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Abstract

Image super resolution is defined as recovering a high-resolution image given a low-
resolution image input. Image super resolution has a wide area of applications in
modern digital image processing, with its ability to produce better results in areas
including satellite image processing, medical image processing, microscopy image pro-
cessing, astrological studies and surveillance area. However, image super resolution is
an ill-define concept since there exists non-deterministic answer in the high resolution

image space, which makes it difficult to find the optimal solution.

In this work, various research directions in the area of single image super resolution
and their representative algorithms are thoroughly studied. Each of the proposed
algorithm’s achievements as well as limitations including computational efficiency
and perceptual performance limits are compared. The main contribution in this work
includes implementing a perceptual score approximator and integrating it as part of
the objective function in the upsampling algorithm. Apart from that, a Test-time
optimization algorithm is proposed, aiming at further enhancing the image quality
of the obtained super-resolution image from any given upsampling algorithm. The
proposed methods are implemented and tested using Pytorch. Results are compared
on the baseline datasets including Set5, Set14, Urban100 and DIV2K.

Results from the perceptual score approximator was evaluated on both PSNR
precision index and Fper perceptual index, which is a combination of the perceptual
evaluation Ma score and NIQE score. With the new objective function, we achieved
to move along the trade-off curve of precision and perception. Apart from that,
the Test-time optimization algorithm achieved improvements in both precision and
perception index. Note that the proposed Test-time optimization does not require

training of a new neural network, thus, is also computationally efficient.
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Chapter 1

Introduction

1.1 Context

Image resolution defines the details contained in an image. As a digital image consists
of elements of pixels, density of pixels per unit area represent the spatial resolution.
The higher the resolution, the more image details. In most digital image applications,
higher resolution is desired from an image. However, there are many scenarios where
a high resolution image is necessary yet can not be obtained. The limitation of
obtaining a high resolution image first come from the physical limitation of the image
acquisition device. Number of sensors in an image acquisition device is limited,
leading to the limitation of pixels obtained in one image[5]. Further more, the cost
of optical components for capturing high-resolution images is limited in applications
such as cell phone built-in cameras. Image resolution can also be degraded in the
image processing procedure such as image compression, image storage and image
restoration.

With the same physical resources such as optical imaging system, the reconstruc-
tion step to obtain a higher resolution image is both costly friendly as well as com-
putational efficient. The application area is rather board as well. Apart from general
applications, there are several areas where image super resolution can specially make
contribution to[6]. In satellite image resolution reconstruction, most researches focus
on multi-frame image restoration (rather than single image super resolution), based
on the physical availability that multiple satellite images can be obtained from the
satellite cameras setting [7]. In the field of medical image processing, super-resolution

1



can be beneficial in improving the image quality without relying on extra hardware
optimization, providing significant assistance for the medical community in visualiz-
ing the pathological sections. Super-resolution was first applied in magnetic resonance
imaging (MRI), functional MRI (fMRI) and positron emission tomography (PET),
continuous effort has been made in exploring applications in other imaging techniques
including X-ray digital mammography and Optical Coherence Tomography (OCT)
8].

Figure 1.1 shows the deep-learning-enabled super-resolution across different flu-
orescence microscopy modalities. In these set of Deep-learning-based super-resolved
images of bovine pulmonary artery endothelial cells (BPAECs), figure a,d are net-
work input images that obtained from 10 /0.4-NA objective lens, while figure c,i are
ground truth (high-resolution) images obtained from 20 /0.75-NA objective lens. We
can observe that from figure b,c, which are the output of a super-resolution network,
improves the image resolution to similar level with those obtained from 20 /0.75-NA
objective lens.

Other application areas include microscopy image processing, object detection, auto-

Network input (10x/0.4NA) Network output (10%/0.4NA) Ground truth (20%/0.75NA)

Figure 1.1: Image super-resolution application in medial imaging[1]



motive industry and surveillance. With the potential applications in areas mentioned
above, significant research effort has been devoted to the topic of super resolution.
In this work, we focus specifically on the topic of ”Single image super resolution”.
As compared to multi-frame super resolution, where multiple images across different
capturing angles and time scale are combined to produce the high-resolution image,
single image super resolution aimed at using single image information to recover the

high-resolution image. In this work, we focus on single image super resolution only.

1.2 Major contributions

In the work of Blau et al. [3], it is suggested that the image distortion (precision) and
perceptual quality (how real an image is perceptually for a human observer) are at
odds with each other. With the conventionally used distortion measure such as PSNR
and SSIM evaluation improves (indicate better image quality), the image perceptual
measure must decrease (indicate worse image quality). This is experimentally shown
applicable for most of the super resolution algorithms proposed so far and referred
to in the paper as ”"The perception-distortion tradeoff”. Inspired by the tradeoff,
we explore the state of art distortion measure based on the StoA super resolution
algorithm EDSR [9], aiming at improving the perceptual quality of resulted super-
resolution images, while perserving the distortion quality.

Apart from that, given the achievements of current super resolution algorithms
and their performance limitations, we want to further optimize the super-resoluted
images by our proposed two-stage algorithm.

