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Abstract

Video super-resolution (VSR) aims to recover a realistic high-resolution (HR) frame

from its corresponding center low-resolution (LR) frame and several neighbouring sup-

porting frames. The neighbouring supporting LR frames can provide extra information to

help recover the HR frame. However, these frames are not aligned with the center frame

due to the motion of objects. Recently, many video super-resolution methods based on

deep learning have been proposed with the rapid development of neural networks. Most

of these methods utilize motion estimation and compensation models as preprocessing to

handle spatio-temporal alignment problem. Therefore, the accuracy of these motion esti-

mation models are critical for predicting the high-resolution frames. Inaccurate results of

motion compensation models will lead to artifacts and blurs, which also will damage the

recovery of high-resolution frames.

We propose an effective wide activated separate 3 dimensional (3D) Convolution Neural

Network (CNN) for video super-resolution to overcome the drawback of utilizing motion

compensation models. Separate 3D convolution factorizes the 3D convolution into con-

volutions in the spatial and temporal domain, which have benefit for the optimization of

spatial and temporal convolution components. Therefore, our method can capture tem-

poral and spatial information of input frames simultaneously without additional motion

evaluation and compensation model. Moreover, the experimental results demonstrated the

effectiveness of the proposed wide activated separate 3D CNN.
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Chapter 1

Introduction

Super-Resolution (SR) is a class of techniques that enhance the resolution of an image or a

video. There are two branches of SR techniques according to the amount of utilized input

frames: Single Image Super-Resolution (SISR) and Video Super-Resolution (VSR).

1.1 Single Image Super-Resolution

SISR is a technique which aims to recover high quality and High Resolution (HR) image

from its corresponding single low quality and Low Resolution (LR) image. Various image

super-resolution methods have been proposed to implement the reconstruction process.

These methods can be mainly classified into three categories [16]: interpolation-based,

reconstruction-based, and learning-based.
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1.1.1 Interpolation-Based Super-Resolution

Interpolation-based super-resolution methods which estimate the unknown intermediate

pixel between the known pixels by using interpolation filters. There are several different

interpolation filters such as Bilinear, Bicubic [17], Lanczos [18] so on. Interpolation based

methods are fast but always result in over-smoothed and jagged edges as the high-frequency

information of the resized image cannot be reconstructed by low-pass interpolation filters.

1.1.2 Reconstruction-Based Super-Resolution

Reconstruction-based Super-Resolution methods [19, 20, 21, 22, 23, 24] recover HR im-

ages by applying various smoothness filters when down-sample HR images to produce LR

images. However, the limitation of such methods is that the proposed prior knowledge is

unable to fit for arbitrary images.

1.1.3 Learning-Based Super-Resolution

Learning-based super-resolution methods exploit knowledge which is learned from a large

number of external training examples to recover HR images. The knowledge that algo-

rithms learned is the self-similarities among similar images. However, there is a limitation

that the quality of reconstructed HR images is affected by the training examples. Therefore,

the performance of this category of methods can suffer from insufficient training examples.

Lin et al. [25] illustrates this limitation. However, this limitation can be solved with the

emergence of large-scale image training dataset, such as ImageNet dataset [26] and DIV2K
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dataset [27]. With the development of deep learning, deep learning based methods are

becoming mainstream algorithms.

1.2 Video Super-Resolution

VSR reconstructs single HR frame from its corresponding LR version and several neigh-

boring LR frames. There is additional information in the surrounding LR frames due to

the temporal relationships between consecutive frames in a video. With the aggregation of

several consecutive LR frames, the frames that are not aligned due to the movement of cam-

eras or objects will introduce flickering artifacts into reconstructed HR frames. Therefore,

aligning these consecutive frames is a challenge for VSR.

Most of the VSR methods have similar structure. A complete method contains two

components: a motion estimation and compensation sub-model and an super-resolution

sub-model. One limitation of these two-component methods is that the quality of recov-

ered HR frame is heavily related to the accuracy of motion estimation and compensation

model. However, the motion between frames has no ground truth, which will affect the

performance of the motion estimation sub-model and the whole VSR model. Another lim-

itation is that the motion estimation and compensation sub-model is independent of the

super resolution sub-model. Implementing the two sub-models separately could result in

sub-optimal performance.

3



1.3 Thesis Motivations and Contributions

With the technical developments in electronic displaying hardware, the resolution of dis-

plays can reach up to 4K (3840 × 2160) and 8K (7680 × 4320) Ultra High Definition

(UHD). However, most of the contents still cannot match such high resolution. Therefore,

VSR technique is desired to obtain high quality visual content. Moreover, in recent years,

most research focuses on SISR technique and made significant performance improvements.

However, the VSR technique is still under-explored. In this thesis, we only focus on VSR

technique.

With the development of deep learning algorithms, the powerful convolution neural

network (CNN) [14] have revolutionized computer vision including VSR task. In recent

years, several neural network based methods have been proposed to make high quality

reconstructions of high-resolution videos. Our proposed method also based on the CNN.

