UC San Diego

UC San Diego Electronic Theses and Dissertations

Title
GPU acceleration of optical mapping algorithm for cardiac electro-physiology

Permalink
https://escholarship.org/uc/item/2942181t

Author
Meng, Pingfan

Publication Date
2011

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/2g42181t
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA, SAN DIEGO

GPU Acceleration of Optical Mapping Algorithm for Cardiac
Electro-Physiology

A Thesis submitted in partial satisfaction of the
requirements for the degree

Master of Science
in
Electrical Engineering
by

Pingfan Meng

Committee in charge:

Professor Ryan Kastner, Chair
Professor Pamela Cosman, Co-Chair
Professor Shaya Fainman

Professor Kenneth Zeger

2011



Copyright
Pingfan Meng, 2011
All rights reserved.



The thesis of Pingfan Meng is approved, and it is
acceptable in quality and form for publication on

microfilm and electronically:

Co-Chair

Chair

University of California, San Diego

2011

il



DEDICATION

To my parents (Jianping and Fangang).

v



TABLE OF CONTENTS

Signature Page . . . . . .. iii
Dedication . . . . . .. iv
Table of Contents . . . . . . . . .. .. v
List of Figures . . . . . . . . . . vii
List of Tables . . . . . . . . . ix
Acknowledgements . . . . . ... oL X
Abstract of the Thesis . . . . . . . . . . . .. xi
Chapter 1 Introduction . . . . . . . . . .. .. ... 1
1.1 Background . .. . ... ... ... ... L. 1
1.2 Motivation and Research Goal . . . . . . .. ... ... .. 3
1.3 Major Contributions . . . . . .. ... ... ... .. ... 5
Chapter 2 Related Research . . . . . . .. .. .. ... ... ... ... .. 7
Chapter 3 Optical Mapping Algorithm . . . . . ... .. ... ... .... 9
3.1 Algorithm Overview . . . . . . . . .. ... ... ... ... 9
3.2 Phase-Shift Spatial Filtering . . . . . ... ... ... ... 12
3.2.1 Interpolation and Padding Zeros . . . . . . . .. .. 12

3.2.2 FFT, Conjugated Multiplication, IFFT, ¢, search-
ing and Time (Phase) Shifting . . . . . . . ... .. 13
3.2.3 2-D (Spatial) Filter . . . ... ... ... ... ... 15
3.3 Temporal Filtering . . . . . ... .. .. ... ... .... 16
3.4 Profiling and Bottlenecks Study . . . ... ... ... ... 16
Chapter 4  GPU Platform . . . . . . . . ... ... ... . ... ....... 19
4.1 GPUs .. .. 19
4.1.1 Overview . . . . . . . ... 19
4.1.2  Architecture of GPUs . . . . . . . . ... ... ... 19
4.2 CUDA Programming . . . . . . . . .. ... .. .. .... 21
421 Overview . . . . . . . ..o 21



Chapter 5

Chapter 6

Chapter 7

Chapter 8

4.3

4.2.2 CUDA Programming with Matlab . . . . . . . . ..
GPUwvs. FPGA . . . . . . ...

GPU Implementation . . . . . . ... ... ... ... ... ..

5.1
5.2
5.3

5.4
2.5

Parallelization Overview . . . . .. .. ... ... .....
GPU Accelerated Optical Mapping Program Overview . .
Phase-Shift Spatial Filtering Implementation . . . . . . . .
5.3.1 Interpolation . . . .. ... .. ... .. ......
5.3.2 FFT, Conjugated Multiplication and IFFT . . . . .
5.3.3 Phase Difference “t;” Searching and Shifting . . . .
5.34 2-D Filtering . . . ... .. ...
Temporal Filtering Implementation . . . . . ... ... ..
Batch Process Strategy . . . . . .. .. ... L.

GPU Optimization . . . . . ... ... ... .. ... .. ....

6.1
6.2
6.3

GPU Programming Optimization Overview . . . . . . . . .
Memory Access Efficiency . . . ... ... ... ... ...
Batch Process Input Data Size . . . . . ... .. ... ...

Results . . . . . . . .

7.1
7.2
7.3

Hardware and Software Environments . . . . . . . ... ..
GPU Kernels Timing Results . . . . ... ... ... ...
Complete Optical Mapping GPU Program Performance . .

Future Work and Conclusion . . . . . . . . .. .. ... .. ...

8.1
8.2

Future Work . . . . . . . . ..
Conclusion . . . . . . . .

Appendix A Experiment Setup . . . . . . .. ...

Bibliography

vi



Figure 3.1:

Figure 3.2:
Figure 3.3:

Figure 3.4:
Figure 3.5:
Figure 3.6:
Figure 3.7:

Figure 4.1:
Figure 4.2:
Figure 4.3:
Figure 4.4:

Figure 5.1:

Figure 5.2:
Figure 5.3:

Figure 5.4:
Figure 5.5:

Figure 5.6:

Figure 5.7:
Figure 5.8:

Figure 5.9:

Figure 6.1:
Figure 6.2:
Figure 6.3:

Figure 7.1:

Figure 7.2:

LIST OF FIGURES

Signal conditioning stage flow chart and the correspondent image
signals.
Demonstration of temporal interpolation. . . . . . . . ... ...
Waveform on heart surface and their phase differences demon-
stration. . . . . . ..o oL
Demonstration of phase shifting. . . . . ... .. ... ... ...
Demonstration of the 2-D spatial filter.
Demonstration of the temporal median filter. . . . . . . . . ...
Bottleneck analysis. . . . . . . ... ... L

Simplified GPU architecture. . . . . . . . .. ... ... .. ...
An example of CUDA program.
CUDA programming model (blocks and threads).
The process to embed a CUDA program in Matlab environment
by using “mex” file.

Pseudo code of the hierarchy of the original serial code of optical
mapping algorithm.
GPU accelerated optical mapping program overview. . . . . . . .
CUDA implementation of interpolation step 1.
CUDA implementation of interpolation step 2.
The demonstration of the CUDA programming structure of con-
jugated multiplication. . . . . . . .. ... .00
Demonstration of CUDA programming structure of “t0 search”
operation. . . . . . . ... ... e
Demonstration of CUDA programming structure of 2-D filtering.
Demonstration of CUDA programming structure of temporal me-
dian filtering. . . . . . ...
Demonstration of batch process. . . . . . . ... ... ... ...

Detailed GPU timing result.
Memory access efficient approach.
Batch process timing results curves. . . . . . .. ... ... L.