Our work has two main contributions:

We constructed a perceptual score approximator based on Fper index, which it-
self is a combination term of the non-reference score Ma score and NIQE score.

We used a simple CNN network to approximate the Fper index. After fully
3



trained the approximator, we used it as a part of the objective function to fur-
ther training the super-resolution upsampling algorithm. We used this method
to move along the image precision-perception trade-off curve by adjusting the

weights of Fper approximator in the objective function.

Aiming at utilizing the Test-stage optimization to further enhance the super-
resoluted image in both precision and perception quality, we matched further
the down-sampled super-resolved image and the low resolution image. We
encouraged this match without extra training of a neural network. The Test-
time optimization is computationally efficient, since it does not require extra
training of a new network. It can also be generalized to apply to any first stage

upsampling algorithm.

1.3 Thesis structure and reading guide

In Chapter 2 we studied the previous research effort on image super resolution, in-
cluding the evaluation matrices, the development of single image super resolution
algorithms and the component optimization focus in deep neural networks, includ-
ing residual module, skip connection and generative-adversarial training setting. We
then presented the different learning strategies applied in algorithms, as well as cer-
tain type of artifacts from a specific network architecture. In chapter 3 we describe
the methods that we proposed, including the perceptual approximator and the Test-
time optimization. In chapter 4, we presented the results and studied the effects
for the proposed method. Finally in chapter 5, we briefly discussed possibilities for

future work and gave some closing remarks.



Chapter 2

Background and Literature review

2.1 Objective Image Quality Metrics

Developing and adapting an approperiate image quality assessment metric is rather
important. As digital image are subject to a wide variety of distortions, such as image
acquisition, image compression, image storage and reproduction. Not only in image
super resolution, but almost all areas related with image processing, an objective
image quality metric can provide important information in evaluating a distorted
image quality. When it comes to monitoring and bench-marking the performance of
image processing algorithms, objective image quality assessment metrics also play an

inreplacble role.

2.1.1 Precision based evaluation metrics

Among the image quality assessment metrics, MSE (Mean square error) and PSNR
(Peak signal to noise ratio) are most widely used metrics due to the simplicity. MSE
is defined as the pixel-wise difference average:

1 P

MSE = — 1i§)  K(i§)P (2.1)
mn ., j=0

Where I and K are the baseline image and the distorted image respectively.
Based on MSE, PSNR (Peak signal to noise ratio) is defined as

MAX?

(2.2)



Where MAX, is the maximum signal value in the signal.255 is used in the image
evaluation applications.

However, MSE or PSNR does not perform as well when it comes to detailed tex-
ture. As these matrics take the regression-to-mean approach, which means multiple
potential solutions with high texture details are averaged to create a smooth recon-
struction, it can cause the over-smooth problem in the detail texture. Algorithms
based on PSNR or MSE as their solely loss function always face the problem of poor
perceptual quality.

While error sensitivity based image quality assessment metrics can reflect the
pixel-wise difference of an image as compared to the non-distorted image, it is not
clear these metrics can reflect the fidelity of an image. The reason is that natural
images are highly structured, there exists strong dependencies within a local region
and among regions, reflecting the structures of an object. Pixel-wise difference is
independent of the can not capture the this type of structural information.

Following above philosophy in order to evaluate the image degradation accord-
ing to the changes in structural information, Structural Similarity Index (SSIM) is
designed [10]. It evaluated three independent components of an image, including
luminance, contrast and structure. Luminance signal 1(X;y) is measured as the mean

intensity.

X = N Xj (2'3>

Contrast component ¢(X; y) is estimated as removing the mean intensity (variance)
from the signal and then taking the standard deviation (the square root of variance).

2 X y+Cl

2.4
)2(+ §+C1 ( )

I(x;y) =

Finally, by taking normalization of its own standard deviation, the structure com-
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ponent ¢(X;Y) is measured.

X x)? (2.5)

i=1

1
*7 N

All three components are combines to yield an overall similarity measure:

. _ 2 x +C2
NKYV—7;F%:?Z (2.6)
SSIM(xyy) = [I(xy) | [e(xy) ] [s(xy) ] (2.7)

When take = = =1, SSIM index become:
SSIM(xy) = 2 x y T CIZ w1 Co) (2.8)

(2+ 24+C)( 2+ 2+Cy)

2.1.2 Perception based evaluation metrics

The most straight forward approach to obtain the perception quality of image is to
obtain MOS (Mean opinion score) that is obtained from human observers. There are
image open source databases that provide images with their corresponding MOS from
human evaluation [11]. AVA dataset contains 255000 images scored by an average
of 200 people, rating from 1-10 for aesthetic score. LIVE data set comes with mean
and deviation of human evalutaion scores. MOS score is an subjective evaluation
from different human observer. Outliers need to be excluded while processing the
mean score. It may also vary based on different image contents. For example, at the
same MOS scale, PSNR and SSIM index can vary (from 20% to 60%) between image

content that is nature scenery and image content that requires interpretation.