Moreover, our proposed method eliminates the motion estimation and compensation sub-

model in order to avoid the limitations of the previous two-component models. There are

two contributions in our proposed method:

One contribution is that we proposed an end-to-end VSR method which utilize separate

3D convolution in VSR task for the first time. The use of separate 3D convolution allows

capturing the spatial-temporal features directly in VSR models. Our proposed method can

avoid the limitations of two-component VSR models efficiently.

Another contribution is that we proposed the wide activated separate 3D convolution

residual block, which can reduce the model size significantly compare to the original 3D

convolution, and can capture spatial-temporal features more efficiently than the 3D con-

4



volution and original separate 3D convolution.

These two contributions help our method achieve the state-of-the-art results with rel-

ative small model size compared to other methods.

The following conference paper has been generated via the thesis work:

(1) Xiafei Yu and Jiying Zhao, Wide Separate 3D Convolution for Video Super Reso-

lution, IEEE GlobalSIP 2019, Ottawa, Canada, November 11-14, 2019, 5 pages. [28].

1.4 Thesis structure

In this thesis, we focus on VSR technique and propose a novel VSR method - wide ac-

tivated separate 3D convolution for video super-resolution and an improved separate 3D

convolution block - wide activated separate 3D convolution residual block. The thesis is

organized as follows. Chapter 1 introduces the background of SR techniques. Chapter 2

illustrates several neural network based SISR methods and VSR methods. Chapter 3 intro-

duces the concepts of convolution neural network briefly. Chapter 4 presents the proposed

VSR method. Chapter 5 shows our experimental results and compares our method with

other state-of-the-art methods. Chapter 6 gives the conclusions of the thesis.

5



Chapter 2

Literature Review

In this chapter, we review several representative neural network based single image super-

resolution and video super-resolution methods.

2.1 Single Image Super-Resolution

We use the super-resolution convolutional neural network (SRCNN) proposed by Dong

et al. [29] as the benchmark since it is one of the first proposed methods which utilize deep

neural network to handle single image super resolution task. The overall architecture of

the SRCNN is shown in Figure 2.1. The SRCNN contains three convolutional layers. The

function of these three layers are patch extraction, nonlinear mapping and reconstruction,

respectively. The structure of the SRCNN is simple but the performance was demonstrated

to be better than traditional methods. The SRCNN attracted public attention to apply

CNN to SISR task.
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Figure 2.1: The architecture of the SRCNN and FSRCNN (adopted from the original paper

[1]).

The problem of the SRCNN is that the input of the network are bicubic up-sampled

HR images. Smoothing and bluring brought by interpolation may lead to further devia-

tion in HR image reconstruction. Two representative papers were published to solve the

problem: the fast super-resolution convolutional neural network (FSRCNN) [1] and the ef-

ficient sub-pixel convolutional network (ESPCN) [2]. The FSRCNN adopts deconvolution

[30, 31] operation to up-sample the LR images adaptively. The comparison between the

SRCNN and FSRCNN is shown in Figure 2.1. The ESPCN which increases resolution by

rearranging the pixels of multiple LR feature maps as sub-pixels of HR images rather than

by exploiting deconvolution layers. The structure of ESPCN is shown in Figure 2.2.

The very deep super resolution (VDSR) proposed by Kim et al. [32] is the first method

that utilizes very deep neural network in SISR task. Inspired by the very deep convolutional

networks (VGG-net) [33], the VDSR is a 20-layer model. Except the first and the last layer,

each layer in the model has the same convolutional kernel size: 3 × 3 × 64. However, a

7



Figure 2.2: The architecture of the ESPCN (adopted from the original paper [2]).

plain architecture like VGG-net is hard to go deeper. The residual network (ResNet) [34] is

a neural network that contains several residual blocks. A residual block consists of several

convolution layers and a skip connection between input and output of the block. The

connection structure maintains the gradients of deep layers, therefore, the ResNet can be a

very deep neural network. Ledig et al. [4] proposed the super-resolution residual network

(SRResNet) which adopts residual blocks to establish deeper network. Lee et al. [35] found

that batch normalization (BN) [36] would be harmful for HR image construction. Hence

they remove the BN part in the original residual blocks and proposed the enhanced deep

residual network (EDSR) [35]. They also removed unnecessary rectified linear unit (ReLU)

[37] activation layer in the original residual blocks to adapt to SISR task. The authors also

proposed the multi-scale deep super-resolution (MDSR) [35] in the same paper to achieve

the multi-scale architecture. The comparison of the VDSR, SRResNet, EDSR and MDSR

architecture is shown in Figure 2.3

Besides the ResNet, the densely connected convolutional network (DenseNet) [38] also

plays an important role in SISR task. Different from the ResNet, the DenseNets does

not sum the output feature maps with the input feature maps pixel-wise but concate-

8



(a) VDSR

(b) SRResNet

(c) EDSR

(d) MDSR

Figure 2.3: The comparison of VDSR, SRResNet, EDSR and MDSR architecture (adopted

from paper [3]).
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nates all the feature maps of preceding layers and the output feature maps of the current

layer image-wise. Also, each block which is made up of several layers would contains a

bottleneck layer to reduce the parameter number. The residual dense network for image

super-resolution (DenseSR) [39] adopts the DenseNet, concatenates all the output feature

maps of convolution blocks, and outputs to the deconvolution layer. The structure of

DenseSR is shown in Figure 2.4.