GPU kernels timing results. . . . . . . .. ... L
Performance on different lengths of videos comparing to CPU
serial implementation.

vil



Figure A.1: Optical mapping experiment setup. . . . . . .. ... ... ...
Figure A.2: Signal conditioning effect. . . . . . . . . . ... .. ... .. ...

viii



Table 6.1:
Table 6.2:

Table 7.1:
Table 7.2:
Table 7.3:

LIST OF TABLES

Testing results of the global memory access reduction approach . . 39
Total number of threads that the GPU needs to process at a time

for different batch sizes. . . . . . . . . ..o 43
Nvidia GT230M Specifications . . . . . . . . ... ... ... ... 44
Nvidia Tesla S1070 . . . . . . . . . . . .. ... 45
Batch Process Error . . . . . . . .. ... oo 47

X



ACKNOWLEDGEMENTS

I would like to thank Professor Kastner for his advice that guides me in my
academic research. I would also like to thank Dr. Ali Irturk, Sam Wood and Alex
Indaco for the discussions on the optical mapping algorithm. Finally, I would like to

thank Helen Wang who helped my written English.



ABSTRACT OF THE THESIS

GPU Acceleration of Optical Mapping Algorithm for Cardiac
Electro-Physiology

by

Pingfan Meng

Master of Science in Electrical Engineering
University of California San Diego, 2011

Professor Ryan Kastner, Chair

Professor Pamela Cosman, Co-Chair

Hundreds of thousands of people die from heart attack in the U.S. every year.
Cardiac dysrhythmia is known to be one of the most important causes for heart
attack. Optical mapping is a tool for researching cardiac dysrhythmia and preventing
heart attack. However, the optical mapping algorithm is computationally intensive
and consumes a considerable amount of time. For example, 1 second of data requires
3.7 hours of computation. Therefore, a GPU implementation of the optical mapping
algorithm is used in cardiac electrophysiology. The efficiency of different input sizes
and memory access are studied to improve the GPU peformance. The result shows
that GPU implementation of the optical mapping algorithm has a 33X speedup over

the equivalent CPU implementation.
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Chapter 1

Introduction

1.1 Background

An abnormal heart beat rhythm is often referred to as heart arrhythmia. A
normal heart rate is 50 to 100 beats per minute. Cardiac arrhythmia is a term to
describe a large and heterogeneous group of conditions in which there is abnormal
electrical activity in the heart, some of which are life threatening. Arrhythmia is
always accompanied by irregularities in the electrical impulse in the heart.

One serious risk for life-threatening ventricular arrhythmia and sudden cardiac
death is prolongation of the cardiac electrical impulses (action potentials) and the
resultant prolongation of the QT interval on the electrocardiogram. There are in-
herited versions of long QT syndrome (LQTS) associated with defects in no fewer
than seven genes. Humans with these gene mutations are at risk of arrhythmia and
sudden death that often strikes without warning in young adults.

An invasive method in cardiac physiology for studying arrhythmias, optical map-
ping, measures the heart’s electrical impulses using a voltage sensitive fluorescent
dye injected into the heart. Electrical phenomena can be visualized by measuring

the various intensities of the light using one or more high-speed CMOS cameras to



provide a high temporal resolution signal. Optical mapping also encompasses the
technique of applying filters and statistical resolution signals of the entire heart’s
electro-physiology.

Traditional methods of recording the transmembrane voltage and spread of acti-
vation in intact myocardium are to use contact electrodes such as microelectrodes,
monophasic action potential (MAP) electrodes, or extracellular electrodes. Micro-
electrodes are useful for directly recording action potentials from a single location.
MAP recordings provide accurate measures of activation time and action potential
morphology[1], however they are typically used to record MAPs at a single location.
Attempts have been made to build MAP electrode arrays, but at a very low spatial
resolution|2]. Extracellular electrode arrays measure electrograms from a number of
points on the surface of the heart with fairly high spatial resolution and high tem-
poral resolution. These are useful to look at the spread of electrical activation, but
are unable to record transmembrane voltage so one cannot get a true measure of the
action potential shape[3]. On the other hand, optical mapping employs a potentio-
metric fluorescent dye whose emission intensity varies linearly with transmembrane
voltage. Optical action potentials are recorded with a high speed imaging sensor[4].
These dyes have a very fast response time, on the order of microseconds, therefore
the temporal resolution is only limited by the recording technology instead of the re-
sponse time of the dye[12]. Recent advances in imaging technology allow researchers
to optically monitor transmembrane voltage transients with high spatial and tem-
poral resolution. Additionally, applying mechanical forces to the myocardium with
electrodes can alter the electrical activity through a phenomenon called mechano-
electrode feedback (MEF). Optical mapping is a non-contact method, which is very
important in many studies, especially those investigating MEF[13].

Cardiac optical mapping has been used in a variety of preparations ranging from
the single cell to the intact organ, while optical mapping in general has potential

applications to other types of electrically excitable cells including brain and nerve



cells.

Despite these advantages, optical mapping is not currently employed in high
throughput drug screening experiments that require a high resolution analysis of
cardiac electrophysiology (long QT syndrome in particular). Conventional imple-
mentations of optical mapping cannot perform the computationally intensive noise
reduction and analysis in an acceptable time frame (days of processing for seconds
worth of data). This fact severely limits the types of experiments that can use opti-
cal mapping. Therefore, there is a demand for real-time analysis with the resolution

that optical mapping provides.

1.2 Motivation and Research Goal

The motivation of our graphic process unit (GPU) acceleration research on op-
tical mapping technology is from its variety of potential applications in biomedical
experimental studies. In the following, some of these scenarios are described. Then,
we provide a discussion of high throughput drug screening, as this is the specific
application that we targeted in this research.

Real-time, closed loop feedback: Real-time, closed loop feedback is a promis-
ing method for cardiac electrophysiology. This includes dynamic clamp[14][15][16],
and the usage of tissue-level electrophysiological activity to prevent the onset of
arrhythmia[17][18]. Optical mapping has been used to provide feedback control to
understand cardiac electrophysiology [1, 2]. These closed loop control systems offer
the unique ability to understand the heart dynamics by observing real-time stimu-
lus/response mechanisms over a large area.

Arrhythmia Production: Optical mapping is often used to study arrhythmia pro-
duction in the heart. In many knockout models (i.e., animals in which a specific
gene is inserted or deleted) for cardiac disorders, researchers are interested in iden-

tifying whether certain pathological conditions make the heart more susceptible to



arrhythmia. These arrhythmias can occur at certain foci in the heart. With real
time visualization one may be able to identify these foci immediately and study
them more closely in the same heart. This would require multiple animals without
the real-time capability, and with inter heart variability this could present additional
challenges. Also, though one can identify the presence of arrhythmias using the
electrocardiogram, a deeper understanding of the arrhythmia can be studied using
optical mapping by identifying the action potential duration (APD), action potential
(AP) amplitude, recurrent loops in the AP, conduction velocity, etc.

Enhanced Field of View: The exact area of the heart recorded by any given
camera is determined by the desired resolution and the field of view (FOV). That is,
we could modify the optical lenses to increase the field of view. This, however, would
reduce the spatial resolution, i.e., each individual pixel would correspond to a larger
area of the heart. While the precise tradeoff between FOV and resolution largely
depends on the application, the use of multiple cameras can be used to increase both
the FOV and resolution. This increases the amount of incoming data, which in turn
increases the required computation time.

