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Abstract

Computer vision tasks have seen breakthroughs in recent years thanks to the emer-

gence of deep learning (DL). However, there exists different types of domain-shift

problems that may impact the performance of DL-based methods. In low-level vision

tasks, e.g., image restoration, the degradation of the training data can be different

from that of the testing data. In high-level vision tasks such as image segmenta-

tion, models trained on the common object datasets cannot be applied to some spe-

cific objects. In this dissertation, I present novel learning strategies to alleviate the

domain-shift problems of both low-level and high-level vision tasks.

I start with low-level vision tasks, specifically, dynamic scene deblurring/decon-

volution (2D spatial degradation). The degradation matrices of the training data are

rarely seen during testing. Thus, I propose two approaches to solve this problem

from different angles. In the first approach, the model trained on paired datasets can

adaptively adjust to different magnitudes and directions of the motion blur, which

is capable of solving unseen degradations. Although the generalization of the model

is improved, it still depends on synthetic data for training because the number of

real-world paired images available for training are limited. Hence, the performance is

lowered on real blurred data. In the second approach, I adopt the deep image prior

(DIP) to bypass supervised training and utilize only a single degraded image to up-

date the neural network parameters, which is more flexible to variant blurs without

the impact of the training data.

In 3D, the degradation is related to spatial resolution degradation in the context

of novel view synthesis. Along this direction, I propose a novel view synthesis task,
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which can reconstruct novel views of 3D objects. In this dissertation, I simplify

the problem into texture generation for untextured 3D meshes. Novel views are

synthesized using a depth conditioned image generation model with the source view

used as the guidance, and the depth rendered from a given mesh. Similar to the

2D spatial degradation problem, most of the texture generation models are trained

on synthetic data due to the limitation of real training data, and cannot generate

photo-realistic textures. Recently, Stable Diffusion (SD) trained on large real-world

image datasets for image generation has been applied to many down-stream tasks,

e.g., geometry generation, novel-view synthesis. I adopt the pretrained SD without

fine-tuning to generate photo-realistic textures for 3D objects conditioned on an extra

textual prompt.

Going from the spatial to the spectral domain, I address the problem of spectral

degradation with the objective of recovering the spectral reflectance from a single

RGB image. Due to the difficulty of obtaining paired training data, most of the

methods are trained and tested on synthetic data. Similar to other degradation

problems, the synthetic data are not the same as the real data so the trained models

using these datasets fail when they are applied to real data. To address this issue, I

propose to adopt meta-auxiliary learning to solve this problem by training the model

on synthetic data but adapting it to the real data at test time with only several steps

of gradient updates.

For high-level vision tasks, e.g., semantic segmentation, I solve the glass surface

segmentation problem where the semantic segmentation methods trained on common

objects fail to detect transparent glass surfaces. Considering the different transmission

of the glass with regard to the visible light and infrared (thermal) light, an extra

thermal camera is exploited for better detection. In particular, I collected an extensive

paired RGB-thermal image dataset with manually labeled masks for model training,

and aggregated the trained model with existing semantic segmentation methods to

generalize semantic segmentation to glass scenes.
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i +1
0;t . After iterating over all sampled

views starting from i = 1 to N , we obtain Û
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beforeŜ is omitted to simplify the illustration. . . . . . . . . . . . . . 67

6.3 Qualitative comparison of error maps (MAE between the recovered

results and the ground truth) with state-of-the-art approaches. The

�rst four columns are from the synthetic data and last three columns

are from our collected real data. . . . . . . . . . . . . . . . . . . . . 74

xvi



6.4 Qualitative comparison of error maps (MAE between the recovered

results and the ground truth) of our method with/without MAXL for

M = 1 and M = 2 on real data. . . . . . . . . . . . . . . . . . . . . 75

6.5 Visual comparison of the ground truth and our estimated CSSs. . . . 76

6.6 The application results of recovered spectral re
ectance. In each row,

we randomly extract a pixel from the green box as the reference (the

source material) and regard pixels from the blue box as the observation

(the target material). A smaller green box is to reduce the variance

of the reference. Then we calculate the error maps (MAE) between

the reference and the observation for both RGB values and recovered

spectral re
ectances. The green and the blue box in the �rst row

represent the salt and the sugar, respectively. The green and the blue

box in the second row represent the 
awless tomato peel and the region

with a puncture, respectively. . . . . . . . . . . . . . . . . . . . . . . 79

6.7 Error maps of our recovered 430nm and 600nm bands. . . . . . . . . 80

7.1 Typical glass spectral transmission curve [306] and response bands of

RGB and thermal cameras (colored regions). . . . . . . . . . . . . . 83

7.2 A toy illustration for the imaging models of RGB and thermal cameras

without and with glass in the scene (a,b). The glass plate held by the

person is invisible in the RGB image while visible in the thermal image

(c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

7.3 Examples of RGB-T image pairs with GT masks (bottom row) in our

dataset. The last three columns show images with glass at all pixels or

without glass. Please note that the image border of each mask is set

to black for better visualization. . . . . . . . . . . . . . . . . . . . . . 85

7.4 The RGB-T image acquisition device (a) and statistical analysis of our

dataset (b,c,d). See text for details. . . . . . . . . . . . . . . . . . . . 86

7.5 Neural network architecture for RGB-T glass segmentation. Our net-

work consists of two separate ResNet-50 backbones as encoders for

extracting high-level features from the RGB and thermal images, a

transformer-based multi-modal fusion module for integrating the two

modalities and a decoder for generating the segmentation result. En-

coder/decoder B.i represents thei th encoder/decoder block. . . . . . 88

xvii



7.6 Qualitative comparison of our method and 5 state-of-the-art meth-

ods (HDFNet [177], ESANet [320], CLNet [187], SPNet [185], and

VST [190]). Results of our RGB-only and thermal-only variants are

also displayed. For better visualization, we set the image border of each

mask to black. The superiority of our method can be clearly validated

at various places, as highlighted by the red arrows. . . . . . . . . . . 93

7.7 Two typical failure examples. The red arrow highlights small glass

regions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

7.8 Application of monocular 3D reconstruction. From left to right, it

shows the RGB images, the glass segmentation masks by our method,

the raw reconstructed point clouds by Adabins [338] and our corrected

point clouds, respectively. . . . . . . . . . . . . . . . . . . . . . . . . 100

7.9 Application of semantic image segmentation. From left to right, it

shows the RGB images, the glass segmentation masks by our method,

the raw semantic segmenation results of DETR [7] and our re�ned

results, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

A.1 Qualitative comparison using the GoPro dataset [24]. . . . . . . . . . 134

A.2 Qualitative comparison using the GoPro dataset [24]. . . . . . . . . . 135

A.3 Qualitative comparison using the GoPro dataset [24]. . . . . . . . . . 136

A.4 Qualitative comparison using the HIDE dataset [246]. . . . . . . . . . 137

A.5 Qualitative comparison using the HIDE dataset [246]. . . . . . . . . . 138

A.6 Qualitative comparison using the HIDE dataset [246]. . . . . . . . . . 139

A.7 Qualitative comparison using the RWBI dataset [247]. . . . . . . . . . 140

A.8 Qualitative comparison using the RWBI dataset [247]. . . . . . . . . . 141

A.9 Qualitative comparison using the RWBI dataset [247]. . . . . . . . . . 142

C.1 More texture generation results of our proposed method. . . . . . . . 153

C.2 Visual comparison of our proposed method against TEXTure [120] and

Text2Tex [121]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

C.3 Visual comparison of our proposed method against Fantasia3D [115]

and Proli�cDreamer [116]. . . . . . . . . . . . . . . . . . . . . . . . . 155

C.4 Screenshot of the user study web application . . . . . . . . . . . . . . 156

D.1 More qualitative comparison of error maps (MAE between the recov-

ered results and the ground truth) on synthetic data with state-of-the-

art approaches. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

xviii



D.2 More qualitative comparison of error maps (MAE between the recov-

ered results and the ground truth) on synthetic data with state-of-the-

art approaches. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

D.3 More qualitative comparison of error maps (MAE between the recov-

ered results and the ground truth) on real data with state-of-the-art

approaches. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

D.4 Comparison of recovered spectral re
ectance curves on synthetic data.

We can see that our recovered spectral re
ectance has higher correla-

tion with the ground truth than that of other methods. . . . . . . . . 166

D.5 Comparison of recovered spectral re
ectance curves on synthetic data.

We can see that when the quality of our recovered spectral re
ectance

under a single illumination is non-ideal, one more illumination can

signi�cantly improve the performance of our method. . . . . . . . . . 167

D.6 Comparison of recovered spectral re
ectance curves on real data. We

can see that one more illumination can also help to improve the per-

formance when testing on real data. . . . . . . . . . . . . . . . . . . . 168

D.7 Comparison of recovered spectral re
ectance curves on real data. We

can see that using a single illumination may still su�er from the domain

gap and one more illumination can reduce this problem. . . . . . . . . 169

D.8 True tone 
ash of an iPhone XR with LEDs o� (left), white LEDs

on (middle) and amber LEDs on (right). The middle and the right

images are obtained from [347] which need jailbreak to change the

color of 
ashlights. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

E.1 More qualitative comparison results. . . . . . . . . . . . . . . . . . . 176

E.2 More qualitative comparison results. . . . . . . . . . . . . . . . . . . 177

E.3 More qualitative comparison results. . . . . . . . . . . . . . . . . . . 178

E.4 More qualitative comparison results. . . . . . . . . . . . . . . . . . . 179

E.5 More qualitative comparison results. . . . . . . . . . . . . . . . . . . 180

E.6 More qualitative comparison results. . . . . . . . . . . . . . . . . . . 181

xix



Chapter 1

Introduction

1.1 Motivation

Ever since the emergence of deep learning (DL), computer vision has seen many

breakthroughs in many tasks,e.g., image classi�cation [1{3], object detection/seg-

mentation [4{8], image restoration [9{12], image generation [13{15],etc. However,

when the distribution of data with which the model is trained is di�erent from that

for testing, the performance of the model drops signi�cantly. Such an issue is com-

monly known as the domain-shift problem.