Figure 2.4: The architecture of DenseSR (adopted from paper [3]).

Another representative method is the photo-realistic single image super-resolution (SR-

GAN) [4], which is the first SISR method based on generative adversarial network (GAN)

[40]. GAN is an architecture comprised of two sub-networks, a generative network and a

discriminative network, one competing against the other. At the end, both networks reach

optimization. The structure of the SRGAN is shown in Figure 2.5. Besides the novel archi-

tecture, the SRGAN also adopts perceptual loss [41] to design a new loss function, which

combines the content loss (mean squared error (MSE) loss) and perceptual loss. This loss

function is critical to help recover photo-realistic HR images.
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(a) Generator

(b) Ddiscriminator

Figure 2.5: The architecture of SRGAN (adopted from the original paper [4]).

2.2 Video Super-Resolution

We use the video super-resolution network (VSRnet) proposed by Kappeler et al. [5] as

the benchmark since it is considered to be the first proposed method which utilizes deep

neural network to handle video super resolution task. Figure 2.6 shows three versions of

VSRnet according to the stages where the input features are fused. They converted the

video frames into the YCbCr color format and only used the luminance channel (Y) for

training, testing and evaluation. They utilize the optical flow estimation algorithm [42]

and adaptive motion compensation algorithm as their motion estimation and compensation

model. However, these motion estimation and compensation models are independent of

the super resolution model, which could result in sub-optimal performance.

To solve the problem of the VSRnet, several methods have been proposed. Caballero
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Figure 2.6: Three variants architecture of VSRnet (adopted from the original paper [5]).

et al. [6] proposed the video effecient sub-pixel convolutional network (VESPCN), which

is based on the ESPCN. The VESPCN is a combination of an efficient spatial transformer

motion compensation network and the ESPCN. The VESPCN is an end-to-end method

as the flow estimation and compensation network and SR networks are trained jointly.

Tao et al. [7] proposed another compensation method, the sub-pixel motion compensation

(SPMC) layer, which can fuse information of multiple LR frames effectively. The spatial

transformer network and SPMC are shown in Figure 2.7.

(a) Spatial transformer motion comepensation (b) Subpixel Motion Compensation layer

Figure 2.7: The spatial transformer motion compensation network and sub-pixel motion

compensation layer (adopted from the original paper [6] and [7]).
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Huang et al. [43] proposed a bidirectional recurrent architecture method to deal with

VSR task . The problem is that they did not exploit any motion compensation in the model.

Sajjadi et al. [8] proposed the frame-recurrent video super resolution (FRVSR) network

with motion estimation and compensation network to overcome this problem. Instead of

utilizing multiple LR frames, the recurrent architecture based methods exploit preceding

and succeeding generated HR frames to establish current HR frame. The structure of the

FRVSR is shown in Figure 2.8.

Figure 2.8: The architecture of FRVSR (adopted from the original paper [8]).

Figure 2.9: The architecture of VSR-DUF (adopted from the original paper [9]).
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However, sufficiently high-quality motion estimation is not easy to obtain even with

state-of-the-art optical flow estimation networks. Even with accurate motion fields, the

image-wrapping based motion compensation will produce artifacts around image struc-

tures, which may be propagated into the final reconstructed HR frames. Several recent

papers described architectures based on feature-wise alignment rather than optical flow

compensation, which would avoid drawbacks of utilizing optical flow compensation in VSR

task.

Figure 2.10: The architecture of the temporally deformable alignment network (TDAN)

(adopted from the original paper [10]).

Figure 2.11: The architecture of the 3D super-resolution network (3DSRnet) (adopted from

the original paper [11]).

Jo et al. [9] proposed the deep video super-resolution network using dynamic upsam-

pling filters (VSR-UDF) which exploits dynamic filters [44] to generate dynamic upsam-

pling filters according to the different context of input LR frames (architecture is shown
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in Figure 2.9). Zhou et al. [45] also proposed a similar network based on dynamic upsam-

pling filters. Tian et al. [10] uses deformable convolutional networks [46] to adaptively

align feature maps rather than align LR frames (architecture is shown in Figure 2.10).

This could avoid the drawbacks of using optical flow to compensate between input frames.

Kim et al. [11] proposed to use 3D CNN [12] in VSR task. 3D CNNs can capture tempo-

ral information between input frames rather than compensate it (architecture is shown in

Figure 2.11). Based on 2 dimensional (2D) convolution, 3D CNN introduces convolutional

operation in temporal domain, combined with the convolution in spatial domain. The 3D

convolution is better for spatial-temporal feature extraction.