Immediate Experimental Feedback: The ability to see the optical mapping results
during the experimental procedure should significantly reduce both the duration of
the experiment and the required number of animals. For example, if one was in-
terested in looking at the effect of an injectable therapy, it would be possible to
see if there was a difference immediately and tailor the injection site, volume, num-
ber of injections, pacing method, pacing site, etc. This would be helpful for both
whole heart and cell monolayer experiments as it would be feasible to adjust the pac-
ing location to study electrical stimulation in the healthy tissue, versus the border
zone and infarct locations. Drug Screening: Drug-induced polymorphic ventricular
tachycardia (PMVT) or torsades de pointes is a significant and highly-visible clin-
ical problem that has led to routine QT interval screening for all newly developed

pharmacologic agents. However, it is increasingly appreciated that QT interval pro-



longation is neither specific nor reliable for the occurrence of PMVT. In addition
to the problems of consistent measurement and interpretation of QT interval, some
drugs cause substantial QT prolongation without increasing the risk of malignant
reentrant ventricular arrhythmias, and vice versa.

High throughput screening would enable large screens of drugs that induce long-
QT syndrome and torsades de pointes. High throughput screening would allow us to
identify, understand and model the conditions under which these arrhythmias occur.
High-speed optical mapping is an important tool in understanding this behavior.
It would provide information not available in the ECG alone that could help dis-
criminate and understand the underlying mechanisms responsible for drug induced
arrhythmia.

All of the applications described above are computationally intensive. Usually,
these experiments take considerable amounts of time which make the biomedical
research unproductive. For example, 1 second of data requires 3.7 hours of computa-
tion on a quad-core CPU computer. The conventional multi-core CPU architecture
cannot process such a high throughput algorithm with a high-performance. There-
fore, our research goal is to deploy many-core architecture processors such as GPUs
to accelerate the optical mapping algorithm. With the GPU acceleration, the cardiac
researchers can get the analysis results in experiments more quickly and easily. We
focused on developing and implementing programming models for optical mapping
algorithm on GPUs. We also focused on optimizing the GPU program to gain a

higher performance.

1.3 Major Contributions

The major contributions of this thesis are:

e Detailed analysis of the optical mapping algorithm and determination of the

bottlenecks;



e Detailed analysis of GPU memory access optimization in the optical mapping

CUDA program;

e Detailed analysis of GPU implementation of optical mapping algorithm in

terms of different input sizes;

e High performance implementation of optical mapping algorithm using GPU
gh p p P pping alg g

GT230M that provides 33X speedup over an equivalent CPU implementation.



Chapter 2

Related Research

GPU acceleration has been applied to many biomedical imaging researches. CT
reconstruction algorithms have been accelerated on GPUs[5][6]. These studies on CT
reconstruction algorithms were focused on accelerating the Simultaneous Algebraic
Reconstruction Technique (SART). MRI reconstructions have been studied in recent
years. The research in this area has mainly focused on accelerating the fast Fourier
transform (FFT)[7][8].

The GPU acceleration in cardiac electro-physiology has rarely been studied. Li-
onetti presented a study of GPU accelerated cardiac electro-physiology[9] which fo-
cuses on waveform differential equations solving for cardiac electro-physiology simu-
lation. The research presented in this thesis focuses on optical mapping technology
which studies the actual electro-physiology of a real animal heart by processing the
captured video. Therefore, this thesis focuses on biomedical image processing instead
of numerical differential equation analysis presented in Lionetti’s thesis.

There are many other research articles that use GPUs for biomedical image pro-
cessing. The unique feature of the optical mapping is the substantial temporal nature
of the algorithm. For example, the phase shift function for a 1024 frames video re-

quires operating over 32,768 interpolated frames. Most other related works [10][11]



operated over a much smaller temporal scale (e.g., only one or a few frames).



Chapter 3

Optical Mapping Algorithm

3.1 Algorithm Overview

The optical mapping algorithm consists of two major stages: (1) signal condi-
tioning; (2) analysis. The raw image intensity signals are first conditioned using a
variety of techniques in an attempt to reduce the noise. This includes spatial phase-
shifted filtering and temporal median filtering[12]. Additionally, some experiments
require the removal of motion artifacts due to cardiac contraction from the signal us-
ing a combination of ratiometry and motion tracking. This is followed by an analysis
stage that performs actions like determining the activation time and subsequently
creating an activation map over the ventricular epicardium showing the rate and
path of action potential propagation. Other analyses include determining the spatial
gradients of activation time to calculate local apparent conduction velocity vectors
at each pixel[19]. The action potential duration (APD) is then defined as the time
difference between repolarization (when the action potential has recovered back to
the baseline) and activation. The APD dispersion is determined as the standard
deviation of APD over the surface of the heart. Alternatively, to track organizing

centers of meandering spiral waves, the phase is calculated over the surface of the
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heart and phase singularities are located and followed.

The signal conditioning stage is the major computationally intensive part of the
optical mapping algorithm. Therefore, we focused our acceleration strategy on study-
ing the signal conditioning stage. In the following, we describe the signal conditioning
stage in detail.

Signal conditioning begins with normalization and signal inversion. This trans-
lates the change in fluorescence into corresponding voltage by calculating the change
in florescence from the baseline background florescence. Note that the fluorescence
and voltage are inversely proportional. Further signal processing determines whether
a particular pixel is interesting using a minimum range and a minimum value. This
reduces the computational complexity by eliminating background (i.e., non-heart)
pixels. More specifically, a pixel is marked valid if it meets two conditions: (1) the
range of its values is greater than a given range (the pixel is in action), (2) the max-
imum of its values is greater than the given value (the pixel is active enough to be a
heart pixel). Normalization only occurs on these “interesting” pixels.

Figure 3.1 shows the steps of optical mapping algorithm which includes a phase
shift spatial finite impulse response (FIR) filter and a temporal median filter to
enhance the electrical signal. More specifically, a phase shift spatial filter is applied
on a kernel window that first passes through low pass interpolation by a factor of 10.
This function iterates across the raw data in the kernel window, applying both spatial
and temporal filters. The phase shifting function takes a window across time, a mask
that defines valid pixels and a dimension that specifies the center of the window and
phase shifts the entire window in time by using the center pixel as a reference. The
shifted window is returned along with the mean shift amount. It should be noted
that the pixel’s entire duration through time is used when comparing the phase for
each pixel against the reference pixel. Also another function calculates a phase shift
difference between a reference pixel, a pixel to be shifted, and a power that is used

to determine the level of accuracy. A discrete fast Fourier transform (FFT) is used
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Figure 3.1: Signal conditioning stage flow chart and the correspondent image signals.
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to calculate the phase shift amount. Since the length of the input array of FFT
must be an integer power of 2, a padding zeros function is used on the input array
before FFT. After performing the spatial phase shift filtering, the signal undergoes
temporal median filtering. Median filtering replaces a pixel with the median value
of the set of itself and a certain number of its adjacent pixels along the time axis.
Median filtering is used because it preserves the steep upstroke of the optical action
potential.