Proposed in Making a completely blind image quality analyzer [12], NIQE (Nat-
ural image quality evaluator) is the first proposed OU DU NR IQA (Image qual-
ity assessment) metrics. OU stands for Opinion-unaware, as opposed to Opinion-
aware IQA, it does not require the human subjective opinion score. DU stands for
Distortion-unaware, as opposed to Distortion-aware IQA, DU does not require prior
knowledge of how an image is down-scaled. NR stands for no-reference, which means
the evaluation is based on the evaluated image alone, without referring to the ground
truth pairing image.

NIQE makes used of he measurable evictions from statistical regularities observed
in natural images. It first compute a spatial domain NSS (Natural scene statistic)
model, by computing the local mean removal and divisive normalization:

1;5) (i)

i3 = =51

(2.9)

Where (i;j) and (i;]) are local mean and contrast at location (i, j), computed
with a 2D circularly-symmetric Gaussian weighting function with deviation equal to

3.

It is observed that for natural images, the coefficients of NSS features obtained
from from equation above can fit well into a Gaussian distribution, while the distorted
images fail to do so. Thus, a multivariate Gaussian (MVG) fit of the NSS features
extracted from natural image corpus is computed. Finally, NIQE is computed as the
distance between the MVG fit of the test image and MVG fit of the natural image
corpus. As shown in below equation is the distance, Vi, Vo, X1, X, stands for the
mean and variance matricses of the natural MVG model and the distorted images
MVG model.

r
D(Vl;Vz; 21;22) = ((Vl VZ)T(—

) tvi v2)) (2.10)



As shown above, NIQE can predict the image quality with little prior knowledge
of the ground truth image or their distortions. And is claimed by authors of NIQE
through experiment comparisons to perform equally or better than other IQA such

as SSIM.

2.2 Development of SR algorithms

2.2.1 Sparse Coding

The nature of Super resolution problem is under-determined, since the solution is not
unique. In order to constrain the output for super resolution problem, traditional
algorithms aimed at setting limitations for the output based on prior knowledge. This
type of prior knowledge can be obtained from two resources, either exploit the internal
information of a single image, or find out the mapping between image LR and HR
pairs. Among the many traditional super resolution algorithms focused on creating
the optimal mapping dictionary of LR-HR pairs, Sparse coding based algorithm is a

representative [13] [14].

In sparse coding based super resolution algorithms, first a low-resolution(LR) im-
age dictionary is constructed by extracting image patches from the the input LR
image. A high-dimension vector representation is then constructed for the LR image
patches. Then a non-linear mapping relation is learned from low-resolution vector
representations to a set of high-resolution vector representations of the HR image
patches dictionary. The number of non-zero weight vectors in HR space is less than
vector representation in LR space, which infers the sparse nature of algorithm. At the
final step, the found HR patches from LR-HR mapping are computed with weighted

averaging to produce the final super-resolution output.



2.2.2 From Sparse coding to CNN

Analyzing the traditional sparse coding super resolution algorithms, Dong et al. [2]
found that the traditional super resolution algorithms can be viewed as a deep con-
volutional neural network. Specifically, in sparse coding, firstly overlapped image
patches are cropped from the LR image, with some pre-processing steps such as mean
extraction and normalization, coding into a LR image dictionary. This operation can
be viewed as equivalent to a feature extraction operation, which can be achieved by
a convolution layer in a neural network. As the output of a convolutional layers with
filter size (f; F1), Ny feature maps with dimension of (f; f;) are gathered. LR-HR
dictionary mapping can be viewed as a non-linear layer where n;(f; ;) feature maps
are mapped into (N, T, ;) dimension. N, is designed to be smaller then n;, aimed
at resembling the sparser representation in HR space. Lastly, the image reconstruc-
tion from HR dictionaries into one output HR image can be viewed as a "flatten”
operation. Thus, with each step in the sparse coding algorithms equivalent to an
operation in a deep convolutional neural network, the complete algorithm pipeline

can be view as equivalent to one deep convolutional neural network.

Following this perspective, an end-to-end mapping between the LR-HR images can
be constructed by a deep convolutional neural network, with the mapping relationship
can be learned and optimized by the network hidden layers automatically, rather than
focusing on a specific part such as feature extracting or constructing the dictionary
in sparse coding algorithms. Significant efficiency can be achieved with the DNN
based method. This is the first proposed model that applied neural network for
super resolution problem. The proposed network framework as shown as in Figure

2.1.

10
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Figure 2.1: Framework of SRCNN|2]

The objetive function is designed as:

1 X

L(©) = =

KF(Yi;0) Xk (2.11)
i=1

Where F (Y; ©) represents the reconstructed image of X, given the HR image set
as X and their corresponding LR image set as Y.

Specifically the parameters in SRCNN is set as 64 filters with kernel size of 9 * 9,
32 filters with kernel size of 1 * 1, and 5 * 5 filter size for the last faltten layer. From
the SRCNN experiment results evaluated by PSNR and SSIM index, and achieved
significantly improvement as compared to the traditional methods, further validated

the DNN-based super resolution algorithms.