2.3 Summary

In this chapter, we illustrated several CNN based SISR and VSR methods. Most of previous

CNN based VSR methods focus on exploiting motion estimation and compensation models

to better reconstruct HR frames. Unlike these works, we will propose a novel separate 3D

convolution residual block to avoid the exploitation of motion estimation and compensation

in VSR.
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Chapter 3

Convolution Neural Networks

With the explosive development of Artificial Intelligence, deep learning algorithms (deep

neural networks) have had a monumental growth in rencent years. Currently, deep neural

networks provide the best solutions in the majority of Computer Vision and Natural Lan-

guage Processing tasks. CNN, as one of the most important categories in neural networks,

has achieved success in the domain of Computer Vision. CNNs also have proven to be very

effective in super resolution tasks. A deep CNN is a sequence of layers, all of which could

be divided into different categories with distinct functions. Typically, there are three main

categories of layers: convolutional layer, activation layer and pooling layer. In this chapter,

we will introduce these layers in Sec. 3.1. Then, we will present the training methods in

Sec. 3.2. Finally, we will list several typical deep convolutional architectures in Sec. 3.3.
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3.1 Layers

A deep CNN contains hundreds or thousands of layers, these layers are cascaded, which

means the input of a layer is the output of previous layer. Typically, a CNN usually

contains three kinds of layers: convolutional layers, activation layers and pooling layers.

3.1.1 Convolutional Layers

Convolutional layers are derived from convolution operation. According to the operating

dimension, the convolutional layers could divided into 2D and 3D convolutional layers.

There are some expansive structures in both 2D and 3D convolutional layers. We illuminate

two kinds of structures utilized in our frameworks: deformable 2D convolutional layer and

separate 3D convolutional layer.

Basically, the inputs of a CNN are considered to be images. A gray image only has one

channel, and the value in each pixel indicates the brightness of this spot. While a color

image has three channels, red, green and blue, these three channels stack over each other

to represent a color image. The value of each pixel is ranging from 0 to 255. Every image

can be represented as a matrix of pixel values. The matrix shape of images are w × h ×

c, where w is the width, h is the height and c is the channel number of images.

Usually, The convolution operation can be expressed by a function:

f(x) = W ∗ x+ b (3.1)

where W is the weight (value) of convolutional kernel, ∗ represent the convolution opera-

tion, x is the input of convolutional kernel and b is the bias, which is a constant. The W
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and b are trainable, and such trainable variables are named as parameters in CNNs.

2 Dimensional Convolutional Layer

2 dimensional convolution layers indicate that the convolution is operating in the spatial

domain. Each convolutional layer consists of a set of convolution kernels. The size of 2D

convolution kernels could be n × m, where n is the width of kernels and m is the height

of kernels. Normally, the n and m are equal in covolutional layers. There are two other

significant parameters: c in and c out. c in is the channel of input images/features and

c out is the output features/images channel number. Therefore, the n ×m is the perception

field of each kernel, c out is the amount of the kernels used in the layer.

In CNNs, convolutional layers cascade with each other generally, which means the

output channel number (c out) of current layer should match for the input channel number

(c in) of succeeding layer.

During the forward propagation, each kernel slides (convolves) over the input features

along width and height directions to output a 2D feature map. The value of each position in

output features is computed by the dot products between the kernel and the corresponding

perception field in input features. Each convolutional layer will contain multiple kernels

that have the ability to extract diverse visual features.

There are two unique concepts in convolutional layers: padding and stride.

The stride is the step of sliding the kernel each time. The default convolutional stride

is 1 which means sliding the kernel one pixel each time. The another common stride is 2,

with which the kernel slides 2 pixels each time in height or width direction. The stride
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could be any positive integer, though stride larger than 2 is uncommon in practice. Figure

3.1 shows convolution with the stride 1 and stride 2.

Figure 3.1: Convolution with stride 1 and 2.

According to the above formula, the output size of each layer is smaller than input size

even using stride 1. With the increasing number of convolutional layers, the output size of

layers shrunk constantly. To avoid this problem, padding is introduced into convolutional

layers. Padding in convolutional layers means padding the input features/images with

zeros around the border. Figure 3.2 shows the input feature map and the padded input

feature when the size of zero padding is 1. The spatial size of output can be controlled by

changing zero-padding size. Commonly, we would like to keep the spatial size of the input

and output the same. The following formula shows how to calculate the output size by

given input size, kernel size, stride and padding size.

O = (N − F + 2P )/S + 1 (3.2)
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where O is the output size, N is the input size, F is the kernel size, P is the padding size

and S is the stride.

Figure 3.2: Zero-padding.

Figure 3.3 shows a pretty simple example of the 2D convolution operation with stride

1 and no padding.

Figure 3.3: 2D convolution operation example.
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3 Dimensional Convolutional Layer

The 3D convolutional networks were proposed by Ji et al. [12] to solve action recognition

tasks. The 3D CNN is extended from 2D CNN. 2D convolutional layer processes con-

volution operation in spatial domain, thus 2D CNNs only have ability to capture spatial

information rather than temporal information. The 3D convolutional layers add convolu-

tion operation in temporal domain in order to capture temporal information of a set of

consecutive images (video). Figure 3.4 shows the principle of 3D convolution operation

in temporal domain. Therefore, The size of 3D convolution kernels could be n × m ×

t, where n and m are the width and height of spatial perception field, and t is the input

length of temporal convolution for each convolution operation. c in and c out have the

same meaning as 2D convolutional layers. Several papers have proved that the 3D convo-

lution is more powerful in video processing than 2D convolution. Figure 3.5 compares the

difference between 2D convolution and 3D convolution.

