions with different configurations on
FP32, we find that the first version achieves a very low utilization of the GPU. Then,
with succeeding versions, we find an increasing estimated utilization with different con-
figurations as can be seen in Table 4.6 and Table 4.7. We achieve the best estimated
utilization for the third version with five threads and 100 CUDA streams with covariance
matrix size of 360 elements, at 2.94 % utilization. It is important to note, however, that
the third version has fewer refinement iterations for the least-square solver which also
impacts the number of total FLOPS compared to the first and second versions. It is not
specified what a refinement iteration requires in terms of FLOPS and can therefore not
be estimated. Thus, the first and second versions can contain more computations than
the third version, but exactly how many more FLOPS of computations this results in can
not be estimated. Fewer refinement iterations can also impact the accuracy of the solver.
This trade-off was, however, not investigated further.

When examining the estimated utilization of the different configurations on FP64, we
see a radically increased utilization compared to FP32. The most utilization is reached
is 51.22% utilization for the third version using 5 threads with 100 CUDA streams on a
convariance matrix size of 360 elements as seen in Table 4.9. The calculated utilizations of
the FP64 runs must, however, be taken with a grain of salt, since the theoretical FLOPS
are not stated by NVIDIA, only assumed to be 1

32 that of the FP32 theoretical FLOPS.
The theoretical FLOPS can be much higher, which would vastly impact the calculated uti-
lization. Therefore, most assumptions are based on the FP32 results since these are more
reliable and because the GPU is more tailored at handling FP32 computations than FP64.

The dominant function in the algorithm is the SVD which increases in computation time
as the size of the covariance matrix size grows. This, in turn, affects the utilization of
the algorithm. If the SVD is improved, the total utilization of the GPU can be increased
massively. We also see that with increasing data size, that the total utilization of the GPU
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increases when comparing the utilization of the runs with different covariance matrix sizes.
This leads us to believe that the SVD function has overhead which impacts the wall-clock
time. When increasing the data size and thus the computational effort, the impact of the
overhead decreases, and the utilization increases.

There does not exist an eigensolver implemented on the GPU that handles asymmetrical
matrices, which made the function being executed on the CPU instead. This makes the
estimated utilization numbers slightly lower in reality. However, since the eigensolver step
of the algorithm is not the most heavy step from a computing perspective, it was deemed
reasonable to include it in the utilization estimate of the entire algorithm to be able to
use the total run-time of the program.

Moreover, the other functions used in the algorithm, except for the least-square solver,
does not require much time. This can indicate that the GPU is a valuable asset with
good computing capabilities for some function implementations in a radar sensor digital
processing chain.

5.3 Issues
One of the main issues of the work was that there were not many tools for evaluating the
performance of the GPU. NVIDIA provides some, mainly NVIDIA NSight systems with
its subsystems [16]. These, however, do not provide very much information of the given
library functions used throughout this project. It is therefore very difficult to identify
points of improvement in the code to further increase GPU utilization.

By not being able to analyze the code and extract the utilization, there are many difficul-
ties in improving the code and analyzing to what extent the GPU is utilized. Therefore,
the work was limited to working with timers placed in the code and logging the time
required for executing blocks of code. This works quite well when having one thread
executing several CUDA streams. When multithreading, however, the timers start some
irregular behavior, where the total run-time of the program decreases while the mean-
time of all functions increases. One hypothesis is that the GPU manages many tasks in
parallel but does not care about throughput, so when many tasks get dispatched to the
GPU it works on many tasks at once but does not finish tasks in order. Thus, the GPU
has a higher active time which lowers the total run-time of the program, even though the
mean-time of the functions increases.

Further, when many threads dispatch many CUDA streams at once to the GPU, the
GPU becomes overloaded and can not handle all computations, making some of the range
bin runs fail. This is backed by the results of Figure 4.18 and Figure 4.27. Here, the
main differences are the lower allowed max iterations for the least-square solver (lower
computational burden) and less redundant synchronization. For the same configurations,
the third version passes more runs than the second run, hinting that the GPU becomes
overloaded in refinement iterations and thus is unable to handle the entire computational
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burden. Also, the amount of failed runs increases when using a larger data size and num-
ber representation.

A final point concerning the execution times is that the timers show a large spread of each
function’s computation time when using multiple threads and CUDA streams. Therefore,
the throughput of a single range bin’s digital processing chain is very unpredictable which
is undesirable from a data processing viewpoint. This also impacts the total run-time of
each program, making it difficult to foresee how much time is required to process all of
the data.

Another issue was the lack of control of function calls. The major bottleneck of the algo-
rithm is the SVD, that has a steep rise in its computational burden when the covariance
matrix data size increases. Therefore, to further push down time of each stream and
improve the throughput of the digital processing chain, the SVD has to become more ef-
ficient. However, the cuSOLVER library does not offer many ways of parameterizing the
function other than using similar implementations of the same function which do not differ
much in terms of efficiency. There is also no clear way of analyzing the function to know
what happens "under the surface". Therefore, it is very difficult to improve this bottleneck
without implementing the function from scratch which was beyond the scope of this the-
sis work and can prove to be difficult and time consuming from an engineering standpoint.