2.2.3 Evolution of neural networks

After SRCNN, varies attempts have been made in order to optimize the performance
of DNN-based super resolution algorithms. One straight forward direction is to in-
crease the depth of neural network. SRCNN consists of only 3 layers. VDSR model
(Very deep convolutional network) increased the network depth to 20 weighted lay-
ers. Residual learning, which replaces the direct stacked layers with residual blocks,

is also found to ease the optimization procedure [15]. Following the main design

11



of VGG-net[16], SRGAN model [17] proposed a 16 blocks deep ResNet(SRResNet)
structure. 23 Residual-in-residual blocks are used in ESRGAN [18]. EDSR baseline
model [9] has depth of 32 layers, and in it’s proposed multi-scale architecture the
depth is increased to 80 layers.

Different architecture of residual blocks and skip connection are proposed. SR-
ResNet follows the same design of original ResNet, removing the ReLu layer at the
very end. In EDSR model [9] the two batch normalization layers in the residual blocks
are removed. SRDenseNet [19] applies the DenseBlock structure to ease the problem
of gradient vanishing, as well as increase feature resue to decrease the parameter
numbers. RCAN [20] proposed a Residual in Residual (RIR) structure, where sev-
eral residual channel attention blocks are connected to form a larger residual groups.
Residual groups are connected sequentially, constructing the overall network archi-
tecture. It is found this RIR design can ease the problem of deep neural network
requires significantly longer training time. ESRGAN/[18] utilized a residual in resid-
ual dense block (RRDB), where each residual block that formed the larger residual

group consists of several convolution layer and ReLu layers.

Apart from dominated supervised learning models, ZSSR[21] is the first unsuper-
vised SR method that achieved competent result when compared to StoA supervised
methods. Instead of exploring the mapping relationship between LR and HR im-
age pairs, it utilize the fact that natural images has repetitive patterns and exploit
the internal pattern of low-resolution image, and applies this internal structure to

reconstruct SR output.

2.3 Learning Strategies

Various learning strategies are exploit for guiding the network optimization direction.

For loss function alone, Pixel-wise euclidean distance is most straight forward learning

12



strategy due to it’s simple form and also the most widely applied learning strategy
in most super resolution algorithms [16][22][23][24] [25].

Due to the fact that pixel-wise euclidean loss tend to generate over-smooth im-
ages, other loss functions are explored. Content loss, represented by feature maps
of the VGG network [26] is used in replace of MSE-based content loss in various
super resolution algorithms. Using feature maps to compute loss make the objective
function more invariant to changes in pixel space [17][18][27].

Generative adversarial based neural network (GAN) is found to be able to pro-
duce perceptually realistic super resolution images. In GAN setting, the generator
components generate a super solution image given a low-resolution input, attempt-
ing to fool the discriminator. Meanwhile, the discriminator is trained to distinguish
between ground truth and generated images. With a given low-resolution image, the
discriminator will produce a probability of how likely the image is a high-resolution

image[17]. The generative loss can be defined as:

|SR=X loeD _(G (IR 2.12
Gen ogD (G ;(177)) (2.12)

2.4 Limitations
2.4.1 Precision-perception trade-o

A recent research[3] has suggested there exists a disagreement between the reported
high performance images evaluated by PSNR (the distortion metrics), and according
to the human observers evaluation (the perception metrics). With the conventionally
used distortion measure such as PSNR and SSIM evaluation improves (indicate better
image quality), the image perceptual measure must decrease (indicate worse image

quality). This is experimentally shown applicable for most of the super resolution

13



algorithms proposed so far and referred to in the paper as ” The perception-distortion
trade-off”. As shown in Figure2.2, super resolution algorithms are evaluated in both
distortion measure and in perceptual measure. A trade-off curve is proposed as in
Figure 2.3. From the trade-off figure, we can observe that no algorithm has achieved
the lower-left region, which represents better quality and less distortion. This in-
dicates that it is not likely to find an algorithm that is both precise according to

pixel-wise difference and perceptually real.

High PSNR/SSIM

/'LKA
oF -

SRResNet i i
VGG, High perceptual quality

Johnson
Deng Y
()

Better perceptual quality
Ma et al. score

S ® N o

Less distortion

Figure 2.2: Distribution of SR algorithms according to perception and distortion.

Perception

Possible

Better quality

Alg. 3
[ ]

Impossible

4 Distortion

Less distortion

Figure 2.3: Trade-off curve of quality and distortion. [3]
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Chapter 3

Methodology

3.1 Perceptual score approximator

Pixel-wise based methods have their inherient limitations, due to the nature of min-
imizing pixel-wise loss functions such as MSE loss and L1 loss by taking the mean
of all possible solutions in the target image space. As a result, high frequency image
regions that contains fine texture details is hard to be recovered. But it is found to
be rather smooth. In order to overcome this limitation algorithms based on pixel-
wise difference, we designed a novel loss function that contains two components. The
first term encourages high precision, represented by conventional euclidean distance
such as MSE loss and L1 loss. The second term approximate a perceptual distance

between the ground truth image and its corresponding super-resoluted result:

ISR — ISR 4 ISR (31)

precision perception

Different approaches have been proposed to quantitatively represent the image
preceptual quality. The most widely used method is MOS, which stands for Mean
Opinion Score. For obtaining MOS, human subject studies are conducted and the
mean score of all human subject evaluations are averaged at an scale of 1 to 10.
However, obtaining MOS for every single image is not feasible since this will require
conducting survey for all images on a large pool of human observers. To overcome
this feasibility barrier, Ma et al.[4] designed low-level statistical features and learned
a tow-stage regression model to predict the perceptual score without referring to the

ground truth.

