COMPRESSED SENSING BASED IMAGE
PROCESSING WITH APPLICATION TO 3D MRI

ABEERA TARIQ

RESEARCH CENTRE FOR MODELING & SIMULATION
NATIONAL UNIVERSITY OF SCIENCES AND TECHNOLOGY
2015
COMPRESSED SENSING BASED IMAGE
PROCESSING WITH APPLICATION TO 3D MRI



ABEERA TARIQ

Research Centre for Modeling & Simulation

A thesis submitted to the National University of Sciences &
Technology
Impartial fulfillment of the requirement for the degree of
Masters in Computational Science and Engineering

2015



STATEMENT OF ORIGINALITY

[ hereby certify that the work embodied in this thesis is the result of original
research and has not been submitted for a higher degree to any other

University or Institution.

Date Abeera Tariq

II



Dedication

This thesis is dedicated to:
The sake of Allah, my Creator and my Master,
My great teacher and messenger, Mohammed (May Allah bless
and grant him), who taught us the purpose of life,

My great parents, who never stop giving of themselves in countless ways,
My teachers at the RCMS Department, who gave me the background knowledge,
My beloved brothers and sister;

My friends who encourage and support me,

All the people in my life who touch my heart. ©.



Acknowledgements

I've always believed that if you put in the work, the results will come.
Michael Jordan

In the Name of Allah, the Most Merciful, the Most Compassionate all praise is to
Allah, the Lord of the worlds; and prayers and peace be upon Mohamed His
servant and messenger.
First and foremost, | must acknowledge my limitless thanks to Allah, the Ever-
Magnificent; the Ever-Thankful, for His helps and bless. [ am totally sure that this
work would have never become truth, without His guidance.
[ owe a deep debt of gratitude to our university for giving us an opportunity to
complete this work .
[ am grateful to some people, who worked hard with me from the beginning till
the completion of the present research particularly my supervisor Dr. Salman
Shahid, who has been always generous during all phases of the research, and I
highly appreciate the efforts expended by Engr. Sikander Hayat Mirza and Sir
Fawad Khan.
[ would like to take this opportunity to say warm thanks to all my beloved
friends, who have been so supportive along the way of doing my thesis.
[ also would like to express my wholehearted thanks to my family specially my

parents and husband, Muhammad Gohar for their generous support they



provided me throughout my entire life and particularly through the process of
pursuing the master degree. Because of their unconditional love and prayers, I
have the chance to complete this thesis.

Last but not least, deepest thanks go to all people who took part in making this

thesis real.



Table of Contents

1 INTRODUCTION
1.1 BACKGROUND ...coieuieuiesesseessesssesssesssessssssssssessesssasssesssesssssssssssssssssesssesssessssssassssssssssesssesssesssesssssssssssssssssasssasanes
1.2 COMPRESSED SENSING ocutuueuseesserssesssesssessesssessesssesssessssssssssssssessssssesssesssesssssssssssssssssssssesssesssesssssssssssssssssasssssanes
1.3 PARALLEL PROGRAMMING coovvetessueesssseessssssssssssssessssssssssssssssssssssssssesssssssesssssssssssssssssssssssssssssesssssssesssssssens
1.4  MAGNETIC RESONANCE IMAGING c.corersssnressssssesssmssesssssssssssssssssssessssssessssssssssssssssssssssssssssssssssssssssssssens
1.5 RESEARCH OBJECTIVES
1.6 METHODOLOGY wooumueeeesmreessssseesssssesssssssssssssssssssesssssssssssssssesssssssesssssssessssssssssssssssssssssssssssssssssssssssssssssssssssens
1.7 CONTRIBUTIONS..rvetessreessssmseesssssesssssesssssssssssssssssssssssssssssesssssssesssssssessssssssssssssssssssssssssssssssssssssessssssssssssssens
1.8  ORGANIZATION OF THE THESIS ...coiuuieusiusesseessessesssesssssssssssssssssssssesssesssssssssssssssssssssesssssssssssssssssssssssssssssasanes
2 LITERATURE REVIEW
2.1 BACKGROUND covutreerssseseesssesesssssssesssssesesssssssesssssesesssssssssssssssessssessesssssssesssssssssssssssssssssssssssssssssssssssssssssssssess
2.2 COMPRESSED SENSING RELATED EFFORTS ....vuutuueureesersesssessesssssssssesssesssesssssssssssssssssssssssssessssssssssssssssssnes
2.3 MISSING LINKS IN LITERATURE ....ccueuuernersessessesseessesssesssesssssssesssssssssesssesssesssssssssssssssssssssesssessssssssssssasssssnes

3 COMPRESSED SENSING FOR 3D MRI RECOVERY

31

3.2

3.3

3.4

BACKGROUND .cetuserieseeseessessessessessssssssssssessessessessssssssssssessesssssessssssssssssessesssssessssssssssssessesssssesssssssassssessesssssessnes

COMPRESSED SENSING

3.2.1 OVEIVIEW .ot tesssssressss s ssss st esss s s st ssssssssssssessssssssssssbesssssssessesssssnssesssessssssnssanssssssases

B T | 3 1 PP
CS RECOVERY VIA COLLABORATIVE SPARSITY FOR A SINGLE 2D SLICE.....cccsurererreseresssesseesseens

3.3.1 Collaborative SParsity MEASUTI'E .......coormeimeemiesmesssessmsesssessssssssssssssssssssssssssssssssssssssssssees

RECOVERY VIA COLLABORATIVE SPARSITY MEASURE ...ovcveirnesnrssessrssssssssssssssssssssssssssssssssssssssssssasns

3.4.1 ‘W’ sub problem for CS reCONSTIUCTION. ....iwerieereesneesmsesseerseesssssssessssssssssssssssssssssssssssssnes

3.4.2 ‘s"sub problem for CS reCONSIIUCTION. ..o eeiereeseeesssesseessessssssssessssssssssssssssssssssssssssssens

14

14

15

18

19

.19

20

21

22

25

25

25

33

34

34

.35



4

3.5

3.6

3.7

3D COMPRESSED SENSING ALGORITHM ON GPU

4.1

4.2

4.3

4.4

4.5

AN OPTIMIZED 3D COMPRESSED SENSING ALGORITHM

5.1

5.2

5.3

5.4

5.5

3.4.3 %’sub problem for CS reconstruction

CS RECOVERY VIA COLLABORATIVE SPARSITY FOR 3D MRI

RESULT FOR 3D MRI

PERFORMANCE ANALYSIS OF 3D MRI

3.7.1 Root Mean Square Error

3.7.2 Peak Signal to Noise Ratio

3.7.3 Topography Measure

3.7.4 Relative Error

3.7.5 Correlation Coefficients

3.7.6 Histogram

BACKGROUND

ALGORITHM OVERVIEW W.R.T COMPUTATIONAL COMPLEXITY wcovereeneerensenses

GENERAL PURPOSE GRAPHICS PROCESSING UNITS (GPGPUS)....cccorererurens

GPU-BASED CS RECOVERY FOR MRI

GPU-BASED SIMULATION FOR 3D MRI

..39

42

43

46

46

47

.47

48

48

50

50

51

53

54

55

58

BACKGROUND

PROBLEM FORMULATION

MEX FILES IN MATLAB

OPTIMIZATION BY INTRODUCING MEX FILES

5.4.1 Selection of complex functions

5.4.2 M file to mex file conversion

SIMULATION RESULTS

3D COMPRESSED SENSING ALGORITHM ON MULTI-CORES

6.1

6.2

BACKGROUND

58

59

59

59

60

61

.61

63

TYPES OF HIGH PERFORMANCE COMPUTING ARCHITECTURES.....cevureenennenne

6.2.1 Shared Memory Architectures

63

63

.63



8

6.2.2 Distributed Memory Architectures (DMA) ....oememeerneesseesssessesssesssessssssssesssssssess 64

6.2.3 Hybrid Distributed-Shared Memory Architectures (HDSM) .....cccovnmrerrerersereeae 65

6.3  PARALLEL PROGRAMMING METHOD IN MATLAB ....rvvvutrrcermeeessmssessssmssssssssssssssssssssssssssssssssssssssssssess 66
6.3.1 Parallel fOI LOOP .. reierneeeseeenteseersesssesssessssesssessssess s sssess s sssss b ss bbb s b s 66

6.4 PARALLELIZING COMPRESSED SENSING ALGORITHM w.cccvvurmreerssmeeessssesssssssssssssssssssssssssssesssssssssssssssess 67
6.5 SPEED-UP RESULTS.ccnmimissmisssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssassssses 68
6.6  COMPARISON WITH OTHER OPTIMIZATIONS ...cotuuiesesseesserssesssessssssssssssssssssssesssessssssssssessssssssssssssesssesas -70 -
CONCLUSION AND FUTURE RECOMMENDATIONS -72 -
7.1 CONCLUSIONS cotutueeeesssseesssssssessssssesssssssesssssssesssssssssssssssesssssssesssssesssssssesssssssssssssssssssssssasssssssssssssssssssssssssssses -72-
7.2 FUTURE WORK...coieureruersessessiessssssessssssesssessssssssssssssssssssse s s sssssssssssssssssesssesssssssssssssssssssssssssssssssssesssssnns -73-
BIBLIOGRAPHY -75 -