Figure 3.4: 3D convolution operations (adopted from paper [12]).
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Figure 3.5: 2D vs. 3D convolution operations. a) Applying 2D convolution on an image

results in an image. b) Applying 2D convolution on a video volume (multiple frames as

multiple channels) also results in an image. c) Applying 3D convolution on a video volume

results in another volume, preserving temporal information of the input signal (adopted

from paper [13]).

3.1.2 Activation Layer

Usually, a convolutional layer is followed by an activation layer (nonlinear layer), which

aims to introduce nonlinearity to the network. The convolution operation is a linear oper-

ation. Without any nonlinearity introduced, the network would remain a linear function,

which will lead to a poor network computation ability. With the introduction of activation

layer, the final function of the network is nonlinear, which ensures that the network could

approximate complex functions. The functions utilized in activation layers are termed

as activation functions. There are several commonly used activation functions: Sigmoid,

Tanh, ReLU, Leaky ReLU and exponential linear unit (ELU).

Sigmoid The Sigmoid function is an S shape function (shown in Figure 3.6), which

converts any real-valued input number into a number range from 0 to 1. The sigmoid

function has frequent usage in the beginning of neural networks development since it has

a nice imitation of the working principle of a neuron. The degree of activation of neurons
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range from not activated at all (0) to completely activated at a maximum value (1). The

formula of Sigmoid is

Sigmoid(x) =
1

1 + e−x
(3.3)

Recent years, the sigmoid function has been gradually abandoned in neural networks.

It has two major disadvantages: Activation saturation problem and the problem that the

outputs are not zero-centered.

The activation saturation problem occurs when the the absolute value of input is larger

than 5, the output of the neuron is saturated which results in that the gradient at these

regions is almost zero. This problem could lead to gradient vanishing problem which means

the network update weights (in CNN is the value of convolutional kernels) pretty slow in

learning process.

Another problem is that the output of Sigmoid function is not zero-centered. The

output of Sigmoid function is always positive. Thus, the input of succeeding layers is

always positive, then the gradients of weights in these layers will become either all positive

or negative. This could introduce undesirable zig-zagging dynamics in the gradient updates

for the weights.

Tanh The Tanh function is proposed to solve the second problem of the Sigmoid function.

The output of Tanh is zero-centered, which is shown in Figure 3.7. It limits the (+∞,−∞)

to the range [-1, 1]. The formula of Tanh is shown below:

Tanh(x) =
Sinh(x)

cosh(x)
(3.4)
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Figure 3.6: Sigmoid Function.

where Sinh(x) and Cosh(x) are defined as:

Sinh(x) =
1− e−2x

2e−x
(3.5)

Cosh(x) =
1 + e−2x

2e−x
(3.6)

Then, Equ. (3.4) can be written as

Tanh(x) =
2

1 + e−2x
− 1 (3.7)

According to Equ. (3.3), Equ. (3.7) can be written as:

Tanh(x) = 2Sigmoid(2x)− 1 (3.8)

Actually, the Tanh function is a scaled Sigmoid function. It could solve the none

zero-centering problem, though the activation saturation problem remaining.

ReLU The ReLU function has become popular in recent years as it solves the activation

saturation problem in Sigmoid function properly. It defined as below:

f(x) = max(0, x) (3.9)

24



Figure 3.7: Tanh Function.

Figure 3.8 shows ReLU function. Even though the positive part is linear, the ReLU function

is nonlinear in nature. There are several advantages and disadvantages:

- Krizhevsky et al. [14] found that ReLU activation function could accelerate the

convergence speed of the stochastic gradient descent method which is the algorithm

used for training neural networks. The speed of convergence with using ReLU is six

times faster than the speed with Sigmoid and Tanh functions.

- The formula of ReLU is simple compared to Sigmoid and Tanh functions. Thus,

the implementation of ReLU is much easier than Sigmoid and Tanh that involve

expensive operations.

- However, ReLU can result in neurons completely inactivated during training. For a

neuron, when the input is a negative number, then the output is 0 if the activation

function is ReLU, which will result in the inactivation of previous neurons according

to the chain rule. The performance of networks would be terrible if high percentage of
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network neurons keep inactivated during the training process. Therefore, the learning

rate should be cautiously selected to avoid massive neurons from being inactivated.

Figure 3.8: Relu Function.

PReLU and ELU Parametric rectified linear unit (PReLU) proposed by He et al.[47]

is one of the improved methods based on ReLU to solve the problem that ReLU produces

unactivated neurons. The output of PReLU is the product of the input and a small positive

number when input is smaller than 0. The formula of PReLU is:

PReLU =


x x ≥ 0

α ∗ x x < 0

(3.10)

where α is a small positive constant, which is also a parameter need to be selected properly.

Figure 3.9 shows PReLU when α equal to 0.1. Theoretically, PRelu could avoid produc-

ing unactivated neurons effectively. However, multiple experiments have proved that the

PReLU cannot outperform the ReLU in all situations.
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Figure 3.9: PReLU Function.

The ELU [48] is another method attempting to improve ReLU function. Different from

PReLU, when inputs are smaller than 0, the ELU uses an exponential expression. The

formula of ELU is:

ELU =


x x ≥ 0

α ∗ (ex − 1) x < 0

(3.11)

where α is a small positive constant, which is also a parameter need to be selected properly.

