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Abstract

Real-World Facial Super-Resolution (RWFSR) is a complex problem of producing high-resolution

face images from low-resolution images captured with real-world image degradation to assist in down-

stream facial recognition tasks. While many approaches to RWFSR have been developed, there is a lack of

hybrid models in the literature that explicitly tackle both unknown degradation estimation and identity

preservation. This thesis moves toward a hybrid approach in two experiments: in the first, three state-

of-the-art super-resolution algorithms are compared on benchmark training and testing datasets that are

representative of simple, complex, and real-world image degradation; in the second, a novel approach is

introduced that combines elements of the two best-performing algorithms from the comparison study

and is evaluated on benchmark datasets as well as the MILAB-VTF(B) face image dataset. The results from

these experiments reveal a trade-off between restoring images with complex degradation and maintaining

identity features of face images within super-resolution models.
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Chapter 1

Introduct ion

Real-World Face Super-Resolution (RWFSR) is a complex problem that aims to restore low-resolution

(LR) face images captured in real-world scenarios into detailed high-resolution (HR) images. Super-

resolution of face images is a topicofgrowing concern in bio-metrics andcomputervision �elds of research.

Face recognition (FR) systems are currently being deployed in many real-world applications, including

video surveillance, bordercontrol, andmobile device access (El-Naggar& Bourlai, 2019). ManyFR systems

function at a �xed image resolution, and those that do not typically bene�t in accuracy from processing

higher-resolution images, as HR images typically have more precise information than LR ones. However,

real-world face images are typically highly variable and uncontrolled, with major variation in resolution,

pose, occlusion, lighting, etc. Speci�cally in drone- or CCTV-based surveillance footage, face images are

typically captured at distance and are subject to a variety of factors that degrade the quality of the image.

Due to these limitations, there is an apparent need for research into image augmentation algorithms that

can reconstruct su�ciently detailed face images at a resolution su�cient for modern FR systems. The

reconstructed images are referred to as super-resolved (SR) images.
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The domain of performing super-resolution on face images is known as face super-resolution (FSR).

FSR systems are typically tailored speci�cally for face images, focusing on restoring a set of relevant facial

features that will be recognized by FR systems. The approaches to FSR vary considerably, with some

algorithms using priorembedding of facial features on which to constructSR images; andotheralgorithms

focusing on learning the facial feature embedding directly from the training data (Jiang et al., 2021). In

either case, a majority of FSR systems focus on restoring LR images with little to no degradation, typically

relying on training sets of HR/LR image pairs created using simple downsampling with a bicubic kernel,

or on a set of prede�ned image degradations. In practice, however, real-world face images are typically

subject to a number of unpredictable real-world degradation parameters relating to the limitations of the

camera, imaging distance, JPEG compression and other factors. Because of these limitations, many FSR

techniques trained on prede�ned degradation settings struggle to generalize well to real-world scenarios

(Philippe & Bourlai, 2024). The di�erence in SR performance between simple, known degradation and

complex, unknown degradation is known as the domain gap.

The domain of real-world/blind super-resolution (RWSR/BSR) is focused on narrowing the domain

gap and improving SR performance on images that are subject to real-world degradation. Whereas most

FSR algorithms create HR/LR pairs by applying a set of known degradations to the HR images, BSR

systems focus on reconstructing the SR image from the LR image where the degradation from HR to LR

is unknown (Chen et al., 2022). BSR systems typically generalize well to real-world scenarios, but have one

major drawback with respect to RWFSR. Most BSR systems are not speci�cally designed for face images,

but rather for general scene and object images. This limitation means that while BSR images su�er less

from the domain gap, they are not as tailored to reconstruct face-speci�c features that will translate well

to face recognition systems.
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The RWFSR task combines the challenges of face super-resolution and blind super-resolution. The

goal of RWFSR is to reconstruct high quality SR images from unknown degradation scenarios that will

preserve the face features and identity information of the image subject. An e�ective RWFSR system

should be able to take LR images with unknown degradations and produce SR images that score highly

on both image quality assessment metrics and face recognition accuracy. To accomplish this, it must strike

the correct balance between degradation estimation and identity/feature preservation.

The content of this thesis is based around two sets of experiments:

ˆ In the �rst, I collect three state-of-the-art (SOTA) image super-resolution algorithms that I believe

represent the major approaches to RWFSR. I develop a methodology for fairly evaluating and

comparing each algorithm's SR performance in terms of both image quality and face veri�cation

accuracy across three di�erent degradation settings: simple, complex, and real-world. This set of

experiments are referred to as theComparison Study.

ˆ In the second, I combine aspects of the best-performing super-resolution algorithms examined

above to create a novel RWFSR system, with the main goal of enhancing face veri�cation accuracy

at complex and real-world degradation settings. I use the same methodology I develop above to

compare my proposed algorithm against existing SOTA methods. The experiments regarding this

algorithm are referred to asIP-SCGAN, short forIdentity Preserving, Semi Cycled Generative

Adversarial Network.

The rest of this thesis is organized as follows: the rest of this chapter, I provide background on deep-

learning based computer vision, image super-resolution, and face recognition. Chapter 2 is a review of

the current literature on RWFSR, including explanations for the relevant quality assessment metrics and
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loss functions as well as a brief discussion of the history and state-of-the-art of three di�erent approaches

to the problem. Chapter 3 discusses the overall methodology used to train, test and evaluate SR models in

the experiments in this thesis, as well as a discussion around the motivation and overall goal of developing

IP-SCGAN. Chapter 4 describes in detail the datasets and models used in the experiments, as well as the

approaches for generating LR images of di�erent degradation settings and the loss function framework

of IP-SCGAN. Chapter 5 demonstrates the �nal results of quality evaluation and face recognition on the

SR results from both experiments. Finally, Chapter 6 discusses the theoretical and practical implications

of these results, focusing on what can be learned from these experiments and how they can be improved

upon in the future.

1.1 Background

1.1.1 Computer Vision and Deep Learning

Computer vision (CV) is widely understood as the host of techniques to acquire, process, analyze, and

understand complex higher-dimensional data from the the environment for scienti�c and technical ex-

ploration (Jähne et al., 1999). CV is typically treated as a multidimensional signal processing problem.

As opposed totime series, the typical subject of 1-D signal processing, images typically contain data in 2

or 3 dimensions. In practice, grayscale images are typically treated as a matrix of shape(W � H ), while

color images are treated as matrices of shape(W � H � C), wereC represents the number of color

channels and is typically 3 (i.e., RGB color space). CV tasks are typically a type of pattern recognition

problem, and mirror the types of perceptual faculties that occur naturally in the human visual system,

such as recovering the shape and appearance of objects in images (Szeliski, 2022). The applications of CV
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are incredibly varied, and include medical imaging, self-driving vehicles, surveillance, 3-D modeling, visual

art, and many more (Szeliski, 2022).

While earlyapproaches toCV tasks consistedmostlyofstatisticalmodel-basedapproaches, recentyears

have seen the rise of deep learning (DL) based computer vision techniques. DL computer techniques have

quickly become the state-of-the-art for many tasks, including object detection, visual tracking, semantic

segmentation, and image restoration (Chai et al., 2021). DL approaches to CV are typically based on

Convolutional Neural Networks (CNNs). The CNNs used in computer vision tasks such as object

detection or semantic segmentation are typically derived from backbone image classi�cation models,

such as VGGNet (Simonyan & Zisserman, 2015), GoogLeNet & Inception (Szegedy, Liu, et al., 2015),

and ResNet (He et al., 2016). The feature extraction capabilities of these network architectures lend

themselves to be useful for deriving other CNN models for more speci�c tasks, such as object detection

or face recognition.

Image Synthesis

Image synthesis is a sub-set of computer vision problem that focuses on the creation of visual images,

rather than detection or classi�cation. The ability for a computer to synthesize images has many possible

applications, from digital art to anti-spoo�ng algorithms, but perhaps the main motivation for image

synthesis is to increase the amount of available training data for DL-based CV applications (Tsirikoglou

et al., 2020). Image synthesis may be multi-modal, meaning other modes of information (e.g., description

text) are included in the learning/synthesis pipeline, but can also operate solely in the mode of visual

images.
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While classical models to image synthesis exist which treat synthesis as a process of solving a potentially

massive number of interdependent, high-dimensional integral equations (Tsirikoglou et al., 2020), a more

popular approach in modern literature is to utilize DL to produce complete images as the output of neural

networks. Two of the most popular models types for image synthesis are Variational Autoencoders (VAEs)

(Kingma, 2013) and Generative Adversarial Networks (GANs) (Goodfellow et al., 2014). Recent years

have also seen the rise of Latent Di�usion Models (LDMs) (Rombach et al., 2022) for the synthesis of high-

resolution images. While all three of these model types di�er in their architectures and loss frameworks,

the overall goal of all of them is for the model to learn a probabilistic data distribution such that the model

can transform an input vector of random noise into a high-quality and realistic image. In addition to

transforming random noise into an image, these image synthesis models are also used on input images

for synthesis tasks such as restoration, super-resolution, and domain transfer. Image synthesis algorithms

that take existing images as input often utilize information available within the input image, alongside

statistical distributions learned from the images in the training set, to produce a transformed or enhanced

version of that image. Super-resolution is one kind of task that follows this framework, as SR models use

the statistical information learned from the training set as well as the distribution of information in the

input LR image to generate an high-resolution SR version of the same image. The next section explores

super-resolution and FSR in more detail.

1.1.2 Super-Resolution

Face super-resolution is a sub-type of image synthesis task that can be thought of as the process of recov-

ering a corresponding HR face image from a LR face image (Jiang et al., 2021). If we let� be the image
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Figure 1.1: The framework of the RWFSR task. (a)(top) An HR image undergoes simple bicubic down-
sampling before being super-resolved into the SR image. (b)(bottom) an unknown (or nonexistent) image
undergoes unknown real-world degradations, and is super-resolved to estimate what the HR image would
have looked like.

degradation model, we can mathematically model this problem as

I LR = �( I HR ; � ); (1.1)

where� represents the degradation model parameters, including the blur kernel, choice of downsampling

operation, and addition of noise.I LR represents the LR face image, andI HR represents the the original

HR face image. The goal of FSR is to generateI SR , or the super-resolved image, by simulating the inverse

of the degradation process. If we letF represent the super-resolution model, this process can be modeled

as

I SR = F (I LR ; � ) = � � 1(I LR ; � ); (1.2)
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where� represents the parameters of the super-resolution model. In order to achieve good results on the

super-resolution,� must be optimized, which can be de�ned as

�̂ = argmin
�

L (I SR ; I HR ); (1.3)

whereL represents the loss betweenI SR andI HR , and�̂ is the optimal parameter set of the �nal model.