List of Figures

Figure 1.1 Unsuccessful RECONSIIUCTION..........cc.oceeeeceeceseeesseeesseessss s ssssssssesssssesssesesssesssssesesssssssaeses 15
Figure 1.2 :Block Diagram of CompresSed SENSING ............ccoeeeemeeemmeesssmsessnsessssesssesssssessssessssesss 17
Figure 1.3 Illustration of Compressed Sensing Paradigm ...........ccooeneneennecnneensersseessesesssesseeens 17
Figure 1.4: Methodology FIOW CRart ...ttt sssssesss s sssssssss s sssssessssssssssas 20
Figure 3.1 Illustration of nonlocal 3D SPArSItY ........ccoeeeeeeseesseesneesssssessssessesssssessssessssesssseses 37
Figure 3.2: General system setup of Proposed 3D algorithm...........nnn 39
Figure 3.3 : Control Flow for 3D Recovery Algorithm ... 41
Figure 3.4 : Recovered 3D MRI in Grayscale 42
Figure 3.5 (b): Recovered 3D MRI With COLOTS..........oceeereeeeeeeseeeee e sssessseens 43
Figure 3.6 (b): Reconstructed Slice NUINDET 1 ..........oosssssssesssessssssssssssssssssssseses 44
Figure 3.7 (b): Reconstructed Slice NUIMDET 6 ...........coooeeeeeeernseeeeessesssesseesssssessssssssessssessseens 44
Figure 3.8 (b): Reconstructed Slice NUMDET 12 ..........eeeeeeensessseseesssssessssesssessssessseens 45
Figure 3.9 (a): Origional Slice NUMDBET 18...........coseessesssssssesssssssssssssssssesssssesssssssssssssaeses 45
Figure 4.1 Flow chart of Collaborative Sparsity based recovery algorithm............ccvnennnee. 51
Figure 4.2 Execution Time Division of AlGOrithm ... eeceeeeseeeeeseeseeens 52
Figure 4.3 : General GPU ATChItectUTe ............ccceeersessesssessssssssssss s sesssesssasssssaeses 53
Figure 5.1 : Flow chart for solution of sub problem ... 60
Figure 6.1 : Shared Memory ArCRItECTUTE. ... sess s ssssss s sessssssssssseens 64
Figure 6.2: Distributed Memory Architecture............ s 65
Figure 6.3 : Hybrid Distributed Shared Memory Architecture ..., 65
Figure 6.4 : Working of parallel fOr LOOP..........ceeseeessessessesessssssessseesssssssssesssesssssssseens 66

Figure 6.5 : Parallel Runtime of 3D MRI data recovery algorithm on an 8-core Machine- 69 -
Figure 6.6 : Parallel Speed up of 3D MRI reconstruction on 8-core Machine..................... - 69 -

Figure 6.7 : Execution times and Speedup for all implementations............cccooonnenneerneeennees -71-


file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909491
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909492
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909496
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909497
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909498
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909499
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909500
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909501
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909502
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909503
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909504
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909507
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909508
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909510
file:///C:/Users/abeera%20tariq/Desktop/GAT/PhD%20Thesis%20(Autosaved).docx%23_Toc429909511

List of Tables

Table 3-1:

Table 3-2:

Table 3-3:

Table 3-4:

Table 3-5:

Table 4-1:

Table 6-1

Root Mean Square Error Values of Reconstructed Images ............ccouenmeerneeeenneeeene 46
Peak Signal to Noise Ratio of Reconstructed Images ...........cccoenmernmeenneecsnsesesnseeesnnn 46
Topography Measure of Reconstructed Images 47
Relative Error of Reconstructed IMages...........ccoeenenniensesssesssssssssssessssssssssssssssessns 47
Correlation Coefficients of Reconstructed Images............cccccomenmeeenneernnesesnsesesseesssseseens 48
Comparison of PSNRS for GPU based and sequential implementation.................... 56
: Serial and parallel execution times for 3D MRI data on a multicore machine ...68

10



Abstract

In the present age of technology, the buzzwords are low-power, energy-
efficient and compact systems. This directly leads to the data processing and
hardware techniques employed in the core of these devices. One of the most
power-hungry and space-consuming schemes are that of image or video
processing, due to its high quality requirements. In current design
methodologies, a point has been reached in which physiological and physical
impacts restrict the capacity to simply encode information faster. These limits
have led to search for strategies to diminish the amount of obtained data without
losing information and increase vitality and time effectiveness.

Compressive sensing (CS) is an emerging technology which is based on an
efficient signal compression and reconstruction technique. It can be used to
efficiently reduce the data acquisition and processing. It utilizes the sparsity of a
signal in a different transform domain for sampling and stable reconstruction. It
is another opportunity to conventional data processing and is robust in nature.
Unlike the conventional methods, CS provides an information capturing
paradigm with both sampling and compression. It allows signals to be sampled
below the Nyquist rate, and still allowing optimal reconstruction of the signal.
The required measurements for reconstruction are far less than those of
conventional methods, and the process is non-adaptive, making the sampling
process faster and universal.

In this thesis, CS method is applied to magnetic resonance imaging (MRI), which

is popularly used imaging technique in clinical applications and image
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compression. Over the years, MRI has enhanced significantly in both imaging
quality and working speed. This has further advanced the field of diagnostic
medication. In any case, imaging speed, which is fundamental to numerous MRI
applications, still remains a major question. Moreover, the fast growing 3D MRI
images and real-time MRI scanning has become more complex leading to a
further increase in data acquisition times. On the other hand, to improve the
speed, it becomes necessary that the processing algorithms are also
computationally sped up. There have been various attempts where Graphic
processing unit (GPUs), Field programmable gate array (FPGAs), clusters and
central processing unit (CPUs) are used for this purpose, which have time
durations ranging from minutes to hours. Again, though, there are solutions for
reduction in computation time, the desire for the least computational time needs
to be ascertained.

Considering the requirements discussed above, the work in this thesis is
presented in two parts. In the first part, a scheme for 3D MRI reconstruction is
proposed by taking the benefit from collaborative sparsity, which at the same
time enforces nonlocal 3D sparsity and local 2D sparsity in a hybrid transform
domain. An efficient and improved augmented Lagrangian technique is used for
the solution of CS optimization problem which enhances the MRI performance
when compared with the conventional sampling. Experimental results for all
slices are combined to form a 3D view. This work reveals the efficacy of already
proposed 2D recovery algorithm by reconstructing image in 3D.

As, 3D MRI experiences long scan time, and CS can significantly reduce the
encoding time for 2D magnetic resonance images, therefore, for faster 3D MRI

12



reconstruction the algorithm is parallelized. So, in the second part this problem is
tackled by using the benefits of multicore architecture and GPU. The sequential
Compressed Sensing reconstruction algorithm is made parallel using different
parallelizing techniques and compared on the basis of Peak signal to noise ratio
(PSNR), correlation coefficients, Relative error (RE), Root mean square error
(RMSE), histogram and topography measure. The effect of GPU based
implementation is not significant because the application of complex
collaborative sparsity on small blocks of images forms the algorithm repetitive in
structure. This bottleneck lies because of a lot of time in data transfer from host
to GPU and GPU to host. An optimization is introduced for sequential
implementation by using combination of lower level and higher level languages.
In this work, multicore architecture is proven to be most efficient and
accelerated for 3D CS reconstruction because of repetitive structure of algorithm.
When compared to sequential CS recovery via Collaborative sparsity this design

is energy-efficient, fast and has lower complexity.
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Introduction

1.1 Background

Information processing is a dominant part in any field that uses present
technologies. We are in the century of digital revolution that is known for the
development of new computational and analytical tools that are being developed
for the extraction of information from data. These tools are being neglected
continuously because of large problem sizes dealt by today’s applications. Thus,
the challenge is to devise new and computationally efficient set of data
processing tools that can adequately adapt to this gigantic set of information.
Kotelnikov, Nyquist, Shannon, and Whittaker laid the conceptual foundation of this
revolution by working on sampling of continuous time band-limited signals. The
bottom line of their research was that “A signal can be reconstructed from its
samples, if the sampling frequency is twice the highest frequency contained in the
signal. ” As a result of their theories, a big area of signal processing has been
transferred from analog to the digital domain. Digitization has enabled the creation of
systems that are more robust and cheaper. Unfortunately, in some emerging
applications, the resulting Nyquist rate is so high that it results in too many samples.
Alternatively, it may be too costly. Thus, despite extraordinary advances the
acquisition and processing of signals continues to pose a tremendous challenge.

However, the computational complexity of the reconstruction of sparse signals is
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quite high. Meanwhile, the computation of CS based imaging technique becomes
larger and larger along with the increasing demand on high resolution images.
Recently, the graphics processing unit (GPU) and multi-core CPUs have shown great
potential for accelerating computations in many application areas, which offer an
alternative for fast reconstruction of sparse signals. This thesis realized the fast
reconstruction of CS based MR images, taking advantage of the efficient parallel

computing capabilities of GPU and CPUs.

1.2 Compressed Sensing

Claude Shannon[1] formulated his theorem concerning data acquisition
and sampling. Shannon- Nyquist sampling theorem [2] is a fundamental theorem
in signal processing. According to this theorem, if we have correctly sampled
measurements, a band limited signal can be recovered perfectly. But the
recovery of the original signal is hopeless when the measurements are not

enough to reconstruct the signal. As shown by the following figures:
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Figure 1.1 Unsuccessful Reconstruction
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Figure 1.2 Successful Reconstruction

Since, this theory forces you to go the traditional way and to satisfy the
Shannon-Nyquist theorem. Otherwise, we would not be able to reconstruct the
original signal from samples of signal. Unfortunately this leads to very high
amounts of data. The inefficiency of this technique is obvious. First one collects a
massive amount of samples to discard nearly all of them in the compression step
afterwards. So, one of the most intuitive thoughts would be to combine these
both sampling and compression. Here, the new sensing paradigm, called
Compressive Sensing comes into play. By simply combining two principles, the
amount of samples needed for reconstruction can be reduced drastically. The
process of CS with comparison of previous compression technique is illustrated

in Figure 1.3 and 1.4.