15



(a) 4.01 (b) 4.82/4.70/4.69/4.50 (c) 4.61 (d) 4.78

Figure 3.1: An example of Ma score evaluation [4]

Mittal et al. [12] proposed another perceptual evaluation metric NIQE (Natural
image quality evaluator) by extracting the natural image statistics features of an
image and compare the distance between the natural image MVG (Multi-variate
Gaussian fit) model and the corresponding distorted image’s MVG model. Details
about NIQE score is mentioned in Section 2.1.2. NIQE score is a opinion-unaware,
distortion-unaware, no-reference image quality assessment method.

Both Ma score [4] and NIQE score [12] describe metrics to measure the perceptual
quality of a generated image. These are “no reference” methods, which means they
use only the super-resoluted image to compute the score and do not require the
original high-resolution image. These methods are developed from human opinion
score evaluation, correlation between neighbouring pixels and natural image statistics.
We will refer to this as perceptual quality and apply the combination term as proposed

by Blau et al for our experiment. [3]

16



Index(Perceptual) = %((10 Ma) + NIQE) (3.2)

The perceptual term as above is complicated. It is not possible to put the Per-
ceptual score — hereby referred to as Fper score — directly into a loss term because it
is not differentiable. To get around this, we trained a convolutional neural network

to approximate the Fyer score.

The Fper approximator was built first, using training images and their Fper scores
in a supervised setting. The perceptual index is now itself the output of the neural
network we built as an approximator for Fper. After fully trained the neural network
approximator, the whole Fper network was used within the loss function of the super-

resolution loss function to train the full super-resolution network.

A

Fper approximator is denoted by Fper. The loss PER(X\L,J\,‘;) is the quadratic loss

between the perceptual score of image X\L,’\,‘; approximated by prer and the best per-

Xtrue

ceptual score in the training set. Here, is the true high resolution image, X\L,‘VZ is

the reconstructed image. The value of X\‘,J\,Z depends on the network’s parameters wy.

h [

1
min — MSE (xu0; x™) + 1PER(X) + 2L1(wg) (3.3)
Wg
R 2

Xj2training set

The term miny; otraining set(Fper (Xi)) is a reference value, which we chose as the best
Fper score in the training set. prer( ) is itself a neural network trained with loss MSE
on the values of Fper(Xi) 8i. The algorithm architecture is shown in Figure 3.1.

There are several advantages of the proposed method, firstly, we implemented a
new perceptual loss term that is the output of a separate neural network, and actually

represents the Fper score. Also, it provides a way to optimize a function that is the
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Figure 3.2: A visual representation of this method

output of a neural network in addition to a regular pixel-wise loss term. Note that
this is more direct than a GAN based neural network training. Also, the resulted
images does not synthesize phony images, as produced in some GAN based methods.
The new objective function constrains the trained model to preserves substantial

precision, evaluated by PSNR score, but also produces more realistic-looking images.

For training data, We used the DIV2K training dataset. DIV2K consists of 800
training images, 100 validation high-quality images and 100 test images. We obtained
it from 2017 CVPR workshops[28]. The objective function consists of MSE loss, L1
regularization and the novel perceptual loss as described above. Our baseline Fper
approximator is a three-layer CNN followed by two fully connected layers. This is
extremely simple, yet does manage to approximate Fper, also enables the resulted
images to move along the distortion-preception tradeoff curve. We also expanded the
approximator architecture to be four layers of convolutional network, each followed
by a ReLu layer. Then used three linear mapping layers to obtain the predicted
perceptual index. This set up approximate Fper more accurately. The convolutional
upsampler architecture is as in Lim et al.[9]. We implemented the proposed algorithm
on Pytorch platform. It can run both in parallel or not.Experiments were performed

using two to six Tesla K80 GPUs with 12GB of memory each.
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3.2 Test time optimization

We introduce a novel Test-time optimization technique that can be used to improve
the results of any super-resolution algorithm. Figure 3.3 illustrates how this technique
operates after training, optimizing online for each test image separately. The goal
of the test-time optimizer is to ensure that the reconstructed image reflects its low-

resolution counterpart as accurately as possible.

vy

—_

IIII’

Xlr ft rain X]r s xST xSt ft ot xSt Xlr —, xSt opt. xS opt.
L A J
b b
Any Super-Resolution Algorithm Test-time Optimization

Figure 3.3: A visual explanation of the test-time optimization technique.