Becausê� is calculated usingL , the choice of loss function is incredibly important to generating realistic

SR images. In FSR, mean square error (MSE) loss andL 1 loss are the most popular loss functions (Jiang

et al., 2021). However, many FSR models use more sophisticated loss functions, or a combination of loss

functions, as I explore in later sections.

One of the issues facing RWFSR, as well as BSR, is that in real-world scenarios, onlyI LR is available.

Therefore, to create training pairs, we must model the degradation process (Chen et al., 2022; Jiang et al.,

2021). The simplest way to represent the degradation process is

I LR = ( I HR ) #s; (1.4)

where# represents the downsampling operation ands represents the scale factor. To produce LR images

with a simple degradation, researchers typically choose bicubic orbilineardownsampling (Hou et al., 2023;

Jiang et al., 2021), though bicubic is more popular. These simple degradations poorly model real-world

image degradation, which is commonly the result of complex factors such as atmospheric conditions,

unfavorable lighting, and data compression (Philippe & Bourlai, 2024). Camera type and quality is also

an important factor, as many real-world face images are captured on cellphone cameras, which handle

image processing in ways that di�er to traditional cameras (Martin & Bourlai, 2020). To mathematically
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capture how these complex variables impact image degradation, in many cases researchers model a more

complex degradation as

I LR = J ((I HR 
 k) #s + n); (1.5)

wherek represents the blur kernel,
 represents a convolution operation,n represents noise, andJ repre-

sents JPEG image compression (Jiang et al., 2021). By including blurring, noise, and image compression in

the degradation model, LR images can be generated from corresponding HR images that more accurately

model real-world degradation. Super-resolution models that handle these complex image pairs well may

better generalize to real images.

1.1.3 Face Recognition

Face recognition (FR) is one of the most important applications of arti�cial intelligence and computer

vision (X. Wang et al., 2022) that centers around using face images to identify subjects. This type of task

has many potential use cases, and as such, FR has is becoming an ever-growing part of video surveillance,

bordercontrol, mobile device access, and many other systems. (El-Naggar& Bourlai, 2019). Face matching

in FR usually takes one of two forms (Guo & Zhang, 2019):

ˆ Face veri�cation (FV), in which the task is to determine wither a given pair of face images belongs

to the same subject or di�erent subjects, and

ˆ Face identi�cation (FI), in which the task is to match a query face to its correct identity in a set of

gallery images.

While face veri�cation is a one-to-one (1:1) matching task, face identi�cation is a one-to-many (1:N) match-

ing task. Each form of face veri�cation has its own use cases; for example, a FR-based smartphone access
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control program might utilize face veri�cation, whereas a criminal investigation using CCTV footage

might rather use face identi�cation, matching the query face from the footage with a gallery of face images

of registered criminals.

Face recognition algorithms typically use a pipeline of related tasks to arrive at the �nal face matching

result (Guo & Zhang, 2019). A typical FR pipeline consists of stages that handle face detection, face

alignment, feature extraction (both query and gallery images), feature matching, and accuracy evaluation.

While early methods used statistical methods to accomplish these steps, more recent algorithms instead

use deep neural networks (DNN) to improve FR accuracy, especially in unconstrained images with large

variation in pose, resolution, illumination, blur/noise, etc. (Guo & Zhang, 2019). In these deep learning-

based FR methods, face matching typically looks like this:

ˆ First, face embeddings in a deep feature space are extracted from the query face and gallery face via

DNN.

ˆ Then, a distance measure such as cosine distance is used to calculate the distance between the face

embeddings of the query face and those of the gallery face.

The lower the distance between the two deep feature embeddings, the more likely the faces are to belong

to the same subject.

Super-resolution can be an important pre-processing step in the FR pipeline. Since real-world FR

is typically unconstrained, especially with respect to image resolution and degradation, there is a need

for a reliable way to up-scale low-resolution face images such that they can be more reliably identi�ed by

FR algorithms. Since noise and synthesized artifacts from the SR process can impede the accuracy of FR

algorithms, it is important for a good RWFSR system to produce visually pleasing images (i.e., minimal

10



artifacts). However, since the real focus of FR is on extracting deep feature space embeddings from images,

simply producing visually pleasing images is not enough. A successful RWFSR algorithm must also be

able to generate an SR image such that the deep-feature space face embeddings can still be matched with a

high-quality gallery image of the same subject. This matching process is much less about visual quality and

more about how the face features are rendered in the SR image, e.g., the shape the eyes, nose and mouth,

the color of the eyes, the relative position of the nose on the face, the shape of the eyebrows, etc. Thus, in

order for a RWFSR algorithm to e�ectively assist in downstream FR tasks, it must not only create visually

pleasing SR face images, but also maintain these important identity features that will lead to consistency

in deep feature space face embeddings between di�erent images of the same subject.

In the next chapter, I explore how current approaches to RWFSR have dealt with the issues of image

quality and identity preservation, while also discussing the relevant metrics to determine image quality. I

also discuss the loss functions that are relevant to understanding how di�erent RWFSR approaches work.
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Chapter 2

Li terature Review

This chapter contains a comprehensive review of the current state of the RWFSR literature as it pertains to

the experiments described in this thesis. Section 2.1 describes the foundational quality assessment metrics

and network loss functions used in FSR experiments. Section 2.2 then gives an overview of the current

state of research with respect to each of the approaches to super-resolution represented by the models

examined in this thesis.

2.1 Metrics and Losses

This section introduces the image quality assessment (IQA) metrics I use to evaluate the SR results of the

experiments, as well as a few key loss functions that are used across models in the literature on image SR.

I choose a variety of universal full- and no-reference IQA metrics to quantify the overall quality of the

images, as well as two face image-speci�c metrics to evaluate the quality of the SR face images in terms of

downstream face veri�cation.
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2.1.1 Quality Assessment Metrics

PSNR

Peak signal-to-noise ratio is the most widely used full-reference image quality metric for evaluating image

restoration (Chen et al., 2022). To calculate PSNR between two images, the MSE is �rst calculated, then

the PSNR is derived,

MSE=
1

hwc
kI SR � I HR k2

2; (2.1)

PSNR= 10 log10

 
M2

MSE

!

; (2.2)

whereh, w, andc represent the height, width, and channel depth of an image andM is the maximum

pixel value (Jiang et al., 2021). Note that PSNR focuses on the pixelwise di�erence between two images;

the smaller the distance, the higher the PSNR. Since PSNR focuses on the distance between every pair of

pixels in the two images, it is quite good at measuring whether two images are similar; however, it does not

align well with human perception, meaning it may not be a reliable metric when human perception is the

main focus of the image restoration (Chen et al., 2022; Jiang et al., 2021). During experimental evaluation,

I follow (Luo et al., 2020) by calculating the PSNR on the Y channel of the YCbCr color space for each

image.
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SSIM

Structural Similarity Index (SSIM) (Z. Wang & Bovik, 2002; Z. Wang et al., 2004) is another popular full-

reference image quality metric that measures structural similarity. It does this by comparing the aspects

of luminance, contrast, and structure betweenI SR andI HR as

SSIM= l(I HR ; I SR) � C(I HR ; I SR) � S(I HR ; I SR); (2.3)

wherel(I HR ; I SR) represents luminancesimilarity,C(I HR ; I SR) representscontrastsimilarity, andS(I HR ; I SR)

represents structure similarity (Jiang et al., 2021). SSIM values vary from 0 to 1, where the higher the struc-

tural similarity of two images, the higher the SSIM value. It is reported to re�ect visual quality better than

PSNR (Chen et al., 2022; Z. Wang & Bovik, 2002) , making it a viable choice to pair with PSNR for image

quality assessment.

LPIPS

The learned perceptual image patch similarity (LPIPS) (R. Zhang et al., 2018) is a more complex reference-

based image quality metric. It uses a deep network to generate image features in deep space, then computes

thel2 distance between the two images in this deep feature space (R. Zhang et al., 2018). The more similar

two images are in this deep feature space, the lower the LPIPS value. It has shown good agreement with

human judgements of image quality (Chen et al., 2022; Jiang et al., 2021).
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FID

Fréchet Inception Distance (FID) (Heusel et al., 2018) is a standard benchmark IQA metric for generative

images. It works by using an Inception-v3 network (Szegedy, Vanhoucke, et al., 2015) to extract embed-

dings fromI HR andI SR and uses Fréchet Distance (Dowson & Landau, 1982), designed to calculate the

di�erence between two probability distributions, to �nd the distance between the Inception embeddings.

It has a high degree of coherence with human opinion scores, meaning the lower the FID, the better the

visual quality of an image.

BRISQUE

The image quality metrics discussed thus far all require SR/HR image pairs to correctly evaluate the

quality of the SR images. However, in many real-world scenarios, these HR images are not available. This

lack of reference images necessitates us to use a few no-reference image quality metrics to evaluate the

performance of the SR algorithms on real-world images. The �rst of these metrics is the blind/referenceless

image spacial quality evaluator (BRISQUE) (Mittal et al., 2012). BRISQUE focuses on natural scene

statistics (NSS), computed in the spacial domain on locally normalized luminance coe�cients. It is based

on the principle that natural images contain regular statistical properties that can be measurably modi�ed

by distortions such as blurring, ringing, or noise (Shaoping Xu & Min, 2017). Using these NSS rather

than distortion-speci�c features, BRISQUE attempts to holistically quantify the loss "naturalness" of

an image due to unknown distortions. The metric was trained using a dataset of distorted images with

human opinion score annotations, meaning it is "opinion-aware" (OA) (Shaoping Xu & Min, 2017) and

should correlate well with human perception.
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NIQE

The Natural Image Quality Evaluator (NIQE) (Mittal et al., 2013) is similar to BRISQUE (Mittal et al.,

2012) in that it focuses on NSS in the spacial domain rather than information about speci�c distortions.