M Zamples K Samples [N==K)

Criginal Image —» Sample — Compress — Compressed Data -
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mime Decoder

Figure 1.3 : Block Diagram of Previous Compression methods
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Figure 1.2 :Block Diagram of Compressed Sensing

Traditional paradigm is often extremely wasteful; huge data is acquired
because of the Nyquist theorem, making compression a necessity prior to storage
or transmission, and then discarded by a compression. In contrast, compressed
sensing performs data collection and compression and reduces enormously the
volume of data. Compressed sensing can recover accurate sparse signal from the
linear measurements. An abstract concept of compressed sensing is shown in

Figure 1.3 and theoretical detail is given below:

n

]

F:- BRn — Bk g: RFR"

k ok
Tt
-4 Encoder Y /_ll_\ Y Decoder

Figure 1.3 lllustration of Compressed Sensing Paradigm

Typically, image is reconstructed from the measurements that follow the Nyquist
rate. By exploiting the sparsity of the image, CS can reconstruct the signal or

image from the significantly reduced number of samples. Suppose the image or
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signal is xeRNx*1 and exhibits sparsity in some transform domain W. The signal x
is K-sparse if
|x|lo =#{i:x; # 0} < K (1.1)
More specifically, measurement vector yeRN*1 is obtained as result of inner
product of signal x and random projections AeRMxN, Mathematically; we
represent these linear measurements as
y = Ax (1.2)
This process of obtaining linear measurements from signal x is called encoding.
While the process of recovering sparse signal x from the linear measurements y
is termed as decoding. The recovery of the signal from linear measurements is
the ill posed problem given by Equation 1.2 but the sparsity makes recovery
possible.
min,, || P7x||, s.t. y=Ax (1.3)
Where p characterizes the sparsity of the signal x and normally set to 1 for 11
minimization and set to 0 for lp minimization. Recovery algorithm in [3] tries to
solve this nonlinear optimization problem for 2D natural images. However, the

algorithm considered here targets the 3D MRI.

1.3 Parallel Programming

Traditionally, software architectures are based on serial computations. A
problem is broken into a discrete series of instructions. Instructions are executed
sequentially one after another on a single processor. Only one instruction can be
executed at any moment in time. With the evolution of simulation algorithms and
extensively increasing data spaces and the limitations imposed at transistor level

18



on CPU processing speeds, parallel computing has emerged as a prevalent
method to provide good performance metrics, especially for graphical processing

applications.

1.4 Magnetic Resonance Imaging

Magnetic resonance imaging is a medical imaging technique that provides a
way to quantify the water molecule diffusion in biological tissues. It is one of the
most popular imaging modalities due to its excellent depiction of soft tissues,
and inherent absence of emitted ionizing radiation. The traditional approach of
MRI data acquisition is to sample at Nyquist rate followed by use of coding
methods for compression. Recent trends have advanced to 3D-MRI and generally

require faster acquisition techniques to achieve clinical practicality.

1.5 Research Objectives

The objectives expected to be achieved in this research endeavor are:

e Exploration of compression techniques.

¢ Implementation of sequential 3D compressed sensing algorithm.

e Parallelization of compressed sensing algorithm on different cores of
processors.

¢ Implementation of compressed sensing algorithm on graphical processing
unit (GPU).

¢ An optimized implementation of CS algorithm using mex files.

e Comparison of parallel, GPU based implementation and sequentially

implemented CS algorithm.
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1.6 Methodology

In this thesis, an algorithm for CS recovery via collaborative sparsity for 3D
MRI compression is implemented. A conceptual methodology flow chart is shown
in Figure 1.4. After comprehensive literature review, a 3D algorithm is
implemented for CS. Then time for sequential algorithm is computed and
algorithm is analyzed on the basis of various assessment parameters. Later, his
sequential algorithm is parallelized using different processors and GPUs. Finally,
in the end the performance of proposed 3D sequential algorithm is compared

with the parallelized and GPU based algorithms.

Assessment
Criteria's
Evaluation

3D Sequential CS

Literature Review Algorithm

Parallelization on Acceleration of Optimization of

different Cores of Algorithm using Algorithm using
Processor GPU mex files

Comparison between Sequential,
Parallel and GPU based Algorithm
Implementation

Figure 1.4: Methodology Flow Chart
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1.7 Contributions

The primary essence of this work is to provide a low-complexity, low-cost,

energy efficient encoding-decoding system for MRI, while overcoming the

processing speed issues. In MRI processing, compressed sensing is used for data

acquisition and then recovery of images. For CS-based imaging, the aim is to

reduce the transform data in both domains and then decoding.

Specifically the contributions are summarized as follows:

Local 2D and non-local 3D Sparsity: The Major challenge in
compressed sensing theory is to find a domain in which signal
exhibits maximum degree of sparsity. In this Algorithm signal
sparsity is exploited in adaptive hybrid space transform domain.
This method is discussed in Chapter 3.

Efficient Augmented Lagrangian based technique: This transform
domain result in severely undetermined inverse problem.
Furthermore, when Augmented Lagrangian based technique used it
ensures an enhanced reconstruction of image data in the form of 3D
matrix. The idea behind the use of CS is to drastically reduce the
transform coefficients. The simulation platform is built and
performance of the system is shown in terms of signal-to-noise
ratio.

3D Visualization: Above 3D matrix is visualized using orthogonal
plane 2D texture mapping technique. It is a volume render for 3D

data in openGL.
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e Parallelization of Sequential Algorithm: Above sequential algorithm
is computationally complex and time taking so it is parallelized on
different cores of processors and GPU. These features aim at
providing reduced complexity and increase the speed, which is one
of the major issues in MRI reconstruction. This issue is dealt with in
this chapter and results are compared with the existing sequential
algorithm.

e The outcome of the research from this thesis has generated one

journal manuscript.

1.8 Organization of the Thesis

This thesis comprises of seven chapters. The brief outline of each chapter is

discussed as follows:

Chapter 1 --- Introduction
In this chapter, the background and the area of research are classified. The
objectives, scope and methodology used in the research are documented. A

systematic outline of the report is given at the end of the chapter.

Chapter 2 --- Literature Review
A comprehensive summary of the literature study is given in this chapter.
Identification of challenges from the literature survey is also presented as the

driver for the research.
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Chapter 3 --- 3D Compressed Sensing Algorithm

In this chapter, sequential algorithm for compressed sensing with
application to 3D MRI is discussed. The discussion encompasses parametric
comparisons. Results are evaluated on the basis of these parameters for

assessment.

Chapter 4 --- GPU based implementation of 3D Compressed Sensing
algorithm

This algorithm is implemented on GPU but no speed up is gained. Results
are shown at the end of chapter to check the efficiency of GPU based

implementation.

Chapter 5 --- Optimization of Compressed Sensing Algorithm
This chapter is about optimization of compressed sensing algorithm.

Optimization is introduced by using MATLAB’s mex files.

Chapter 6 --- Parallel 3D Compressed Sensing Algorithm

In this chapter, the algorithm is parallelized on different cores of
processors to make it computationally cost effective. This chapter also discusses
3D compressed sensing algorithm parallelization on different nodes of cluster so
that minimum time and computational complexity is faced. Based on the
computational and time complexity sequential and parallel algorithms are
compared. After the analysis, one optimal algorithm, which is most accelerated, is

recommended.
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Chapter 7 --- Conclusions and Future Work
Conclusions from the current research presented in dissertation are
derived and recommendations for future line of action are laid down in this

chapter.
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Literature Review

2.1 Background

A comprehensive summary of the efforts deployed round the globe for the
implementation of fast and efficient compressed sensing algorithm is discussed.
A review of existing literature was performed to support the methodology
undertaken in this thesis. Next, a discussion of literature study associated with high
performance computing is performed. Lastly, Identification of the missing links
from the literature survey is also presented that gives the direction for the future

avenues of the research.

2.2 Compressed Sensing Related efforts

The initial work for the understanding of reconstruction of an object from
incomplete frequency samples can be attributed to Emmanuel Candes, Terence
Tao and David Donoho. They introduced the compressed sensing by conducting a
thorough research about the discovery of the signal using data less than Shannon
Nyquist’s criteria [4-6]. In compressed sensing, one adds the constraint of
sparsity, allowing only solution which has a small number of nonzero
coefficients. However, if there is a wunique sparse solution to the
underdetermined system, then the compressed sensing framework allows the

recovery of that solution. So here the challenge is to seek a domain in which
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signal has high degree of sparsity. A sparse signal is encoded in the form of some
linear measurements and decoded from the incoherent measurement by solving
the underdetermined linear equations. Direct solution of this linear system is
non-deterministic polynomial-time(NP) hard problem because of exponential
complexity of computations[7].Many solutions were proposed for the
approximation of this NP-hard problem. Most common method applied for
compressed sensing is using lp and 11 equivalence [8]. Donoho proved that in CS
theory reconstruction is possible by minimizing the number of non-zero
elements (lo norm) assuming MRI is compressible in some transform domain. But
the issue is that it is discontinuous and an NP-hard (Non-deterministic
Polynomial-time hard) problem. Candes et al., showed that 11 norm is the optimal
convex approximation of lo norm. This equivalence result allows one to solve the
1 norm problem, which is easier than the lo norm problem and has been proved
that for many problems it is probable that the 11 norm is equivalent to the 1o norm
in a technical sense. Researchers also introduced some greedy methods that
could handle CS problem [9-13]. But 11 and lp based methods provide better
stability and require comparatively less measurements than greedy algorithms
for computation of signal support.

