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ABSTRACT

Deep Learning (DL) techniques leverage the rich data diversity in the modern era of
Big Data, allowing possibilities of achieving human-level performances in many real-
world problems. However, newly emerged problems such as the ongoing COVID-19
pandemic have underscored the challenge of acquiring a larger corpus of data
during the early stages of the pandemic due to the availability of samples, data
protection policies, labour, and facility resources. Furthermore, the effectiveness of
existing DL models that are trained on older datasets might be vulnerable to the
continuous emergence of COVID-19 variants that may potentially result in
distribution shifts. This research introduces a data synthesisation framework named
stacked residual dropout generative adversarial network (sRD-GAN), which
alleviates the problem of data paucity by generating synthetic lung medical images
that contain precise radiographic feature annotations. The underlying design of
SRD-GAN is an Image-to-Image translation setting that facilitates instance-level
diversity via the latent space stochasticity induced by the novel stacked residual
dropout (sRD) regularization. To this end, experiments show that sRD-GAN
achieved perceptually significant structural dissimilarities of the ground glass
opacities (GGO) from diverse COVID-19 CT images without disentangling the
content-style attributes of the images as in conventional multimodal image
translation techniques. Since the sRD regularization is a strategic incorporation of
the conventional dropout regularization, which can be generalized across neural
network models, the sRD regularization can be easily incorporated into existing
image synthesizer models without modifying the original setup of these models. In
addition, a new training loss function known as adaptive pixel consistency loss is
proposed for effective noise reduction by encouraging structural similarity of the
invariance features of the images from both domains. Quantitative results show
that the synthetic COVID-19 CT images achieve a promising Fréchet Inception
Distance (FID) of 58.68, which is superior to existing GAN baselines such as GAN
(157.18), CycleGAN (115.14), and One-to-one CycleGAN (94.11). Visual
examination of the synthetic images also indicates excellent perceptual image
quality and realism, where synthetic radiographic features of GGO achieve
consistency with real COVID-19 CT images examined by an experienced radiologist.
Furthermore, the effectiveness of the proposed sRD-GAN is also validated on
Community-Acquired Pneumonia (CAP) CT images and COVID-19 X-Ray images,
which achieved comparable performances with COVID-19 CT images. This suggests
that the proposed method can be easily extended to other similar applications.
Lastly, the sRD-GAN is applied to the problem of COVID-19 disease recognition in
the form of dynamic data augmentation. Empirical results suggest that synthetic
images can approximate real data distribution for model training purposes.
Specifically, the VGG19 models achieve the highest accuracy score at 97.54% on
the test set when training with fully synthetic COVID-19 CT images in 3000-images
dataset size, contributing to a 12.95% accuracy improvement from training with
only real image data.



ABSTRAK

SINTESIS IMEJ PARU-PARU YANG KEPELBAGAIAN DAN FOTOREALISTIK
UNTUK PENGECAMAN PENYAKIT PARU PARU-PARU MENGGUNAKAN
TEKNIK PEMBELAJARAN MENDALAM