However, it is "opinion-unaware" (OU) (Shaoping Xu & Min, 2017), meaning it is not trained on a

database on distorted, human-rated image. In fact, it is only trained on pristine images (Mittal et al.,

2013) and only makes use of measurable deviateions from statistical regularities observed in natural images

(Shaoping Xu & Min, 2017). NIQE (Mittal et al., 2013) attempts to overcome the limitations inherent in

"opinion-aware" models; mainly that subjective quality scores can be prone to numerous inconsistencies

and that OA models generally can only assess quality degradation arising from the types of distortions

present in the training images (Shaoping Xu & Min, 2017). NIQE (Mittal et al., 2013), therefore, can be

thought of as "more objective" than BRISQUE (Mittal et al., 2012) in that it only considers NSS without

consideration for human opinion scores.

2.1.2 Loss Functions

Adversarial Loss

Adversarial Loss was originally introduced for Generative Adversarial Networks (GANs) (Goodfellow

et al., 2014). Many SR methods employ the concept of adversarial loss, which involves two networks. In

the domain of image super-resolution, the generator network G attempts to generate SR images from the

given LR images, and the discriminator network D attempts to distinguish real HR images from the SR

images created by the generator. A simple cross entropy-based adversarial loss can be expressed as:
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L G(I SR) = � log(D(I SR)) ; (2.4)

L D(I HR ; I SR) = � log(D(I HR )) � log(1 � D (I SR)) ; (2.5)

whereL G andL D represent the loss functions for the generator and discriminator networks, respectively,

D represents the output of the discriminator function, andI HR is randomly sampled from the HR

training samples (Jiang et al., 2021).

Cycle Consistency Loss

Cycle Consistency Loss for image translation was originally introduced in CycleGAN (Zhu et al., 2020).

Cycle consistency loss in the contextofFSR treats super-resolution as a domain transferproblem: given the

domainsLR andHR, a model using cycle consistency loss tries to learn two mappingsG : LR ! HR

andF : HR ! LR . Cycle consistency loss can be de�ned as (Jiang et al., 2021),

L Cycle(I LR ; I LR 0; I HR ; I HR 0) = kI LR � I LR 0k2 + kI HR � I HR 0k2; (2.6)

whereI LR 0 is the result of applying both mapping functions ontoI LR , i.e.,F (G(I LR )) , andI HR 0 is

the result of applying both mappings ontoI HR , i.e.,G(F (I HR ). This loss function enforcesforward

cycle consistency(Zhu et al., 2020), whereby any imagex from LR should remain the same after a full

domain translation cycle, i.e.,x ! G(x) ! F (G(x)) � x. It also enforcesbackward cycle consistency

(Zhu et al., 2020), whereby any any imagey fromHR should also remain the same after a full cycle, i.e.,

y ! F (y) ! G(F (y)) � y.
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Perceptual Loss

Some networks enhance the perceptual quality of an image by using a pretrained deep network to calculate

the di�erence in perceptible information betweenI HR andI SR . Perceptual loss can be de�ned as

L Perceptual(I HR ; I SR ; 	 ; l) = k	 l (I HR ) � 	 l (I SR)k2; (2.7)

where	 is the pretrained network andl is thel -th layer (Jiang et al., 2021). Perceptual loss essentially

calculates the di�erence between features extracted by the pretrained model on a semantic level. This

process encourages SR algorithms to createI SR that is perceptually similar toI HR , leading to images that

typically look better to human observers but have lower PSNR values than images created with methods

that leverage pixel-wise loss.

Identity Loss

Identity loss is a FSR-speci�c loss function that encourages SR models to preserve information that

face recognition models will use to di�erentiate the identity of the subject. One of the most common

implementations of identity loss is similar to perceptual loss and can be written as

L Identity(I HR ; I SR ; 	 ; l) = D
�
	 l (I HR ); 	 l (I SR)

�
; (2.8)

where	 is a pretrained face recognition network andl is thel -th layer. Here,D represents a distance

metric between the FR embeddings ofI HR andI SR . The distance metric between the embeddings may

di�er depending on the implementation or FR network used, but cosine distance is among the most
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common (Dastmalchi & Aghaeinia, 2022; Deng et al., 2019; Meng et al., 2021). Identity loss encourages

the network to produce SR images with similar face recognition embeddings to their HR counterparts,

essentially preserving the identity information within a face image.

ArcFace Loss

ArcFace loss (Deng et al., 2019) is a loss function used for face representation learning and face recognition

(Naltyetal., 2022). It isoneof themostwidelyadopted loss functions for this task, as ithasdisplayedSOTA

performance on a number of popular benchmarks (Meng et al., 2021). It can be de�ned as follows (Meng

et al., 2021): suppose a training batch ofN face samplesf f i ; yi gN
i =1 of n unique identities, wheref i 2 Rd

represents thed-dimensional embedding output from the last fully connected layer of the network and

yi = 1; : : : ; n is its associated class label. ArcFace (Deng et al., 2019) makes this face feature embedding

more discriminative between classes by optimizing it on a hypersphere manifold. Using this hypersphere,

ArcFace (Deng et al., 2019) can de�ne the angle� j betweenf i and thej -th class centerwj 2 Rd as

wT
j f i = kwj kkf i k cos� j . With this in mind, Arcface Loss can be formulated as

L ArcFace= �
1
N

nX

i =1

log
es cos(� y i + m)

es cos(� y i + m) +
P

j 6= yi
es cos� j

; (2.9)

wherem > 0 is the additive angular margin ands is the scaling parameter.MagFace(Meng et al.,

2021) extends this loss function further by encoding a quality measure into the face representation by

optimizing over the magnitudeai = kf i k without feature normalization. MagFace (Meng et al., 2021)

can thus introduce a magnitude-aware angular marginm(ai ) and regularizer termg(ai ) that push higher

quality samples toward the center of their respective class clusters while pushing away harder faces (Nalty
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et al., 2022). The feature magnitude calculated by MagFace is reported to be a good metric for face quality

as well (Meng et al., 2021), especially when paired images are not available for face veri�cation. By replacing

the additive angular marginm in (2.9)with m(ai ) and adding the regularizer term, MagFace (Meng et al.,

2021) loss can be de�ned as

L MagFace= �
1
N

nX

i =1

log
es cos(� y i + m(ai ))

es cos(� y i + m(ai )) +
P

j 6= yi
es cos� j

+ � gg(ai ); (2.10)

where� g is a hyper-parameter used to trade-o� between classi�cation and regularization losses.

2.2 Approaches to Super-Resolution

The models used in this paper span across three major domains of SR algorithms:degradation modeling-

based methods(Bell-Kligler et al., 2019; Chen et al., 2022; Gu et al., 2019; Luo et al., 2020, 2021),domain

translation-based methods(Bulat et al., 2018; Chen et al., 2022; Hou et al., 2023; Y. Zhang et al., 2020;

Zhu et al., 2020), andidentity-preserving methods(Dastmalchi & Aghaeinia, 2022; Hsu et al., 2019;

Huang et al., 2017, 2019; Jiang et al., 2021). In this section, I de�ne each of these domains and o�er an

overview of related research in each domain.

2.2.1 Degradation Modeling Methods

One of the main problems facing real-world SR is that in many real cases, the degradation model (i.e.,�

from Eq.(1.1)) is unknown (Chen et al., 2022). In order to deal with this problem, many solutions attempt

to approximate the degradation model and parameters. These solutions are referred to as degradation

modeling methods. These methods aim to reverse unknown image degradation by modeling it using an
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equation such as Eq.(1.5)and approximating the blur kernel, downsampling operation, and noise input.

Once these parameters are approximated, they are inversely applied to the LR image to create the SR image.

Some methods discussed also use intermediate SR results to re�ne the degradation model approximation,

leading to better SR results with each iteration of the algorithm. The degradation modeling methods

discussed here largely do not explicitly try to model image compression.

Early degradation modeling-based methods model image SR as an energy minimization problem.

These types of methods utilize numerical optimization to perform image SR, and alternately optimize

the blur kernel and intermediate SR image for a certain number of iterations (Chen et al., 2022; Shao &

Elad, 2015). The blur kernel estimation function can be expressed mathematically as

min
I SR ;k

� kSKI SR � I LR k2
2 + R(I SR ; k) + � kKI SR � ~I SRk2

2 (2.11)

where� and� are term-balancing parameters.I SR here denotes the intermediate super-resolved image,

and~I SR represents the super-resolved image generated by a non-blind learning-based method.K here

represents the blur matrix corresponding to the blur kernelk. R(I SR ; k) represents the direct bi-l0-l2-

norm regularization term for the intermediate SR image and blur kernel, which aids in accurate estimation

of the blur kernel (Shao & Elad, 2015). The main contribution of this work is that it demonstrates that

iterative optimization of the SR image and blur kernel can lead to pleasing results in complex or real-world

degradation scenarios.

Further research has extended image SR past numeric optimization, using deep neural networks to

learn a representation of the degradation model and parameters (Bell-Kligler et al., 2019; Gu et al., 2019;

Luo et al., 2020, 2021). KernelGAN (Bell-Kligler et al., 2019) introduces an internal generative adversarial
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network (GAN) that learns a unique internal distribution of patches from a single LR training image,

leveraging the assumption that the best kernel for SR will be the one that best preserves the patch distri-

bution across di�erent scales of the LR image. The objective function of KernelGAN (Bell-Kligler et al.,

2019) can be de�ned as:

G� (I LR ) = argmin
G

max
D

�
Ex� patches(I LR ) [jD(x) � 1j + jD(G(x)) j] + R

	
(2.12)

whereG andD represent the generator and discriminator, respectively; andR is the regularization term

on the downscaling kernel resulting fromG. Here,G� represents the ideal SR downscaling function for a

given LR image, which is the result of the generator network converging. While KernelGAN (Bell-Kligler

et al., 2019) is reported to perform well on many benchmark image SR datasets, some authors (Gu et al.,

2019) note that internal learning-based methods are easily susceptible to noise in the input image. These

authors instead propose a method called Iterative Kernel Correction (IKC) (Gu et al., 2019). The IKC

algorithm is founded on the observation that kernel mismatch between the SR model and actual image

can result in artifacts such as over-sharpening or over-smoothing. These artifacts can in turn be used

to iteratively correct the blur kernel estimation. In a nutshell, IKC uses three models: a SR modelF , a

predictorP, and a correctorC. Dimensionality reduction is performed on the blur kernel, and the result

is represented byh. The method begins by producing an initial estimationh0 from the predictor function

h0 = P(I LR ). This initial estimation is then used to produce the �rst SR resultI SR
0 = F (I LR ; h0). The

algorithm then uses these initial estimations to iteratively correct the estimated blur kernel. At thei -th

iteration, the correction process can be modeled as:
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� hi = C(I SR
i ; hi � 1) (2.13)

hi = hi � 1 + � hi (2.14)

I SR
i = F (I LR ; hi ); (2.15)

wherehi � 1, � hi , andhi denote the previous estimation, correcting update, and new estimation respec-

tively;I SR
i denotes the new SR result at the current iteration.