The exponential function ensures that the mean of outputs of ELU is closer to zero. It

is proved that ELU could help networks obtain higher classification accuracy than ReLU.

Figure 3.10 shows the ELU when α is equal to 0.5.

3.1.3 Pooling Layer

It is common to insert a pooling layer between successive activation layers in a convolutional

network. The output of activation layers is fed into a pooling layer. The function of pooling

layers is down-sampling. With the increasing number of pooling layers, the spatial size of
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Figure 3.10: ELUs Function.

the feature maps decreases gradually. Pooling layers can help to reduce the number of

training parameters and avoid overfitting.

The pooling operation is similar to the convolution operation. The pooling is applied

on one patch at a time, then slide the pooling kernel over the input feature maps along

width and height directions. There are two types of pooling layers: max pooling layer and

average pooling layer. Literally, the max pooling layers preserve the largest value from

each patch of the input feature map and discard the rest of the information in that patch.

The average pooling layer generates the average value in each patch and discard others.

The most common form of utilizing a pooling layer is that the kernel size is 2 × 2 and

stride is 2. In this case, the pooling operation would take a single value over 4 values.

Figure 3.11 shows the max pooling and mean pooling with an input size of 4 × 4, a kernel

size of 2 × 2 and a stride of 2. In general, the output size of pooling layer can be computed

as:

O = (N − F )/S + 1 (3.12)
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where O is the output size, N is the size of input, F is the size of pooling kernel and S is

the stride.

Figure 3.11: Max pooling vs. average pooling.

However, there is a problem in pooling layers. Only one value in each patch is preserved,

the majority of information in a patch is lost after pooling layers. Moreover, the pooling

layer introduces zero learnable parameters since it operates a fixed function for every input.

Therefore, Springenberg et al. [49] proposed an all convolutional net to overcome the

problem. They found that pooling layer can simply be replaced by a convolutional layer

with increased stride. This method introduces the flexibility of down-sampling method

by replacing the fixed pooling function with the learnable kernels in convolutional layers,

which is beneficial for the computation of networks.
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3.2 Training Methods

The training process of neural networks is the process of obtaining the optimal set of

parameters in networks.

3.2.1 Initialization

There are several initialization methods, some of them are basic initialization methods

while others are sophisticated techniques that help CNNs achieve better performance.

Zero initialization Literally, zero initialization is initializing parameters to zero. How-

ever, we generally initialize biases to 0 but not weights. When all the weights are initialized

to 0, the result of every input is the same, thus the loss is the same for each input. With

the constant loss, all weights keep the same value in the whole training process, which

means the networks actually learn nothing.

Random initialization At the early stage of development of neural networks, weights

are initialized with random numbers. However, the selection of weights is important.

When weights are initialized to large values, the output of convolutional layers are also

high. The updating steps are large, which will result in unstable training. When the

weights are initialized to pretty small values, the updating steps will be too tiny to achieve

the optimization rapidly.

Xavier initialization Xavier initialization [50] is proposed to combine with Tanh activa-

tion function. By initializing with Xavier algorithm, the distribution of weights in certain
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layer is a normal distribution with zero mean and standard deviation is defined as:

STDXavier =

√
2

nin + nout
(3.13)

where STDXavier is the standard deviation, nin and nout are respectively the number of

input and output channels of the layer.

The Xavier initialization algorithm ensures that the initial weights are neither too

much bigger than 1, nor too much less than 1. Proper initialization methods help to avoid

gradients vanishing and exploding problem, also help to accelerate the training speed of

networks.

He initialization He initialization [47] is similar to Xavier initialization, and He initial-

ization is more suitable for networks with ReLU activation function. By initializing with

He algorithm, the distribution of weights in a certain layer is a normal distribution with

zero mean and the standard deviation is defined as:

STDHe =

√
2

nin
(3.14)

where STDHe is the standard deviation, nin is the number of input channels of the layer.

3.2.2 Forward Propagation

Forward-propagation is the process of inferring output according to the input and networks.

The input data pass through the network layers and the output of the network is obtained

straightforwardly. The final output can be represented as:

F (x) = fn(fn−1...fi(...f1(x))) (3.15)
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where x is the input of networks, the fi is function of each network layer.

3.2.3 Loss Function

After obtaining output of networks through forward propagation, the output needs to be

evaluated by a certain standard which is loss function in machine learning. Therefore,

the loss function is a performance metric on how close the output of the network and the

desired values are. The output of loss function is a positive number. The smaller loss

value represents the better performance of network. There are three commonly used loss

functions: L1 loss, L2 loss and cross entropy.

L1 loss. L1 loss is the mean of absolute errors, which is defined as:

L1 =
1

N

N∑
i=1

|yi − F (xi)| (3.16)

where xi is the ith input data, N is the amount of input data, yi is the corresponding

expected output and F(xi) is the output of network.

L2 loss. L2 loss is mean squared error, which is defined as:

L2 =
1

N

N∑
i=1

(yi − F (xi))
2 (3.17)

where xi is the ith input data, N is the amount of input data, yi is the corresponding

expected output and F(xi) is the output of network.

