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Pemampatan Fraktal Menggunakan Domain Rakan Bersebelahan Bergugusan
Hierarki dan SVM Multikelas untuk Imej Radiografi Berkomputer

ABSTRAK

Jumlah data dari pengimejan perubatan semakin meningkat dan menggunakan kos
penyimpanan data digital yang tinggi. Kaedah yang dapat mengurangkan saiz ime;j,
mengambil-semula imej dengan pantas dan mengekalkan butiran perubatan yang
signifikan merupakan suatu penekanan dalam penyelidikan. Oleh itu, pémampatan imej
fraktal (FIC) sangat perlu untuk memperoleh nisbah mampatan (Cratio) Yang jauh lebih
tinggi tanpa kemerosotan imej yang ketara yang mana secara klinikal adalah penting
untuk prestasi diagnostik yang berkesan. Fasa pengekodan dalam FIC carian penuh
memerlukan masa yang intensif kerana carian berurutannmesti dilaksanakan melalui
kumpulan domain besar untuk mencari domain yang paling sesuai bagi setiap blok
rentang. Dalam kajian ini, suatu kaedah penambahbaikan.untuk FIC berdasarkan domain
rakan bersebelahan bergugusan hierarki dan pemetaan.mesin vektor sokongan multikelas
(SVM) yang tidak diselia bagi imej radiografi/berkomputer (CR) telah dicadangkan.
Dengan menggunakan pendekatan ini, parameter-parameter fraktal optimum telah
dicadangkan untuk meningkatkan kecekapan pengekodan FIC. Kombinasi domain rakan
bersebelahan dengan pekali korelasi Pearson (PCC) direkabentuk untuk mengurangkan
kerumitan komputasi pengekodan.,Domain rakan bersebelahan mempunyai kurang
pengiraan memandangkan ianya ‘mengurangkan bilangan blok-blok domain dalam
kumpulan domain. PCC digunakan untuk klasifikasi blok domain berdasarkan nilai
korelasi, seterusnya mempercepatkan pengekodan. SVM multikelas yang tidak diselia
dan penggugusan K-means dikembangkan dalam kajian ini untuk meningkatkan proses
pemetaan. Kebaharuantdari pendekatan yang dicadangkan terletak pada penggunaan
domain rakan bersebelahan bergugusan hierarki dengan SVM multikelas untuk pemetaan
rentang-domain yang tepat, menghasilkan nisbah mampatan yang tinggi dengan
penyimpanan.yang berkurang, masa pengambilan-semula yang pantas dan imej bina-
semula yang berkualiti tinggi. Kaedah yang dicadangkan telah diuji dengan
menggunakan pelbagai imej ujian piawai dan dua set pangkalan data imej perubatan dari
The Cauncer Imaging Archive (TCIA) dan Japanese Society of Radiological Technology
(JSRT). Prestasi parameter-parameter fraktal optimum yang dicadangkan dinilai dengan
menggunakan imej Society of Motion Picture and Television Engineers (SMPTE) dan
imej paru-paru radiografi berkomputer. Hasil kajian menunjukkan bahawa parameter
fraktal yang optimum adalah saiz rentang bersamaan 4 (minima) dan 8 (maksima),
ambang Quadtree (Qmn) bersamaan 0.2 dan tiga iterasi penyahkodan. Kaedah yang
dicadangkan menunjukkan prestasi yang baik dalam penilaian pengurangan masa
pengekodan untuk imej ujian piawai dari segi nisbah isyarat-hingar puncak (PSNR), masa
mampatan, dan nisbah mampatan, masing-masing mendapat skor 27.27 dB, 6.88 s dan
16.13. Penilaian terhadap pelbagai modaliti dan saiz imej perubatan daripada 7CIA
menunjukkan bahawa kaedah yang dicadangkan dapat memampatkan imej bersaiz besar
dengan lebih baik berbanding imej bersaiz kecil. Untuk 16.3 MB imej mamografi dengan
saiz piksel 4096 x 4096, kaedah yang dicadangkan mampu mengembalikan ime;j
mampatan kurang daripada satu minit dengan 39.5 dB. Pelaksanaan SVM multikelas dan