In the first stage, we take a low-resolution image x'" and use a conventional super-
resolution algorithm to get X3". In the second stage, we allow X3" to move in the pixel

space and use gradient descent to optimize for the following loss function:
rMSEBOS); X)) + kxS xSTK3: (3.5)

where b(X) is the bicubic down-sample function.

The first term optimizes for matching in the low-resolution space. If the first term
is zero, b(X®") perfectly matches the low-resolution image. That is to say, if the first
term is zero, the super-resoluted image, when bicubically down-sampled, is exactly
the low-resolution reference. The second term ensures that the final result stays close

the output of the first stage and reduces artifacts.
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Let us consider how we would provide a measure of this concept, given a low-
resolution image and its reconstructed super-resolution counterpart: we would down-
scale the reconstructed image by the down-scaling kernel, which is assumed to be
known in advance, and compare it to the low-resolution image. If the reconstructed
image were exactly equivalent to the true high-resolution image, down-scaling by the
same deterministic process should yield the same low-resolution image. This pro-
vides us with a metric to optimize at test time (when we do not possess the true high
resolution image), as follows:

k(b x) x"k3; (3.6)

where X'" denotes the true low-resolution image, X denotes the proposed high-
resolution image, and (b X) denotes the low-resolution image generated by applying
the spline bicubic down-sampling to our proposed high-resolution image. The applied
downsampling method is bicubic down-sampling method here, but it can be any
down-sampling method, as mentioned in section 3.3.

However, optimizing on this metric alone at test-time would allow for a proposed
high-resolution image that is accurate upon downsampling, but due to loss of infor-
mation, it could be different than its true high-resolution image.

For instance, bicubic downsampling takes a weighted average of points in high-
resolution space to create one pixel in the low-resolution image. The average could be
accurate while still leaving the original input pixels with several degrees of freedom.
As such, we must prevent the reconstructed image from diverging from the true
high-resolution image.

To do this, we assume the super-resolution algorithm was trained with the purpose
of outputting realistic images in the high-resolution space that accurately reflect the
low-resolution input. Thus, we would want our reconstructed image to stay close to

the output of the trained super-resolution algorithm. Using a generative perspective,
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the probability that our super-resolution algorithm recovers an image close to the
truth should be high. Thus, assuming that our super-resolution output is actually
the true image plus noise, then maximizing the likelihood P (X*'jx) of the super-
resolution algorithm to generate X°" from the true high resolution image X leads to

the second term of Equation 3.2.

The | and ¢ hyperparameters also modulate the relative scaling of the two
terms, that is, the relative belief of where noise arises within both parts of the gen-
eration process (noise from downsampling versus noise from reconstructing using the
super-resolution algorithm). Ideally we would make |, large so that the downsam-
pled image exactly matches the low-resolution input but in practice we found it useful
to trade off between them.

Each term in the cost function Equation 3.2 is differentiable, allowing us to employ
gradient-based optimization techniques to manipulate the values of X in pixel space
to minimize this function.

Some super-resolution architectures, specifically those perform upsample in the
very end using pixel-shuffle upsampler, will create prominent artifacts around sharp
edges as shown in Figure 3.3. We can see that there are ghostly edges or strikes
that should not exist. We believe that such artifacts have comes from the fact that
the last step of pixel-shuffle is simply a spatial rearrangement of pixels that does not
guarantee the smoothness of the output images across sharp edges. Moreover, such
artifacts are accentuated when the scale factor is increased.

Primarily motivated to reduce the artifacts by spreading out the pixel-shuffle
upsampling procedure across the network,a pyramid structure that we termed Skip-
Residue Pyramid is created. The structure of Skip-Residue Pyramid is shown in
Figure 3.4. Each residual block is represented in the green box, where a convolution

layer is followed by a Leaky ReLu layer, and then connected to another convolution
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layer. Apart from the main network, input is also passed through iterative convolution
and transposed convolution layer and Leaky ReLu layer, and skipped connected to

the output of main network module.

As a comparison, patches from the reconstructed images using different models
are put together in Results section. We observe significant reduction of artifacts
when Skip-Residue Pyramid is used. The Skip-Residue Pyramid structure is shown
as below. The green blocks are the residual blocks, which is consisted of one convo-
lutional layer followed by a Leaky-Relu layer and another convolutional layer. The
complete training model consists of consecutive connection of convolutional layer,
residual blocks and up-sampling layers. Apart from that, a skip-connection is used
where the input after passing through a second simple module is added upon the

resulted output.

3 z
o o
(5] (]
s 3 T 3
s @ 3 = & 9 =
5 8 |55 g &8
o 2 2o a g o©
c © S m
© @ g o
/":"//""
2
£ —
I 3 = S 3 3 5 e .
— L 2 O ol p8 L g 2 5ip8 — g — 8 4.8 — 2 5
m (i7] a o 1] ] m o o
8 & § & & : &|§ § 6
Q [}
oc (i =] (5 0@ = o o
w
l 2 n./
=
O
[}
> @ (>
- N—
—_—t—r O o
UJ"{U
Q
-

Figure 3.4: Skip-Residue Pyramid model
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Chapter 4

Results

4.1 Perceptual score approximator

4.1.1 Perceptual-accuracy trade o

First we validate the evaluation metric Perceptual index on the training data set
DIV2K. DIV2K dataset consists of 800 training images, 100 testing images and 100
validation images. We computed the Fper score on three versions of the DIV2K
data set. First we computed the Fper score of the original DIV2K images, which we
referred to as HR images. Apart from that, we obtained the results of EDSR [9] and
EnhancedNet [29] super resolution algorithms, as two baseline comparisons for the
perceptual index. We validated the Ma index and NIQE index as a perceptual index
first. And then computed the Fpe, index for both the DIV2K training and validation

set. The histograms for Ma index, NIQE index as well as the combination Fper index

for three versions of DIV2K data set are shown below.