The phase-shift spatial filtering and the temporal filter are the two most complex
modules in the signal conditioning stage shown in Figure 3.1. Also, described in
section 3.4, these two modules take more than 95% of the total run-time of the
optical mapping algorithm. Therefore, we describe these two modules in section 3.2
and 3.3 showing the algorithms they use and their necessity for the image quality

enhancement.
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3.2 Phase-Shift Spatial Filtering

As shown in Figure 3.1, the phase-shift spatial filtering module can be broken
into sub-modules. They are interpolation, padding zeros, FFT, conjugated multi-
plication, IFFT, ¢, searching, time shifting and 2-D filter. In subsection 3.2.1-3.2.3

sub-modules, we describe these sub-modules.

3.2.1 Interpolation and Padding Zeros

The camera speed is 1,000 frames per second, referring to the appendix. Although
it is high speed video capturing, it is still far from representing the real continuous-
time potential fields. Therefore, in order to reconstruct a continuous description of
the potential fields for optical mapping analysis, an interpolation is used to fill the
regions between frames to enhance the sampling density[20].

The interpolation algorithm is implemented by using a low-pass finite impulse
response (FIR) filter. Firstly, the algorithm expands the input array to the length
increased by the interpolation factor. Secondly, it generates a coefficient array of
a symmetric filter. The expanded array passes through this filter to produce the
interpolated output array[21]. In the optical mapping algorithm, in order to enhance
the sampling rate along the time axis (frames), a video data with 10x more frames
is produced by the interpolation algorithm, as shown in Figure 3.2.

The number of frames of the interpolated video data is usually not a number of
power of two which is necessary for the FFT operation in the next stage. Therefore,
the interpolated array needs to be padded with zeros to make the number of frames
a power of two. For example, an original video with 1,024 frames will have 10,240
frames after interpolation. This interpolated data will be expanded to 32,768 =
2 x 10% frames by padding zeros.
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Figure 3.2: Demonstration of temporal interpolation.

3.2.2 FFT, Conjugated Multiplication, IFFT, t;, searching
and Time (Phase) Shifting

A 2-D spatial filter (described in subsection 3.2.3) is applied on individual frames
using the information about the neighboring pixels to enhance the signal. However,
due to the fact that the signal is moving as a waveform, the neighboring pixels all
have phase differences with the pixel which is to be filtered, as shown in Figure 3.3.
These phase differences will be noise on the filtered image if we apply the spatial filter
directly. Therefore, it is necessary to eliminate these phase differences by shifting
the pixels along the time axis, as shown in Figure 3.4.

The method to find the phase difference between two pixels is described as fol-
lowing;:

For two signals s; and s,, assume signal sy is the time-shifted version with delay

to of signal sq:
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Figure 3.4: Demonstration of phase shifting.
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So(t) = s1(t — to) (3.1)

From equation 3.1, the relation between the Fourier transforms of s1 and s2 is:

Sa(f) = e 208 (f) (3.2)

Therefore, t0 can be found:

SUDSI) _ e
152(f) ST ()

Taking the inverse Fourier transforms on both sides of equation 3.3, there will
be:

(3.3)

S2(f)S1(f)
|152(f) ST ()]
Thus, from equation 3.1 to 3.4, the time shift operation is: (1) take FF'T’s of the

F( ) = 0(t —to) (3.4)
reference array and an array to be shifted; (2) take the conjugation of the reference
FFT array and multiply it with the other FFT array; (3) take the IFFT of the output
array from step 2; (4) in the output array of step 4, find the maximum value (due to
the § function). The index of the maximum value is the time difference ¢, that we
require.

After the ty’s are found, in each filter window shown in Figure 3.4, the neighbor
pixels are shifted with the correspondent time differences. Due to the fact that each
pixel has its own filter window, the output data of phase shifting is expanded with
a factor which is the window size. This output data is filtered by a 2-D FIR filter

which is described in subsection 3.2.3.

3.2.3 2-D (Spatial) Filter

A 2-D spatial filter is used to reduce the noise on the image data. In our case, the

2-D filter is a 5 x 5 Gaussian filter (6 = 1.179) [12]. Therefore, each pixel is replaced
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Figure 3.5: Demonstration of the 2-D spatial filter.

with the convolution of the 5 x 5 Gaussian filter and 24 phase shifted neighboring

pixels. The 2-D filter operation and its coefficients are shown in Figure 3.5

3.3 Temporal Filtering

A temporal filter is applied on the output of the phase-shift filter to further
enhance the image quality. We used a median filter of length 5 because it best
preserves the feature of the cardiac actions. The median filter is demonstrated in

Figure 3.6.

3.4 Profiling and Bottlenecks Study

In order to guide our GPU acceleration implementation, we profiled and studied
the bottlenecks of the original Matlab serial implementation of the optical mapping
algorithm.

Figure 3.7 shows the total run-time of the Matlab optical mapping program on
a 2.66Ghz Quad-Core Intel Xeon machine with Matlab 2009a (256KB L2 cache per
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Figure 3.6: Demonstration of the temporal median filter.

core, 8 MB shared L3 cache and 3GB of main memory). As can be seen from the Fig-
ure, 256 frames require roughly an hour of processing time (51 min). Increasing the
amount of input data and the number of runs significantly increases the computation
time. 1024 frames with 6 runs roughly requires 1 day of processing time (22 hours).
The different numbers of runs are tested because the optical mapping experiment is
usually done repeatedly in a medicine testing process due to the possibility of fail-
ure. This particular experiment used a sampling rate of 1000 frames/second, which
corresponds to approximately 6 seconds of data (6 runs each of which are a little
over 1 second). In other words, 1 second of data requires 3.7 hours of computation.

Additionally, in Figure 3.7 (b), over 95% of the total run-time is taken by the
phase shift spatial filer and the temporal median filter. Therefore, our design focuses

on parallelizing these two parts of the optical mapping algorithm.
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Figure 3.7: Bottleneck analysis. (a) The run-times for different size of video and
numbers of “runs”. (b) The time consumption of each step of optical mapping
algorithm, which indicates the spatial filtering part and temporal filtering part take
more than 95% of the total run-time.



Chapter 4

GPU Platform

4.1 GPUs

4.1.1 Overview

GPUs are known as a type of many-core processors that focus more on the exe-
cution throughput of parallel applications. This attribute makes GPUs have a very
high performance in throughput computations. In recent years, the ratio between
GPUs and multicore CPUs for throughput peak floating-point calculation is about
10 : 1. Also, GPUs provide a low cost platform for hardware-assisted throughput
computation. They tend to perform well on highly parallel applications. Due to the
pixels can be processed independently in most of the stages of the optical mapping
algorithm, the algorithm is possible to be highly parallelized. Therefore, the GPUs

are suited for accelerating the optical mapping algorithm.