XV



penggugusan K-means telah meningkatkan lagi kualiti imej yang dimampatkan. Hasil
keputusan untuk penilaian kaedah yang dicadangkan telah dilaksanakan menggunakan
360 imej CR dengan dan tanpa nodul paru-paru dada menunjukkan kualiti imej bina-
semula dengan PSNR bersamaan 41 dB untuk saiz rentang (4,8) dan dikodkan kurang
dari satu minit. Kaedah yang dicadangkan menjimatkan storan kira-kira 95.6 peratus
dengan saiz yang disimpan hanya 358 kB daripada 8193 kB saiz imej asal. Hasil kajian
menunjukkan bahawa kaedah yang dicadangkan dapat memperoleh imej bina-semula
yang berkualiti dengan penjimatan saiz storan yang lebih besar dan masa pengekodan
yang munasabah.
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Fractal Compression Using Hierarchical Clustered Peer Adjacent Domain and
Multiclass SVM for Computed Radiography Images

ABSTRACT

The volume of data from medical imaging is growing and consumes high costs of digital
data storage. A method that can reduce the image size, fast retrieving and preserving the
critical medical details of the image is a highlight in the research. Therefore, fractal image
compression (FIC) is essential to obtain a substantially higher compression ratio (Crasio)
without perceptible image degradation, which is clinically essential for effective
diagnostic performance. The encoding phase in full-search FIC.is’ time-intensive as a
sequential search must be performed through a massive domain pool to find the
best-matched domain for each block of ranges. This studyproposes an improved FIC
method based on hierarchical clustered peer adjacent domain'and unsupervised multiclass
support vector machine (SVM) mapping for computed-radiography (CR). The optimal
fractal parameters were proposed to increase FIC-encoding efficiency using this
approach. Combining the peer adjacent domain with the Pearson correlation coefficient
(PCC) is designed to reduce computationalcomplexity encoding. The peer adjacent
domain has fewer computations, reducing the-number of domain blocks in a domain pool.
The PCC being used for domain block;classification based on correlation value speeds
up the encoding. The unsupervised.multiclass SVM and K-means clustering are
developed in the study to improve the mapping process. The novelty of the proposed
approach lies in the use of hierarehical clustered peer adjacent domains with multiclass
SVM for accurate domain-tange mapping, resulting in a high compression ratio with
reduced storage, fast retrieving time, and high reconstructed image quality. The proposed
method was tested using-various standard test images and two sets database of medical
images from The~Cancer Imaging Archive (TCIA) and the Japanese Society of
Radiological Technology (JSRT). The performance of the proposed optimal fractal
parameters is evaluated using the Society of Motion Picture and Television Engineers
(SMPTE)«image and computed radiography lung images. The results show that the
optimal fractal parameters for increasing encoding efficiency are quadtree threshold (QTn)
equal\to 0.2, range size is (4,8), and three decoding iterations. The proposed method
shows good performance in the encoding time reduction evaluation for the standard test
image in terms of peak signal-to-noise ratio (PSNR), compression time, and compression
ratio, with 27.27 dB, 6.88 s, and 16.13, respectively. Evaluation of various medical image
modalities and sizes from TCIA images demonstrates that the proposed method can
compress larger images better than small images. For the 16.3 MB 4096 x 4096
mammography image, the proposed method retrieves the compressed image less than a
minute with 39.5 dB. The implementation of multiclass SVM and K-means clustering
has further improved the compressed image quality. The results for the proposed method
evaluation executed using 360 CR images with and without chest lung nodules showed
the high quality of reconstructed images with a PSNR equal to 41 dB for a range size of
(4,8) and encoded less than a minute. The proposed method saved the storage about 95.6
percent with stored only 358 kB out of 8193 kB original size image. The finding
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demonstrates that the proposed method obtained high quality reconstructed images with
more extensive storage and adequate encoding time.
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CHAPTER 1: INTRODUCTION

1.1 Introduction

Nowadays, most of the data is recorded in digital format and almost all image
interpretation and analysis involve digital processing. Disciplines, such as medicine, e-
commerce, and multimedia, are limited by the interchange of digital images. Online
broadcasting in sports events, teleconference at a worldwide company, and even surgery
with remote participation from one or more experts, are examples of the use of digital

image-related technologies today.