Histogram of F_ma score distribution

s EDSR
HR
BN EnhancedNet

300
250
200
150

100

Al |
BN AR T ey
4 5 6

2 3

Figure 4.1: Ma score distribution for
DIV2K training images
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It can be observed from the histogram distribution that for Ma index alone,
EnhancedNet and HR images follows similar distribution pattern. Both have higher
score as compared to EDSR. For the NIQE index alone, HR images have generally
lower score distribution. We can conclude that the NIQE index is a good evaluation
of the perceptual quality, since result images from EnhancedNet, which is known for
its better perceptual quality as compared to EDSR, score lower than EDSR results.
This observation aligns with the EnhancedNet paper results. Figure 4.5 and Figure
4.6 show the distribution of the combination term Fper index (Equation 3.1). Similar
distribution pattern as Figure 4.3 and Figure 4.4 can be observed. From the histogram

distribution graphs, we validated that Fper index can be used as a perceptual index.
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Figure 4.3: NIQE score distribution for Figure 4.4: NIQE score distribution for
DIV2K training images. DIV2K validation images.

In order to use back propagation for updating, the objective function itself needs
to be differentiable. We thus used a simple CNN network to simulate the non-
differentiable Fper index. We call this simulation convolution neural network Ap-
proximator. After fully trained the approximator on the DIV2K training data-set,
we validated the quality of the approximator. Then we applied the approximator to

the upsampling algorithm for further training. Figure 4.7 shows the validation result.

After validating of the approximator prediction accuracy, we appplied the whole
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Histogram of F_perceptual score distribution
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Figure 4.5: Fper index distribution for Figure 4.6: Fper index distribution for

DIV2K training images DIV2K validation images
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v
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Figure 4.7: Validation of the well-trained Fpe, index Approximator.

Fper network to the upsampling algorithm. Now the loss function of the super-
resolution upsampling algorithm consists of its original term and the additional Fper
network. We used the EDSR baseline model as a pre-trained model and resumed
training with our new loss function. The training result is shown as below. It can be
observed From Figure 4.8 and 4.9 that within several hundred epochs, the Perceptual
loss term converges. There is slight decrease as for PSNR score, it soon reached a

stable state with a similar trend of perceptual loss.

We tested the results on 2018 PIRM Challenge on Perceptual Image Super-
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Figure 4.8: Perceptual loss term de- Figure 4.9: PSNR decreases slightly and
creases and converges converges with similar trend

resolution contest [30] test data set, and compared to the EDSR results on the same
data set. Training the Fper approximator network on patches of the DIV2K data
set takes 3 seconds per patch, using 6 Tesla K80 GPUs. We trained on approxi-
mately 1000 image patches. Resuming training with the new objective function on
the DIV2K data set takes 1350 4 seconds per epoch with a batch size of 8, using 6
Tesla K80 GPUs.

On the 2018 PIRM Challenge test data, we achieved a best score of 10.70/4.82
(RMSE/perceptual score) accordingly. EDSR+ [9] scores 10.67/4.96 on the same
data set. We improved the perceptual score slightly but lost accuracy. We then
tested on several parameter sets for the MSE loss, is it shown from result in Figure
4.10, we managed to move along the distortion-precision trade-off curve with adjusted
Fper loss and L loss parameters. Fper index and RMSE score for different weight
combination is show in Figure 4.10. The red point is the StoA EDSR+ result. The
others are the results of our proposed method with different parameter combinations.
Better perceptual score is achieved while loosing RMSE precision quality slightly.

Figure 4.11 shows a set of images from PIRM data set using different upsampling

methods. We can observe that the distortion on the EnhancedNet image result is
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obvious, both on the letters and the window frame. Fper result image is the super-
resolved image after resuming training the EDSR network with the new perceptual
objective function, as in Equation 3.3, with Fper weight set to 1. Note that our
result is based on EDSR pretrained model, adopting the designed new perceptual loss
function. We also tested Fper parameter. When we set Fper parameter to be small,
the image appears no artifact. However, when we increase the Fyer to be larger as 10,
there is artifacts appeared, especially observable in the edges. As shown in Figure
4.12. In many algorithm evaluations, the edges are cut off prior to evaluation. Yet

the artifact in other region should be analyzed and avoided.
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Figure 4.10: Results of the proposed objective function with different parameters.
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Figure 4.11: Sample result of PRIM dataset generated from different algorithms.