4.1.2 Architecture of GPUs

Figure 4.1 shows a simplified view of the GPU architecture. The GPU hardware

provides a set of multiprocessors and it dynamically assigns each thread block to

19
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Figure 4.1: Simplified GPU architecture.

a stream multiprocessor (SM). In each block, the threads are scheduled as a set of
warps, and each warp has 32 threads that execute in Single Instruction, Multiple
Threads (SIMT) model. There can be certain amount of warps residing in each SM
at any point in time. One of these warps will be executed by the hardware at a
point in time. But SM can efficiently arrange the warps during execution. When a
warp needs to wait for the result of a previously initiated long-latency operation, it
is placed into the waiting list until the data is ready. One of the other warps which
are no longer waiting for results is selected for execution.

Due to the SIMT model, the principle of GPU parallel computing is the idea
that there is a significant amount of data which must be operated by a unified set
of instructions. Also, due to the automatical thread scheduling mechanism, another
important idea in GPU parallel computing is to launch enough threads at a time so
that the stream processors can mask the memory access latency time by processing
other threads when some threads are waiting for memory response.

The storage arrangement on GPUs is described as following. The threads in a

thread block share local storages which are known as shared memory and register.
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Another type of storage is called global memory, which any thread on the GPU may
access. This global memory has higher access latency (about 20 times higher than
that of shared memory or registers). However, the sizes of the local storages are very
limited e.g. about 48KB per multiprocessor. The host (CPU) can write data from
main memory (RAM) to the GPU global memory, or read data from the GPU global

memory to the main memory.

4.2 CUDA Programming

4.2.1 Overview

Compute unified device architecture (CUDA) is an extension of the C program-
ming language developed by NVIDIA for programming their GPUs. CUDA achieves
high scalability which means simple, low-overhead thread management and no cache
coherence hardware requirements. A CUDA program executes sequences of kernels,
as demonstrated in Figure 4.2. Each of these kernels revokes a set of threads which
are organized into two-dimensional thread blocks. Each thread block has a certain
number of threads. This programming model is shown in Figure 4.3. The dimen-
sion of grids can be 1-D or 2-D, while the dimension of blocks can be 1-D, 2-D or
3-D. For example, we can arrange blocks as “block(0) - block(N)” or “block(0,0) -
block(M,N)”, while we can arrange threads as “thread(0) - thread(N)”, “threads(0,0)
- threads(M,N)” or “threads(0,0,0) - threads(M,N,K)”.

4.2.2 CUDA Programming with Matlab

A Matlab program can utilize a GPU to parallelize a part of the program by
calling a “mex” file[22] compiled from CUDA code. The process of compiling the
CUDA file and applying the “mex” file is shown in Figure 4.4. While the parallelized
parts are translated into CUDA code, the rest of the code is still written in Matlab
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Figure 4.4: The process to embed a CUDA program in Matlab environment by using
“mex” file.

script language. Similar to the optical mapping algorithm, before being transplanted
in CUDA, most scientific programs are developed by non-professional programmers
using high-level languages such as Matlab. The combination of Matlab and CUDA
enables a high-performance and easy-developing solution for those GPU accelerating
projects. We deployed this solution to accelerate the optical mapping algorithm from

the original Matlab optical mapping program.

4.3 GPU vs. FPGA

An alternative platform is Field-programmable Gate Array (FPGA). An FPGA
can be programmed using a hardware description language (HDL) such as “Verilog”.
It also can be programmed in a high level language such as C and synthesized by
tools such as Catapult C.

FPGAs and GPUs occupy different points in the spectrum of possible acceler-
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ators, both of which are known to achieve substantially better performance than
CPUs on certain workloads. Applications typically exhibit vastly different perfor-
mance characteristics depending on the accelerator. This is an inherent problem
attributable to architectural design, middleware support and programming style of
the target platform. For the best application-to-accelerator mapping, factors such
as programmability, performance, programming cost and sources of overhead in the
design flows must be all taken into consideration. In general, FPGAs provide the
best expectation of performance and low overhead, while the flexibility of GPU pro-
gramming allows an easier developing and debugging process.

Our initial implementation presented in this thesis was done on GPUs due to the
development complexity. Although the GPU implementation has gained a signifi-
cant speedup against the original CPU implementation, it is still not fast enough to
perform real-time optical mapping algorithm due to the software and driver over-
head. Therefore, we will move to an FPGA implementation as the future work in

the research of optical mapping algorithm acceleration.



Chapter 5

GPU Implementation

5.1 Parallelization Overview

In the original Matlab code, the temporal operations and the spatial operations
were implemented by using nested iteration loops, as shown in the pseudo code in
Figure 5.1. Since the CUDA kernels can only run as the SIMT model, one kernel
is not able to evoke several kernels to parallelize the iterations in its kernel function
body. Thus, parallelization of the optical mapping algorithm cannot be implemented
by directly converting iterations into CUDA kernels.

We re-designed a hierarchy which is more suitable for GPU. In this new hierarchy,
CUDA kernels are assigned to pixels of the video with a temporal index and a spatial
index. Then, the kernels can execute with SIMT fashion with the input of each pixel
located by the temporal index and the spatial index. The temporal index and spatial
index can be projected to thread index and thread block index of a thread to locate
the correlated output pixel in an array of output data. In this design, each thread
works on one pixel. This design has two improvements with respect to efficiency.
First, it maximizes the GPU threads occupancy which helps the processor effectively

pipeline global memory accesses and thereby masking their cost [23]. Second, it
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for x=1:length_x spatial iteration x
for y=1:length_y spatial iteration y
fort=1:T temporal iteration
end
end
end

Figure 5.1: Pseudo code of the hierarchy of the original serial code of optical mapping
algorithm. In the original serial CPU implementation, the temporal loop is iterated
by the outer spatial loops. This hierarchy is not suitable for GPU implementation.

simplifies the operation within each thread to one pixel instead of iterations of many
pixels.

However, the description above is only considered in the point of view of the
algorithm-level parallelization without considering the GPU hardware attributes and
limitations [24]. In order to make the CUDA program reach the GPU peak computing
as closely as possible, GPU hardware attributes need to be considered in the design.
More optimized designs are discussed in Chapter 6. Before the further discussion
of more optimized designs, the implementation of the optical mapping algorithm in

CUDA is described in the following sections.