Cross entropy. Cross-entropy is commonly used to quantify the divergence (difference)

between two probability distributions. It usually used in classification tasks. It is defined
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as:

CrossEntropy =
N∑
i=1

p(xi)log(q(xi)) (3.18)

where p(x) and q(x) are the true and predictive probability distributions respectively. xi

is the ith input data.

3.2.4 Backward Propagation

Since Rumelhart et al. [51] proved that backward propagation enables faster neural network

learning rate than previous methods, the backward propagation algorithm became the

mainstream algorithm of learning in neural networks. Backward propagation means that

the errors which are calculated by loss function are propagated through the network in

backward direction to alter the parameters of networks.

The backward propagation algorithm utilizes gradients of parameters to alter these pa-

rameters. The gradient is composed of a set of partial derivatives with respect to variables

related to the function, and each value of element represents the greatest increase/decrease

rate of the function with respect to the corresponding variable.

The derivations of the back-propagation algorithm are calculated based on the chain

rule of calculus. Chain rule is a method help to find the derivatives of variables in the

nested equations. For example, if a nested function is defined as F (x) = f2(f1(x)), then

the derivative of x is calculated by:

dF

dx
=
df2
df1
· df1
x

(3.19)

The calculation of derivative of loss with respect to any weight in the network is easy
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according to the chain rule. Supposing E is the loss, skj is the output of convolutional layer

of node j in layer k, akj is output of activation layer of node j in layer k and wkij is the

weight of the link between the node i in layer k-1 and node j in layer k, then the partial

derivative of loss with respect to wkij is calculated by:

∂E

∂wkij
=
∂E

∂akj
·
∂akj
∂skj
·
∂skj
wkij

(3.20)

With the backward propagation, the partial derivative of loss with respect to any weight

in the network could be calculated easily. With these partial derivatives, the next step is

to update corresponding weights.

3.2.5 Optimization

Optimizing a neural network means minimizing the loss of the neural network. Thus, the

optimization of a network is to find a set of weights that ensure that the loss of the network

reaches the lowest value. Optimization algorithms in CNNs are helping us to minimize the

loss effectively. There are several useful optimization algorithms. We explicate stochastic

gradient descent (SGD), SGD with momentum, adaptive subgradient method (Adagrad),

adaptive learning rate method (AdaDelta) and adaptive moment estimation (Adam) in the

following paragraphs.

Gradient Descent is the foundation of optimization algorithms in neural networks.

When utilizing gradient descent to update parameters in neural networks, the speed of

minimizing the loss of networks could be the fastest. The formula of gradient descent is

defined as:

Θ = Θ− η · 5J(Θ) (3.21)
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where Θ are the parameters, η is the learning rate and 5J(Θ) are the Gradient of loss

J(θ) with respect to parameter Θ.

SGD. SGD update parameters for each training data. It is faster than gradient descent,

and is defined as:

Θ = Θ− η · 5J(Θ;xi, yi) (3.22)

where xi is one of the training input and yi is the corresponding desired output.

The parameters will be updated for each training data. Though frequent updating

could help discover better local minima, it also results in fluctuation during optimizing

process.

SGD with momentum. A technique called momentum is introduced to SGD in order

to accelerate and stabilize the convergence of networks. SGD with momentum [52] exploits

the previous update to calculate the current update. The formula of each update is defined

as:

4Θt = α · 4Θt−1 + η · 5J(Θ) (3.23)

where α is a fraction and named as momentum term, η is the learning rate and 5J(Θ)

are the Gradient of loss.

Thus, the parameter update formula is Θ = Θ−V (t). However, SGD with momentum

still has a problem. At the end of training process, the network almost reach to the minima,

the momentum remains high value and the training speed is relatively too fast. At that

point, we would like to slow down the training speed of approaching the minima in order to
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avoid missing the minima. Therefore, the adaptive learning rate optimization algorithms

are proposed.

Adagrad. Adagrad [53] is one of the adaptive learning rate optimization algorithms. In

the previous optimization algorithms, all network parameters are updated at the same time

as all parameters have the same learning rate. In Adagrad, each parameter at each time

step has a different learning rate. the parameter updating formula at time step t is:

Θi,t+1 = Θi,t −
η√

Gii,t + ε
· gi,t (3.24)

where η is the initial learning rate, gi,t is the gradient of Θi at time step t and ε is a small

number used to prevent division by 0. Also Gii,t is a function of previous gradients with

respect to Θi:

Gii,t =
t∑

τ=1

g2i,τ (3.25)

Though the learning rate is different for every parameter in Adagrad, it still has a prob-

lem that the learning rate is always decaying along with training process. Then Adadelta

[54] is proposed to solve the problem.

Adadelta. Instead of utilizing the summation of all past square gradients directly, Adadelta

calculates the sum recursively. the gradient sum Gii,t at time step t is defined as:

Gii,t = α ·Gii,t−1 + (1− α) · g2i,t (3.26)

where α is the momentum, it controls the percentage of previous gradients are being used.

gi,t is the gradient of Θi at time step t. After obtaining the gradient sumGii,t, the parameter

update formula is the same as Equ. (3.24).
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Adam. The previous optimization algorithms calculate different learning rate for differ-

ent parameter, also the fixed momentum is introduced into these algorithms. Adam [55]

makes a further improvement. It computes adaptive learning rate and adaptive momentum

value for each parameter. The formula for the parameter updating is defined as:

Θt+1 = Θt −
η√
v̂t + ε

m̂t (3.27)

where ε is a small number used to prevent division by 0. m̂t and v̂t are defined as:

m̂t =
mt

1− βt1
(3.28)

v̂t =
vt

1− βt2
(3.29)

where mt and vt are values of the first moment (mean) and the second moment (variance)

of the gradients respectively. βt1 and βt2 are the decay rate of the first moment and the

second moment respectively.