Many techniques have been proposed to alleviate the domain-shift problem. The

most straightforward solution is to train the model on a large dataset (e.g., Ima-

geNet [16], LAION-5B [17]) that is able to cover the testing data distribution as

much as possible. However, a large dataset is di�cult to obtain due to the expensive

manual collection and labeling process. Thus, models trained on large datasets are

usually exploited as the pretrained backbones for downstream tasks [7, 18, 19].

Let us �rst consider examples of low-level vision tasks, in particular, the problem

of dynamic scene deblurring/deconvolution (2D spatial degradation). Since the mo-

tion is arbitrary, the degradation matrices of the testing data might be dissimilar to

those of the training data. Thus, adopting the same pretrained model on all test-

ing images is sub-optimal [10, 20{22]. Besides, capturing real-world blurred images

with the corresponding ground-truth sharp images requires complicated devices [23],
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Figure 1.1: (a) An example of 2D spatial degradation. In particular, the motion blur.
(b) An example of 3D spatial degradation, where only a single view of the object has
been recorded. (c) An example of spectral degradation that integrate hyperspectral
spectrum into three RGB channels.

which is hard to obtain. Hence, training datasets are often generated synthetically

by averaging several consecutive frames of a high FPS (frames per second) video to

create blurred video frames [24, 25]. Although the dataset is easy to obtain, the

performance of models trained using this method is reduced on real data. The limita-

tion of available data for training in 3D spatial degradation is even worse. Typically,

models trained on synthetic data are unable to correctly synthesize novel views of

real objects [26, 27]. Similar problems also occur in spectral reconstruction which

reconstructs the spectral re
ectance from RGB images [28{30].

In addition to low-level vision tasks, high-level vision tasks also su�er from a similar

domain-shift problem. In this dissertation, I focus on the problem of glass surface seg-

mentation. Most of the datasets for training semantic/instance segmentation models

contain only common opaque objects [31, 32] and hence, the trained models fail to

detect transparent glass surfaces and mis-segment out re
ections or objects behind

glass surface.
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1.2 Background and Contributions

1.2.1 Inverse Problems

Images/videos captured in di�erent environments by di�erent devices may su�er from

2D spatial degradations such as spatial downsampling [33] and blurring [34], which

signi�cantly impact the performance of subsequent high-level computer vision tasks,

e.g., semantic segmentation [35], object tracking [36]. Besides, the captured RGB

image represents the projection of a 3D scene onto the 2D screen, which su�ers the

issue of 3D spatial degradation where the spatial information of the 3D scene from

other viewpoints is lost. The projection matrix can be regarded as a special case of

the degradation matrix. In addition to spectral degradation, RGB cameras also su�er

from spectral degradation compared with multispectral/hypersepctral cameras that

produce images with more than three channels, making them di�cult to distinguish

metameric colors. Some examples are shown in Fig. 1.1. All of the above mentioned

problems can be formulated as

Y = X ~ D + N; (1.1)

whereX is the original high-quality RGB image or the 3D scene,Y is the degraded im-

age,D is the degradation matrix,~ represents matrix multiplication, andN denotes

an additive noise. The problems that satisfy Eqn. 1.1 are called inverse problems.

An inverse problem is ill-posed whenD and N are unknown or the spatial/spectral

dimension ofX is larger than that of Y.

In the past few decades, many conventional optimization-based methods have been

proposed to solve the above inverse problems,e.g., super resolution [37, 38], deblur-

ring [39, 40], novel view synthesis [41, 42] and hypersepctral reconstruction [43, 44],

but the results are sub-optimal due to the in
exibility of hand-crafted priors or regu-

larizers. Recently, deep-learning (DL) methods improve the performance of restora-

tion by a large margin [11, 28, 29, 45{47]. Indeed we no longer need to consider

the convexity of the optimization target or the selection of appropriate hand-crafted
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Figure 1.2: Example of spatially variant blur. The blue block denotes the region with
large blur, and the yellow block denote the region with tiny blur.

priors, and the whole process is done end-to-end with gradient descent with the image

priors implicitly learned within the network.

Most of the DL-based methods for inverse problems are built upon several well-

known backbones,e.g., UNet, ResNet, Inception-ResNet, and apply the same con-

volutional kernels (including shapes, receptive �elds, and values) on di�erent image

regions, resulting in the needs for more parameters to achieve better generalization.

An example is shown in Fig. 1.2, regions with di�erent types of blur should be treated

separately. Moreover, they are trained on large datasets which are impractical to ob-

tain, in particular, in areas such as medical imaging and 3D reconstruction. Even

if the amount of data is su�cient for training, directly adopting the same trained

model for all unseen testing images is sub-optimal [48, 49]. The trained model does

not generalize well when the testing images contain unique features and di�erent

degradations, especially when the model is trained on synthesized images and tested

on real images (as shown in Fig. 1.3). One solution is to train image-speci�c models

using deep image prior (DIP) [50, 51], which regards the architecture of a neural
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Figure 1.3: (a) An image synthesized by averaging several consecutive frames of a
video, which shows discontinuous artifacts along the direction of the motion, whereas
a real motion blurred image (b) is continuous and smooth.

network as a hand-crafted prior and optimizes the parameters with only the input

degraded image. However, it is hard to �nd a proper network architecture because the

relationship between images and their corresponding network architectures is unclear,

and the inference time using the DIP is long (usually in hours) because the network

is trained on each testing image separately. The method that I propose to address

the above mentioned limitations are described in Chapter 3 to 6 of this thesis.

In Chapter 3, I propose a novel non-uniform motion deblurring method with Atrous

Spatial Pyramid Deformable Convolution (ASPDC) modules, with di�erent sizes of

receptive �elds that realize region-speci�c convolution, where the ASDPC module

with di�erent dilation rates extract information of di�erent magnitudes of motion and

separates the image into regions with the help of attention maps, which reduce the

workload of each branch by focusing on regions with speci�c magnitudes of motion,

instead of always considering the entire image.

In Chapter 4, I propose a novel variational deep image prior (VDIP) based method

for single image blind deconvolution by integrating the deep image prior (DIP) and

variational Bayes. A complete derivation of the �nal loss function and a mathematical

analysis are provided to demonstrate that the proposed method can constrain the
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optimization better than that of the DIP.

In Chapter 5, I propose a novel architecture motivated by a new mathematical

derivation that integrates physical properties of the spectral re
ectance into the net-

work with an unknown camera spectral sensitivity (CSS). I also propose a uni�ed

framework for recovering spectral re
ectance from RGB images captured under more

than one illumination. In order to reduce the domain gap between the training data

and the testing data, I present the �rst work that successfully adopt meta-auxilary

learning (MAXL) to spectral re
ectance recovery (SRR). To the best of my knowl-

edge, it is the �rst attempt to explore the potential of MAXL in this task.

In Chapter 6, I present a method to solve the novel view synthesis task. To simplify

the problem, I focus on the texture generation task for a given geometry where the

front view is synthesized using a given mesh. In order to avoid the limitation of small

dataset training, I leverage a 2D image generation model [52] which is pre-trained on

a large image dataset and can generate high quality images. A novel texture sampling

scheme is proposed to lift the generated 2D image to 3D. It is noteworthy that the

proposed framework can naturally support text-driven texture editing as well.

1.2.2 Glass Segmentation

Human-made environments are full of architectural elements constructed from glass

materials such as glass windows, glass doors, glass panels on railings, and glass walls.

Accurately identifying and distinguishing these objects has numerous applications in

robotics [53], manufacturing [54] and assistive care [55]. Compared to opaque ma-

terials, transparent glasses do not have their own colors and their appearances are

acquired from the background, posing inconsistent visual features if the background

or viewpoint is changed. Therefore, glass objects with background-dependent appear-

ances often pose challenges for visual recognition methods that are tailored to opaque

objects.

With the emergence of deep neural networks, recent data-driven methods are capa-
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ble of segmenting glass regions from a single RGB image and have utilized contextual

information [56], re
ection detection [57] and boundary supervision [58]. While neu-

ral networks are powerful, they are based on unreliable RGB colors or directly adopt

the learning frameworks for opaque materials, resulting in limited accuracy. Sev-

eral methods seek to leverage alternative cues such as depth [59], light-�eld [60] or

polarized light [61]. However, these methods are not robust enough for clear glass

recognition, and produce noisy segmentation masks (holes, rough boundaries).

I take a step towards fusing RGB and thermal images (RGB-T) for glass segmenta-

tion, which is the core contribution. Compared to visible light, which has nearly 100%

transmission, thermal radiation with wavelength in the range from 8 to 12�m cannot

pass through a typical glass,i.e., 0% transmission. Such a unique physical di�erence

between visible light and thermal energy makes glass easy to be detected if an RGB

image and a thermal image are jointly processed instead of using the RGB image

only. As expected, our experimental results validate our intuition that the proposed

RGB-T fusion method outperforms the RGB-only solution by a large margin.

In Chapter 7, I propose a neural network architecture that takes as input a pair

of RGB and thermal images (in short RGB-T) and predicts a binary segmentation

mask for the glass regions. Following the encoder-decoder framework, our architec-

ture employs (1) two ResNet encoders for feature extraction of the two images, (2)

a novel transformer-based fusion module that uses self-attention for correlating the

two images at the feature level, and (3) a decoder that uses convolution-based spatial

attention for adaptively selecting features for the �nal mask generation. I also col-

lected a new dataset consisting of 5551 aligned RGB-T image pairs captured by an

o�-the-shelf RGB-T camera, where the ground-truth (GT) segmentation masks are

created manually.
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1.3 Organization

The rest of this dissertation is organized as follows. Chapter 2 reviews previous

works on image deblurring, 3D content generation, spectral reconstruction from RGB

images, and transparent object/glass recognition. The four methods proposed for

solving di�erent inverse problems discussed in Section 1.2.1 are introduced in Chap-

ter 3, 4, 5, 6, respectively. The RGB-T glass segmentation mentioned in Section 1.2.2

is introduced in Chapter 7. For each problem, I �rst present the proposed approach,

followed by the experimental results. Chapter 8 concludes the thesis and discusses

future directions. Appendix A to E consist of detailed derivation, algorithms, hyper-

parameters and more experimental results of corresponding chapters.
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Chapter 2

Related Work

2.1 Blind Image Deconvolution/Deblurring

Some conventional single image blind deconvolution/deblurring methods focus on the

distribution of image gradient for sparse high-frequency information. Ferguset al. [62]

propose a heavy-tailed natural image prior, which is approximated by a mixture-of-

Gaussian model. Shanet al. [63] demonstrate that the ringing e�ect on the deblurred

image results from the estimation error of the blur kernel and noise. Cho and Lee [64]

utilize the bilateral �lter and the shock �lter to remove noise and to enhance edges.