5.2 GPU Accelerated Optical Mapping Program

Overview

In this section, we present an overview of the GPU accelerated optical mapping

program. As described in section 3.4, over 95% of the total run-time is taken by
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the phase shift spatial filter and the temporal median filter. Therefore, the program
is designed with that the phase shift filter and the temporal median filter parts are
parallelized on the GPU while the other parts of the program are still executed on the
CPU in serial. As shown in Figure 5.2, for the GPU parallel part, we developed inter-
polation, padding zeros, FF'T, conjugated multiplication, IFF'T, “t; searching”, time
shift, 2-D filter and temporal median filter CUDA kernels. Before the first CUDA
kernel - interpolation, the data are processed on the CPU and stored on the main
memory. At this point, the data are copied from the main memory (host memory) to
the graphic memory (device memory). After the last CUDA kernel - temporal me-
dian filter, the data are copied from the graphic memory back to the main memory.
In the following sections of this chapter, the CUDA parallel programming structures

for implementing the kernels shown in Figure 5.2 are described.

5.3 Phase-Shift Spatial Filtering Implementation

5.3.1 Interpolation

The interpolation process consists of three steps: expanding the array by inserting
zeros, filtering by a coefficient array, and selecting the right segment of the filtered
array. All of these steps can be parallelized. The CUDA program structure of the
first step (array expanding) is shown in Figure 5.3. The operation is parallelized
both spatially and temporally. The GPU thread is organized in two levels. The top
level is a grid which contains some thread blocks, and in each thread block, there are
a certain amount of threads that form the second level.

The second step is 1-D filtering, as shown in Figure 5.4. Since this 1-D filtering
does not have a feedback loop structure, the output data -y are independent from
each other. Each element of the output array can be calculated in a GPU thread.

In each thread, there is an iteration of addition computation which is adding the
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Figure 5.2: GPU accelerated optical mapping program overview. Interpolation,
padding zeros, FFT, conjugated multiplication, IFFT, “t;, searching”, time shift,
2-D filter and temporal median filter are converted into CUDA parallel code while
normalization and inversion are still Matlab serial code.
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Figure 5.3: CUDA implementation of interpolation step 1.

multiplication of b(n) and x(m), shown in Figure 4.3. This addition computation
could be parallelized to reduce the number of iteration, but it would dramatically
increase the GPU memory accessing time which can be saved by using iteration in
a thread. Usually the array size of b(n) is 89. The parallelization could reduce the
times of iteration to log89 = 7. However, the memory accessing will increase from 89
to 89 x (2 — 210%) = 176. The decrease of iteration is 82 while the increase of global
memory access is 87. Usually, a global memory access takes much more time than a
floating point operation on the GPU. Therefore, it is less efficient to parallelize this
addition computation.

The third step which tails the output data is searching in the pre-output array

to find the particular elements and saving them in a new array. This process is

parallelized similarly to step one.
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Figure 5.4: CUDA implementation of interpolation step 2.

5.3.2 FFT, Conjugated Multiplication and IFFT

The FFT operation is parallelized in CUDA using the “CUFFT” library devel-
oped by NVIDIA. This “CUFFT” library provides an interface for operating FFT's
on a GPU. This library also supports multiple 1D transforms in parallel, which is
suitable for the optical mapping algorithm. Therefore, we deployed the “CUFFT”
library computing the FFT of the interpolated image data.

The conjugated multiplication is also parallelized spatially and temporally. How-
ever, this operation needs more CUDA threads and generates more data. As de-
scribed in subsection 3.2.2, for phase-shift filtering, each pixel has its own filter
window. Therefore, the number of CUDA threads and the size of output data are
both expanded by the factor of the window size. The CUDA program structure of
conjugated multiplication is shown in Figure 5.5. The block index “x” represents
the index of the pixel within the filter window. The block index “y” represents the
index of the window. With this thread assignment, each conjugated multiplication
operation is assigned to a thread.

The IFFT operation is similar to the FFT operation. We deployed “CUFFT”

library with changing the parameter which controls the transformation direction to
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“Inverse”.

5.3.3 Phase Difference “t;,” Searching and Shifting

The “tg search” operation is searching the output array of IFFT for the maxi-
mum value. This operation cannot be fully parallelized due to the data dependency.
However, the operation can break into comparing two values and saving the greater
one. The comparing and saving operation can be iterated until there is only one
value left in the array. Each comparing and saving operation can be assigned to a
thread. Therefore, the “ty search” operation can be parallelized as shown in Figure

2.6.
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Figure 5.7: Demonstration of CUDA programming structure of 2-D filtering.

5.3.4 2-D Filtering
The 2-D filter is parallelized by assigning each filter window a thread, as shown
in Figure 5.7. In each thread, a 2-D convolution is computed. In our case, the filter
window size is 5 x 5 pixels. Thus, the computation intensity of this 2-D convolution
is appropriate for executing within a GPU thread. Therefore, we keep the 2-D

convolution inside each window in serial, while the filter operation executes on many

windows of data in parallel, as demonstrated in Figure 5.7.

5.4 Temporal Filtering Implementation

In the temporal filtering, each pixel is replaced by the median value found from

a sub-array with length of 7, as described in section 3.3. The temporal filter is

parallelized on the GPU by assigning each median value searching operation to a

thread, as shown in Figure 5.8.
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5.5 Batch Process Strategy

Due to the limitation of graphic memory of GPU (usually 512MB-1024MB, at
most 6GB as the largest graphic memory of GPU that has been manufactured),
the size of a 1024 frames and 100 x 100 frame size video data processed with an
interpolation factor of 10 and a 5 x 5 2-D filter window (the total graphic memory
required is (100 — 4)? x 52 x 1024 x 10 x 4 = 8.75G Bytes) cannot be processed in
fully parallel on a GPU. Therefore, we divided the video into several batches of data
so that each batch of data can be processed in parallel. A batch can be seen as a part
of the video which is under the limitation of GPU resource. For example 8 x 8 x 512
frames. One batch is processed on the GPU at a time as shown in Figure 5.9. Then
the outputs of the process of these batches are combined again as an output video.
After each parallel process, the graphic memory is cleared and loaded with the next

batch of data.
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Chapter 6

GPU Optimization

6.1 GPU Programming Optimization Overview

In order to reach the peak perform of the GPU as closely as possible, the CUDA
optical mapping program needed to be optimized with consideration to memory
access efficiency and thread scheduling efficiency. There are many constraints from
the underlying hardware and threading model that make the optimization work a
multi-variable optimization problem.

There are some principles for CUDA program optimization:

e leverage threads execution to hide the memory latency - make the GPU process
a certain amount of threads that occupy the stream processors completely all

the time while some of the threads are waiting for memory access;

e Use on-chip memory to reduce bandwidth usage and memory access penalty -

use registers and shared memory;

e Arrange threads to avoid memory bank conflicts - make sure the threads are

accessing different memory locations at a time;

36
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e Avoid control flow in a CUDA kernel - if there is a control flow, other threads

will have to wait for the slowest thread to make the decision.

With these principles, the optimization work can be directed. However, in many
cases, there are some specific parameters that determine the run-time significantly.
To find out the optimal values for these parameters, we have to use experimental

methods. In the two following sections, the details of optimization are described.