Over the recent years, various CS recovery methods have been proposed.
These methods can be categorized in three ways. In first category, algorithms are
based on a range of sparsity bases using a subset of the largest transform
coefficients for exact signal reconstruction. For example, fourier, Wavelet,
Curvelet, Walsh and Discrete Cosine etc. All conventional MRI based processing
rely on the Fourier transform for data acquisition, including 3D and dynamic MRI
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[14-16]. In many instances, it is noticed that the Fourier encoding is not well
suited for compressed sensing recovery, the incoherent conditions is only weakly
satisfied with respect to sparse transforms [17]. This shows that the use of
matrices other than the Fourier transform could possibly lead to better results.
For example, wavelet transform in a coarse scale has its energy concentrated
rather than spread out in the Fourier domain, which suggests the incoherence
condition is barely satisfied [18]. Majumdar and Ward [19] used the wavelet
domain for reconstruction of T1- or T2- weighted images. He used the images
having the same cross section for high correlation and exploited the spatial
correlation through wavelet transform. But to reconstruct the perfect signal one
has to compute all the coefficients. As a result the algorithm requires more
computations. Zhen [20] proposed a novel 3D Walsh transform and made an
effort to experimentally compare 2D wavelet transform with 3D Walsh
transform. 3D Walsh transform was preferred because it reconstructed image
with better quality and it was computationally efficient too. In [21] optimal
orthogonal wavelet approximation was used for adaptive compressed sensing
based recovery. This algorithm was based on greedy approach for fast
computation but the quality of the reconstructed image was affected.

Xiaobo et al,,[22] compared the traditional wavelet with Contourlet transform
domain for compressed sensing recovery. He showed that wavelet does not
sparsely represent MRI curves but Contourlet can overcome this shortage and
reduce pseudo-Gibbs phenomenon. He concluded that medical images like MR
images are not sparse in one domain only. We can combine more domains to
sparsely represent the different structure in images. For example wavelet
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transforms can provide suitable representation of point like feature in an image
and line like features can be more sparsely represented by curvelet transform. In
[23] combined wavelet and the curvelet based scheme was developed for two
different frames. An algorithm for fast reconstruction using split Bregman
technique was proposed. But the algorithm was dependent on the values of
regularization parameter. So choice of better regularization parameters can lead
us to better results. Some researchers proposed data adaptive sparsity transform
based reconstruction algorithms also. M Hong et al, [24] experimentally
explained the singular value decomposition (SVD) based transform as data
adaptive sparsity basis and evaluated it for reconstruction of multiple MR images
types. It was found useful for speed sensitive and computationally heavy
application, such as cardiac MR images.

In second category, algorithms are based on geometric similarities and
exploit the sparsity in spatial domain. Total variation based sparsifying
transforms are well known for their property of preserving edges and
boundaries [25]. But most of the time total variation based algorithms recover
over-smooth image. To deal with this undesirable artifact many improved
versions of total variation are designed [26-28] . Gaussian mixture models based
algorithms hold an important role in compressed sensing. Guoshen and Sapiro
proposed a novel statistical compressed sensing algorithm. Their algorithm
could efficiently deal with a collection of images unlike the conventional
compressed sensing algorithms which deal with one image only at a time.
Moreover, this model revealed the broad range of possible algorithms which can
be generated for improved compressed sensing reconstruction [29]. In [30] a
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GMM-based compressed sensing algorithm reconstructed the images by
estimating the Gaussian components but the computations grow with the image
dimensionality. Moreover, it lacked the performance guarantees. Jianbo et al,,
addressed these drawbacks in [31] and developed a method to estimate the
unknown GMM, unlike the traditional GMM based algorithms, for recovery of
images using linear measurements with incomplete information. Many adaptive
dictionary based algorithms are developed. These methods exploit the structural
similarity using machine learning techniques. This approach produced optimal
effective dictionaries at the cost of complexity. The sparse dictionary learning
from corrupted data was first introduced by Ron et al,, in [32]. He presented an
efficient trainable dictionary which outperformed for denoising of corrupted
data of CT scan. The proposed dictionary had the potential to be used for
compressed sensing as well. In [33] a dictionary learning based compressed
sensing technique was developed. This algorithm recovered image with
enhanced PSNR values in some cases and it still had the improvement capability
using the mini batch modification [34]. Yue Huang et al., presented a method for
MRI recovery using the Bayesian approach that uses nonparametric dictionary to
learn a sparse basis and total variation penalty term for smoothness. In [35] Ni et
al.,, designed a two stage algorithm to get the sparser representation of signal and
enhanced accuracy of reconstruction with the approximate single value
decomposition for the dictionary updating. But still it had ‘block’ effect as a
drawback, which is very visible at low sampling rate. The research of Yaghoobi in
[36] approximated an audio signal using a novel compressible dictionary based
model. But dictionary and recovery related many investigations were left to be
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revealed. First category faced features dependent sparsity as a drawback.
Neither of basis transform could present whole image features sparsely. The
second category algorithms are computationally complex and thus limiting the
reconstruction quality.

In third category, algorithms are designed by combining sparsifying
transforms for assistance of one another. Recently, these types of algorithms are
gaining interest. In [37] Qu, Xiaobo, et al. compared the performance of algorithm
using combined transforms and single transform. His research showed that
algorithm with combined transforms outperformed because plentiful features
were sparsely represented for signal reconstruction guidance. The research in
[38] proposed an algorithm that exploits local sparsity by total variation and two
non-local sparsities by wavelet transform and patch correlation. This combined
sparsity measure significantly reduced the sampling rate required for image
compressive sensing. [39] is one of the state of the art algorithms, it uses the
combined benefits of wavelet and total variation for sparsity of MRI. There are
many solutions for convex optimization problem generated as a result of
compressed sensing encoding phase. In [40] almost an optimal CS recovery is
achieved through linear programming. Daubechies et al. in [41] applied iterative
thresholding based iterative technique for solution of linear inverse problems.

MRI has been accepted as a versatile and powerful medical diagnostic tool
over the past few years. However, MRI suffers from lengthy image processing
time. For instance, encoding and decoding may take several hours for MR images
acquisition. Compressed sensing approach has claimed to reconstruct a good
quality image from very few measurements. Thus, fast reconstruction is the key
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for adoption of compressed sensing approaches to MRI. But imaging speed
remains a major challenge for volumetric MRI data collection and encoding
through CS [42, 43] . Three dimensional image processing is a new and emerging
field so has enormous applications. However tremendous data of 3D images
slower down the data processing speed. So, 3D-MRI processing demands the
development of new methodologies for fast clinical imaging practice.
Compressed sensing brought new algorithmic and computational challenges.
What makes the problem of fast reconstruction so challenging is that a
compressed sensing reconstruction solves a large-scale non-linear optimization.
This requires the use of iterative schemes. Every iteration involves operations
which are computationally intensive. In addition, the number of iterations
required is a polynomial function of the size of the problems with larger sizes
taking many more iterations to converge. Though compressed sensing
algorithms are very advantageous but with computationally intensive and
complex reconstruction [44]. Therefore, it is critical to develop some methods for
fast processing. Recently, several algorithms have been proposed which show
trade-off between complexity and accuracy through light weight operations [45],
[46] and [47]. In recent years, many reduced sampling methods are emerging
based on multiple receiver channels [48], spatial and temporal correlations [49]
and data redundancy [50]. Most of these algorithms are not clinically viable.
Various studies revealed that the performance of the medical image processing
algorithms can be enhanced by implementing them on graphical processing units
(GPUs) [51, 52], multicore central processing units (CPUs) [53, 54] and field-
programmable gate array (FPGA)[55, 56] which showed a remarkable advance

31



towards clinical feasibility. Qiyue accelerated already proposed time consuming
compressed sensing algorithm. This approach improved the quality of the image
and reduces the computation time by parallelizing it on multicore processors. It
is hardly possible to accelerate an algorithm by the factor larger than the number
of cores. He addressed this limitation through a preprocessing mechanism which
avoid the smooth patches and sort the wavelet coefficients for to reduce the total
computation time in [57]. In [58] a parallel compressed sensing algorithm is
compared with sequential compressed sensing algorithm to demonstrate the
significant speed up on parallel architecture using multi core CPUs and GPU. CPU
cores speed up computations by the factor of 2.2 and GPU speed up of 35. The
parallel algorithm implemented in [59] discusses the pros and cons of three
parallel architectures. This implementation was also an effective approach for
speed up of compressed sensing reconstruction. Daehyun et al. also showed in
[42] that optimized use of parallel architecture can even efficiently reduce the
computational overhead for reconstruction of single 3D MRI volume. In [60] CS-
based 3D MRI reconstruction using multicore CPU and GPU architectures is
proposed that can achieve fast data acquisition. A novel implementation of CS on
high performance architectures (FPGA and Multicore CPU) is presented in [61].
Many core CPUs can offer performances comparable to GPU [62]. However [63]
showed that GPU for the applications that require irregular memory accesses
may not be suitable. Conversely, FPGA may not be suitable for applications which
have large and complex computational kernels that require double-precision
floating point calculations due to limitations in silicon area. As a result,
developers have to decide which architecture is suitable for their application
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such that they can achieve the most performance enhancement. Again, though
there are solutions for reduction in computation time, the desire for the least

computational time needs to be ascertained.