Medical imaging is used to acquire-body parts images for medical reasons to
detect or investigate illnesses. Every week, millions of imaging operations run globally.
The improvements in image procé€ssing methods include image recognition, analysis, and
enhancement, driving the development of medical imaging. Digitized medical images,
such as x-rays, computed tomography (CT), nuclear magnetic resonance (NMR), and
ultrasound, include a large number of pixels with about similar brightness, many of which
create zones-of near homogeneity (Loew and Li, 1994). In the process of diagnosing and
treating disease and injury using advanced imaging devices, medical radiologists
frequently have to deal with big image data acquired from the patient during a routine

medical examination (Kharat and Singhal, 2017).



Every year, billions of images are taken throughout the world for various medical
purposes. Approximately half of them utilize ionizing and nonionizing radiation
modulators (Abdallah, 2015). Medical imaging generates an image of the body's inner
structure without the need for invasive therapies. These images were made using fast
processors because of the mathematical and logical translation of energy to signals
(Abdallah, 2018). After that, the impulses are translated into digital images. These signals

represent the different kinds of tissues found throughout the body.

Therefore, one of the recurring challenges experienced by radiologists is
preserving and archiving the images, particularly in situations where they are routinely
obtained at the most outstanding possible quality (Varma, 2012). The expanding volume
of medical imaging data, especially time series.such as CT perfusion (CTP), needs unique
and rapid procedures to deliver early tesults for acute treatment. CTP datasets may
currently be as large as 3.76 GB, and‘when dealing with such a massive quantity of data,
traditional data storage techniques are sluggish, inefficient, and even costly in terms of
the price of purchasing and maintaining specialized image processing software and

hardware (Barross¢t al., 2016).

Digital acquisition technologies, such as multi-slice CT and digital
mammography, may create vast amounts of digital images, subsequently sent to image
archiving and communication systems (PACS). PACS and teleradiology technology have
posed issues in storing and sending enormous amounts of digital images. These
technologies have resulted in an exponential increase of digital image files (Huang, 2019;
Pooley, 2001). The number of images taken in a multi-slice CT examination, for example,

may range from 40 to 3000. One examination may yield 20 MB or more of data if the



image size is 512 x 512. Computed radiography (CR) examination consisting of two
images per examination with an image size of 2048 x 2048 delivers 16 MB of data. A
digital mammography exam may presently provide up to 160 MB of data (Huang, 2019).
In other words, one of the most significant difficulties of using medical images is their
larger size, which makes them challenging to store and transmit. Consequently, image
compression, which may reduce image size while retaining image quality, becomes a

priority in this study.

The development of coding utilizing entropy by Shannon—Fano started in the
1940s (Kia et al., 1998), which served as the foundation for Huffman coding, introduced
in 1950 (Klein et al., 2019). The fast Fourier transform (FFT) introduced transform
coding in the late 1960s and the Hadamard transform started early 1969 (Shruthi et al.,
2016). The discrete cosine transforms (DCT) produced using fundamental image
reduction algorithm was invented-in-the early 1970s (Kekre and Kulkarni, 2011). DCT
compression is the cornerstone‘of JPEG, introduced in 1992 by the Joint Photographic
Experts Group (JPEG)."JPEG is the most often used image file format as it compresses
images to drastically reduced file sizes. The efficient DCT compression technology was
mainly blamed for the widespread acceptance of digital images and digital photographs

(Aguilera, 20006).

Meanwhile, the Lempel-Ziv—Welch (LZW) algorithm was devised in 1984. It is
employed in the 1987 GIF format (Lowe and Bennett, 2009). The portable network
graphics (PNG) format exploits lossless compression method, DEFLATE developed in
1996 (Hosseini, 2012). Wavelets were initially exploited in image compression with the

advent of DCT coding (Hoffman, 2012). In the year 2000, the JPEG 2000 standard was



released (Rabbani, 2002). JPEG 2000 employs discrete wavelet transform (DWT)
methods instead of the DCT approach utilised by the original JPEG format (Unser and
Blu, 2003). In 2004, JPEG 2000 technology was accepted as the digital cinema video
coding standard including the Motion JPEG 2000 extension (Swartz, 2004). More
research efforts evolved, resulting in enhanced image quality and digital coding

(Subramanya, 2001).