Teknik Pembelajaran Dalam (DL) memanfaatkan kepelbagaian data yang kaya
dalam era moden Data Besar, membolehkan kemungkinan mencapai prestasi
peringkat manusia dalam banyak masalah dunia sebenar. Namun, masalah yang
baru timbul seperti pandemik COVID-19 yang berterusan telah menggariskan
cabaran untuk memperoleh korpus data yang lebih besar semasa peringkat awal
wabak disebabkan oleh ketersediaan sampel, dasar perlindungan data, tenaga
buruh, dan sumber kemudahan. Selain itu, keberkesanan model DL sedia ada yang
dilatih pada set data lama mungkin terdedah kepada kemunculan berterusan varian
COVID-19 yang berpotensi mengakibatkan anjakan pengedaran. Penyelidikan ini
memperkenalkan rangka kerja sintesis data yang dinamakan rangkaian adversarial
generatif stacked residual dropout (sRD-GAN), yang dapat menghasilkan imej
perubatan paru-paru sintetik yang mengandungi anotasi ciri radiografi yang tepat.
Reka bentuk asas sRD-GAN ialah Imej-ke-Imej melalui stokastik ruang terpendam
yang disebabkan oleh regularisasi stacked residual dropout (sRD). Untuk tujuan ini,
eksperimen menunjukkan bahawa sRD-GAN mencapai ketidaksamaan struktur yang
ketara secara persepsi bagi kelegapan kaca tanah (GGO) darjpada imej CT COVID-
19 yang pelbagai tanpa memerlukan merungkai atribut style-content imej seperti
dalam teknik terjemahan imej multimodal —konvensional. Memandangkan
regularization sRD ialah penggabungan strategik regularization dropout
konvensional, regularization sRD boleh dimasukkan ke dalam model sintesis imej
sedia ada tanpa mengubah suai persediaan asal model ini. Selain itu, fungsi latihan
baharu yang dikenali sebagai kehilangan ketekalan piksel adaptif dicadangkan
untuk pengurangan hingar yang berkesan dengan menggalakkan persamaan
struktur ciri invarian imej daripada kedua-dua domain. Keputusan kuantitatif
menunjukkan bahawa imej CT COVID-19 sintetik mencapai Fréchet Inception
Distance (FID) yang menjanjikan sebanyak 58.68, yang lebih baik daripada garis
dasar GAN sedia ada seperti GAN (157.18), CycleGAN (115.14) dan One-to-one
CycleGAN (94.11). Pemeriksaan visual imej sintetik juga menunjukkan kualiti imej
persepsi yang sangat baik dan realisme, di mana ciri radiografi sintetik GGO
mencapai konsistensi dengan imej CT COVID-19 sebenar yang diperiksa oleh ahli
radiologi berpengalaman. Selain itu, keberkesanan SRD-GAN yang dicadangkan
Jjuga disahkan pada imej CT Pneumonia Djperolehi Masyarakat (CAP) dan imej X-
Ray COVID-19, yang mencapai prestasi yang setanding dengan imej CT COVID-19.
Ini menunjukkan bahawa kaedah yang dicadangkan boleh diperluaskan dengan
mudah kepada kes lain yang serupa. Akhir sekali, sRD-GAN digunakan dalam
masalah pengecaman penyakit COVID-19 dalam bentuk penambahan data dinamik.
Keputusan empirikal menunjukkan bahawa imej sintetik boleh menganggarkan
pengedaran data sebenar untuk tujuan latihan model. Khususnya, model VGG19
mencapai skor ketepatan tertinggi pada 97.54% pada set ujian apabila beriatih
dengan imej CT COVID-19 sintetik sepenuhnya dalam saiz set data 3000 imej, yang
menyumbang kepada peningkatan ketepatan 12.95% daripada latihan dengan
hanya data imej sebenar.
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CHAPTER 1

INTRODUCTION

1.1 Research Background

The Coronavirus disease 2019 (COVID-19) continues to be devastating since the
World Health Organization (WHO) declared the official status of the disease on 11
March 2020 (World Health Organization, 2020). Although the successful
administration of COVID-19 vaccination at a global scale has deescalated the
disastrous impact of the disease (Feldscher, 2021), the short- and long-term

prospects of the disease stay uncertain at present.

The prolonged and terrifying struggle for the past two years has the high
vulnerability of humanity against unexpected global-scale catastrophes. The
continuous emergence of new COVID-19 variants and the escalation of infection
cases, even after the vaccination programs have been established globally, suggest
that the COVID-19 pandemic is still far from a complete end. Although there is
evidence that shows the effectiveness of the approved vaccines in preventing
severe illness due to the virus (Cevik et al., 2021), human beings are still vulnerable
to new COVID-19 variants (Person & Steenhuysen, 2021) as there are uncertainties

about the mutations and more importantly how they will harm the human body.

While newer generations of vaccines or medications play a crucial role in
helping humanity to achieve complete immunity against the coronavirus and its

unforeseeable variants, other crucial aspects within the healthcare systems can be