Yet another difficulty during the thesis work was that the computer which ran the simu-
lations were shared by multiple users. There were several Quadro RTX 6000 GPUs which
could be used, so it was important before a run to see which one was available to acquire
more reliable results. However, the CPU on the computer was shared which impacted the
total run-time massively from run to run of the same program. It was thus decided that
each thread be assigned to its own processor core. This made the program sometimes not
achieve the fastest time from run to run, but the results were stable which was deemed
more important.

5.4 Improvements and future work
Several improvements can be made to further decrease the required run-time of the pro-
grams and thus increase the efficiency of the algorithm and GPU. The largest and most
critical improvement is to develop a custom-made SVD or alternative that is more suited
to handle the radar data. The function has proved to be the largest bottleneck and time
consumer of the algorithm and is thus the most important function to work on. The other
function, the least-square solver, is also worth tweaking and looking over since it also has
a substantial contribution to a range bin’s total execution time. There are several versions
of this algorithm already implemented that can turn out to be better than the two tested
from the first version and the second and third versions respectively. There are also SVD
implementations that are batched, where several SVDs are performed on several matrices
in parallel, which can further increase the computational effort of the algorithm and thus
increase the utilization of the GPU.
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Further, there are other versions of the algorithm already implemented in the cuSOLVER
library which may prove to decrease the time required for the SVD. However, investigat-
ing other implementations was out of the scope of this master thesis, due to the time it
would require to investigate not only the execution times of the implementations, but also
the accuracy of the results.

Looking at the data in Table 2.2, we see that with a data size of 360 elements, the SVD
would require 6×21×3603 FLOPS. By using the SVD computation time in the third ver-
sion using five threads each dispatching 100 CUDA streams, which was approximately 60
ms, and the peak TFLOPS promised for the GPU, we acquire an approximated utilization
of the SVD function:

USV D = 6 × 21 × 3603

0.06 × 16.3 × 1012 = 0.006 = 0.6%. (5.1)

Therefore, to increase the utilization of the function further, we significantly need a faster
SVD, or an increased data set size. An increased data size could be achieved by using a
batched version of the algorithm, which currently exists. The batched version was tested
with a dummy data set and showed great promise, but was not implemented in the 2D-
ESPRIT algorithm. This was mainly due to the pipelining of the 2D data slices, which
would require all computations to stall until sufficient threads reached the SVD stage of
the algorithm to perform a large computation of several SVDs at once. This would essen-
tially ruin the pipeline of the algorithm and was thus not investigated further. Perhaps
the data set of this implementation does not map very well on the GPU, but would greatly
benefit from having a larger covariance matrix size which would increase the utilization
of the GPU.

Another improvement of this thesis work is to test the algorithm on different GPUs.
GPUs are constructed to be portable, meaning that code written for older GPUs should
also work on newer and more powerful GPUs with some small modifications. It would
be interesting to see how the algorithm, and some functions, map on more powerful GPUs.

Another future work for this thesis is to test different algorithms other than ESPRIT.
To further investigate GPU utilization, other algorithms can map better and yield better
utilization results.

There are perhaps better tools, other than timers, for analyzing code on the GPU that
will grant more insight into how to improve the algorithm further. It would be interesting
to dive deeper and explore other ways to analyze the code and performance of the GPU.

When analyzing the scatter plots generated, we see that many functions have varying
execution times. Another improvement would be to make the functions more predictable
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to make the performance of the entire algorithm more stable.

Despite the various issues and areas of improvement discussed, the CUDA platform for
interfacing the CPU and GPU with each other is highly convenient. It provides the
engineer with a relatively easy syntax to use the GPU without a very steep learning curve
and much cumbersome setup work.

5.5 Societal, ethical and ecological aspects
The work revolves around improving the computing efficiency of radar data. This radar
technology is used in military technology, which might be ethically questionable. However,
one might argue that state-of-the-art military technology is required for a country as a
defense strategy to deter international conflicts. Also, radar is used for surveillance to
keep track of what is happening in the air space and is not actively used to instigate con-
flicts. Radar is nonetheless used in weapon systems and is therefore ethically questionable.
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This thesis project has focused on the implementation of the 2D-ESPRIT algorithm on the
Quadro RTX 6000 to investigate if GPUs are suitable for handling the demanding digital
signal processing chain in radar applications. It was found that the algorithm could be
implemented on the GPU. By splitting the data and assigning it to different threads with
corresponding CUDA streams, we decreased the wall-clock time of the algorithm, which
further utilized the computing resources of the GPU. However, the spread of execution
times increased with more threads, making the programs’ execution times much more
unpredictable.