While IKC o�ers good performance on many benchmark image SR datasets (Bell-Kligler et al., 2019),

some authors (Luo et al., 2020, 2021) note that it requires the training of multiple disconnected networks.

This framework creates a limitation, since in practice these networks may be incompatible with each

other, causing errors to compound to produce an inaccurate kernel estimation. To address this issue, they

introduce the Deep Alternating Network (DAN) (Luo et al., 2020). Similar to IKC, DAN (Luo et al.,

2020) breaks down image SR into two steps: estimating the blur kernelk and applying it to generate the

SR imageI SR. However, DAN (Luo et al., 2020) alternately optimizes the blur kernel and restores the

SR image with a process that di�ers from IKC. At each iterationi this process can be modeled as

8
>>>><

>>>>:

ki +1 = argmin
k

kI LR � (I SR
i 
 k) #s k1

I SR
i +1 = argmin

I SR

kI LR � (I SR 
 ki ) #s k1 + � (I HR )

; (2.16)

where� (I HR ) is the prior term for the HR image, which is usually unknown and has no analytic expres-

sion. DAN (Luo et al., 2020) uses two deep networks to solve each half of this equation, known as the

EstimatorandRestorer. While IKC similarly uses three disconnected models, not all of which take the
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LR image as input, DAN joins its two models together to form an end-to-end trainable network. This

end-to-end framework allows both Estimator and Restorer to learn information from the input image.

In addition, the Restorer is trained with the kernel estimated by the Estimator; since the two networks

are connected and learn together, the Restorer is thus more tolerant to estimation error in the blur kernel

during testing.

2.2.2 Domain Translation Methods

While degradation modeling methods demonstrate SOTA performance on blind SR tasks (Bell-Kligler

et al., 2019; Gu et al., 2019; Luo et al., 2020, 2021), they su�er from one major limitation. Yuan et al.,

2018 notes that while many blind SR algorithms rely on paired HR/LR images to model real-world image

degradation, these types of image pairs largely do not exist for real world images. To address this issue,

these authors decide to explore an unsupervised learning approach, drawing heavily from CycleGAN

(Zhu et al., 2020) and its e�ectiveness at performing image-to-image domain translation when trained on

unpaired data. Image SR, however, is di�erent a di�erent problem than domain translation in two key

ways (Yuan et al., 2018):

ˆ First, domain translation focuses on converting an image from one domain into an image of the

same size from another domain, whereas SR requires the generated image to be larger (higher

resolution) than the input image.

ˆ Second, image SR requires the generated image to be of higher quality (i.e. less noise, blur, etc.)

than the input image. Domain translation generally does not account for image quality; in face,
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Yuan et al., 2018 notes that directly upsampling and translating an LR image to construct an SR

one would lead to an enlargement of noisy patterns, making the image low quality.

These authors take multiple steps to alleviate these issues. First, they formulate the SR problem as a more

general version than de�ned in Eq. (1.1), which can be written as

I LR = f n (f d(I HR )) + n; (2.17)

wheref d is an unknown downsampling process, andf n is a degradation function that may introduce

complex noises, shift, blur, and compression. Next, they introduce their framework of Cycle-in-Cycle

GAN (CinCGAN) based on two coupled CycleGANs in an end-to-end framework. CinCGAN proposes

three image domainsX; Y andZ , representing LR images, "clean" LR images created from directly

downsampling HR images without noise, and HR images, respectively. The goal of CinCGAN is to

learn a mapping fromX to Y andY to Z , i.e., from LR to "clean" LR, then from "clean" LR to HR.

The adoption of 3 domains allows the super-resolution problem to be tackled in domain translation

steps, where theX ! Y translation represents image de-noising and theY ! Z translation represents

upsampling. CinCGAN is trained with a sample of unpaired imagesx i 2 X ,yj 2 Y, andzj 2 Z , where

yj is downsampled fromzj using a bicubic kernel (Yuan et al., 2018). A key feature of this framework is

that while images inY are synthesized from images inZ , there is no pair-wise relationship between the

domainsX andZ , i.e., the real-world LR and HR image domains. As such, the CinCGAN framework

is able to train on unpaired HR and LR image datasets. In later research (R. Zhang et al., 2018), these

authors apply CinCGANs to improve SR performance and introduce di�erent upscaling factors.
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While the methods discussed to this point have been SR methods for general scene images, there is

also prior research focusing on face images. LRGAN (Bulat et al., 2018) is one of the �rst models to apply

a cycle-consistency framework to face images, using two sub-networks to uphold forward and backward

cycle consistency: a "learning to degrade" sub-network to learn the translation from HR to LR (backward

cycle consistency) and a "learning-to-SR" sub-network to learn the translation from LR to SR (forward

cycle consistency). These advances inspired Hou et al., 2023 to construct a model using a similar two-

sub-network structure in a framework they call Semi-Cycled GAN (SCGAN). SCGAN di�ers from the

LRGAN framework in that its two sub-networks are coupled, meaning they each consist of two branches,

but one branch is shared between the two networks. The shared branch is an image restoration branch,

while the other two are a synthetic HR image degradation branch and a real-world HR face degradation

branch. The synthetic HR image degradation branch is coupled with the image restoration branch to

enforce forward cycle consistency, while the real-world HR image degradation branch is coupled with

the restoration branch to enforce backward cycle consistency. It has shown superior performance on FSR

tasks to that of both CycleGAN and LRGAN on benchmark datasets (Hou et al., 2023). The architecture

of this model is discussed in further detail in section 4.3.

2.2.3 Identity-Preserving Methods

One key di�erence between face SR and general image SR is the fact that face images contain identity

information, i.e., features of the image that identify the face as belonging to one individual. An ideal

FSR system is not just one that produces visually pleasing results, but also one that accurately maintains

or reconstructs a subject's identity features for use in downstream face recognition tasks (Jiang et al.,

2021). There are typically two ways of accomplishing this: some methods (Hsu et al., 2019) use a pairwise-
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based data framework, while others (Dastmalchi & Aghaeinia, 2022; Huang et al., 2017, 2019) explicitly

incorporate FR models into the SR framework. Both approaches are discussed here.

Siamese GAN (SiGAN) (Hsu et al., 2019) represents one of the �rst works in targeting identity preser-

vation in faceSR. DevelopaGANframeworkcomposedof two identicalgeneratorsandonediscriminator.

They use a pairwise data scheme for network training, meaning the training images are presented to the

network in pairs. Each training pair comes with a binary label indicating whether the face pair are the

same or di�erent identities. In addition to adversarial and reconstruction loss to learn the super-resolution

process, SiGAN also factors in a contrastive loss term between the pairs of generated samples that help it

to learn di�erentiating identity features of the face images.

Pairwise data can be di�cult to �nd or time-intensive to produce. Instead, some authors (Dastmalchi

& Aghaeinia, 2022; Huang et al., 2019) use a framework to directly enforce identity preservation with-

out relying on pairwise data. These frameworks use wavelet transform (WT) to preserve textural and

contextual details while explicitly incorporating identity-based loss functions to preserve important iden-

tity features of the image. Wavelet transform is a popular tool for image SR, as it has been shown to be

an e�ective at representing multi-resolution images (Akansu & Haddad, 2001) and can depict textural

and contextual information in an image at di�erent scales and resolutions (Huang et al., 2017). Wavelet-

SRNet (WaSRNet) (Huang et al., 2017) represents one of the �rst algorithms to utilize WT in the image

SR task. These authors frame the image SR problem as a wavelet-coe�cient prediction task and use a

CNN to learn to predict the wavelet coe�cients of the SR image from the LR image, maintaining the

textural features and global topology of face images during SR. Wavelet-SRGAN (WaSRGAN) (Huang

et al., 2019) extends this concept further by treating the wavelet-prediction CNN from WaSRNET as

a generator network in a GAN framework and introduces a wavelet-domain discriminator network to
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improve the perceptual quality of the generated SR images. WaSRGAN also introduces explicit identity

veri�cation into the WT SR framework to directly enforce identity preservation. The most recent addi-

tion to this lineage of SR algorithms, the Wavelet Integrated, Identity Preserving Adversarial Network

(WIPA) Dastmalchi and Aghaeinia, 2022, further re�nes the use of both WT and face identity loss. WIPA

incorporates Wavelet Prediction blocks into a baseline deep network, resulting in a network architecture

that learns both image features and wavelet-domain feature maps. To increase perceptual quality and

identity preservation, WIPA also includes a discriminator network and identity loss using SphereFace

W. Liu et al., 2017 to calculate the cosine distance between the deep face features of the generated SR

image and HR training image. WIPA has demonstrated SOTA results on identity-preserving face SR of

synthetic LR images produces by bicubic downsampling (Dastmalchi & Aghaeinia, 2022); however, it

fails to explicitly account for di�erent degradation scenarios, meaning these results may not generalize to

complex or real-world degradation.
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Chapter 3

Methodology

Figure 3.1: The methodology for the model evaluation described in the studies in this thesis.