Xu and Jia [65] �nd that edges smaller than the kernel size are harmful to kernel

estimation and propose an r-map to measure the usefulness of edges. Krishnanet

al. [66] adopt the ratio of the L1 norm and the L2 norm to avoid the scale variant

prior, which is much closer to the L0 norm. Levinet al. [67] prove that the MAP

with the sparse image prior favors a blurred solution so that they approximate the

marginalization of the blur kernel, which has a closed-form solution when using the

Gaussian image prior. Babacanet al. [68] exploit the concave conjugate of the super-

Gaussian prior and directly estimate the posterior distribution using VB to avoid the

issues of the sparse MAP. Donget al. [69] adopt a piecewise function to mimic the L0

norm around zero and to smooth out signi�cant outliers, which is similar to the work

of Xu et al. [70]. Chenet al. [71] who enhance the sparse prior by combining the L0

and L1 norm. Yanget al. [72] introduce a restarting technique to further improve the
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performance of VB-based methods.

Some other conventional methods utilize properties of images to form priors. Michaeli

and Irani [73] �nd that blur signi�cantly decreases between cross-scale patches. Thus,

they constrain the output by minimizing the dissimilarity between nearest-neighbor

patches cross scales, which does not perform well when the image contains repetitive

patterns. Lai et al. [74] observe that each local patch should contain two primary

colors, and the distance between them should be maximized by deconvolution. Panet

al. [39] apply the dark channel prior to handle blind deconvolution and achieve good

results. Yan et al. [40] combine the bright and the dark channel priors to overcome

the limitation on bright dominant images. Renet al. [75] derive an enhanced low-

rank prior to reduce the number of non-zero singular values of the image. Panet

al. [76] exploit the phase-only image of a blurred image to estimate the start and end

points of the blur kernel, which is e�cient for linear motion. Bai et al. [77] utilize

the downsampled blurred image as the prior and recover the latent sharp image from

coarse to �ne. Chenet al. [78] calculate the bright channel of the gradient maps for

deblurring images without enough number of dark and bright pixels.

Deep-learning-based methods are also applied to the deblurring problem. Chakrabarti [79]

trains a network to estimate the Fourier coe�cients of blur kernels. Liuet al. [80]

and Zhanget al. [81] exploit recursive �lters to take advantage of context informa-

tion. Generative adversarial networks (GANs) are also exploited to provide faster

convergence and better visual quality of results [10, 20, 82]. Gonget al. [83] adopt a

network to learn the motion 
ow. Xu et al. [84] develop a network to generate sharp

gradient maps for kernel estimation. To enhance the network output, some utilize

multi-stage strategies, e.g., multi-scale [21, 24, 85], multi-patch [11, 22, 45] and multi-

temporal [86]. Asimet al. [87] adopt a well-trained sharp image generator to generate

a sharp image closest to the blurred one. Tranet al. [88] develop a sharp image auto-

encoder and a blur representation learning network, then two well-trained networks

are �xed as a deep generative prior [87]. Liet al. [89] adopt a well-trained classi�er,
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which can distinguish between blurred and sharp images, as an extra constraint of the

MAP framework, and optimize the model with the half-quadratic splitting method

similar to that used in conventional methods.

Di�erent from previous works [87{91] in which the priors need to be trained on

external datasets, my proposed method is optimized with only one single blurred

input image and the whole framework is optimized by gradient descent instead of

conventional optimization-based methods [89]. Although Asimet al. [87] also provide

a method optimized with a single image, the method degenerates to the DIP [51] with

a sparse image prior and learnable inputs, which cannot avoid the problems of the

sparse MAP. As well, none of the mentioned deep-learning-based methods consider

the standard deviation of the image.

2.2 Deep Image Prior

Ulyanov et al. [50] introduce the concept of the deep image prior (DIP) that the

structure of a randomly-initialized network can be used as an image prior for image

restoration tasks. Renet al. [51] adopt the DIP to implicitly learn the image prior and

the kernel prior for blind image deconvolution. Early stopping with carefully chosen

time, added random noise to the input and to the gradient with �xed noise level

are applied to avoid the suboptimal solution of DIP [92]. Neural architecture search

(NAS) can help to search for these hyper-parameters heuristically [93], but with the

substantial increase in computational cost. Double-DIP [94] can handle the image

separation problems, e.g., image segmentation, image dehazing, and transparency

separation, but does not perform well for blind image deconvolution [51]. Some

methods stabilize the optimization by adding extra priors to the loss function [95,

96]. However, this technique only works when the degradation kernel is known.
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2.3 Variational Auto-encoder

Kingma et al. [97] introduce the concept of variational auto-encoder (VAE) for image

generation. The goal is to learn a model that generates an imagex given a sampled

latent variable z, which can be formulated asP(xjz) = P(x)P(zjx)=P(z); whereP(x)

is constant. Since obtaining the true distribution ofP(zjx) is nontrivial, they utilize

a Gaussian distribution Q(z) to approximate P(zjx) with a network to learn the

expectation and the standard deviation. Thus, the target of VAE can be converted

to minimizing the KL divergence betweenQ(z) and P(zjx). Vahdat et al. [98] further

stabilize the training of VAE by partitioning the latent variables into groups. Similar

to image generation, the target of image deconvolution is to learn a model to generate

a blurred imageI b given a sampled latent sharp imageI s and a blur kernelk, and the

distributions of P(I sjI b) and P(kjI b) are learned by the network. Using prede�ned

hand-craftedP(I s) and P(k) can help to constrain the optimization.

2.4 Di�usion Models in 3D Domain

Inspired by the success of 2D image generation with di�usion models, researchers

have attempted to utilize di�usion models to generate 3D objects in the form of

various representations, such as point clouds [99{102], and neural �elds [103, 104].

For example, Point�E [102] trains a di�usion model using a large synthetic 3D dataset

to produce a 3D RGB point cloud conditioned on a synthesized single view from a

text prompt. However, these works mainly focus on geometry generation and do not

speci�cally tackle 3D texture synthesis. Yuet al. [105] train a di�usion model for mesh

texture generation of speci�c object categories. Although Shap�E [106] is proposed

to directly generate the parameters of implicit functions that can be rendered as

both textured meshes and neural radiance �elds, it cannot generalize to incorporate

arbitrary text prompts. Moreover, the generated textures tend to be over smoothed

and low quality when compared with that from the text to image model [15].
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2.5 Lifting pre-trained 2D generative models to
3D

Initially, the process of distilling 3D objects from pre-trained 2D models has been

enhanced by the development of joint text-image embedding, such as Contrastive

Language-Image Pre-training (CLIP) [107]. For example, CLIP-Mesh [108] learns to

generate a mesh with the guidance of CLIP text embedding and the corresponding

image embedding of the di�usion model. However, since the CLIP guidance is rather

sparse, the generated 3D models for CLIP-based approaches [109{111] are rather

coarse.

Recently, researchers have leveraged large-scale 2D T2I di�usion models to distil

individual 3D objects in the form of neural radiance �elds. Among various distilling

approaches, a dominant one is Score Distillation Sampling (SDS) [112]. SDS pioneered

the approach with many follow-up [113{119]. For example, Magic3D [113] proposes a

coarse-to-�ne strategy to improve the quality of generated objects. Latent-NeRF [114]

performs distillation in the latent space of latent di�usion model (LDM) [15]. A crucial

drawback of this line of work is that SDS typically requires strong guidance, resulting

in low diversity and over-saturation of the generated textures. Proli�cDreamer [116]

addresses this issue with a Variational Score Distillation (VSD) algorithm that adopts

a particle-based variational inference to estimate the distribution of 3D scenes instead

of a single point as in SDS. Yet, it still su�ers from issues like blurry edges and color

artefacts.

Texture Synthesis with Multiview Denoising. Instead of relying on the lengthy

optimization of score distillation pipelines, an alternative research direction is directly

leveraging the sampling process in di�usion models to synthesize UV textures. TEX-

Ture [120] and Text2tex [121] adopt a depth-aware di�usion model [15] to progres-

sively paint the mesh surface from di�erent views and aggregate the images generated

from the T2I model of sampled views into the texture map. While rich textures and
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details can be faithfully synthesized, there are obvious seams on the aggregated tex-

ture map due to error accumulation in the process of the autoregressive view update.

To further reduce view inconsistencies, TexFusion [122] interleaves texture aggrega-

tion with denoising steps in di�erent camera views and maintains a latent texture map

at each sampling step. To convert latent features to RGB textures, an intermediate

neural color �eld is optimized on the decoding of 2D rendering of the latent texture

which blurs the rich details [123]. In this thesis, the proposed approach distinguishes

itself from previous methods with its ability to generate 3D-consistent textures while

preserving rich details.

2.6 Spectral Reconstruction from RGB

Conventional methods : The spectral re
ectance of a scene can be represented by a

linear combination of several base spectra [124]. Conventional methods mainly focus

on learning the base spectra and the corresponding representation coe�cients [43, 44,

125{127]. For example, Arad and Ben-Shahar [43] create an over complete hyperspec-

tral dictionary using K-SVD and learn the representation coe�cients from the RGB

counterpart. Fu et al. [44] �rst cluster the hyperspectral data and create a dictionary

for each cluster, and the spectral re
ectance of each pixel is learned from its nearest

cluster. Jia et al. [126] utilize a low-dimensional manifold to represent the high-

dimensional spectral data, which is able to learn a well-conditioned three-to-three

mapping between a RGB vector and a 3D point in the embedded natural spectra.