2.3 Missing Links in Literature

As has been noted above, compressed sensing is an emerging and broad
field of research. Compressed sensing has recently gained a very significant and
authentic effect in MRI and other related fields. If we consider the current
scenario then a point has nearly been reached in which physical and
physiological effects limit the ability to just encode data faster. The traditional
approach of MRI data acquisition is to sample at Nyquist rate followed by use of
coding methods for compression. These limits have led to look for methods to
reduce the amount of acquired data without degrading image quality and
increase the energy efficiency. This research builds on the foundation of
designing an algorithm that can encode 3D-MRI data faster to achieve clinical

practicality.
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Compressed Sensing for 3D MRI

Recovery

3.1 Background

According to CS theory, main reason behind the successful recovery is the
sparsity. So, sparsity of a signal play key role for lossless and successful signal
reconstruction. The sparsity and recovery quality are directly related with each
other. Therefore, seeking a highly sparse domain is most important question for
CS recovery. Since, image’s sparsity is feature dependent. So, there is no
universal domain in which whole image is sparse. Most compressed sensing
algorithms explore a set of fixed transform domains (i.e. wavelet) and that is
why they are signal-independent, resulting in poor rate-distortion performance
compared to the conventional coding techniques. Compressed sensing algorithm
used in this thesis uses combined sparsity in a hybrid domain. In Section 3.2 a
brief description on compressive sensing theory is provided. In Section 3.3 we

discuss magnetic resonance imaging with respect to single 2-D slice and 3D MRI.
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3.2 Compressed Sensing

3.2.1 Overview

Let a signal s € RN be our signal of interest which is real valued and sparse
in some domain W. We consider a dictionary (measurement matrix) ® € RMxN
(M<<N) with the vectors i € RN as columns. We collect m linear measurements
which can be viewed as inner product of signal of interest s and column vectors
@i of measurement matrix ®. The measurementsy € RM of signal of interest s are
given by the following equation.

y = Ps (3.1)

Our basic goal is the recovery of the K-sparse signal s € RN from its
measurement vector y € RM. If M < N then we cannot solve the linear system for s
by inverting the measurement matrix ®. Equation 3.1 is an ill posed problem. But
this system might still determine x uniquely under the additional condition that x

is K-sparse.

3.2.2 Sparsity

The sparsity of the signal is the number of at most non-zero components in
the coefficient vector Ws of some transform domain.
Isllo = #{i: s; # 0} (3.2)
If a signal is transformed in some other domain and the number of non-
zero elements in Equation 3.2 is K for the signal, it is called K-sparse. Thus, if

Is|lo << m, s is a sparse signal.
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Thus, CS recovery problem of s can be formulated as:
min, ||¥s||, s.t. y= &s (3.3)
where ® denotes the measurement matrix and p represents the sparsity of
vector Ws. The value of p is normally set to 0 or 1. If the value of p is set to 1, it is
called l1 norm and denoted by ||| ;. It adds all the absolute entries in coefficient
vector Ws. While lpnorm is when value of p is set to 0 and it is denoted by ||*]| ,.

It counts the nonzero values of the elements in coefficient vector Ws.

3.3 CSrecovery via Collaborative sparsity for a single 2D slice

A collaborative sparsity based CS algorithm for 2D natural images based
uses two image priors, smoothness in local region and repetitiveness in nonlocal
region. This algorithm designs a sparsity which is consistent with image priors.
This thesis follows the same pattern for 3D MRI images. The advantage of using
this 2D algorithm over other algorithms is that it uses combination of two
sparsities. To obtain the concept of collaborative sparsity for images we adopt
and briefly review theory from [64].

3.3.1 Collaborative Sparsity Measure

In this section an overview of CS algorithm for a single slice using
collaborative sparsity is provided. By merging local 2D sparsity in space domain
and nonlocal 3D sparsity in transform domain a new collaborative sparsity
measure for high fidelity image CS recovery is established. This collaborative
sparsity can be expressed as

CoSM (s) = ||W2p sll, + a [[Wysp sll, (34)
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with a as regularization parameter and p and q represents the sparsities with
values from [0,1]. W;,, denotes to local smoothness prior and Wy
corresponds to nonlocal self-similarity prior. By using the horizontal and vertical
finite difference operator based filter and putting the value of p to 1, local 2D
sparsity ¥, ,p in Equation 3.4 is given by

1%Lz slly = 1D slly = 1Dy slli + [IDy slly (3.5)

while nonlocal 3D sparsity Wy3pin Equation 3.4 is achieved by the following four

steps:
e - ~ s ~ s
. ' Next, a 3D
év }Slfctliscgﬁ?;ii(i A 3D array is transform is
Image is formed by conducted on

divided into n
blocks of size By

the similar
blocks within
the searching

window for

each block.

\ )

stacking similar
blocks in each
setand itis
denoted by Z,, .

| !

the 3D array to
obtain the

coefficients and

0 is used as the
value for q.

Figure 3.1 lllustration of nonlocal 3D sparsity

The following mathematical formulation of the nonlocal 3D sparsity Wy;p is
generated from all above illustrated steps in Figure 3.1.
|Wnsp sllo = 116l = Z=1||T3D(Zsk)”0 (3.6)

where T3P (Zs,) represents the transform coefficients in nonlocal 3D transform

domain and O is the column vector with the transform coefficients in
lexicographic order. After dividing transform coefficients from vector O into n
groups, groups are inverted for the estimation of each block. Estimated block are
returned to their positions and by averaging these entire estimated blocks final
image estimate is achieved. Final image estimate is given by

§ = QN3D GS (3.7)
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With the help of the above expressions, we can further rewrite Equation 3.4 as

CoSM (s) = ||Wy2p slly + a [[Wyzp sllo = lIDsll; + allOsllo (3.8)

3.4 Recovery via Collaborative Sparsity Measure

The optimization problem for CS recovery can be described by

ming||D s||; + |0l s.t. dPs=y (3.9)

Note that the solution of Equation 3.4 is quite difficult to solve directly due to the
combinatorial computational complexity of this algorithm. Therefore, for
computationally feasible algorithm auxiliary variables w and x are introduced
and corresponding Augmented Lagrangian function led to our final step which is

written as
B
Lyw,s,x) = lwlly = v"(Ds —w) + Sl Ds—wll; +allexllo —y"(s —x) +

s —xIlf —AT(@s—y) +5 ] s -y |2 (3.10)
where 8, 8, u are regularization parameters and v, y, A are Lagrangian
multipliers. The augmented Lagrangian method seeks a saddles point by
iteratively solving the Equations 3.11 and 3.12.

Wi+t Sk+10 Xk+1 = minw,s,x LA (W: S x) (3.11)

Vkt1 = Vk — B (DSkp1 — Wiy1)
Yi+1 = Vi — 0 (Sk+1 — Xi41) (3.12)
A1 = A — 1 (PSgq1 —Y)

Equation 3.11 is still hard to solve. Therefore, for efficient solution this is further
divided into three sub problems. For brevity, derivations for the solution of sub
problems are excluded. Details of derivations of these sub problems and

augmented Lagrangian method is presented in [64].
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3.4.1 ‘w’sub problem for CS reconstruction

After simplifications w sub problem has the following closed form

w= max{|Ds — %| — % 0}.sgn (DS — %) (3.13)

3.4.2 ‘s’sub problem for CS reconstruction
The solution of s sub problem is obtained as
§=s—-nd (3.14)
where d is the gradient direction, 7 is the optimal step.
3.4.3 ‘Xx’sub problem for CS reconstruction

Thus, the efficient solution for x sub problem is derived as

X = Qy3p O, = Oy3p (hard (6,,V27)) (3.15)
Where 0, =hard (0,,v27) = 0,.1 (abs(0,) —21)

3.5 CS recovery via Collaborative sparsity for 3D MRI

Recent trends have advanced to 3D-MRI. For that reason, realization of 3D-
MR images is necessary in compressed sensing. We propose a method for slice by
slice 3D reconstruction. For the reconstruction of complete 3D MRI algorithm
outlined in Algorithm 1 is used. General block diagram of proposed slice by slice

algorithm is shown below.

n MRI slices
1
| 2D Measurements | | 2D Measurements | | 2D Measurements | | 2D Measurements |
| 2D Reconstruction | | 2D Reconstruction | | 2D Reconstruction | | 2D Reconstruction |

| | L |

@

3D Reconstruction Matrix from the linear combination of 2D Reconstruction Matrix

v

Texture Mapping for volume rendering 3D data

39

Figure 3.2: General system setup of Proposed 3D algorithm



The inputs are observed measurements by for all n slices, the measurement
matrix A, regularization parameters and output is an approximation of 3D MR
image signal. One of the main reasons of using collaborative sparsity based
algorithm for each slice is that, it utilizes the image priors in local and nonlocal
regions both. For high quality recovery results critical role is played by image
priors. So, for more advantageous and effective solution a sparsity measure

based on image priors is highly efficient.

Algorithm 1: Compressed Sensing Recovery for 3D MRI

Outer loop n times
Sno=ATbn, Vno =Ano= ¥no= 0, Wno = Xno = 0 {Initialization for each slice}
Mid loop x times
Inner loop y times
Solve w sub problem by using the derived expression in Eq. 3.13
Solve s sub problem by using the derived expression in Eq. 3.14
Solve x sub problem by using the derived expression in Eq. 3.15
end
Update Lagrangian multipliers by using the derived expressions in Eq. 3.12
end
end
3D matrix is formed from restored n slices §,,

3D MRI is formed by mapping the pixel values
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3D reconstruction is achieved by obtaining random projections of the
corresponding slice and reconstructing each image slice independently. These
slices are dealt as bunch of frames. Image recovery is posed as a constraint
convex optimization problem that could be transformed into unconstrained
convex optimization problem with the collaborative sparsity based recursive
algorithm. All independent frames are combined and 3D mapping of pixels is
done by emerging the entire data ensemble from all the frames. As shown by
block diagram of CS algorithm for 3D MRI. Next section deals with the simulation

aspects of CS based image processing.