This chapter describes the overall methodology and framework behind the experiments described in

the next chapter. To begin, I provide an overview of the experimental methodology for evaluating the

performance of each SR model on simple, complex, and real-world image degradation. I then describe

how the testing images for each degradation setting are generated.
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3.1 Overview

For ensure valid results for both the comparison study and the evaluation of IP-SCGAN, it is imperative

to design an experimental methodology that is consistent, thorough, and repeatable. The overall method-

ology outlined here for model evaluation details the overall framework for training and evaluating each

model. In the comparison study, the methodology is applied to each model, and the results are evaluated

against each other. In the evaluation of IP-SCGAN, the methodology is applied to the novel method, and

its results are compared against the SOTA models used in the comparison study. A graphical version of

the methodology is pictured in Figure 3.1.

The methodology used here is derived from Hou et al., 2023. To begin, our selected datasets are

train/test split to comprise our training and testing datasets. The training set is set aside to be used for

model training, while the testing sets undergo one of 2 synthetic degradation settings, outlined in Sec-

tion 4.2. A third testing set of real-world LR images is also included in the testing set, which does not

require any synthetic degradation. Each model is trained on the training set of images using its prescribed

training procedure. After training, images from the simple, complex, and real-world degradation settings

are super-resolved using each model.

The SR results for each dataset are evaluated based on two sets of IQA metrics. Full-reference (FR)

statistics evaluate the quality of each SR image in relation to its corresponding HR image. FR statistics

generally measure the di�erence between a degraded image and its pristine counterpart. No-reference

(NR) IQA statistics evaluate the quality of each SR image without a pristine HR counterpart, making

them extremely useful in cases where no HR image is available, such as in real-world settings. In these

experiments, the SR results for the simple and complex degradation settings are evaluated based on FR

30



IQA statistics, and identity preservation is evaluated by performing 1:1 face veri�cation using ArcFace

(Deng et al., 2019). For all images, the SR results are also evaluated using a set of NR IQA statistics, using

MagFace score (Meng et al., 2021) as a proxy for identity preservation. The conclusions I draw about

model performance are based around weighting the scores of each full- and no-reference IQA statistic,

face veri�cation scores, and subjective opinion scores about the quality of the images produced.

3.2 Developing IP-SCGAN

The methods investigated in the comparison study each have strengths and weaknesses with regards to

the RWFSR task. Motivated by a lack of RWFSR methods in the literature that attempt to explicitly

incorporate aspects of BSR and FSR, I decided to create a hybrid method of my own by combining aspects

of SCGAN (Hou et al., 2023) and WIPA (Dastmalchi & Aghaeinia, 2022). Each of these algorithms have

strengths and tradeo�s that make them good candidates for combining into a hybrid method:

ˆ SCGAN (Hou et al., 2023) specializes in generating high perceptual quality face images from LR

images with complex or real-world degradation, but performs poorly at identity preservation during

the SR process.

ˆ WIPA (Dastmalchi & Aghaeinia, 2022) performs extremely well at identity preservation on LR

images with simple degradation, but overall model performance drops signi�cantly at complex and

real-world degradation settings.

I propose a hybrid model, combining elements of both of these state-of-the-art solutions, which I call

Identity Preserving, Semi-Cycled Adversarial Network (IP-SCGAN). IP-SCGAN retains most of the

same framework from SCGAN (Hou et al., 2023), but leverages a SpereFace network (W. Liu et al.,
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2017) to incorporate an explicit identity loss term during model training, similar to WIPA (Dastmalchi &

Aghaeinia, 2022). The speci�cs of the IP-SCGAN framework and architecture are discussed in the next

chapter. Here, I discuss the overall structure and goals of the IP-SCGAN study.

To evaluate the e�ectiveness of IP-SCGAN, I use the same methodology outlined in 3.1. My IP-

SCGAN experiments mainly consist of three parts:

ˆ I begin by conducting an ablation study in order to determine the optimal weighting of the new

identity loss term, comparing results directly with the baseline SCGAN.

ˆ After determining the optimal weighting for the identity loss term, I retrain and evaluate the IP-

SCGAN model on the same training and testing datasets from the comparison study.

ˆ As a �nal test, I use face recognition to evaluate IP-SCGAN, SCGAN, and WIPA on MILAB-

VTF(B), a real-world, identi�ed dataset of face images taken outdoors from various distances.

The speci�cs of both of these experiments are discussed further in the next chapter. When evaluating

model results for the IP-SCGAN study, I place more emphasis on face veri�cation results than on overall

image quality metrics. Since the SCGAN framework has already been demonstrated to perform quite

well at creating high perceptual quality images during FSR (Hou et al., 2023), the main goal of the IP-

SCGAN model is to increase face veri�cation accuracy at complex and real-world degradation settings

while maintaining competitive performance in terms of IQA metrics.
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Chapter 4

Exper iments

This chapter describes the speci�c implementation of the experimental methodology I outlined in the last

chapter. I begin by describing the datasets I use for model training and evaluation. Next, I discuss in detail

the architectures of each SR model I chose to compare in the comparison study, before describing how

I took aspects of the di�erent models and combined them into IP-SCGAN, a novel face SR framework

that incorporates both domain translation and identity preservation aspects into the SR problem.

4.1 Datasets

4.1.1 CelebA

CelebFaces Attributes Dataset (CelebA) (Z. Liu et al., 2015) is a publicly available, large-scale face attributes

dataset consisting of 202,599 face images belonging to 10,177 identities. Each face image includes annota-

tions of 5 landmark locations and 40 binary attributes, which largely are not used in this study. Images in

this dataset contain large variations in terms of pose and background clutter. Following Hou et al., 2023, I
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randomly sample 5,000 faces from CelebA to use as a testing set. To align the CelebA images consistently

with the FFHQ alignment, I use face alignment scripts provided in Back, 2021, published publicly on

Github.

4.1.2 FFHQ

Flickr-Faces HQ (FFHQ) is a large, publicly-available, high-quality face image dataset originally created

as a benchmark for GANS in Karras et al., 2019. It contains roughly 70K PNG images at1024� 1024

resolution and contains large variation in age, ethnicity, and image background, as well as accessories such

as eyeglasses, hats, etc. All images were crawled from Flickr and automatically aligned and cropped using

the Dlib C++ library. Following Hou et al., 2023, I randomly sample 20,000 face images to be used as the

training set and 5,000 additional face images to be used as a testing set.

4.1.3 WIDER FACE

WIDER FACE (Yang et al., 2016) is a face detection benchmark dataset consisting of 32,203 images with

a total of 393,703 faces with large variation in scale, pose and occlusion. Images were selected from the

publicly-available WIDER dataset (Xiong et al., 2015). I use the same sample of 2,000 low-resolution faces

as used in Hou et al., 2023 as a real-world testing set.

4.1.4 MILAB-VTF(B)

The MILAB-VTF(B) dataset (Bourlai et al., 2024) is a multi-distance, unconstrained thermal-visible face

image dataset. It consists of 400 subjects, imaged using both visual- and thermal-band cameras. Video

frames of each subject are captured both indoors at a distance of 1.5m and outdoors at distances of 100, 200,
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300, and 400m and feature variable pose, illumination, location , expression, and occlusion. I utilize this

dataset to get representative results for an actual real-world face recognition problem for my evaluation

of IP-SCGAN. Following Philippe and Bourlai, 2024, I collect my test set from 80 subjects reserved for

testing purposes, focusing on the 300m outdoor, visible setting. I use the FFHQ face alignment script

provided by Back, 2021 to align, crop, and resize face images to a resolution of16� 16for FSR comparison.

Due to the alignment script's di�culties at detecting faces at such real-world degradation, a large portion

of the faces in the dataset were not detected and therefore pruned out; I was left with roughly 230 images

corresponding to 46 identities in the LR setting. For the HR images, I take the indoor frames of the

46 subjects collected indoors at 1.5m. Using the same face alignment script, I align, crop, and resize the

face images directly to a resolution of112� 112to be compatible for ArcFace (Deng et al., 2019) face

recognition.

4.2 Image Degradation

This section describes the image degradation procedure that is used to obtain each testing set of images.

Testing images are categorized in one of three ways: simple, complex, and real-world degradation. For

each degradation setting, only a single source dataset is used. The speci�c datasets are described in the

next chapter.

4.2.1 Simple Degradation

The simple degradation testing set used in the experiments in this thesis were taken from CelebA (Z. Liu

et al., 2015). After aligning the images with FFHQ and resizing to a64� 64resolution, I create the testing

35



Figure 4.1: An illustration of face images undergoing di�erent degradation settings. (a)(top) An image
from CelebA, before and after bicubic downsampling. (b)(middle) An image from FFHQ, before and
after our complex degradation algorithm. (c)(bottom) An image from WIDER FACE after real-world
degradation, with indication that the ground-truth HR image is unknown.

set by further downsampling the images with a scale factor of 4 and a bicubic kernel, resulting in a testing

set of16� 16resolution images with simple degradation.

4.2.2 Complex Degradation

For the complex degradation testing set, I start with a set of 5,000 HR faces sampled from FFHQ (Karras

et al., 2019). After resizing the HR images to a64� 64resolution I follow Hou et al., 2023 by applying

36



the following degradation formula to each image:

I LR = (( I HR 
 kr ) # + n� )JP EG q ; (4.1)

where wherekr represents a Gaussian blur kernel with radiusr , # denotes downsampling by a factor of

4 with random choice between bicubic and bilinear kernel,n� represents additive Gaussian noise with a

standard deviation� , andJPEGq denotes JPEG compression with a quality factorq. For each image in

the testing set, I randomly sampler 2 [0:2; 4:0]; � 2 [1; 25]; andq 2 [30; 95]. In general, the image

degradation achievedbysampling thesevalueswasquiteaggressive, and in manycasesallmodelsperformed

worse on complex degradation than on real-world degradation. These �ndings suggest that the values

chosen may not adequately represent a �middle ground� between simple and real-world degradation;

however, the images produced from this degradation process were still useful in that I could use them

to evaluate model performance on aggressive image degradation while still allowing for ground-truth

comparison and full-reference IQA statistics.