The fact that neighbouring pixels are connected and carry duplicate information
is a common feature of most images. Image compression's major goal is to minimise
image data storage space while also enhancing image transmission speed for huge
volumes of digital data, reducing transmission time (Huang, 2019; Ringl et al., 2007;
Koff'and Shulman, 2006; Seeram, 2005). It must represent an image by reducing as much
abstraction and spectral redundancy as possible while preserving the resolution and visual
quality of the reconstructed image-as-close to the original image as possible by leveraging
those redundancies. To generate the reconstructed image, an associated inverse procedure
known as decompressionor decoding is used to the compressed knowledge (Kodgule and

Sonkamble, 2015).

According to Singh et al. (2016), the primary goal of image compression
algorithms is to reduce the irrelevance or redundancy of an image to offer a facility for
effectively storing and conveying data. The first stage in this approach is to change the
image from its spatial domain representation into a distinct kind of representation using
a few well-known conversions, and then encode the converted quantities such as
coefficients. This approach provides the great compression of data as compared to the

predictive techniques, however at the expense of the high processing demands. Primarily,



compression is accomplished by reducing any of one or more of three primary data
redundancies which are coding redundancy, inter-pixel redundancy and psycho-visual
redundancy. Image compression attains redundancy for more efficient coding. Figure 1.1

demonstrates the fundamental flow of image compression technology.

Data redundancy Aol
Digital image > reduction in > PP’y
o encoding
digital image
y
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Figure 1.1 The basic flow of image compression technique

Hence, compression is crucial ‘for handling massive medical image collections.
This technology enables the image size to be reduced significantly while keeping an
appropriate level of signalsto- noise ratio, which is clinically critical for successful
diagnostic performance (Smutek, 2005). Highly correlated images such as CR images
might have extremely high compression efficiency since most image patches focus on
a smallmumber of coefficients when translated into the spatial frequency domain. The
less’significant coefficients of the converted image may be quantized, resulting in a
huge reduction of file size reductions and minimum loss of crucial information.
According to Sung et al. (2002), reaching a compression ratio of 10:1 or even higher
without compromising diagnostic quality is plausible. In this context, the lossy
compression-based fractals favour computer scientists and medical engineers since this

technology gives a high compression ratio with less decoding time.



1.2 Problem Statement

Long-lasting storage of any data type may be beneficial. Most hospitals currently
depend on the technology of medical imaging for patient care management, which
combines an enormous number of medical test findings. Unfortunately, these hospital
databases are expanding. Daily, tons of images are made and are usually saved for some
time. In truth, medical operations are digital; sophisticated imaging scanning.technology
and the relevance of volumetric image data sets, contribute to, ‘'more significant

expenditures for more extended image storage needs.

Image resolutions of 512 x 512 are currently considered the minimal requirement.
Modern scanning technologies, on the other-hand, may create images 1024 x 1024 or
larger (Huang, 2019). Additionally, the-scanning technologies are capable of boosting the
amount of output data. The number-of slices in volumetric datasets increased when the
inter-slice spacing fell from''S mm to 0.6 mm using thin-slice CT scanning (Goldman,
2008; Riedel et al., 2012). Thus, an effective compression technique enhancing the
transmission forprocessing medical images is of the utmost requirement. Moreover, the
internet usage for telemedicine and e-health platforms today demands extensive support
for aspects such as region-of-interest coding and progressive quality and resolution
scaling more than ever before. Both parts of storage and sharing involving digital data
are related to limits that impede the expansion of their uses and the invention of new
technologies. When sending image data, one aims to keep high quality; the time necessary
for transmission and disk space is needed for storage as low as feasible. However,
increases in the throughput utilised in communication are inadequate, and additional

solution methods are required to suit the expanding expectations and demands.