Ln
|

Random projections applied on input signal

}

| -
L
y (Compressed in the form of linear measurements)
n

'

Augmented Lagrangian function based recovery algorithm

!

P
(If loop condition is not satisfied) Recovered 2D Slice :B
n

l(lf loop condition is satisfied)

2D Matrix for all slices are stacked to form 3D matrix

l

By mapping the pixel values in matrix 3D MRI is obtained

Figure 3.3 : Control Flow for 3D Recovery Algorithm 41



3.6 Result for 3D MRI

For the purpose simulations, dataset of 3D-MRI image used is of size
256x256x19. Dataset have been taken from [65]. For a fair comparison of our
method with the collaborative sparsity based algorithm we compare the
individual slices of 3D MRI reconstructed from our method and original 2D
images. Different views of reconstructed 3D MRI are shown in Fig. 3.6. Though,
the performance of slice wise PSNR of recovered 3D MRI is same as 2D image
recovered from the collaborative sparsity based 2D algorithm. Experiments
conducted using MRI data of knee demonstrate the performance of proposed 3D
algorithm. The operating system for numerical experiments is 64bit Windows 7
with MATLAB version 2013B. The average processing time was computed over

285 repeated iterations.

Figure 3.4 : Recovered 3D MRI in Grayscale
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Figure 3.5 (a) : Recovered 3D MRI with opacity Figure 3.5 (b): Recovered 3D MRI with colors

3.7 Performance Analysis of 3D MRI

In this section, 3D-MRI processing using the 2D compressed sensing Recovery via
Collaborative Sparsity Algorithm is evaluated on the basis of different
assessment. The aim is to show the enhanced performance of 3D-MRI using 2D
compressed sensing Recovery via Collaborative Sparsity Algorithm. A few slices
are picked from reconstructed 3D MRI for evaluation. Different evaluation
criteria are:

¢ Root Mean Square Error (RMSE)

e Histogram

e Peak Signal to Noise Ratio (PSNR)

e Topography Measure

e Relative Error (RE)

e Correlation Coefficients
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The original and reconstructed slices chosen from 3D MRI for evaluation are

shown below.

Figure 3.6 (a): Origional Slice Number 1 Figure 3.6 (b): Reconstructed Slice Number 1

Figure 3.7 (a): Origional Slice Number 6 Figure 3.7 (b): Reconstructed Slice Number 6
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Figure 3.8 (a): Origional Slice Number 12 Figure 3.8 (b): Reconstructed Slice Number 12

Figure 3.9 (a): Origional Slice Number 18 Figure 3.9 (b): Reconstructed Slice Number 18
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3.7.1 Root Mean Square Error

The following table shows the root mean square error of 4 random slices in
reconstructed 3D MRI for knee data. From Table 3-1 it is very clear that

reconstructed 3D MRI have very less RMSE.

Table 3-1: Root Mean Square Error Values of Reconstructed Images

No. Slice Number Root Mean Square Error (RMSE)
1 1 7.9%
2 6 9.9%
3 12 11%
4 18 8%

3.7.2 Peak Signal to Noise Ratio

Table 3-2 contains the peak signal to noise ratio of 4 random slices in
reconstructed 3D MRI from knee data. The PSNR of the reconstructed 3D MRI is
relatively high.

Table 3-2: Peak Signal to Noise Ratio of Reconstructed Images

No. Slice Number Peak Signal to Noise Ratio(PSNR)
1 1 30.1
2 6 30
3 12 28.1
4 18 27
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3.7.3 Topography Measure

Using topography measure, it is shown in Table 3-3 that reconstructed 3D

MRI very resembles with original MRI in shape and features. Difference in

topography measure of reconstructed and original MRI is very less.

Table 3-3: Topography Measure of Reconstructed Images

No. Slice Number Topography Measure
1 1 6%
2 6 7.5%
3 12 7.9%
4 18 7%

3.7.4 Relative Error

MRI is negligible.

In Table 3-4, we observe that relative error in reconstructed and original

Table 3-4: Relative Error of Reconstructed Images

No. Slice Number Relative Error (RE)
1 1 6.6%
2 6 7.6%
3 12 7.9%
4 18 7%
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3.7.5 Correlation Coefficients

Correlation coefficients in Table 3-5 show that there is close relation in

reconstructed and original 3D MRI.

Table 3-5: Correlation Coefficients of Reconstructed Images

No. Slice Number Correlation Coefficients
1 1 7.9%
2 6 9.9%
3 12 11%
4 18 8%

3.7.6 Histogram

In histograms for original and reconstructed MRI show the similarity of images.
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Figure 3.10 (a): Histogram of Original Slice 1
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Figure 3.11 (a): Histogram of Original Slice 6
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Figure 3.10 (b): Histogram of Recovered Slice 1
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Figure 3.11 (b): Histogram of Reconstructed Slice 6
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3D Compressed Sensing Algorithm on

GPU

4.1 Background

High performance computing includes computers, networks, algorithms
and environments to make the systems ranging from multicore PCs to fastest
supercomputers usable. Other than reduction of data acquisition time for 3D-
MRI, we also consider that our proposed methods should be physically
implementable with low complexity and minimum hardware. In conventional
methods, processing required for data acquisition is enormous due to its
repetitive nature even for a single slice and leads to a slower system. The multi
core based algorithm implementation is demonstrated in Chapter 5. Recently,
our focus is on combining computing architectures along with GPUs to achieve
maximum performance. In this chapter we will analyze GPU based
implementation of this algorithm and the analysis procedures including speedup

and efficiency (if any).
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4.2 Algorithm overview w.r.t Computational complexity

In this section, the core framework of compression algorithm and execution
flow is discussed. Moreover, the execution flow of algorithm is described. The
generic framework of CS compression algorithm can be divided into two main
blocks.

e Compressive Sampling (Encoder)

e Reconstruction (Decoder)
Attraction of CS based algorithms is due to the computationally inexpensive
encoder at the cost of complex decoder. The main component in CS system that is
computationally intensive is the decoding. Encoder conducts same random
projections on all input signals and decoder has to recover signal in sparse
domain which is exhaustive optimization problem. Flow chart of the most

important steps in algorithm for recovery of 3D MRI is shown in the Figure 4.1.

True
Check outer loop for number of slices

Initialize Variables |e——¢

False

Check mid condition

3D matrix Is formed

f

3D MRI is formed from by mapping the pixel values

Check inner condition
Trire

False

Update Lagrangian multipliers Solve w,sx sub problem

Figure 4.1 Flow chart of Collaborative Sparsity based recovery algorithm 51



The algorithm consists of three for loops, outer, mid and inner loop. Based on
these loop structures we divide reconstruction algorithm into three stages.
Initially, computing starts with stagel at outer loop, this loop makes sure that all
the slices of MRI are dealt for recovery purpose. The next step is stage2, mid loop
iterates for solution of optimization problem by utilizing augmented Lagrangian
function. Due to no differentiability, stage2 at stage3 is further divided into sub
problems in inner loop. This loop solves these sub problems iteratively for

efficient solution. The execution time for complete algorithm is shown in Figure 2.

EXECUTION TIME DIVISION

Time for remaing code : 1 %

Time for sub problem u : 99 %

- Execution Time for Sub Problem u - Execution time for Remaining Code

Figure 4.2 Execution Time Division of Algorithm

It is clear from the chart that main component which is computationally
intensive is the stage3 at calculation of sub problem x. Sub problem x is
computationally complex because CPU consumes a lot of time in similar patch
search, 3D matrix operations and 3D transforms. The main complexity comes

from the number of 3D matrix operations required to obtain a single 2D slice of a
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3D image. And, when 3D processing has to be undertaken, the processing
increases N-fold. This also makes the MRI system bulkier. Sub problem x
accounts for 99% of whole algorithm execution time. Thus, optimization requires
reducing the acquisition time by providing parallel techniques on stage3. One
possible way of reducing the time required for processing is by implementing

stage3 of algorithm on GPU.

4.3 General Purpose Graphics Processing Units (GPGPUs)

Last few years demonstrate that GPUs are hardware architectures which are
used for maximum performance in graphics applications. Now a day, GPUs are
interpreted as massively parallel many core processors and fully programmable.
GPU is used to process the computationally intensive in a massive-parallel
manner; hence the speed of processing is increased. While the CPU works on
sequential algorithms. The performance advantage provided by the use of
graphics processing units makes this technology particularly fascinating for

scientific applications.

The basis for using GPUs in parallel =
computing is: :
e Distinguished throughput computation
GPU

. . o DRAM

e Maximum bandwidth memory o ALU
@ Control

e Availability to all = Cache

Figure 4.3 : General GPU Architecture
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GPU systems use a combination of CPU and GPU to produce a co-processing
model. Computationally intensive parts which need to be processed in a
massively parallel manner are accelerated by the GPU in order to benefit from
their high computing. The advantage of using GPU is in terms of hundreds of
cores for massively parallel computations but does have high communication
time for CPU to GPU and GPU to CPU and memory allocation. The computational
time for GPU computation is utilized in four steps as shown in Figure 4.4. In the
first step, memory is allocated on GPU for data used by computation on GPU. In
the next step, data is transferred from host memory to GPU memory. Then
computation is performed on GPU and data produced is transferred back to host

memory. In the last step GPU memory is freed.