4.2.3 Real-World Degradation

The real-world degradation testing set is made up of 5,000 images from the WIDER FACE (Yang et al.,

2016) dataset. These images were captured �in the wild� and are already the result of unknown, real-world

degradation processes. While these images make for the best representation of real-world degradation

available in these studies, the major drawback of WIDER FACE is that it does not have ground-truth

or high-quality images of the faces available. Due to this limitation, I was only able to evaluate model

performance ontruereal-world degradation using no-reference statistics. This is particularly troublesome
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when trying to evaluate identity preservation, as there were no high-quality face images to allow me to

calculate face veri�cation accuracy. However, no-reference IQA statistics should still provide a way to

compare model performance on image quality for this dataset, and MagFace (Meng et al., 2021) scores

o�er a no-reference method for comparing identity preservation across di�erent models.

4.3 Models

In this section, I describe the architecture of our chosen models, as well as the general training procedure

for each model.

4.3.1 DAN

In our experiments, I use DANv1, proposed in Luo et al., 20201. DAN is composed of two networks,

EstimatorandRestorer. These networks are made up of conditional residual blocks (CRB) (Luo et al.,

2020) that are based on residual blocks for image SR proposed in Y. Zhang et al., 2018, which can be

modeled as

f out = R(Concat([f basic; f cond])) + f basic; (4.2)

wheref out is the output of the block,f basic is the basic input, andf cond is the conditional input.Concat

represents concatenation, andR denotes the residual mapping function, which is composed of two3� 3

convolutions layers plus a channel attention layer (Hu et al., 2018). This architecture is shown in Figure 4.3.

1At the time of conducting these experiments, these authors have released a new version of this model, DANv2 (Luo et al.,
2021). However, due to bugs in the o�cially released implementation of this model, DANv2 was incapable of being correctly
trained; for this reason, DANv1 is selected over DANv2.
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Figure 4.2: Architectures ofRestorerandEstimatorused by DANv1.

TheEstimatornetwork that estimates the degradation kernel begins by downsampling an SR image

by a convolution layer with a strides, typically corresponding to the scale of the SR. These feature maps

serve as the conditional inputs for all the CRBs inEstimator, while the LR image serves as the basic input

to the network. The network ends with a global average pooling layer to squeeze the features and form

the predicted kernel. The network consists of a total of 5 CRBs, all with 32-channel basic and conditional

inputs.

TheRestorertakes the kernel estimated byEstimatorand stretches it to the same spatial dimension as

the LR image. This stretched kernel is used as the conditional input to all the CRB layers. The network

39



Figure 4.3: Architecture of the CRB block used by DANv1.

ends as with PixelShu�e (Shi et al., 2016) layers to upscale the features to the �nal SR size. In total,

Restorerhas 60 CRBs with 64-channel and basic inputs and 10-channel conditional inputs. Note that

the 64-channel basic input is seemingly too large to suit16� 16images, but the results of applying this

architecture on smaller face images was still competitive with other methods The architecture of both

EstimatorandRestorerare shown in Figure 4.2. SinceRestorercreates the conditional input forEstimator

and vice versa, a full model can be built by successively alternatingEstimatorandRestorernetworks to

create a full, end-to-end trainable network for SR.

4.3.2 SCGAN

The framework of SCGAN (Hou et al., 2023) is designed speci�cally to enforce forward and backward

cycle consistency during training on unpaired images. It consists of two coupled networks made up of

2 branches each; in total, there are 3 branches. The branch shared between the two networks is an LR

restoration branch (R LS ), and each network additionally has an independent HR degradation branch

with an encoder-decoder architecture. One independent HR degradation branch learns how to degrade

the HR images from the training dataset into the LR domain (DHL ), and the other learns how to degrade

the generated SR images back into the real-world LR images from the training set (DSL ). The LR restora-
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Figure 4.4: Architectures of the network branches used in SCGAN.

tion branch is shared between the two networks to learn the ultimate translation from LR to HR in order

to perform the super-resolution.

Figure 4.5: Architecture of the ResBlocks used in SCGAN.

Both the HR face degradation and LR face restoration branches make liberal use of residual blocks

(ResBlocks), described by Hou et al., 2023. The ResBlock architecture is shown in Figure 4.5. The HR

face degradation branches share the same encoder-decoder architecture, which is shown in Figure 4.4.

41



The encoder starts with a Spectral Normalization (SN) layer�originally proposed by Miyato et al., 2018�

along with3 � 3 convolution layer and a global average pooling (GAP) layer. The rest of the encoder

architecture consists of 6 ResBlocks with a GAP layer after every 2 ResBlocks to downsample the image

or encoded feature map. The decoder has a similar architecture, beginning with 6 ResBlocks, but has

a PixelShu�e (Shi et al., 2016) layer after the second and fourth ResBlocks to upsample the image or

encoded feature map. After the sixth ResBlock, the decoder �nishes with two groups, each consisting

of a ResBlock, a3 � 3 convolution layer, and either ReLU or Tanh activation to output the �nal LR

image. The LR face restoration branch similarly begins with an SN layer and3� 3convolution layer, but

then goes to 3 groups of ResBlocks, with 12, 3, and 2 ResBlocks respectively in each group. Each group

of ResBlocks is also skipped by a skip connection to preserve high-frequency features. The architecture

�nishes with two blocks composed of a binlinear upsampling layer, ReLU activation, ResBlocks and

convolution layers before concluding with a Tanh activation layer to output the �nal SR image.

While training, the model takes as input two unpaired images: the real-world LR imageI rL and the

HR imageI rH and produces 4 result images. FromI rH , DHL andR LS work together to produce a

synthesized LR imageI sL and a synthesized SR imageI sS. FromI rL , DSL andR LS work together to

produce a real-world SR imageI rS and a reconstructed real-world LR image,Î rL . To calculate adversarial

loss, 4 discriminators are used; in the HR domain,DH 1 discriminates between the real-world HR and

synthesizedSR images (I rH andI sS), andDH 2 discriminatesbetween the real-worldHRandreal-worldSR

images (I rH andI rS ). In the LR domain,DL 1 discriminates between the synthesized LR and real-world

LR images (I sL andI rL ), whileDL 2 discriminates between the real-worldLR andreconstructed real-world

LR images (I rL andÎ rL ). In addition to adversarial loss, SCGAN also computes pixel loss between the

real-world HR/LR image and its degraded/restored counterpart, as well as cycle consistency loss between
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the real-world HR/LR image and its counterpart that has undergone a full degradation/restoration (or

vice versa) cycle.

4.3.3 WIPA

Figure 4.6: Architecture of the WIPA network.

The framework of WIPA (Dastmalchi & Aghaeinia, 2022) begins with a baseline SR network, made

up of 3 Residual Modules with 8, 4, and 2 ResBlocks, respectively. The ResBlock architecture in WIPA

di�ers from that used in SCGAN and is originally proposed by Ledig et al., 2017. Each Residual Module is

followed by a4 � 4 transposed convolution layer with a stride of 2 to increase the size of the intermediate

feature maps. The output of these modules is resized to128� 128using bilinear interpolation, and

output through a3 � 3convolution layer with a stride of 1 and a Tanh activation function.

In order to integrate wavelet coe�cientprediction into the baseline architecture, the authors propose a

Wavelet Prediction block (WaPr Block) (Dastmalchi & Aghaeinia, 2022). The architecture of these blocks,

as shown in Figure 4.7, consists of two convolution layers: the �rst is a3 � 3convolution layer, and the

second is a1 � 1convolution layer. The3 � 3 layer maps to the original 64-dimension wavelet-enriched

feature maps, and the1 � 1 layer reduces the number of wavelet-enriched channels down to 3 sub-bands

to be matched with the ground-truth wavelet coe�cients. The output of the WaPr Block consists of these
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Figure 4.7: Architecture of the WaPr Blocks used by WIPA.

wavelet detail sub-bands concatenated to the original feature maps. The WaPr Blocks are placed just after

the Residual Modules in the baseline architecture to form the full WIPA architecture, which is shown in

Figure 4.6.

The WIPA framework contains 4 main loss functions. First, pixel-wise MSE loss is calculated between

the ground-truth HR and generated SR images. The generated SR image is also passed into a discrimina-

tor network to calculate adversarial loss. To calculate the wavelet prediction loss, the ground-truth HR

image is transformed into wavelet detail sub-bands at 3 di�erent scales, and MAE is calculated between

the ground-truth wavelet sub-bands and the sub-bands predicted by the WaPr Blocks of the network.

Finally, two deep networks are used to calculate perceptual loss and identity loss. A VGG19 (Simonyan

& Zisserman, 2015) network is used to calculate the perceptual loss between the HR and SR images, and

SphereFace (W. Liu et al., 2017) is used to calculate the identity loss between the two images.
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Table 4.1: Training parameters for the models used in the comparison study.

Model Epochs Batch Size Learning Rate

DANv1 40,000 16 4e� 4

SCGAN 200 64 1e� 4

WIPA 200 32 1e� 4

4.4 Comparison Study

To evaluate the performance of the selected models in this study, I follow the methodology outlined in the

last chapter. All models were �rst trained on the FFHQ training split, following the training parameters

shown in Table 4.1 for each model. After training, each model is evaluated on three testing datasets:

CelebA with simple degradation, FFHQ with complex degradation, and WIDER FACE with real-world

degradation. To evaluate the quality of the generated images, I use a variety of NR and FR IQA statistics

from Chapter 2. To evaluate the quality of SR images with ground-truth images available (i.e., CelebA

and FFHQ), I use both FR and NR statistics. PSNR and SSIM form the baseline metrics to approximate

image quality with respect to the ground truth images, with LPIPS serving as a more complex, perceptual-

based FR quality metric. I also use BRISQUE and NIQE as complementary NR quality metrics. To

evaluate identity preservation, I use two metrics: face veri�cation accuracy from ArcFace Deng et al.,

2019 and magnitude scores from MagFace Meng et al., 2021. Since the WIDER FACE testing set has no

corresponding ground-truth images against which to compare the SR results, I instead only use the NR

statistics of BRISQUE, NIQE, and MagFace score to evaluate the quality of real-world SR. The results

of this quality evaluation are discussed in the next chapter.
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4.5 IP-SCGAN

Figure 4.8: The loss framework for IP-SCGAN. The backbone framework is based on SCGAN (Hou
et al., 2023); I place my contribution of a SphereFace network and identity loss in a dotted rectangle.