6.2 Memory Access Efficiency

As discussed in section 3.4, the phase shift spatial filter and temporal median fil-
ter take more than 95% of the total run-time of the whole optical mapping algorithm.
Therefore, we profiled the CUDA program of these two processes in details to study
the possibility of further optimization. The phase shift spatial filter includes inter-
polation, padding zeros, FFT, conjugated multiplication, IFFT, adding index for “t,
search”, “tg search”, time shifting and 2D filtering CUDA kernels. The temporal
filter only contains the median filter CUDA kernel. For each part, the percentage of
time consumption of each part is shown in Figure 6.1.

In Figure 6.1, “ty search” consumes the largest amount of time among all the
parts of the optical mapping algorithm due to the number of global memory access.
Therefore, in the following paragraphs, the optimization of “ty search” CUDA kernel
is discussed.

As described in subsection 5.3.3, the naive implementation of “t; search” is as-
signing each two-element comparison to a GPU thread. This design achieves the
most occupancy of the GPU stream processors. However, considering memory ac-
cess efficiency, this approach needs to access the global memory twice in each thread.
Thus, the computation to global memory access (CGMA) ratio is 1 to 2 which means
execution of one float point operation requires two global memory accesses. Thus,

most of the time, the program is waiting for memory access instead of executing
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Figure 6.1: Time consumption of the GPU program in percentage with a 9 x 9 x 512
video data on Geforce GT 230M hardware

computing on the stream processors. The memory access becomes a bottleneck of
the program at this point. For example, for GT 230M GPU whose global memory
access speed is 25.6 GB/s, with a 1:2 CGMA ratio and 4 bytes in each single preci-
sion float point datum, the Giga Floating Point Operations Per Cycle (GFLOPS) is
25.6/(4 x 2) = 3.2 which is a very small value compared to the peak performance of
GT 230M - 158 GFLOPS. Therefore, we re-designed the “t0 search” kernel to obtain
higher performance.

To avoid the high latency of global memory accesses, more comparison operations
are assigned in each thread, as shown in Figure 6.2, the 4-element approach utilizes
the local register when the thread is executing the float point operation. The 4-
element approach needs to access the global memory 4 times when it is executing 3
float operations. Thus the CGMA ratio of this approach is 3 to 4 which is higher
than the original approach (1 to 2). This is proven by the testing results shown in
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Table 6.1 where the time consumption of “f; search” kernel is reduced to half.

The register re-use approach reduces the global memory access and increases
CGMA to achieve better performance. However, this approach increases the serial
process in each thread which slows down the operation speed. To find the optimized
number of elements that should be processed in one thread, we tested different num-
bers of pixels of data processed in one thread with a 9 x 9 x 512 video on GT 230M

hardware. Referring to Table 6.1, the optimal number of elements found is 32.

Table 6.1: Testing results of the global memory access reduction approach

’ Elements Processed in One Thread ‘ “t0 search” Time (ms) ‘
2 132.69
4 72.24
8 58.04
16 48.16
32 46.44
64 47.27
128 48.92

This experimental result is consistent with the mathematical analysis. We have

CGMA (compute to global memory access ratio):

BW x (N — 1)
MA = 1
CcG (IN) (6.1)
and:
FLOPS = W (6.2)

where N is the number of elements per thread. BW is the global memory access
bandwidth of the GPU.

When N increases, CGMA increases and FLOPS decreases. The smaller value be-
tween CGMA and FLOPS determines the computation speed. Therefore, it achieves
the fastest computation speed when CGMA = FLOPS.

Thus, we get:

N -1 B PeakFLOPS

BW x =5 N1

(6.3)
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As long as we know a given GPU’s parameter BW and Peak FLOPS, we can solve
the equation to obtain the optimal number of elements per thread. For GT230M,
BW = 25.6Gbits/s, PeakFlops = 158G /s, we get N = 26.7. N has to be a power
of 2 due to the optical mapping algorithm. Thus, N = 32 is the best among the

options which is consistent with our experimental results.

6.3 Batch Process Input Data Size

As described in section 5.5, the input data of the optical mapping GPU program
is divided into batches and each batch is processed on the GPU at a time. The size of
the batch can vary as long as it is below the size of the GPU memory. A smaller batch
size will cause the stream processors to be under occupancy. Although, a larger batch
size may increase the stream processor occupancy, too many threads may exceed the
parallel computing ability of the stream processor causing a low performance (e.g.
the kernel has to synchronize all the threads at the end, therefore the speed of the
kernel execution depends on the slowest thread). Therefore, selecting an optimized
batch size for a certain type of GPU is important for computation performance. We
evaluated processes with different batch sizes on a Geforce GT 230M GPU. All of
these processes operate on a same amount of total data which is a 100 x 100 x 1024
video with 100 x 100 pixels for each frame and 1024 frames. The timing results
of these processes are shown in Figure 6.3. We tested four sets of batch sizes with
four different sizes of frames respectively. For a certain number of frames, we tested
different sizes of pixels. Among these sizes of pixels, there is an optimal one which
consumes the least amount of time. For example, for the batch size with 128 frames,
the optimal one is 17 x 17 which needs 211.8211 seconds to process a 100 x 100 x 1024
video. This optimal batch size is at the minimum point of the curve of 128 frames
in Figure 6.3.

In Figure 6.3, the batch process timing results are plotted as curves for each num-
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ber of frames. For each curve, the time consumption decreases with the increment of
the width of the frame at the beginning and then reaches the minimal time consump-
tion point. After the minimal point, the time consumption increases tremendously
at the next greater width of frame. Table 6.2 shows the total number of threads that
the GPU needs to process at a time for different batch sizes. Batch size is calculated
by the multiplication of the number of frames (first column) and the number of pixels
(first row). In the tables, the “x” means the batch size exceeds the limitation of the
GPU hardware. The phenomenon could be observed in these two tables is, when the
batch size is small, the GPU will be in an under-utilized state and the batch needs to
iterate more along the whole video. When the batch size reaches a certain number,
the GPU stream processors will be fully utilized and due to the decrease of batch
iteration, the time consumption drops to a minimum value. Once the batch size
exceeds this optimal value, the extra threads which exceed the parallel computing
ability of the stream processors will be held up waiting for available GPU resource

which will decrease the kernel executing speed.
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Chapter 7

Results

7.1 Hardware and Software Environments

The hardware setup is: 2.66Ghz Quad-Core Intel Xeon CPU (256KB L2 cache
per core, 8 MB shared L3 cache); Nvidia GT230M GPU with 1GB graphic memory
referring to Table 7.1 as details; 6GB RAM. The software setup is: Matlab 2009a;
Nvidia CUDA Toolkit v3.0.