Computational Time for GPU Computation

Memory Memory S > Memory >
allocation copy: Host -> GPU Computation on GPU copy: GPU -> Host Free GPU memary

Figure 4.4 : Steps for GPU computation

4.4 GPU-based CS recovery for MRI

For GPU based CS recovery, open source CS recovery via collaborative
sparsity code is chosen as solver. Jian Zhang's algorithm was originally
implemented in MATLAB. This implementation is modified to work with GPU
computing in MATLAB. For loops involved in stage3 are vectorized to use
optimized libraries for matrix operations.

We use MATLAB® Parallel Computing Toolbox [66] to perform automatic
optimization for GPU computing. From the beginning all the arithmetic
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operations are performed on CPU because initially the operations are
computationally simple. When control is moved to stage3, data is transferred on
GPU through temporary memory allocation using MATLAB command gpuArray.
MATLAB automatically transfers control on GPU, if an array lies in GPU memory,
for all subsequent complex operations. After loop solution is transferred to CPU
using MATLAB command gather. All temporary memory allocation on GPU is

freed.

4.5 GPU-based Simulation for 3D MRI

In this section, GPU-based compressed sensing implementation for 3D MRI is
compared with the sequential compressed sensing algorithm with application to
3D MRI illustrated in Chapter 3. The GPU used in our setup is TESLA T10 448
CUDA cores running at 1.2 GHz and has 1280 MB of off-chip global memory. The
aim is to show the comparison of computational time and hence, the suitability of

architecture for this collaborative sparsity based CS algorithm.

(a) Reconstructed Slice from Sequential implementation (b) Reconstructed Slice from GPU based implementation

20

Figure 4.5: Reconstructed Images for a 256x256 single 2D slice of a first 3D dataset.



A single slice reconstructed from sequential implementation and slice
reconstructed from GPU based implementation is shown above. The PSNR values

for some slices are tabulated in Table 4.1. As depicted in the table, for this GPU

based implementation obtained PSNR 1is same as that of sequential
implementation.
GPU based CS Implementation Sequential CS Implementation
Slice (1x) (4x)

Number PSNR(db) PSNR(db)

1 30.1 30.1

6 30 30

12 28.1 28.1

18 27 27

Table 4-1: Comparison of PSNRS for GPU based and sequential implementation

Furthermore, for better analysis and comparison of GPU based CS

implementation with sequential CS implementation computational time for
reconstruction of whole 3D MRI is calculated. It shows that the computational
time required for GPU based implementation is 4x slower when compared with
sequential implementation because of repetitive calls to function used for

solution of sub problem u.
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While most work about GPU based CS implementation has emphasized the
use of GPU but some algorithms are not appropriate for GPU based
implementation due to irregular memory access [63]. In fact, very often
communication from host to GPU and GPU to host can increase the
communication overhead. This communication overhead limits the use of GPU in
algorithms that have repetitive structure. By performing these simulations, we
prove that GPU based CS implementation is computationally exhaustive as
compared to sequential algorithm because of loops in algorithm. These repetitive
calls to GPU result in computation overhead because of communication and
memory allocation again and again. From all the above illustrations we can
conclude that, the sequential CS implementation is superior to that of GPU based

CS implementation for this algorithm.
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An optimized 3D Compressed Sensing

Algorithm

5.1 Background

In the previous chapter, a 3D compressed sensing algorithm was derived by
using already proposed collaborative sparsity based recovery algorithm. But this
recovery algorithm typically requires a significant computational effort for 3D
MRI reconstruction. For fast recovery, it is necessary that an optimization should
be defined for computationally complex areas of algorithm. This is widely known
that low level languages are fast with respect to computation time. From an
implementation point of view, it is time consuming to transfer whole MATLAB
implementation which is a high level language into a low level C language.
Therefore, using a combination of low level and high level language is highly
desirable. This is possible by using mex files in MATLAB. The peculiar nature of
mexX files implies that some part of whole implementation can be rewritten in a
low level C language and called in MATLAB. In this chapter, we deal with this
challenge. We separate some complex part of existing implementation. These
parts are rewritten in C language and converted into mex file. An optimized
Implementation with its suitability and bounds is defined. However, this method

lacks for quantifying and analyzing its performance.
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5.2 Problem Formulation

In the previous chapter, quadratic penalty function and Lagrangian function
were used for MRI data acquisition. This combination of quadratic penalty
function and Lagrangian function is called augmented Lagrangian function.
Currently, aim is to formulate an optimized CS recovery algorithm so that a fast
MRI reconstruction can be performed. This also includes CS reconstruction
without degrading the image quality. The collaborative sparsity based CS

algorithm is same as outlined in section 3.5.

5.3 Mex files in MATLAB

In order to use mex files, we first present a brief concept of mex files. Mex is a
short description of MATLAB executable. It is used for interfacing between
MATLAB and codes written in low level languages (FORTRAN, C etc.) These
codes use MATLAB data structures as input and produce data structures as
output. Any MATLAB supported C compiler is installed and mex is configured to
use that compiler. When these mex files compiled, are called within MATLAB

environment just like MATLAB M-files.

5.4 Optimization by introducing mex files

Mex are used for interfacing of C codes into MATLAB codes. These executable are
used for optimization of MATLAB codes. Complex MATLAB M-files are rewritten
into C language so that we can obtain an optimized implementation. We use same

sequential implementation and try to provide reduction in computation time.
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5.4.1 Selection of complex functions

Since, sub problem x utilizes maximum of whole algorithm execution time. Thus,
to reduce the acquisition time for sub problem x optimization is introduced in

stage3. Nonlocal sparsity is explained in details in section 3.3.1.

Patch is searched for
computations

Y

3D Transform is
Performed on Patch

Coefficients are
inverted for estimates

L

Original positions are
computed

Y

Blocks are averaged for
estimated images

Y

(Imageis achieved :}I

Figure 5.1 : Flow chart for solution of sub problem u

Sub problem x uses nonlocal sparsity for solution. The solution of sub problem x

is calculated by using Equation 3.15 and mathematical expression is as follow
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X = Qyzp O, = Oy3p (hard (6,,V27))
Some steps followed through the implementation for sub problem x are depicted
in Figure 5.1. As observed the computational intense part is sub problem u,
which is a repetitive process through double loops. It is composed of three major
components, two for core calculations, namely DWT2DCT for 3D transform and
IDWT2DCT for inverse transform, and one for data formulation, namely

PatchSearch.

5.4.2 M file to mex file conversion

These are very important processing steps in recovery algorithm. Hence,
optimizing these components can benefit in terms of computational time. Above
mentioned complex functions are rewritten into C language. Gate functions
define inputs and outputs for these mex files. By adopting this implementation,
we attempt to reduce the computational complexity and also speed up the 3D-

MRI process.

5.5 Simulation Results

This section compares mex based implementation with the sequential
compressed sensing algorithm illustrated in Chapter 3. In this chapter, our aim is
to show the suitability of this optimized implementation for CS algorithm with
application to 3D MRI. This implementation using combination of low level and
high level language is competent to deal loop complexity. In start, this
implementation works perfectly fine. Later, sorting algorithm used in C language

could not compete with optimized sorting algorithm used in MATLAB. This

61



sorting algorithm is not able to sort arrays of each size efficiently. This mex based
implementation obtained PSNR same as that of sequential implementation. This
algorithm took 419ks for recovery of all slices using collaborative sparsity based
compressed sensing algorithm. This computational time is 2.8x slower when
compared with sequential implementation because of restriction of sorting
algorithm in C language. Our simulation and synthesis results demonstrate that
this implementation may be improved to process loops efficiently but complex

sorting algorithm used lacks in performance.
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3D Compressed Sensing Algorithm on

Multi-cores

6.1 Background

Compressed Sensing recovery algorithms typically require a significant
computational effort for the problem sizes occurring in most practical
applications. While the computational complexity is a major issue for
applications where 3D images are processed (e.g., in MRI), it becomes extremely
challenging when high SNR is required. Hence, to meet the stringent

reconstruction, parallelizing algorithms is of paramount importance.

6.2 Types of High Performance Computing Architectures

The widely used high performance computer architecture types are:

1. Shared Memory Architectures. (SMAs)
2. Distributed Memory Architectures. (DMAs)

3. Hybrid Distributed-Shared Memory Architectures. (HDSMAs)

6.2.1 Shared Memory Architectures

Common ability of shared memory architectures (SMA) is that all the
memory is accessible by all processors. At the same time more than one

processor can share the memory resources while operating independently.
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Figure 6.1 : Shared Memory Architecture

On the basis of memory access time it is further divided into following types:

e Uniform Memory Access (UMA)

e Non Uniform Memory Access (NUMA)
In uniform memory access, all processors share the main physical memory.
Updates in shared memory locations by any of the processors are visible to
every processor. When two or more symmetric multiprocessors are physically
linked, it is non-uniform memory access. In this case, updates in shared
memory locations by any of the processors are not visible to every processor.
The advantage of SMAs is that the sharing of data is very fast and programming
approach is very user friendly. The disadvantage of shared memory
architectures is that if we add more CPUs then the synchronization

constructs make programmer’s job tough.

6.2.2 Distributed Memory Architectures (DMA)

In Distributed Memory Architectures (DMA) is about the local
memory of every processor which is not shared by any other processor. Inter

processor memory is used to connect through a communication network in
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DMA. It is programmer’s task to explicitly define how and when data is

communicated.