IP-SCGAN is a novel variant of the SCGAN framework, developed by me, that explicitly incorporates

identity loss into the training loop. The main challenge in maintaining identity features in the SCGAN

framework comes down to the fact that it is unsupervised and uses unpaired training data. However, by

examining the training loop of SCGAN closely, it becomes apparent that the model itself creates a sort of

"training pair" from the HR input image, namelyI sL . WhenR LS creates the synthesized SR imageI sS,

the following loss is calculated:

lR LS = �l I sS
R LS

+ 
l I rS
R LS

(4.3)

where� and
 are weighting parameters. The overall loss function forR LS contains two terms: one for

the loss of the synthetic SR image, and one for the loss of the real-world SR image. In turn, each of these

losses are comprised of two loss terms, weighted with� and� :
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l I sS
R LS

= �l DH 1
adv + �l I sS

cyc ; (4.4)

l I rS
R LS

= �l DH 2
adv + �l I rS

pix : (4.5)

To increase the identity preservation capacity of SCGAN, I follow Dastmalchi and Aghaeinia, 2022

by using SphereFace to calculate the identity loss betweenI rH andI sS. By weighting the identity loss

with the term� , I reformulate loss ofR LS with respect toI sS as

l I sS
R LS

= �l DH 1
adv + �l I sS

cyc + �l I sS
id : (4.6)

To calculate identity loss, I use

l I sS
id = 1 � SC

�
Sphere(I sS); Sphere(I rH )

�
; (4.7)

whereSC denotes cosine similarity andSphererepresents the SphereFace-extracted feature map of a

given image. The �nal loss framework for IP-SCGAN is shown in Figure 4.8.

Assuming thatDHL learns to approximate real-world degradation during model training, the way in

which I implement identity loss allows IP-SCGAN to use the HR/LR pairs generated by this branch as

a proxy for real-world training pairs. Thus, IP-SCGAN should be able to learn how to preserve identity

features during image restoration while simultaneously learning to approximate real-world degradation.

To test this hypothesis, I train and test IP-SCGAN on the same datasets as I use in the comparison study
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to evaluate its performance on SR and face recognition head-to-head against other state-of-the-art models.

The results of these experiments are discussed in the next chapter.

4.5.1 Ablation Study

Table 4.2: The datasets used foreachstudy in this thesis. Datasetnames markedwithan asterisk (*) indicate
the training/testing subset was taken directly from the original SCGAN paper (Hou et al., 2023).

Experiment Training Simple Complex Real-World

SCGAN (Original) FFHQ* LFW* FFHQ* WIDER FACE*

Comparison Study FFHQ CelebA FFHQ WIDER FACE*

IP-SCGAN FFHQ CelebA FFHQ WIDER FACE*

IP-SCGAN Ablation FFHQ* CelebA CelebA N/A

To determine the best weighting for the identity loss term, I ran a simple ablation study. By holding�

and� constant, I trained and tested the model with� values in[0:01; 0:05; 0:1; 1:0] to determine which

value would be the best weighting to increase face recognition accuracy while maintaining competitive

image quality statistics.

The datasets used in my ablation study di�er slightly from the �nal evaluation of IP-SCGAN. In

the ablation study, I compare the various� values of my new loss function against the baseline SCGAN

proposed in Hou et al., 2023. To this end, I decided to train my model on the same training segment of

FFHQ as used in the original SCGAN paper, evaluating on my CelebA testing set under two di�erent

degradation conditions: simple and complex. In addition to the IQA metrics used in the comparison

study and �nal evaluation of IP-SCGAN, I also use FID as a full-reference image quality metric.
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Figure 4.9: The framework for processing the images from MILAB-VTF(B) for super-resolution and face
recognition.

4.5.2 Face Recognition on MILAB-VTF(B)

As a �nal test of real-world application for IP-SCGAN, I ran a face recognition experiment on the SR

images produced by each model on the MILAB-VTF(B) (Bourlai et al., 2024) dataset. I take the 238 LR

images that have been cropped and aligned with FFHQ, as well as the HR gallery images from the 46

subjects, and use ArcFace (Deng et al., 2019) to run face recognition on the query images. Fig. 4.9 shows

the framework I use for processing the images for super-resolution and face recognition. After resizing

all HR and LR images to a resolution of 112 to be compatible with ArcFace, I further downsample the

LR images into a16� 16resolution to prepare for SR. After super-resolving the resulting test images to

a size of64� 64using IP-SCGAN, SCGAN, WIPA2, and bicubic upsampling, I upscale the resulting

images to a resolution of112� 112for face recognition. As a baseline, I compare the FR results from each

super-resolution model against the original 300m outdoor images that have been downsampled directly

to 112� 112. This procedure allows me to compare the information loss between a native-resolution

2Following my procedure in the comparison study, images processed by WIPA are super-resolved to a resolution of128�
128before being downsampled back to64� 64for comparison with other methods.
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real-world image (i.e., an image restoration task) and a real-world image that has to be upscaled to be used

for face recognition (i.e., a super-resolution task). To evaluate the face recognition results, I record rank-1

and rank-5 accuracy, as well as a Receiver Operator Characteristic (ROC) curve and Area Under Curve

(AUC) values.
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Chapter 5

Resul ts

In this chapter, I demonstrate the results of both of my studies discussed up until this point in the thesis.

The �rst section discusses the results of the comparison study, and the second section discusses the SR

results of IP-SCGAN.

5.1 Comparison Study

5.1.1 Comparison Study Results

The results of full-reference evaluation of the models used in the comparison study are shown in Table 5.2.

The results of no-reference evaluation are shown in Table 5.1.

The �rst observation I make about the results concerns the performance of DANv1 (Luo et al., 2020),

the only general SR algorithm evaluated during this study. Jiang et al., 2021 note that general-purpose

SR methods often perform better than face-speci�c methods on FSR in terms of both PSNR and SSIM.

The �ndings from this comparison rea�rm this observation, as DANv1 outperforms all other models on
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CelebA FFHQ WIDER FACE

HR Image No Ground-Truth

SCGAN

WIPA

DANv1

Bicubic

LR Image

Figure 5.1: Comparison of visual quality of each SR method on CelebA, FFHQ, and WIDER FACE, with
a scale factor of 4. Best viewed digitally; zoom in for a better view.

Table 5.1: Results of no-reference evaluation on super-resolution results with a scale factor of 4. Best values
are shown inred, and second-best values are shown inblue.

Dataset Degradation Model NIQE # BRISQUE# MagFace Score"

CelebA Bicubic

WIPA 8.13 37.76 23.41

SCGAN 5.826 22.71 23.24

DANv1 11.11 45.93 22.90

Bicubic 12.09 55.58 21.40

FFHQ Complex

WIPA 11.22 51.28 21.85

SCGAN 5.29 17.76 22.41

DANv1 12.10 51.76 21.03

Bicubic 12.91 58.90 21.74

WIDER FACE Real-World

WIPA 11.63 50.50 23.08

SCGAN 5.61 21.36 23.32

DANv1 11.63 46.87 22.91

Bicubic 11.94 56.13 21.91

these two metrics on the CelebA dataset; it also outperforms SCGAN on the FFHQ dataset on these

metrics. However, when considering metrics that more closely mirror human perception (e.g., LPIPS,

BRISQE, and NIQE), DANv1 barely performs better than baseline bicubic upsampling on both datasets.
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Figure 5.2: Graphs of results from no-reference evaluation on super-resolution with a scale factor of 4.
Zoom in for a better view.

Table 5.2: Results of full-reference evaluation on super-resolution results with a scale factor of 4. Best
values are shown inred, and second-best values are shown inblue.

Dataset Degradation Model PSNR" SSIM" LPIPS# Verif. Acc.

CelebA Bicubic

WIPA 27.10 0.8256 0.0595 86.56%

SCGAN 21.33 0.6351 0.0740 31.68%

DANv1 27.28 0.8392 0.0960 80.76%

Bicubic 23.98 0.6758 0.3740 13.44%

FFHQ Complex

WIPA 21.18 0.4800 0.3842 21.86%

SCGAN 19.37 0.4377 0.1932 23.20%

DANv1 21.00 0.4701 0.3875 20.15%

Bicubic 21.18 0.4762 0.5531 19.64%

This �nding demonstrates that while general-purpose methods may outperform face-speci�c methods

on PSNR and SSIM, these two metrics are not a reliable way to compare the resulting image quality of

super-resolved face images between two models, since DANv1 evidently reconstructs information that is

bene�cial in terms of PSNR/SSIM, but not in terms of perceptual quality.

WIPA (Dastmalchi & Aghaeinia, 2022), which explicitly incorporates identity loss but fails to account

for image degradation beyond bicubic downsampling, unsurprisingly boasts the highest ArcFace veri�ca-

tion accuracy and MagFace score on the CelebA dataset. However, its performance rapidly declines on

all metrics as image degradation intensi�es. Conversely, SCGAN (Hou et al., 2023) performs the best on
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Figure 5.3: Graphs of results from full-reference evaluation on super-resolution with a scale factor of 4.
Zoom in for a better view.

nearly all IQA metrics at complex and real-world degradation, especially in terms of NIQE and BRISQE,

where it greatly outperforms all other approaches on all datasets. However, the results of the comparison

study demonstrate that SCGAN's major weakness is identity preservation; while it does perform the best

out of all models on FR for the FFHQ dataset, its veri�cation accuracy is only 4 percentage points higher

than bicubic upsampling. Moreover, it also only achieves a 32% veri�cation accuracy on CelebA�by far

the lowest of the three deep-learning based SR techniques.
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CelebA FFHQ WIDER FACE

HR Image No Ground-Truth

IP-SCGAN

SCGAN

WIPA

Bicubic

LR Image

Figure 5.4: Comparison of visual quality of each SR method on CelebA, FFHQ, and WIDER FACE,
with a scale factor of 4. Best viewed digitally; zoom in for a better view.

5.2 IP-SCGAN

5.2.1 IP-SCGAN Results

Table 5.3: Results of IQA and veri�cation accuracy of the IP-SCGAN experiment on benchmark datasets.
Best results are shown inred, second-best results are shown inblue.