Akhtar and Mian [125] also cluster the spectral data but replace the dictionary with

Gaussian processes.

DNN-based methods : Recently, DNN-based methods have dominated this area

owing to the encouraging results of external learning [28{30, 128{135]. Shiet al. [128]

stack multiple residual blocks or dense blocks for end-to-end spectral reconstruction.

Lin et al. [28] separate the spectra into the sub-space and the null-space of the CSS

for plausible reconstruction, where the sub-space component signi�es the projection
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of the spectra onto the CSS matrix, while the null-space component represents the

remaining portion. Our approach builds upon this concept by extending it to the

recovery of spectral re
ectance in cases where the CSS is unknown. Zhanget al. [130]

generate basis functions from di�erent receptive �elds and fuse them with learned

pixel-wise weights. Sunet al. [29] estimate the spectral re
ectance and the illu-

mination spectrum simultaneously with a learnable IR-cut �lter. Hanget al. [136]

decompose the spectral bands into groups based on the correlation coe�cients and

estimate each group separately using a neural network. A self-supervised loss further

constrains the reconstruction. Liet al. [30] exploit channel-wise attention to re�ne

the degraded RGB images. Caiet al. [129] exploit the spectral-wise self-attention to

capture inter-spectra correlations. Liet al. [137] learn a quantized di�ractive optical

element (DOE) to improve the hyperspectral imaging of RGB cameras. Zhanget

al. [138] exploit the implicit neural representation that maps a spatial coordinate to

the corresponding continuous spectrum using a multi-layer perceptron (MLP) whose

parameters are generated from a convolution network. Some methods guide the re-

construction with a low-resolution hyperspectral image [139{141], which are di�erent

from the scope of this paper. All of the above mentioned methods do not considered

the internal information from testing cases.

2.7 Meta-auxiliary Learning

In contrast to the term \meta-auxiliary learning (MAXL)" in image classi�cation [142],

which is designed to improve the generalization of classi�cation models by using

meta-learning [143] to discover optimal labels for auxiliary tasks without the need of

manually-labelled auxiliary data [144], Chiet al. [49] rede�ne MAXL as a combina-

tion of model-agnostic meta-learning (MAML) [145] and auxiliary-learning (AL) [146]

for test-time fast adaptation. In this thesis, the de�nition of the latter is used.

Model-agnostic meta-learning (MAML) : The aim of MAML is to train models

capable of fast adaptation to a new task with only a few steps of gradient descent,
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which can be applied to few-shot learning [147]. Parket al. [148] and Sohet al. [149]

adopt the MAML for super-resolution. They �rst initialize the model by training on

external datasets like other DNN-based super resolution methods [150], then conduct

MAML to further optimize the model for unseen kernels. During testing, a low

resolution input and its down-scaled version are represented as a new training pair to

�ne-tune the model. Although the targets are similar (spatial/spectral upsampling),

directly applying the MAML to SRR is infeasible because the three RGB channels of

an image cannot be further downsampled.

Auxiliary-learning (AL) : AL is to assist the optimization of primary tasks with at

least one auxiliary task for better generalization and performance. Guoet al. [151]

reconstruct low resolution images for real-world super resolution. Valadaet al. [152]

learn to estimate visual odometry and global pose simultaneously for higher e�-

ciency. Lu et al. [153] solve the depth completion problem with image reconstruction

to extract more semantic cues. AL can also stabilize the training of GAN for image

synthesis [154]. Sunet al. [146] choose the rotation prediction as the auxiliary task to

update pre-trained parameters for test-time adaptation. Nevertheless, simply updat-

ing the pre-trained parameters with only auxiliary tasks may result in catastrophic

forgetting [49], where the model exhibits over�tting in the auxiliary tasks, leading to

a loss of previously acquired knowledge from the primary task during the training

process.

To leverage both the MAML and AL, we follow the strategy of Chiet al. [49]

using self-supervised RGB reconstruction as the auxiliary task and MAML to avoid

catastrophic forgetting. The auxiliary task also avoids downsampling RGB images to

generate training pairs for �ne-tuning.

2.8 Transparent Object/Glass Recognition

Methods using RGB only : Traditional algorithms detect glass by analyzing local

edge/region characteristics, which exhibit issues in the wild [155{158]. Since the
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recent progress of deep learning in computer vision, researchers start to collect large-

scale transparent object datasets [56, 57, 159, 160] and train their proposed neural

networks for glass-like object detection and segmentation from a single RGB image,

where contextual feature [56, 161] and boundary supervision [58, 159, 162] are both

popular ways for boosting accuracy. Multi-task learning also has been adopted for

transparent object detection and segmentation, where object segmentation is jointly

tackled with other related problems such as refractive 
ow estimation [163], re
ection

detection [57] and scene understanding [55].

Methods using modalities beyond RGB : The seemingly simple visual appear-

ance of the glass is deceptive because its appearance interacts with the environment,

which motivates the use of more reliable sensors other than RGB cameras. Existing

methods have utilized refractive distortions captured by a light-�eld camera [60] and

the high contrast of edges in a polarization image [61] for transparent object segmen-

tation. RGB-Depth (RGB-D) fusion has been used in both traditional optimization

methods [59] and recent learning-based methods [53, 164]. However, depth cameras

su�er from severe sensor failures for transparent surfaces due to light refraction. A

backlight with AprilTag is employed to enhance RGB-D 3D scanning [165]. In this

thesis, a low-cost but robust solution by integrating RGB and thermal images is

adopted.

2.9 Salient Object Detection

Salient object detection (SOD) aims to segment the most prominent object in a given

scene. Early methods [166{168] heavily rely on hand-crafted features from a single

RGB image. Recent data-driven methods [18, 169{172] have dominated this �eld. In-

tegrating RGB and depth images has signi�cantly improved the performance of SOD

methods. Among them, direct concatenation [173{176], addition [177], spatial/chan-

nel attention [178{182], prediction guidance [183], a�ne transformation [184, 185],

message passing [186], mutual information minimization [187], and self/cross atten-
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tion [188{190] have been utilized for feature fusion.

In addition to depth images, thermal images are also exploited to compensate

RGB images for SOD. Tuet al. [191] regard deep features of superpixels as graph

nodes to cluster the foreground and background with collaborative graph learning.

Zhang et al. [192] learn to generate spatial attention mask for modality fusion of

multi-scale features. Zhouet al. [193] utilize di�erent dilation rates to extract features

from two modalities and combine spatial and channel attention for modality fusion.

Zhou et al. [194] adopt a three-branch architecture to generate salient masks from

RGB, thermal and fusion features separately and use the weighted summation of

three masks as the �nal results. Sunet al. [195] utilize sine-cosine functions to extract

features from two modalities. This paper focuses on extracting binary masks for glass

to tackle the same task of binary segmentation as in SOD. Wuet al. [196] exploit

channel attention weights learned from one modality to enhance the other which can

better complement features from two modalities. Tuet al. [197] propose a modality

alignment module for weakly alignment-free RGB-T image pairs.

2.10 RGB-T Fusion Applications

RGB-T image pairs are widely used in many vision tasks to compensate the low-

quality of RGB images under poor illumination or occlusion, such as object track-

ing [198{204], moving object detection [205{208], face recognition [209], semantic seg-

mentation [210{216], scene understanding [217{221], crowd counting [222{225] and

salient object detection [226{233]. To the best of my knowledge, the proposed method

is the �rst RGB-T method for glass segmentation. As well, I also collected the �rst

dataset for such an application.
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Chapter 3

Blind Non-Uniform Motion
Deblurring

When we are taking photos using a camera, especially the one on a mobile device,

non-uniform motion blur is one of the most common types of undesirable artifacts

caused by object motion and camera shake [83]. Removing such blur to recover

the original sharp image plays a critical role in many high-level vision tasks, e.g.

computational photography [234], image classi�cation [235], object detection [236],

and face recognition [237], because motion blur severely degrades the image quality.

In this chapter, I propose a newAtrous Spatial Pyramid Deformable Convolution

(ASPDC) module for region-speci�c convolution and for integrating features from

di�erent sizes of receptive �elds, which is more suitable for non-uniform deblurring.

I also propose a new reblurring network to reblur the output, which is helpful in

constraining the solution space [151] of deblurring with a new deblurring-reblurring

consistency loss. Note that the reblurring network is used during training only, which

needs both of the blurred image and the corresponding sharp (deblurred) image.

Extensive experimental results demonstrate the e�ectiveness of the proposed method

compared to that of other SOTA methods on the benchmark datasets.
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Figure 3.1: Overview of the deblurring network architecture.

3.1 Proposed Method

3.1.1 Overview

An overviews of the proposed deblurring and reblurring network architectures are

illustrated in Figure 3.1 and Figure 3.2, respectively. To make training more stable,

the two networks are trained separately. The deblurring network attempts to recover

the sharp imageI s from the blurred input I b, then the deblurred output I d is reblurred

by the reblurring network. The reblurring network takes bothI s and I b as input and

outputs the reblurred imageI r . When the training of the two networks converges,

I replace the input I s of the reblurring network with the deblurred output I d, and

�ne-tune the I d with the deblurring-reblurring consistency loss. I do not use any kind

of normalization (e.g. batch normalization [238] or instance normalization [239]).

Our deblurring-reblurring consistency is inspired by Guoet al. [151]. Deblurring

and reblurring can be regarded as a pair of dual tasks. The former is the primary

task and the latter the corresponding dual task, which corresponds to upsampling and

downsampling in super-resolution [33]. Guoet al. [151] prove that the generalization

bound of the dual regression (in our case, consistency) is lower than that of the

primary regression (only deblurring). Therefore, it leads to more accurate deblurring

results. However, simply mapping the deblurred output to the original blurred input

is highly ill-posed. Luet al. [240] show that the sharp image only contains the sharp

content without any blur information, so it needs the blur information from the

corresponding blurred image as the extra input for reblurring. Thus, we also utilize
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(a) Reblurring network

(b) Feed blurred information from the upper to lower
branch

Figure 3.2: Overview of the reblurring network architecture.

blur information.