-+ I‘ ‘I -
Figure 6.2: Distributed Memory Architecture
The major advantage of using DMAs is memory scalability with number of

processors. The main problem is that it is programmer’s responsibility to

define all the data communication between processors.

6.2.3 Hybrid Distributed-Shared Memory Architectures (HDSM)

Hybrid distributed-shared memory architectures secure the services of
both SMA and DMA. In HDSMA, processors on that machine can address that
machine’s memory as global. The distributed memory component is the
network of multiple SMPs. Therefore, a communication through network is
required to transfer data from one SMP to another SMP machine on the

network.

Figure 6.3 : Hybrid Distributed Shared Memory Architecture
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6.3 Parallel Programming Method in MATLAB

MATLAB® Parallel Computing Toolbox [66] solves computationally
complex and huge data problems by parallelizing them on multicore processors.
High-level constructs - parallel for-loops and well-developed MPI integrated
libraries are available that can be used in parallelizing MATLAB applications. In
this section we will look at how this parallelizing method executed in MATLAB

influence the speedup and efficiency of our compression code.

6.3.1 Parallel for loop

A parallel for-loop [67] is an easy way to divide independent loop
iterations of intensive computation among different workers. The algorithm
using “parfor” loop is parallelized by running it on client that divide up the task
among worker and gather the results. Parallel implementation using “parfor” is
similar to OpenMP. The figure below illustrates the working of “parfor” loop for

possible number of cores/workers.

Pending Jobs Queued Jobs Running Jobs ,
Job, Job Job,
—

jObNo. of iteration Job jc’bNo. of cores \-

Job
Job

Job

Completed Jobs
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Figure 6.4 : Working of parallel for loop



The “parfor” loop automatically detects workers and exchange code and data
between client and workers. It divides the task by allocating iterations among
multiple workers. The only requirement for distributing execution using “parfor”
is that iterations must be independent of each other, and no communication can
occur between workers during the execution of the loop. Compressed sensing
algorithm using 2D multiple slices is computationally intense because it iterate
the independent 2D algorithm for a 3D reconstruction. So, to parallelize this
algorithm it is desirable to distribute independent loop among workers for
computation. This CS algorithm is an independent implementation of 2D multiple

slices to form complete 3D MRI.

6.4 Parallelizing Compressed Sensing Algorithm

Compressed sensing is accepted as a powerful technique in computer
vision and image compression for compression of images having huge
information and extraneous data but it has not been adopted as much due to its
high computational cost and storage complexity.

After considering the performance blockages of the 3D compressed sensing
algorithm on a single-core processor, a multi-core and multi-node based 3D CS
implementation was done and results were analyzed. The performance of 3D CS
improved significantly because of the introduction of parallel computing

technique.
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6.5 Speed-Up Results

The easiest code to parallelize in MATLAB using all cores of a CPU is through the

‘par-for’ loops. Within the par-for loop each iteration is independent of all others,

and the MATLAB built in scheduler, portions-out each iteration to a worker for

computation. The results are then collected and returned appropriately by the

scheduler. A comparison and analysis of the potential speedups achieved

between one core and multi core implementation using above mentioned

techniques is given below. Table 1 shows the algorithm execution time for the

outer main loop through sequential and parallel versions of 3D compressed

sensing:

Table 6-1 : Serial and parallel execution times for 3D MRI data on a multicore machine

Sequential Number of MATLAB workers
Implementation 2 4 6 8
CPU Runtime(ks) 152 39 27 24 20
CPU Speedup (x) 1 3.8 5.6 6.3 7.6
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The reduced computational runtime and speedup achieved by distributing the

voting calculation on 2, 4, 6 and 8 processors of a single CPU is presented below:

_ 160
é’: 140 -
o 120
£ 100 - N , .
= 80 - C I Computation time for
E 60 - MRI data
:c"g 40 - —— Power (Computation
é_ 28 ] . time for MRI data)
S 1 Core 2 Cores 4 Cores 6 Cores 8 Cores
Number of Cores
Figure 6.5 : Parallel Runtime of 3D MRI data recovery algorithm on an 8-core Machine

Figure 6.5 shows parallel runtime of 3D MRI reconstruction on an 8-core

machine. It is clear that the runtime is reduced by increasing the number of

processors.

Execution TIme for
reconstruction of 3DMRI (ks)

160
140
120
100

80
60
40
20

152 7.6

6.3
5.6
: I I

1 Core 2 Cores 4 Cores 6 Cores 8 Cores

Number of Cores

H Execution time for 3D MRI
data

B Speed up for 3D MRI data

S Rk N W H» U1 OO N @
Speed up

Figure 6.6 : Parallel Speed up of 3D MRI reconstruction on 8-core Machine
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Our parallel implementation of compressed sensing algorithm reduces the
runtime of the program to 7.6 times the sequential one on an 8-core machine.
However, the speedup of parallel implementation of compressed sensing
algorithm as presented in Figure 6.6 is 760% higher than that of sequential
implementation of compressed sensing algorithm, a factor of 7.6. Thus, our

program enables data distribution on 8 cores with no performance loss.

6.6 Comparison with other optimizations

In this section, we show some of results obtained for 3D MRI
reconstruction to demonstrate the efficiency and effectiveness of this parallel
algorithm. We compare all the results obtained as a result of optimizations
applied to sequential algorithm. These results are obtained after 285 iterations

and for same dataset.

Table 6-2 : Execution times and Speedup for all implementations

Type of Implementation Runtime (ks) Speedup(x)
CPU - Sequential 152 1
CPU - 8 cores 20 7.6
GPU 608 No Speedup
Optimized through mex 429 No Speedup
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Table 6-2 shows a comparison of execution times and speed ups for all proposed

implementations. The speedup obtained on parallel 8-core is 7.6. This is a

considerable improvement for reconstruction of 3D MRI using compressed

sensing algorithm. Whereas, other proposed implementations did not give

considerable results.

700
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400
300
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0

Execution TIme for
reconstruction of 3DMRI (ks)
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608 8
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3.9 5 3
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Q H Execution time for 3D MRI
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1 B Speed up for 3D MRI data
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Figure 6.7 : Execution times and Speedup for all implementations

Our goal is to find computationally feasible algorithm that can successfully

recover a signal x from measurement matrix y for smallest possible number of

measurements. Finally, from this graph, we point out that different optimizations

introduced in sequential algorithm might give limited results but multicore

architecture based results have shown that multicore architectures are most

suitable for algorithms with this type of repetitive structure.
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Conclusion and Future

Recommendations

7.1 Conclusions

This dissertation mainly focuses on providing a compressive sensing based
solution using parallel processing. Furthermore, this work, though is based on
CS, provides solution to two different applications. The first one is 3D-MRI
processing and the second one is the parallel processing. In addition, low-
complexity parallel algorithm is implemented, to provide a flexibility of use in
practical scenarios.

Specifically, in the first part, a 3D MRI reconstruction algorithm is
implemented based on CS principles. Firstly, a 2D collaborative sparsity based
algorithm is used for reconstruction of each slice. Then all these slices are
combined to make a single 3D MRI view. The algorithm is further compared slice
by slice with the results of existing algorithm for 2D images. The proposed
algorithm reconstructs a single 3D MRI without degrading the image quality. The
results are validated based on the signal-to-noise ratio, root mean square error,
histogram, topography measure, relative error and correlation coefficients

The Next, the already proposed algorithm is optimized to enhance the

performance and increase efficiency for 3D-MRI. This was necessary due to the
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high complexity and huge data processing requirements in 3D-MRI. Initially,
speed was not one of the objectives for developing this system, but it was
considered if the system had to be used for real-time applications. The most
computation intensive stage indicated was the 3D reconstruction through the
transform area. Since the system is implemented in MATLAB, speed benefits
were achieved by implementing the computationally intensive parts through
par-for loop, GPU and combination of low level and high level programming
methods.

The results show an almost 50% speedup for parallel algorithm when all 8 cores
of the machine are utilized instead of one which MATLAB uses by default to run
sequential programs. This parallel algorithm is less complex and high
performance compared to existing solutions available for MRI. From simulations,
it is observed that the SNR results remain the same, while providing high
throughput. We further showed that parallel approach can take the benefit of
multicore architecture and sometime provides diminished computational
barriers compared to GPU based implementation and attains appreciable speed-
up. To endorse our technique, efficacy of this algorithm is investigated using 3D
MRI data and the superiority of parallel implementation over sequential

implementation was confirmed with the acceleration factor.

7.2 Future Work

This discussion concludes with some recommendations of possible future
work, which are extensions of the problems considered in this thesis:

e Optimize Efficiency: As the experimental results show, the proposed
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algorithm can reconstruct the 3D MRI by applying 2D technique to all the
data set and visualizing it in 3D view. As a whole 3D technique can be
applied to increase the efficiency of 3D algorithm.

Other Hardware Architectures based Implementation: Hardware
architectures based fewer complexes and energy efficient system can be
proposed, there is still room for hardware optimization. Once the target
hardware (e.g., FPGA, ASIC) is chosen and efficient pipelining, place and

route will provide a better performance.

Optimize Speedup: Several other configurations such as GPU+par-for,
Multi-GPU can be programmed and analyzed for speed and performance.
Moreover, different nodes of cluster can be wused for parallel
implementation for optimized speed up.

Optimize GPU based implementation: GPU based implementation of
CS for 3D MRI is optimized through the combination of low level, high
level language and CUDA. Still there is room for optimization by
implementing the complete algorithm on GPU using low level language

and CUDA.
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