Dataset Model PSNR SSIM LPIPS BRISQUE NIQE Verif. Acc. (%)

CelebA

IP-SCGAN 21.52 0.6554 0.0698 28.45 6.098 36.96
SCGAN 21.33 0.6351 0.0740 22.71 5.826 31.68
WIPA 27.10 0.8256 0.0595 37.76 8.130 86.56
Bicubic 23.98 0.6758 0.3740 55.58 12.09 13.44

FFHQ

IP-SCGAN 20.05 0.4975 0.1632 23.15 6.455 28.36
SCGAN 19.37 0.4377 0.1932 17.76 5.29 22.41
WIPA 21.18 0.4800 0.3842 51.28 11.22 21.85
Bicubic 21.18 0.4762 0.5531 56.13 12.91 19.64

WIDER FACE

IP-SCGAN 26.62 6.095
SCGAN 21.36 5.61
WIPA 50.50 11.63
Bicubic 56.13 11.94
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Figure 5.5: Graphical representation of the results from the IP-SCGAN study. Zoom in for a better view.

The results of evaluating the FSR performance of IP-SCGAN are shown in Table 5.3 and Fig. 5.5. I

compare the performance of IP-SCGAN against the two models that inspired it, SCGAN and WIPA; all

three models are also compared against baseline bicubic upsampling.

These results show that it is indeed possible to increase the identity preservation (face veri�cation per-

formance) of SCGAN by incorporating SphereFace identity loss. It is not surprising that WIPA maintains

the best overall SR performance on bicubic downsampling, as this is the degradation environment for

which the algorithm was designed and in which it demonstrates state-of-the-art performance (Dastmalchi

& Aghaeinia, 2022) . However, IP-SCGAN outperforms baseline SCGAN in this setting on PSNR,

SSIM, LPIPS, and veri�cation accuracy.
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Model performance on complex degradation (FFHQ) highlights the superiority of IP-SCGAN over

the other models. IP-SCGAN outperforms both SCGAN and WIPA in terms of SSIM, LPIPS, and

veri�cation accuracy, and it far outperforms WIPA in both BRISQUE and NIQE at this degradation

setting. These results demonstrate that IP-SCGAN retains the baseline SCGAN's ability to approximate

complex and unknown degradation settings while simultaneously increasing identity feature preservation

under aggressive image degradation.

IP-SCGAN Ablation Study

Table 5.4: Results for the ablation study of IP-SCGAN on CelebA. Super-resolution is performed with a
scale factor of 4. Best restuls are shown inred, and second-best results are shown inblue.

Dataset Model FID LPIPS BRISQUE NIQE Verif. Acc. (%)

CelebA

Baseline 35.45 0.0756 28.98 6.21 32.88

Delta_1.0 29.02 0.07498 27.69 6.665 34.16

Delta_0.1 32.73 0.0870 30.20 7.208 27.02

Delta_0.05 25.37 0.0663 24.81 6.378 38.62

Delta_0.01 26.95 0.0738 34.50 7.349 42.36

CelebA_complex

Baseline 62.47 0.1597 22.30 5.931 16.94

Delta_1.0 49.93 0.1547 23.01 6.860 18.90

Delta_0.1 71.02 0.1703 21.10 7.359 15.70

Delta_0.05 58.39 0.1583 17.88 6.869 17.96

Delta_0.01 57.61 0.1536 29.72 7.579 17.60

The results of the IP-SCGAN ablation study are shown in Table 5.4. The purpose of the ablation

study was to determine the best value of� for weighting the identity loss term within the overall SCGAN

loss framework. Results from each value of� are compared against the baseline SCGAN model.

In general,� values of 0.05 and 1.0 performed the best in the study. Surprisingly, decreasing� all the

way down to 0.01 actually performed the best on simple degradation in terms of face veri�cation accuracy,
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but this impact was not similarly observed for complex degradation. In the end, I chose 0.05 to be the�

value, based on its superior performance on IQA and face veri�cation scores under simple degradation, as

well as its competitive IQA statistics and second-best face veri�cation score under complex degradation.

5.2.2 Face Recognition Results on MILAB-VTF(B)

The Rank-1, Rank-5 and AUC values for the FR comparison are shown in Table 5.5. Fig. 5.6 shows the

ROC curves for face recognition on each model, and Fig. 5.7 shows a comparison of the visual quality of

super-resolved images for a selected number of subjects. In these �gures, �Original� is used to denote the

baseline of outdoor, 300m images that were downsampled directly to112� 112resolution, while �LR�

is used to denote the outdoor images that have been downsampled to16 � 16. The HR images come

from the indoor gallery dataset.

Table 5.5: Face recognition results on the MILAB-VTF(B) dataset. Baseline results areunderlined. For
SR models, best results are shown inred, second-best results are shown inblue.

Model Rank-1 Acc (%)Rank-5 Acc (%)Area Under Curve (AUC)

Original 47.06 48.74 0.35

IP-SCGAN 3.36 3.78 0.22

SCGAN 0.84 1.26 0.30

WIPA 0.84 4.62 0.47

Bicubic 0.42 3.78 0.38

The results of these experiments were quite surprising, especially given the veri�cation accuracy scores

of the various SR algorithms on the complex LR images from FFHQ. If complex downsampling were

truly a representative model of real-world degradation, one would expect to see higher Rank-1,5 accuracy

scores from all super-resolution models. Instead, Rank-1,5 scores for all SR algorithms do not go higher
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Figure 5.6: ROC curves for face recognition on the MILAB-VTF(B) dataset.

than 5%, indicating that model performance on face preservation under real-world degradation was largely

inadequate for all SR models.

Even though FR accuracy from images created by all model was extremely poor, these results still

indicate that adding identity loss to the SCGAN framework can increase identity preservation. In this

experiment, images super-resolved by IP-SCGAN achieve a Rank-1 accuracy that is three times higher

than those generated from SCGAN. Even though the accuracy score is still under 4%, the fact that it is

signi�cantly higher than the Rank-1 score achieved by SCGAN demonstrates the superiority of my novel

technique over the original SCGAN model with respect to identity preservation at real-world degradation

settings.
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HR Image

Original

IP-SCGAN

SCGAN

WIPA

Bicubic

LR Image

Figure 5.7: Comparison of visual quality on faces super-resolved from the MILAB-VTF(B) dataset with a
scale factor of 4.
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Chapter 6

Discussion

In this chapter, I provide a detailed theoreticaldiscussion regarding the results of the experiments discussed

in this thesis. I �rst discuss the results of the comparison Study, focusing on the trade-o� between identity

preservation anddegradation estimation andthe importanceof imagealignment in FaceSuper-Resolution.

Next, I discuss the results of the IP-SCGAN study, focusing on its improvements over SCGAN and

providing an explanation for the unsatisfactory results on the MILAB-VTF(B) dataset.

6.1 Comparison Study

In this section, I discuss the results of the comparison study of SR algorithms. To begin, I explore the

theoretical and practical justi�cations behind the trade-o� between identity preservation and degradation

estimation. Then, I discuss the issue of image alignment during the FSR task, which was revealed to be a

very important factor in overall FSR quality results.
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6.1.1 Identity Preservation vs. Degradation Estimation

The results of the experiments discussed in this thesis have unveiled a concept that is crucial to under-

standing the state of current research on the topic of RWFSR, that being the domain gap. The substantial

di�erence in data between simple and complex degradation greatly impacts model performance, and this

trend can be seen throughout the results of these experiments. In the comparison study, WIPA performs

extremely well on the simple bicubic downsampling it was designed to deal with; however, this perfor-

mance degrades rapidly as soon as more complex degradation settings are introduced. SCGAN, conversely,

handles complex and real-world degradation settings quite well, thanks to its domain transfer approach;

however, the lack of a paired data paradigm in this case makes it very di�cult for SCGAN to accurately

preserve identity information, even under simple degradation.

When considering the performance of WIPA and SCGAN together, the trade-o� between degrada-

tion complexity and identity preservation becomes clear: WIPA excels at identity preservation but fails at

complex degradation settings, while the inverse is true for SCGAN. Even my attempt to merge these two

algorithms in IP-SCGAN falls short of totally maintaining the strengths of each algorithm, as it could

not achieve the same face veri�cation accuracy as WIPA on simple degradation nor the IQA scores of

SCGAN on complex degradation. IP-SCGAN is still a solid step forward, however, as it proves that it

is possible to increase the identity preservation potential of the SCGAN framework while maintaining

competitive IQA statistics on images with complex degradation.

The trade-o� between identity preservation and complex degradation estimation has several potential

causes. One is the nature of the RWFSR task as a multi-objective problem, balancing perceptual quality

with identity preservation, so there is a Pareto Front of potentially optimal solutions. It is unlikely given
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the nature of multi-objective optimization problems that optimizing one objective will in turn optimize

a di�erent one; more commonly, there has to be compromise between the di�erent objectives. Another

reason we might observe this pattern has to do with the way researchers currently approach RWFSR when

designing architectures and algorithms. As demonstrated during these studies, the best way to deal with

one of these factors during model training is to explicitly account for it during model design and training.

However, current research typically approaches the RWFSR problem from one of two angles: either

explicitly considering identity, or explicitly considering complex degradation. Currently, there are very

few approaches in the literature that even attempt to explicitly combine these two objectives.

There is also the issue of paired data: as stated in Chapter 2, it is often quite di�cult or time-intensive

to �nd identi�ed, paired face data that contains both HR and real-world LR images of the same subject.

Such datasets do exist, but typically are not benchmark datasets or publicly available. To train a hybrid

method to bothapproximate real-worlddegradation andsimultaneously learn identitypreservation would

require an extremely large version of such a dataset. Thus, it is no surprise that approaches like SCGAN

that target real-world image degradation as their main objective instead rely on an unsupervised training

framework, allowing them to train on unpaired HR and LR images from di�erent benchmark datasets.

However, the lack of training pairs greatly hinders these networks' ability to accurately learn to preserve

identity information, as there is no way of �teaching� the model with data labels which faces are the same

or di�erent identities.

6.1.2 Alignment

One interesting observation I made during the conduction of my experiments concerns face alignment

and its importance to the RWFSR task. As discussed by Jiang et al., 2021, the human face is a highly
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