3.1.2 Deblurring Network

We use two residual blocks (ResBlocks) [2] and strided convolution layers to extract

high dimensional features at the beginning, and two deconvolution layers to recover

the spatial dimension in the end. The last convolution layer reduces the channel size

of the feature map to 3 (RGB). We �nd that learning the residual correction instead of

directly learning the latent sharp image can make the training more stable and faster.

To explain our intuition, note that the blurred image contains all of the signals from

the sensor during the exposure time. One of the sharp imagesI S(t) , say at time t � , is

the corresponding target while many features extracted fromI b could be from times

other than t � , which can be formulated as:

I b = g
�

1
T

Z T

t=0
I S(t)dt

�
; (3.1)

in which I b is the blurred image of the dynamic scene,T is the period of the expo-

sure time, I S(t) is the sharp snapshot at timestampt and g() represents the Camera
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Figure 3.3: Schematic of the ASPDC module.

Response Function (CRF). Hence, learning features of the other times will be easier

than directly learning a speci�c one.

In the middle of the deblurring network, we stack six ASPDC modules (as shown

in Figure 3.3) in which we extend the work of the deformable convolution network v2

(DCNv2) [241]. The original DCNv2 applies di�erent convolution kernels to di�erent

regions by learning an o�set map �p and a modulation � m. But a �xed size is

used for the receptive �eld of each region used to generate �p and � m. Since � p

represents the shift of each pixel, it can be regarded as the local optical 
ow [242]

corresponding to the motion of the object and the camera. For a non-uniform blurred

image, some of the regions might have only small variations while other regions might

have large movements and overlaps. In this case, the original DCNv2 uses a single

convolution layer to generate �p and � m and treats these regions similarly, which is

not an optimal choice for this problem.

To make deformable convolution more 
exible, in our ASPDC module, we build

four branches with di�erent dilation rates [243] to generate four o�set maps �p and

modulations � m with di�erent receptive �elds, and four deformable convolution out-

puts. As shown in Figure 3.3, the dilation rates of dilated convolution layers in
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deformable modules 2� 4 are 1, 2, and 4, respectively. Deformable module 1 also uses

the dilation rate 1 but it ignores the o�sets (by setting � p as zero). Such a special

module is used to recover static regions.

The outputs of four branches in an ASPDC module are fused by an attention

feature integration module (AFIM) [244]. We can write it as:

f o =
4X

i =1

ai � f i ; (3.2)

4X

i =1

aij = 1; 1 � j � h � w; (3.3)

in which f i is the output of the i th branch, ai is a single-channel attention map

generated from the AFIM, j is the index of the pixel,h and w are, respectively, the

height and width of the attention map, � represents the element-wise multiplication

and f o is the output of the ASPDC module. To make sure that the channel-wise

sum of attention maps is 1, we utilize the softmax activation function. In this case,

each region that integrates information from di�erent receptive �elds signi�cantly

boosts the performance. The output feature maps of six ASPDC modules are further

concatenated to stabilize training.

We use the Mean Squared Error (MSE) loss as our �nal deblurring loss:

Ldeblurring = jj I s � I djj 2
F ; (3.4)

whereI s and I d are the sharp target and the deblurred output, respectively.

3.1.3 Reblurring Network

In order to narrow down the solution space of deblurring and to re�ne the deblurred

output I d, we build an end-to-end reblurring network to reblur the deblurred output

and calculate the deblurring-reblurring consistency loss. Simply mapping the sharp

image back to the blurred image is not impossible but di�cult, because the non-

uniform blurred image domain is much larger than the sharp image domain. Hence,
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we need the blur information from the blurred image to assist the mapping. However,

directly inputting sharp and blurred images together and outputting the reblurred

image is di�cult to train the model, since the training procedure is unstable and easy

to collapse to an identity mapping. The network may choose to output the blurred

input directly and ignore the sharp input, which is de�nitely undesirable.

To handle the above problem, we utilize an architecture which is able to take full

use of the blur information and avoid training collapse. As shown in Figure 3.2a, the

network contains two encoder-decoder branches, and the weights of the two branches

are shared for reducing the number of parameters. The architecture of the encoder-

decoder is simple, which consists of multiple conv/deconv-resblock pairs (convolution

layers for the encoder and deconvolution layers for the decoder) as shown in Fig-

ure 3.2b. The concatenation of blurred and sharp image is used as the input of the

upper branch, and two duplicate sharp images are input into the lower branch for

matching the channel dimension.

The upper branch learns to compare the blurred and the sharp image and passes

feature maps with blur information to the lower branch after each conv/deconv-

resblock pair. In the lower branch, a convolution layer reduces the channels of feature

maps from the upper branch to generate aK � K dynamic local �lter [245] for each

pixel. For reducing the computational cost of dynamic �ltering, we setK as 3 and

apply the same �lter to all the channels of feature maps from the lower branch. The

dynamic local �lters are regarded as the spatial-variant blur kernels which gradually

reblur the feature maps of the lower branch from beginning to end. The detailed

architecture of the reblurring network is shown in Appendix A.

Similar to the deblurring network, we use the Mean Squared Error (MSE) loss

here:

L reblurring = jj I r � I bjj 2
F : (3.5)
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3.1.4 Fine-tuning

After the training of the deblurring and reblurring networks converges, we replaceI s

in the reblurring network with the deblurred output I d to re�ne I d by the deblurring-

reblurring consistency loss. The loss function is de�ned as:

L consistency = Ldeblurring + �L reblurring ; (3.6)

where� is the weight of the reblurring loss, and we empirically set� = 0:1.

3.2 Experiments

3.2.1 Datasets

We follow the literature [10, 20, 22, 24, 45] to train our model on 2103 training images

from the GoPro dataset [24]. We then use 1111 testing images from the GoPro dataset

and 2025 testing images from the HIDE dataset [246] as our testing set. We also do

qualitative comparison on the Real World Blurred Image (RWBI) dataset [247].

3.2.2 Implementation Details

The method is implemented in PyTorch [248] and evaluated on a single NVIDIA RTX

2080 Ti GPU with 11 GB of memory. During training, we use Adam optimizer [249]

with � 1 = 0:9, � 2 = 0:999 and� = 10� 18. All parameters are initialized using Xavier

normalization [250]. We randomly crop the training images into 256� 256 patch pairs

and set the batch size as 6. The learning rate is initialized as 10� 4 and halved every

1000 epochs. The training procedure is terminated when the learning rate reaches

10� 6. During �ne-tuning, we set the learning rate as 10� 5 and it is halved every 200

epochs. We stop the �ne-tuning when the learning rate reaches 10� 6. The size of all

convolution �lters is 3� 3. We set the initial number of channels for all convolution

layers and residual blocks to 32 in the deblurring network and 16 in the reblurring

network, and we double (halve) them every time we downscale (upscale) the spatial

dimension.
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Method Xu [70] Sun [251] Nah [24] Kupyn [10] Tao [21] Zhang [81] Kupyn [20] Aljadaan [252]

PSNR 20.30 25.31 28.49 28.70 30.26 29.19 29.55 30.35

SSIM 0.741 0.851 0.917 0.927 0.934 0.931 0.934 0.961

Method Zhang [22] Suin [45] Park [253] Yuan [242] Purohit [254] Zhang [247] Ours Ours+

PSNR 31.20 32.02 31.15 29.81 31.76 31.10 31.97 32.09

SSIM 0.945 0.953 0.945 0.937 0.953 0.942 0.957 0.959

Table 3.1: Quantitative comparison on the GoPro dataset [24]. Ours/Ours+ rep-
resents our deblurring network without/with �ne-tuning on the reblurring network.
The best results are in red and the second best in blue.

Method Kupyn [10] Tao [21] Zhang [22] Park [253] Suin [45] Shen [246] Kupyn [20] Ours Ours+

PSNR 24.51 28.36 29.09 29.16 29.98 28.89 26.61 29.98 30.04

SSIM 0.871 0.915 0.924 0.933 0.930 0.930 0.875 0.944 0.945

Table 3.2: Quantitative comparison on the HIDE dataset [246]. Ours/Ours+ rep-
resents our deblurring network without/with �ne-tuning on the reblurring network.
The best results are in red and the second best in blue.

3.2.3 Quantitative Comparison

We �rst compare our method (\ours+") with others on the 1111 testing images from

the GoPro dataset, including a conventional method (Xuet al. [70]), and several deep

learning based methods (Sunet al. [251], Nahet al. [24], Kupyn et al. [10], Tao et

al. [21], Zhanget al. [81], Kupyn et al. [20], Aljadaany et al. [252], Zhanget al. [22],

Suin et al. [45], Park et al. [253], Yuan et al. [242], Purohit et al. [254] and Zhang

et al. [247]). We also evaluate our deblurring network without �ne-tuning on the re-

blurring network ("ours"). We use PSNR [255] and SSIM [256] as evaluation metrics.

All the methods are trained on the GoPro dataset following the same strategy.

The results are shown in Table 3.1. Our method outperforms most of the existing

SOTA methods even without �ne-tuning, and �ne-tuning on the reblurring network

can further improve the performance. In terms of PSNR, Ours+ is ranked �rst and

is 0.07db better than the second [45]. Although our SSIM is slightly lower than the

�rst [252], our PSNR far surpasses it which demonstrates that our method is good

at both evaluation metrics. Note that we use the mean squared error loss without a

sophisticated GAN [257] and still achieve good performance.

We further compare with some of the methods on the HIDE dataset in Table 3.2.
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� 0.01 0.1 1

PSNR 32.17 32.22 32.15

SSIM 0.960 0.960 0.959

Table 3.3: Performance of �ne-tuning with di�erent � .

Method Kupyn [20] Zhang [22] Nah [24]

Time (sec) 1.68 0.40 0.93

GPU (GB) 2.41 2.10 9.70

Method Tao [21] Park [253] Ours

Time (sec) 0.78 0.05 0.28

GPU (GB) 6.09 8.49 2.25

Table 3.4: Average testing time and GPU usage of images of size 1280� 720 on a
single NVIDIA RTX 2080 Ti GPU.