The reliance on carefully placed timers in the code for analyzing the CUDA code made
the development work difficult, due to the large function execution time spread. Further,
the available functions required for the implementation of the 2D-ESPRIT algorithm are
"black boxes" where the user does not have the option to analyze points of improvement
or modify them to improve the utilization of the GPU. Despite this, CUDA simplifies the
interface between the CPU and the GPU and can be an excellent tool to use in future
projects to investigate the performance of the GPU.

Finally, the utilization could be increased by using threads and CUDA streams to increase
parallelism. However, the SVD dominates the computation time and effort and must be
improved upon to make significant improvements to the total execution time of the pro-
gram which would also result in and increase in GPU utilization. This could potentially
be done by implementing a batched version of the routine which would compute the SVD
of several 2D data slices at once. Other versions of the SVD could also be investigated in
future works to find one that perhaps work better with the covariance matrix size used
in this work. For the remaining functions, they have low execution times which show
promise for the GPU to be used in radar signal processing chains.
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A
Appendix

The appendix contains the generated graphs from all other runs in this work that were
not included in the results section. The plots were generated from different threads and
CUDA stream ratios for versions two and three.

A.1 Version 2, 1 threads, 500 streams

A.1.1 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.1: Mean times for FP64 using the second version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.2: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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A.1.2 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.3: Mean times for FP64 using the second version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is one thread and 500 CUDA streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.4: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is one thread and 500 CUDA
streams.
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A.2 Version 2, 2 threads, 250 streams

A.2.1 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.5: Mean times for FP64 using the second version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is two threads with 250 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.6: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is two threads with 250 CUDA
streams per thread.
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A.2.2 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.7: Mean times for FP64 using the second version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is two threads with 250 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.8: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is two threads with 250 CUDA
streams per thread.
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A.3 Version 2, 5 threads, 100 streams

A.3.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.9: Mean times for FP32 using the second version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.10: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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A.3.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.11: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.12: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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A.3.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.13: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.14: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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A.3.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.15: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.16: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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A.4 Version 2, 10 threads, 50 streams

A.4.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.17: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.18: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A.4.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.19: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.20: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A.4.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.21: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams
per thread.

87



A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.22: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A.4.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.23: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.24: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A.5 Version 2, 20 threads, 25 streams

A.5.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.25: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.26: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A.5.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.27: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.28: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams
per thread.

94



A. Appendix

A.5.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.29: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.30: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A.5.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.31: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams
per thread.

97



A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.32: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A.6 Version 2, 25 threads, 20 streams

A.6.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.33: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.34: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A.6.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.35: Mean times for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.36: Scatter plots for FP32 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A.6.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.37: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.38: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A.6.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.39: Mean times for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.40: Scatter plots for FP64 using the second version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A. Appendix

A.7 Version 3, 1 thread, 500 streams

A.7.1 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.41: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.42: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is one thread and 500 CUDA streams.
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A. Appendix

A.7.2 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.43: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is one thread and 500 CUDA streams.
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A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.44: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is one thread and 500 CUDA
streams.
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A. Appendix

A.8 Version 3, 2 threads, 250 streams

A.8.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.45: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is two threads with 250 CUDA streams
per thread.
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A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.46: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is two threads with 250 CUDA
streams per thread.
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A. Appendix

A.8.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.47: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is two threads with 250 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.48: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is two threads with 250 CUDA
streams per thread.
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A. Appendix

A.8.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.49: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is two threads with 250 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.50: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is two threads with 250 CUDA
streams per thread.
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A. Appendix

A.8.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.51: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is two threads with 250 CUDA streams
per thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.52: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is two threads with 250 CUDA
streams per thread.
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A.9 Version 3, 5 threads, 100 streams

A.9.1 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.53: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.54: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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A. Appendix

A.9.2 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.55: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.56: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 5 threads with 100 CUDA streams
per thread.
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A.10 Version 3, 10 threads, 50 streams

A.10.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.57: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.58: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A.10.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.59: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.60: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A. Appendix

A.10.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.61: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.62: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A. Appendix

A.10.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.63: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.64: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 10 threads with 50 CUDA streams
per thread.
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A.11 Version 3, 20 threads, 25 streams

A.11.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.65: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.66: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A. Appendix

A.11.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.67: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.68: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A. Appendix

A.11.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.69: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.70: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A.11.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.71: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.72: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 20 threads with 25 CUDA streams
per thread.
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A.12 Version 3, 25 threads, 20 streams

A.12.1 FP32, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.73: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.74: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A.12.2 FP32, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.75: Mean times for FP32 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams per
thread.

141



A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.76: Scatter plots for FP32 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A. Appendix

A.12.3 FP64, size 64

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.77: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams per
thread.
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(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.78: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 64 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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A.12.4 FP64, size 360

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.79: Mean times for FP64 using the third version of the algorithm with a covari-
ance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams per
thread.

145



A. Appendix

(a) Function mean time (b) Compute mean time

(c) Memory mean time (d) Inter-function mean time

Figure A.80: Scatter plots for FP64 using the third version of the algorithm with a
covariance matrix size of 360 elements. Configuration is 25 threads with 20 CUDA streams
per thread.
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