Figure 4.12: Artifact generated when set Fper weight = 10.

4.2 Test time optimization

In Figure 4.13, we show that as we iteratively perform optimization using gradient

descent in Test-time phase, we smoothly move away from the prior super-resolution
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output and decrease the downloss term as described in Equation 3.5. Figure 4.13
shows the average score of the Urbanl100 data set obtained from the Skip-Residue
Pyramid model as the super-resolution first stage algorithm. The change in loss
distribution downloss is as described in Equation 3.5 first term, which is the difference
between original low resolution image and the low resolution image produced from
given super resolution image. The distance is as described in Equation 3.5 second
term, which is the difference between the ground truth high resolution image and the

resulted super resolution image.
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Figure 4.13: Average change in loss distribution on Urban100

We applied our Test-time optimization method to results from state-of-the-art
super-resolution methods and find a uniform improvement across different super-
resolution algorithms and scales. Figure 4.14 and Figure 4.15 demonstrate the im-
provement in accuracy across all super-resolution methods when test-time optimiza-
tion is applied. Figure 4.14 shows the grid search result of parameters for ¢ and

ir- From the grid search result, we adopted ¢ equal to 0.2 for later experiments.
Figure 4.15 shows the PSNR value improvement results for 2 times, 4 times and 8

times super-resolved images. The improvement is particularly notable for bicubic
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and EnhanceNet image results, which achieved around 3% and 2% improvement re-
spectively. The improvement in other first stage algorithms is less significant. As
summarized in Table 4.1, adding the test time optimization improves EDSR+ accu-
racy by around 0.3%. The reason for the significant improvements in bicubic and
EnhanceNet is straightforward. Since the resulted images from these two algorithms
produce the lowest precision value. The proposed Test-time optimization is able to
enhance the precision quality most significantly. The complete experiment result can
be found in Appendix.

We calculated PSNR index after cropping six pixels from each side of the image
edges to eliminate any potential edge effects (this type of cropping is standard in the
literature).

Different cropping regimes are used across different reported methods, which re-
sults in a less than 1% difference between some of the reported scores and the score

we calculated from their published pictures.
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Figure 4.14: Model results of objective function with different weighted combina-
tions

The integration of the second stage also improves the perceptual quality of images.

In addition to the traditional precision metric PSNR, we reported the perceptual
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Figure 4.15: PSNR improvements of applying TTO to different first stage algo-
rithms

Table 4.1: TTO results on 10 images of the DIV2K validation dataset.
First Stage SR Algorithm Second Stage Perceptual Score MSE

EDSR+ included 54163 131.8
EDSR+ not included 5.5899 132.1
EnhanceNet included 3.7158 252.5
EnhanceNet not included 3.6845 258.4

quality in terms of the Natural Image Quality Evaluator (NIQE) score, as described
in Section 2.1.2. Note that the lower NIQE score represents better image perceptual
quality. We found that our method improves the perceptual quality of images for
the majority of models and data sets we tested on. We tested on Setb and Setl4,
the proportion of NIQE score decrease ranges from 1% to a maximum of 10%. More
detailed results can be found in Table 2.

Additionally, we examined the resulted images after test time optimization sub-
jectively. The artifacts that existed in other some algorithms as mentioned in Section
3.2 was not observed, further proving the benefits of adopting the Skip-Residue Pyra-
mid architecture. An example image comparison is shown in Figure 4.16 for better
illustration of the artifacts. As can be observed, the Skip-Residue Pyramid model

has clearer edges.

As an optimization applied at test time, our algorithm does not require any train-
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Table 4.2: NIQE scores, lower score is better. Red indicates the better score.

Seth

Algorithm  Scale NIQE Score
without TTO with TTO A
Bicubic x2 6.624 5.929 10.46%
x4 8.439 7736 8.33%
x8 12.036 10.979  8.78%
LapSRN x2 5.777 5719  1.01%
x4 8.109 8.106  0.04%
x8 13.457 8.10  7.21%
MSLapSRN x2 5.696 5.684  0.20%
x4 7.509 7432  1.02%
x8 10.799 10.547  2.34%
DRCN X2 5.839 5.751  1.51%
x4 7.901 7.979 -0.98%
VDSR x2 5.738 5.640  1.71%
x4 7.810 7.901 -1.16%
ENet-Pat x4 4.264 4.404 -3.28%

Set14

Algorithm  Scale NIQE Score
without TTO with TTO A
Bicubic x2 5.436 5.382 0.99%
x4 7.624 7.084 7.08%
x8 11.158 10.492  5.97%
LapSRN X2 5.617 5.582 0.62%
x4 6.837 6.799  0.57%
x8 9.218 9.079 1.51%
MSLapSRN x2 5.605 5577 0.50%
x4 6.735 6.691 0.67%
x8 8.627 8.506  1.41%
DRCN x2 5.472 5.442  0.56%
x4 6.581 6.642 -0.92%
VDSR x2 5.487 5.448  0.72%
x4 6.460 6.368  1.42%
ENet-Pat x4 4.129 4.135 -0.14%
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