Ours+ remains the top and Ours is ranked second. Note that unlike all other methods

that follow the same strategy of training on the GoPro dataset but tested on the HIDE

dataset, the method of Shenet al. [246] is trained on the HIDE dataset directly but

it cannot perform better than our proposed method.

The average testing time and GPU memory usage on the GoPro dataset is reported

in Table 3.4. Although the testing time of Park et al. [253] is the lowest, its GPU

memory usage is almost four times of ours, and its performance (Table 3.1) is lower

than ours. Our method is 30% faster than Zhanget al. [22] while only increasing

the GPU memory usage by 7%. Since the architecture of Kupynet al. [20] is much

deeper and wider than that of other listed methods, its testing time is the highest

even if it uses only a single stage. Our proposed method is a good trade-o� between

performance and e�ciency in both memory and computation.
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(a) Blurred input

(b) Blurred (c) Park[253] (d) Zhang[22] (e) Prohit[254] (f) Ours+ (g) Sharp GT

Figure 3.4: Qualitative comparison on the GoPro dataset: a) Blurred input image. b-
g) Magni�ed crops of the blurred input and deblurred outputs of compared methods,
and the sharp ground truth.

(a) Blurred input (b) Park [253] (c) Zhang [22] (d) Ours+ (e) Sharp GT

Figure 3.5: Qualitative comparison on the HIDE dataset: a) Blurred input image.
b-g) Magni�ed crops of the blurred input, deblurred outputs of compared methods,
and the sharp ground truth.

3.2.4 Qualitative Comparison

Following a similar strategy as in the quantitative comparison, we �rst compare our

method against others on the testing images of the GoPro dataset [24]. We compare

with the two best performing and most recent methods [22, 253] with published well-

trained models, along with the published results of Purohitet al. [254] on the same

dataset. As apparent in Figure 3.4, the output of our method is most similar to the

ground truth sharp image, comparing to others. The alphabets written on the banner

of the �rst row are almost clearly visible for ours, while others fail to deblur them

correctly. Similarly, the sign over the shop is best deblurred by ours, while the result

of Purohit et al. [254] is also reasonably good. On the third row, our method restores

the skin and bright colors better. We also use the well-trained models on the GoPro

dataset to test on the HIDE dataset [246]. As shown in Figure 3.5, our method does
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(a) Blurred input

(b) Blurred (c) Park[253] (d) Zhang[22] (e) Ours+

Figure 3.6: Qualitative comparison on the RWBI dataset: a) The blurred input image.
b-e) Magni�ed crops of the blurred input and the deblurred outputs of compared
methods. Note that no ground truth is available for RWBI.

(a) Sharp (b) Reblurred (c) Blurred

(d) Di�-S (e) Di�-R

Figure 3.7: Comparison of a reblurred output with its corresponding blurred and
sharp images. Di�-S (Di�-R) represents the di�erence map between the sharp image
(reblurred output) and the blurred ground truth.

a good job deblurring the bicycles in the image. We further test the same models on

the RWBI dataset [247]. As seen in Figure 3.6, our method generally outperforms the

compared methods in terms of deblurring quality. For a more complete qualitative

study, please refer to Appendix A.

PSNR SSIM Mean variance

55.71 0.9997 0.18 0.22

Table 3.5: Performance evaluation of reblurring network on the GoPro dataset.
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(a) Blurred (b) a1 (c) a2 (d) a3 (e) a4 (f) Deblurred (g) Sharp

Figure 3.8: Attention maps of the last ASPDC module. Values are within [0, 1] and
the brighter the higher.

Version (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Module 1 X X X X X X X X X X X X

Module 2 X X X � 3 X X

Module 3 X X X � 3 X X

Module 4 X X X � 3 X X

AFIM X X X X X X X X X X

PSNR 30.24 30.65 30.94 30.85 31.82 31.73 31.53 31.83 31.93 31.72 31.16 32.12

SSIM 0.942 0.944 0.948 0.947 0.957 0.956 0.954 0.957 0.958 0.955 0.950 0.959

Table 3.6: Performance of di�erent versions of the ASPDC module.

3.2.5 Reblurring Evaluation

In addition to evaluating the deblurring network, we evaluate the performance of the

reblurring network, which is critical for �ne-tuning. As shown in Table 3.5, PSNR and

SSIM of reblurred images are quite high, and the mean and variance of the di�erence

map jI r � I bj are almost 0. The experimental results illustrate that reblurred images

are quite close to the original blurred images.

One of the reblurred outputs is shown in Figure 3.7 with the original sharp and

blurred images. As we can see, the di�erence between the reblurred and blurred

images is small enough and negligible.

3.2.6 Ablation Studies

To evaluate the e�ectiveness of each component in the ASPDC module, we compare

multiple versions of it. We randomly select 200 testing images from the GoPro dataset

for validation. All versions are trained with the mean squared error loss only without

�ne-tuning. With regard to the performance and e�ciency trade-o�, we �nd having
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four ASPDC modules is optimal.

The experimental results are shown in Table 3.6. Version 1 has a deformable

module 1 without the o�set � p, which is used as our baseline. The� 3 in Version

8� 10 represents three duplicated modules (the same dilation rate but no parameter-

sharing). As we can see, the deformable module 2� 4 is critical for improving per-

formance, especially module 3. Simply duplicating modules cannot get results as

good as combining di�erent modules. It demonstrates that fusing information from

di�erent sizes of receptive �elds is meaningful and justi�ed. Version 11 demonstrates

that features from di�erent receptive �elds should be fused properly. We visualize

the attention maps of the last (sixth) ASPDC module in Figure 3.8. It shows that

the attention maps of small receptive �elds (a1 and a2) focus more on static objects

or objects with small movements, while the attention maps of large receptive �elds

(especiallya4) pay more attention to objects with large movements.

For the choice of the hyperparameter� in Eqn 3.6, we evaluate values in the range

of 0.01 to 1 in Table 3.3. As we can see, the deblurring term is overwhelmed by the

reblurring term when the value of� is too large. Inversely, a small value of� , such

as 0.01, limits the e�ect of the reblurring term on the improvement of performance.

To fully utilize the reblurring term, we set � = 0:1 in all our experiments.

3.3 Summary

In this chapter, I propose to reduce the domain gap between the training and testing

datasets by adopting adaptive convolutions. However, the model still needs training

on paired synthetic data. In the next chapter, I solve this problem using deep image

prior (DIP) which needs a single degraded image only for the optimization of the

network parameters. By utilizing the DIP, I avoid the domain gap between the

training and testing datasets especially when the testing data is quite di�erent from

the synthetic training data.
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Chapter 4

Blind Image Deconvolution Using
Variational Deep Image Prior

Blind image deconvolution is aimed at recovering the latent sharp image based on

a single blurred image without knowing the blur kernel. When the blur kernel is

spatially invariant, it can be modeled as

I b = k 
 I s + n; (4.1)

whereI b denotes the blurred image,k the blur kernel, 
 the convolution operator,I s

the latent sharp image andn the additive noise. Most conventional methods utilize

maximum a posteriori (MAP) to alternatively solve for k and I s, which is formulated

as

arg max
I s ;k

P(I s; kjI b) = arg max
I s ;k

P(I bjI s; k)P(I s)P(k) (4.2)

where P(I bjI s; k) is the likelihood term, P(I s) and P(k) are the prior distributions

of the latent sharp image and the blur kernel, respectively. However, MAP su�ers

from the problem of trivial solutions. In this chapter, I adopt variational Bayes-based

(VB) methods to the deep image prior (DIP), so that not only the optimization is

constrained but also the problems of the MAP can be avoided. Conventional VB-

based methods [62, 68, 72] utilize a trivial (e.g., Gaussian) distribution to directly

approximate the posterior distribution (the left term of Eqn. 4.2) by minimizing the

Kullback{Leibler (KL) divergence [258] instead of using MAP. Although the accurate
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posterior distribution is hard to obtain, the approximated one is good enough and

much more robust than the result of MAP. In order to combine the DIP with VB,

I propose a new variational deep image prior (VDIP) to learn the distributions of

all latent variables (sharp images and blur kernels) which is motivated by the idea of

variational auto-encoder [97]. The experimental results show that the proposed VDIP

can signi�cantly improve over the DIP in both quantitative results on benchmark

datasets and the quality of the generated sharp images.

4.1 Proposed Method

In this section, we provide the mathematical analysis of the feasibility of our proposed

methods. More derivation details are given in Appendix B.

4.1.1 Super-Gaussian Distribution

Conventional image priors can be formulated as a super-Gaussian distribution:

P(I s) = W exp
�

�
� (Fx (I s)) + � (Fy(I s))

2

�
; (4.3)

whereW is the normalization coe�cient, and � () is the penalty function to constrain

the sparsity ofFx (I s) and Fy(I s). For sparse image priors,Fx () and Fy() are gradient

kernels [� 1; 1]T and [� 1; 1]. When � () is quadratic, P(I s) degenerates to a Gaussian

distribution. Since � (
p

x) has to be increasing and concave forx 2 (0; 1 ) when x

follows the super-Gaussian distribution [259], we can decouple� () and I s using the

concave conjugate of� (
p

Fx (I s)) and � (
p

Fy(I s)) following the strategy of Babacanet

al. [68], and the upper bound of� (Fx (I s)) and of � (Fy(I s)) are represented as

� (Fx (I s)) �
1
2

� x (Fx (I s))2 � � �

�
1
2

� x

�
;

� (Fy(I s)) �
1
2

� y(Fy(I s))2 � � �

�
1
2

� y

�
;

(4.4)

where� � ( 1
2 � x ) and � � ( 1

2 � y) denote the concave conjugates of� (
p

Fx (I s)) and � (
p

Fy(I s)),

respectively, and� x and � y are the variational parameters. We replace� (Fx (I s)) and
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� (Fy(I s)) in Eqn. 4.3 with their upper bounds in P(I s)

P(I s) � W exp
�

�
� x (Fx (I s))2 + � y(Fy(I s))2

4

�

� exp
�

� � ( 1
2 � x ) + � � ( 1

2 � y)
2

�
:

(4.5)

Since the right-hand side of each inequality in Eqn. 4.4 is a convex quadratic function

with a single global minimum, by calculating the derivative with respect toFx (I s)

and to Fy(I s), respectively, in Eqn. 4.4, equality is attained when

� x =
� 0(Fx (I s))
jFx (I s)j

; � y =
� 0(Fy(I s))
jFy(I s)j

; (4.6)

where� 0() is the derivative of � (). As shown in Eqn. 4.5, irrespective of the form of� (),

P(I sj� x ; � y) becomes a trivial Gaussian distribution when equality is attained, which

simpli�es the derivation and the implementation because other penalty functions are

discontinuous and the integral is too complicated to obtain (e.g., jxj, ln jxj). Besides,

a Gaussian distribution is usually utilized to approximate the real distribution in VB-

based methods, and the multiplication of two Gaussian distributions is much easier

to calculate.