Table 7.1: Nvidia GT230M Specifications

CUDA Cores 48
Gigaflops 158
Graphic Memory 1GB
Processor Clock (MHz) 1100 MHz
Memory Interface Width 128-bit
Memory Bandwidth (GB/sec) | 16 (DDR2), 25 (DDR3)

An additional testing hardware setup is: Tesla Linux Cluster “Lincoln” [25].
The GPU processors on “Lincoln” are Nvidia Tesla S1070 Accelerator Units. The
specifications of Nvidia Tesla S1070 are listed in Table 7.2.
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Table 7.2: Nvidia Tesla S1070

CUDA Cores 960 (240 per processor)
Gigaflops single: 4147.2; double: 345.6
Graphic Memory 16 GB (organized as 4.0 GB per GPU)
Processor Clock (MHz) 1440 MHz
Memory Interface Width 4x 512-bit GDDR3
Memory Bandwidth (GB/sec) 408 GB/sec (102 GB/s per GPU)

7.2 GPU Kernels Timing Results

In this section, we present the timing results of the GPU kernels of phase shifting,
2D filter and the temporal median filter. We tested different lengths of video data
on these kernels. The timing results for phase shifting, that includes GPU kernels
described in subsection 5.3.1-5.3.3, are shown in Figure 7.1 (a). 7.1 (b) and (c) are
the timing results for 2D filter kernel and temporal median filter kernel respectively.
2D filter and temporal median filter kernels achieve more than 200x speedup against
the CPU Matlab implementations. The phase shifting kernels only achieve about 2x
speedup against the CPU Matlab implementation due to the complexity of computing

and high memory access latency.

7.3 Complete Optical Mapping GPU Program Per-

formance

In this section, the performance of our GPU optical mapping implementation is
presented. We report the performance of our design on different lengths of videos
compared to the original serial CPU implementation. We also verified correctness of
the output data of our design. As shown in Table 7.3, the mean value of the error
of the output data is 1.5204 x 10~° which is tolerable in our experiments.

Since optical mapping is usually applied on an experiment setup in a biomedical
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Figure 7.1: GPU kernels timing results. (a) Phase shifting kernels timing. (b) 2D
filter kernel timing. (¢) Temporal median filter kernel timing.
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Table 7.3: Batch Process Error

Number of Frames ‘ Maximum ‘ Mean Value Std. Deviation
128 9.9830 0.0626 0.0423
256 1.7525 0.0150 0.0039
512 1.5177 0.0105 0.0034
1024 0.0132 1.5204 x 10~% | 1.7809 x 102
70000

33X
60000
Il GPU Parallel
- 50000
3 ES CPU Serial
o 40000
E
€ 30000
20000
34X
10000 %
0
1 sec 3 secs 6 secs

Video Length

Figure 7.2: Performance on different lengths of videos comparing to CPU serial
implementation.

laboratory (described in the Appendix), we choose Nvidia Geforce GT 230M as the
hardware to test and measured all the implementations. The results presented in
this section and Chapter 6 are obtained using this GPU. The power consumption
of GT 230M GPU is 23W which is relatively low among most GPUs. Moreover its
size and mobility is suitable for practically implementing a biomedical laboratory
experiment system.

The run-time speed up of our design is shown in Figure 7.2. The results show
that our GPU implementation has a significant speed up over the original serial CPU
implementation. For example, for 6 seconds of video data, the GPU (GT230M) im-
plementation is 33x faster than the CPU (2.66Ghz Quad-Core Intel Xeon) imple-
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mentation.

We also analyzed our GPU implementation using “cudaprof”’, a profiling tool
provided by Nvidia for CUDA programs. The analysis shows all of the CUDA ker-
nels of our design, except “conjugated multiplication” and “ty search”, have 100%
occupancy. The “conjugated multiplication” CUDA kernel has a GPU occupancies
lower than 75%. Therefore, it leaves some room for improvement. The optimization
of “ty search” is discussed and its tradeoffs are explained in section 6.2.

We also tested our GPU implementation on “Lincoln”. The run-speed on “Lin-

coln” is 3X faster than the one on GT230M.



Chapter 8

Future Work and Conclusion

8.1 Future Work

As shown in section 7.2, the time shifting kernels only have speedups about of 2x
against the CPU implementation while the 2-D filter and median filter have speedups
about 200x. Therefore, there is still a space for improving the performance of the
time shifting kernels. The performance can be further improved by using shared
memory in “ty search” kernel. Also, combining the kernels may be another further
improvement possibility. Combining a few consecutive kernels to one kernel with
the original few consecutive operations executed within one threads can reduce the
overhead of launching kernels. Moreover, multiple-GPU technology can be used in
batch process i.e. processing multiple batches on different GPUs separately at the
same time.

The FPGA implementation will be a higher-performance option which may achieve
the real-time optical mapping goal. FPGA design requires a significant amount
of hardware design expertise. These design environments are a far cry from those
used to program microcontrollers, microprocessors, digital signal processors and even

GPUs. One solution is to use automated converting tools such as “Catapult C” which
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can convert programs written in C to hardware description languages for synthesizing

the designs on FPGAs.

8.2 Conclusion

We developed a GPU implemenation of the optical mapping algorithm for cardiac
electrophysiology. We designed a set of CUDA kernels parallelizing the processes of
the phase-shifted filter and the temporal median filter. In our GPU implementation,
we embedded the GPU accelerated image processing part in the Matlab environment
by using “mex” files. Thus, the non-time consuming analysis part written in Matlab
does not need to be translated into CUDA.

We obtained a 33x speedup by running the GPU accelerated program on a GT
230M GPU. We have found an optimal memory access method using the registers on
the GPU stream processors for the “ty search” CUDA kernel in our design. We have
also found an optimal input batch size for the parallel process on GPU associated with
stream processors occupancy and threads scheduling. Therefore, we conclude that
decreasing or masking the memory access and increasing the GPU stream processors

occupancy are the methods to further improve the GPU computing performance.



Appendix A
Experiment Setup

Our setup employs two stereoscope lenses that focus the image onto the CMOS
chip of the camera. The fluorescent probe is excited with a 470 nm wavelength 3.6W
LED lamp. Fluorescence is collected with a custom built tandem lens optical setup
(two 1x planapo objectives), filtered with a 610 nm wavelength long-pass filter, and
focused on the imaging sensor. Digital 14-bit images are recorded at 1,000 frames
per second with a high speed CMOS camera with a spatial resolution of 100 x 100
pixels. Multiple cameras can be arranged for panoramic imaging of the heart. This
is useful to observe global activation patterns and times, and to identify the origin
of spontaneous or reentrant arrhythmias. Figure A.1 provides a visual depiction of
this setup.

The raw image intensity signals, which are collected by the high speed camera,
are covered by noise. Thus, a signal conditioning process needs to be done to reduce
the noise. The effect of signal conditioning is shown in Figure A.2. This process

includes spatial phase-shift and temporal median filtering.
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Figure A.1: Optical mapping experiment setup.

Figure A.2: Signal conditioning effect. The left picture is the picture covered
with noise before signal conditioning. The right picture is noiseless after signal
conditioning.
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