4.1.2 Variational Inference

Due to the extra variational parameters� x and � y, the problem can be reformulated

as

arg max
I s ;k;� x ;� y

P(I s; k; � x ; � y jI b) = arg max
I s ;k;� x ;� y

P(I bjI s; k)P(I sj� x ; � y)P(� x ; � y)P(k)
P(I b)

: (4.7)

Directly calculating P(I s; k; � x ; � y jI b) is challenging because the true distribution of

I b is di�cult to obtain. The most common strategy is to use MAP, which estimates

the posterior distribution by maximizing it as shown in Eqn. 4.7. However, MAP

with the sparse image prior favors a trivial solution. An alternative strategy is to use

VB, which uses a trivial distribution Q(I s; k; � x ; � y) (e.g., Gaussian) to approximate

the posterior distribution P(I s; k; � x ; � y jI b) by minimizing the KL divergence between
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these two distributions, which can be written as

DKL (Q(I s; k; � x ; � y)jjP(I s; k; � x ; � y jI b))

= ln P(I b) �
Z

Q(I s; k; � x ; � y) ln
P(I s; k; � x ; � y; I b)

Q(I s; k; � x ; � y)
dI sdkd�xd� y

= ln P(I b) � L(I s; k; � x ; � y; I b);

(4.8)

whereDKL represents the KL divergence, andL(I s; k; � x ; � y; I b) is the variational lower

bound. Since lnP(I b) is constant andDKL is non-negative, minimizingDKL is equiv-

alent to maximizing L(I s; k; � x ; � y; I b). By assuming that I s and k are independent,

the variational lower bound can be rewritten as

L(I s; k; � x ; � y; I b)

=
Z

Q(k) ln
P(k)
Q(k)

dk �
Z

Q(I s) ln Q(I s)dI s

+
Z

Q(I s)Q(� x ; � y) ln P(I sj� x ; � y)dI sd� xd� y

+
Z

Q(� x ; � y) ln
P(� x ; � y)
Q(� x ; � y)

d� xd� y + EQ(I s ;k) [ln P(I bjI s; k)] ;

(4.9)

whereP(I sj� x ; � y) can be obtained from Eqn. 4.5,P(k) is set as the standard Gaussian

distribution N (0; I ). Based on the mean �eld theory [68, 260], it is more convenient

to simply assume that pixels on images and kernels are all independent. We can
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further rewrite Eqn. 4.9 as

L(I s; k; � x ; � y; I b)

=
1
2

IX

i =1

JX

j =1

(2 ln S(k(i; j )) � E 2(k(i; j )) � S2(k(i; j )))

+
1
2

MX

m=1

NX

n=1

2 lnS(I s(m; n))

�
1
4

MX

m=1

NX

n=1

E((Fx (I s)(m; n))2)E(� x (m; n))

�
1
4

MX

m=1

NX

n=1

E((Fy(I s)(m; n))2)E(� y(m; n))

+ EQ(I s ;k) [ln P(I bjI s; k)]

+
Z

Q(� x ; � y) ln
P(� x ; � y)
Q(� x ; � y)

d� xd� y

+
1
2

Z
Q(� x ; � y)( � � (

1
2

� x ) + � � (
1
2

� y))d� xd� y

+ Constant;

(4.10)

whereS() and E() denote the standard deviation and the expectation, respectively,

of distribution Q(), ( i; j ) is the pixel index ofk, (m; n) is the pixel index of I s and � .

Since only the expectation of� x and � y are related toI s, we do not need to consider

their distributions so that the last three rows in Eqn. 4.10 can be ignored. Following

Babacanet al. [68], E(� x ) and E(� y) can be simply calculated by

E(� x (m; n)) =
� 0(vx (m; n))

vx (m; n)
;

E(� y(m; n)) =
� 0(vy(m; n))

vy(m; n)
;

(4.11)

vx (m; n) =
p

E((Fx (I s)(m; n))2);

vy(m; n) =
q

E((Fy(I s)(m; n))2):
(4.12)

For the sparse image prior,Fx (I s)(m; n) and Fy(I s)(m; n) can be reformulated as

Fx (I s)(m; n) = I s(m; n) � I s(m � 1; n);

Fy(I s)(m; n) = I s(m; n) � I s(m; n � 1);
(4.13)

whereI s(0; �) and I s(�; 0) denote paddings.
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Our VDIP can also be extended to the extreme channel prior. For the extreme

channel prior, Fx (I s)(m; n) and Fy(I s)(m; n) can be reformulated as

Fx (I s)(m; n) = min
i 2 
( m;n )

( min
c2 (r;g;b)

(I c
s(i ))) ;

Fy(I s)(m; n) = 1 � max
i 2 
( m;n )

( max
c2 (r;g;b)

(I c
s(i )))

(4.14)

where 
( m; n) denotes a local patch centered at (m; n), and I c
s is a color channel

of I s. Further derivation of E((Fx (I s)(m; n))2) and E((Fy(I s)(m; n))2) are shown in

Appendix B.

4.1.3 Variational Deep Image Prior

Conventional variational inference solves Eqn. 4.10 by calculating the closed-form

expectation with respect to each variable over all the other variables to get the dis-

tribution [260], but it is challenging to apply this strategy to deep learning since the

networks are highly non-convex. Hence, we use two networks to learn the distribu-

tion of the latent sharp image and the blur kernel, respectively, in an unsupervised

manner. For simpli�cation, we assume that the standard deviation of the blur kernel

S(k) is constant. We also assume that the additive noise is white Gaussian noise.

Then, we only need to learn the expectation of the imageE(I s), the expectation of

the kernel E(k), and the standard deviation of the imageS(I s).

We utilize an encoder-decoder as the image generatorGI (), a fully-connected net-

work as the kernel generatorGk(), and random noisesZ I and Zk as inputs. The image

generator outputs bothE(I s) and S(I s), and the kernel generator outputsE(k). We

can now approximateEQ(I s ;k) [ln P(I bjI s; k)] in Eqn. 4.9 and 4.10 by Monte Carlo

estimation using sampling [97]

EQ(I s ;k) [ln P(I bjI s; k)] �
1
A

AX

a=1

jj I b � k̂ 
 I a
ŝ jj 2

2

2� 2
;

k̂ = E(k); I a
ŝ = E(I s) + � a � S(I s); � a(m; n) � N (0; I );

(4.15)

whereA is the number of samples,� is the noise level,� represents the element-wise

multiplication, and � a(m; n) is a random scalar sampled from a standard Gaussian
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Algorithm 1: Blind Image Deconvolution Using Variational Deep Image
Prior

Input: blurred imageI b, image generatorGI (), kernel generatorGk()
Output: estimated sharp imageI �

s and blur kernel k�

Initialization: �xed noise inputs zI and zk , parameters of two generators� (0)
I

and � (0)
k to be optimized

for t = 1; 2; : : : ; T do
1. generateE(I s)(t ) , S(I s)(t ) by GI (zI ; � (t � 1)

I ) and E(k)(t ) by Gk(zk ; � (t � 1)
k )

2. calculateE(� (t )
x ) and E(� (t )

y ) using Eqn. 4.11

3. sampleI ŝ
(t )

A times and approximateEQ(I s ;k) [ln P(I bjI s; k)](t ) using
Eqn. 4.15
4. calculateL(I s; k; � x ; � y; I b)(t ) using Eqn. 4.10
5. update � (t � 1)

I and � (t � 1)
k by maximizing L(I s; k; � x ; � y; I b)(t )

end for
[E(I s)(T +1) ; S(I s)(T +1) ] = GI (zI ; � (T )

I )
E(k)(T +1) = Gk(zk ; � (T )

k )
I �

s = E(I s)(T +1) , k� = E(k)(T +1)

distribution for the pixel ( m; n). The more samplings, the more accurate distribu-

tion will be obtained. Using Monte Carlo estimation, the expectation term is now

di�erentiable. Our �nal algorithm is shown in Alg. 1.

The overview comparison of the DIP [51] and our proposed method is shown in

Fig. 4.1. We can see that the DIP only generates a single valueE(I s) for each pixel

instead of E(I s) and S(I s) in our VDIP, and the target is minimizing the mean

square errorjj I b � E(k) 
 E(I s)jj 2
2. The target of the DIP only focuses on maximizing

P(I bjI s; k) in Eqn. 4.7, so that P(I sj� I ) and P(I k j� k) are not properly constrained.

In contrast, in our proposed method, we apply a Gaussian prior and a sparse image

prior to constrain P(I k j� k) and P(I sj� I ), respectively, as shown in Eqn. 4.10. Simply

exploiting the additive priors for optimizing Eqn. 4.7 can lead to suboptimal solutions

of sparse MAP. Thus, we adpot the VB to avoid such a problem by introducing the

standard deviationS(I s) to the optimization target. It is noteworthy that Eqn. 4.10

degenerates to the sparse MAP when we �xS(I s) as zero. It shows the limitation of

optimizing the sparse MAP that its solution is di�cult to achieve a large variational
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(a) Overview of the DIP [51]

(b) Overview of our proposed VDIP

Figure 4.1: Comparison of the DIP [51] and our proposed VDIP. The number of
decoder outputs are doubled and the loss function is replaced with the variational
lower bound.

lower bound, because lnS(I s) is negative in�nity. The VB can nicely avoid it by

considering non-zeroS(I s). Besides, the values ofE(� ) act as the penalty weights of

gradients. In particular, small weights for large gradients and large weights for small

gradients. ZeroS(I s) may result in over-penalty in regions with small gradients.

4.2 Experiments

4.2.1 Implementation Details

Our proposed method is implemented in PyTorch [248] and evaluated on a single RTX

A6000 GPU with 48GB of memory. The learning rate of the image generator and of

the kernel generator are set as 1� 10� 2 and 1� 10� 4, respectively, and the number

of optimization stepsT is 5000. In Eqn. 4.15, the number of samplesA is set as 1.
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Method Manmade Natural People Saturated Text Average

Cho et al. [64] 17.08/0.482 21.15/0.615 20.96/0.630 14.32/0.531 16.01/0.522 17.91/0.556

Levin et al. [261] 15.12/0.284 18.76/0.419 19.55/0.528 13.98/0.487 14.44/0.372 16.37/0.418

Krishnan et al. [66] 16.32/0.476 20.13/0.587 22.59/0.709 14.41/0.545 15.78/0.518 17.85/0.567

Xu et al. [70] 19.11/0.686 22.70/0.754 26.42/0.856 14.97/0.586 20.56/0.789 20.75/0.734

Perrone et al. [262] 18.66/0.676 22.78/0.786 24.79/0.828 14.46/0.531 18.35/0.673 19.81/0.699

Michaeli et al. [73] 18.27/0.509 21.93/0.614 25.74/0.791 14.46/0.539 16.59/0.503 19.40/0.591

Pan et al. [39] 20.00/0.714 24.47/0.801 26.70/0.811 17.46/0.680 21.13/0.762 21.95/0.753

Dong et al. [69] 18.88/0.567 23.42/0.702 25.53/0.769 16.72/0.611 20.05/0.682 20.92/0.666

Tao et al. [21] 17.11/0.381 20.18/0.492 22.12/0.651 15.41/0.545 15.76/0.469 18.12/0.508

Kupyn et al. [20] 17.47/0.414 20.71/0.520 22.71/0.682 15.67/0.565 16.22/0.503 18.55/0.537

Wen et al. [263] 18.06/0.550 22.51/0.669 25.59/0.769 17.79/0.672 17.85/0.598 20.36/0.652

Zamir et al. [11] 17.12/0.392 20.30/0.506 21.50/0.631 15.49/0.547 14.75/0.415 17.83/0.498

Huo et al. [264] 17.11/0.380 20.27/0.495 21.69/0.636 15.45/0.545 15.84/0.478 18.07/0.507

Zamir et al. [12] 17.19/0.389 20.26/0.493 21.67/0.636 15.52/0.545 15.36/0.460 18.00/0.505

Chen et al. [265] 16.89/0.371 20.10/0.484 21.51/0.642 15.59/0.544 14.87/0.401 17.79/0.488

Ren et al. [51] (DIP) 18.12/0.506 21.77/0.608 26.00/0.789 16.64/0.613 20.79/0.686 20.67/0.640

DIP-Extreme 19.90/0.708 21.48/0.656 27.90/0.862 18.10/0.690 24.57/0.840 22.39/0.751

DIP-Sparse 17.59/0.494 23.30/0.723 25.44/0.744 15.95/0.632 20.36/0.703 20.53/0.659

VDIP-Std 18.52/0.542 21.61/0.607 26.61/0.813 16.37/0.596 21.26/0.699 20.87/0.651

VDIP-Extreme 20.50/0.768 25.36/0.882 30.83 / 0.938 18.09/0.723 25.90/0.892 24.14/0.841

VDIP-Sparse 22.86 / 0.868 26.18 / 0.895 30.76/0.927 18.55 / 0.727 27.24 / 0.927 25.12 / 0.869

Table 4.1: Quantitative comparison (PSNR" /SSIM" ) on the synthetic dataset from
Lai et al. [266].

We use lnjxj as our penalty function � (x). Note that the architectures of GI () and

Gk() are the same as those of DIP [51] for fair comparison, except the output layers

of GI () are doubled (half for E(I s) and half for S(I s)). Di�erent from the original

DIP [51] that adds additive random Gaussian noise toZ I and Zk to avoid the local

minima, we do not add additive random noise to the inputs.

4.2.2 Quantitative Comparison

We �rst evaluate di�erent versions of DIP including our VDIP for image decon-

volution on the synthetic dataset from Lai et al. [266] and compare with several

conventional methods including Cho and Lee [64], Levinet al. [261], Krishnan et

al. [66], Xu et al. [70], Perroneet al. [262], Michaeli and Irani [73], Panet al. [39],

Dong et al. [69], and Wenet al. [263], and several deep-learning-based methods in-

cluding Tao et al. [21], Kupyn et al. [20], Zamir et al. [11], Huoet al. [264], Zamiret

al. [12] and Chenet al. [265]. To be speci�c, these deep-learning-based methods are

trained on external datasets [24, 267]. DIP-Extreme and DIP-Sparse represent the
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Method NIQE # BRISQUE # PIQE #

Cho et al. [64] 4.0050 36.2829 48.6227

Levin et al. [261] 3.6594 36.5006 46.7037

Krishnan et al. [66] 3.8696 37.9942 50.4024

Xu et al. [70] 3.9536 37.3240 49.5436

Perrone et al. [262] 4.0397 39.7997 51.7650

Michaeli et al. [73] 3.5852 35.1205 46.7085

Pan et al. [39] 4.8790 36.3792 68.9470

Dong et al. [69] 4.7557 37.1199 64.1972

Tao et al. [21] 3.5612 40.1954 53.0908

Kupyn et al. [20] 3.2937 35.8382 40.0545

Wen et al. [263] 4.9210 33.1731 58.3326

Zamir et al. [11] 3.7926 42.4894 52.1181

Huo et al. [264] 3.5222 40.1037 47.0717

Zamir et al. [12] 3.7401 42.9266 50.6804

Chen et al. [265] 4.6754 46.3900 74.0267

Ren et al. [51] (DIP) 4.2460 38.5827 45.8822

DIP-Extreme 4.7763 33.3678 36.6031

DIP-Sparse 7.9063 41.9810 54.9295

VDIP-Std 4.1260 37.0199 42.3010

VDIP-Extreme 4.5072 34.4400 36.1535

VDIP-Sparse 3.8882 32.4120 34.3614

Table 4.2: Quantitative comparison on the real blurred dataset from Laiet al. [266].

DIP [51] with the extreme channel prior and the sparse image prior, respectively. Our

VDIP-Std, VDIP-Extreme and VDIP-Sparse are the corresponding versions of DIP,

DIP-Extreme and DIP-Sparse with non-zeroS(I s).

The quantitative comparison is shown in Tab. 4.1. We can see that DIP-Sparse

even perform worse than DIP, which is consistent with the suboptimal problem of

sparse MAP. And non-zeroS(I s) without additive priors can only slightly improve

the performance. The combination of additive priors and non-zeroS(I s) signi�cantly

increases the evaluation results, where the former helps to constrain the optimization

and the latter avoids the local minimum resulting from the former. For gradient-based

priors, a sparser constrain can lead to better performance comparing L0 norm [70],

L1 norm [262] and L2 norm [64, 261], but the outliers on saturated images should

be properly handled as in [69]. Image-based priors [39, 263] are more robust to

outliers, and the comparison of DIP-Extreme and DIP-Sparse follows this observa-

tion. Additionally, our VDIP-sparse takes advantage of gradient-based priors without

explicitly handling the outliers of saturated images and performs even better than

VDIP-Extreme, which shows the e�ectiveness of utilizing variational Bayes.
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Method Manmade Natural People Saturated Text Average

Cho et al. [64] 0.00138 0.00121 0.00145 0.00164 0.00139 0.00141

Levin et al. [261] 0.00099 0.00107 0.00117 0.00124 0.00117 0.00113

Krishnan et al. [66] 0.00125 0.00114 0.00128 0.00134 0.00118 0.00124

Xu et al. [70] 0.00114 0.00084 0.00073 0.00144 0.00074 0.00098

Perrone et al. [262] 0.00108 0.00091 0.00111 0.00135 0.00102 0.00109

Michaeli et al. [73] 0.00131 0.00118 0.00102 0.00169 0.00148 0.00134

Pan et al. [39] 0.00078 0.00060 0.00083 0.00099 0.00071 0.00078

Dong et al. [69] 0.00097 0.00078 0.00096 0.00111 0.00082 0.00093

Wen et al. [263] 0.00113 0.00092 0.00089 0.00074 0.00098 0.00093

Ren et al. [51] (DIP) 0.00168 0.00168 0.00164 0.00172 0.00144 0.00163

DIP-Extreme 0.00117 0.00122 0.00084 0.00153 0.00086 0.00113

DIP-Sparse 0.00159 0.00148 0.00136 0.00142 0.00135 0.00144

VDIP-Std 0.00163 0.00167 0.00157 0.00171 0.00140 0.00160

VDIP-Extreme 0.00104 0.00101 0.00098 0.00147 0.00061 0.00102

VDIP-Sparse 0.00073 0.00095 0.00084 0.00146 0.00060 0.00092

Table 4.3: Average kernel recovery error on the synthetic dataset from Laiet al. [266].

Figure 4.2: The optimization time corresponding to the image size and kernel size.
The kernel size is �xed as 31� 31 for evaluating the image size, and the image size is
�xed as 500� 500 for evaluating the kernel size.

To evaluate the estimated kernel, we calculate the average kernel recovery er-

ror [268] and report the results in Tab. 4.3. Note that the compared deep-learning-

based methods do not estimate the blur kernels. Although the evaluated kernel of

Pan et al. [39] is more accurate than VDIP-Extreme, our VDIP-Extreme performs

better, which demonstrate that a proper deconvolution method is important even

with accurate estimated blur kernels.

We also evaluate the above mentioned methods on the real blurred dataset from

Lai et al. [266]. Since there is no ground truth sharp image, we utilize three no-
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Figure 4.3: Qualitative comparison on the synthetic dataset from Laiet al. [266].
The estimated blur kernels are pasted at the top-left corners of the corresponding
deblurred results.
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