3.3 Typical Convolutional Architectures

A huge amount of convolutional architectures have been proposed since the first successful

convolution network has been proposed in 2012. In this section, we make an inventory of

the most typical and powerful neural network architectures.

3.3.1 AlexNet

AlexNet [14] is one of the first successful and popular convolution networks that solve

image classification task in computer vision. AlexNet was first proposed by Krizhevsky
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in Image Large Scale Visual Recognition Challenge (ILSVRC) [56] of 2012, This network

significantly outperformed the other methods which using traditional image classification

algorithms. The network achieved a top-5 error of 15.3%, more than 10.8 percentage points

lower than that of the runner up. Figure 3.12 illustrates the network. As shown in the

figure, it contains 5 convolutional layers to extract features, 3 max pooling layers to reduce

the number of training parameters and 3 fully-connected layers which are usually used

for classification tasks and not suitable for generation tasks. The contribution is huge as

bringing deep neural networks out to the public.

Figure 3.12: An illustration of the architecture of AlexNet (adopted from the original paper

[14]).

3.3.2 VGGnet

VGGnet is proposed by Simonyan et al. [33] in ILSVRC [56] of 2014. There are two

branches, VGG-19 and VGG-16. These two networks won the first and second place of

the competition. The 19 and 16 represent the number of layers of learnable parameters in

the networks. The architecture of VGG-16 is illustrated in Figure 3.13, which contains 13

convolutional layers for extracting features, 5 max pooling layers to reduce the number of
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training parameters and the 3 fully-connected layers for classification. The contributions

of the work are:

First, the VGGnet use 3 × 3 convolutional kernels stacked on top of each other can

replace large sized convolutional kernel. Moreover, these stacked 3 × 3 kernels are more

effective than large sized convolutional kernel.

Second, it proved that increasing convolutional depth is more powerful than increasing

convolutional width. This encourages scientists to build deeper neural networks.

Finally, it proved that using pre-training in small neural networks, which can help to

train larger neural networks.

Figure 3.13: An illustration of the architecture of VGG-16.

3.3.3 ResNet

In traditional neural networks, the output of each layer feeds into the following layer

directly. In principle, deeper network should have better performance. However, the

traditional networks with larger number of layers usually have worse perforamce than their

shallower counterparts, which is irrational. The reason is that with the increasing number
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of layers, the gradient vanishing problems occur, which is harmful for the performance of

networks. In order to solve the problem, He et al. [34] proposed Residual network, which

consists of several residual blocks. In these blocks, they proposed to add a skip connection

between input of block and output of block to preserve the gradients to avoid gradient

vanishing problem and skip several extra layers to avoid overfitting. Figure 3.14 illustrates

the architecture of residual block, which stacks convolution layer, BN layer and activation

layer. BN layer further helps to avoid gradient vanishing and explosion problems.

The ResNet achieves outstanding performance and is widely adopted by deep learning

networks rapidly. The depth of neural networks get impressively increased, some neural

networks contain up to hundreds of convolutional layers.

Figure 3.14: The structure of a residual block.

3.3.4 Inception

The Inception network series is proposed by Google, and it contains 4 versions, from v1 [15]

to v4. They mentioned a problem: the objects of interest are different for each input image,

therefore, the fixed size convolutional kernel is insufficient. They proposed a network that

can choose the right kernel size automatically. Each layer of Inception network contains
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multiple convolutional kernels of different sizes, which can capture features of different

sizes. The output of each layer is the concatenation of the outputs of these kernels. Figure

3.15 shows the naive version of Inception v1.

Figure 3.15: The structure of naive Inception v1 (adopted from the original paper [15]).

In the v2 version [36], they added an extra 1 × 1 convolution kernel before these

convolutional kernels of different sizes to reduce the number of parameters. Moreover,

they added BN layers to accelerate the network convergence speed. In the v3 version

[57], they factorized the convolutional kernels of large sizes into stacked 3 × 3 kernels as

described in VGG network. In the v4 version [58], they adopted residual learning by adding

residual connections between the input and output of each layer.

3.4 Summary

In this chapter, we introduced important concepts of convolution neural network, includ-

ing different functional layers, network training methods and several typical convolution

networks. Our proposed activated separate 3D convolution network is an improved convo-
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lution network which is based on 2D and 3D convolutions.
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Chapter 4

Video Super Resolution via Wide

Activated Separate 3D Convolution

We propose a wide activated separate 3D convolution based neural network for VSR. First,

we give the overview of our proposed framework in Sec. 4.1. Then, we illustrate the sub-

networks in our method in Sec. 4.2. Finally, we define the loss function used for our

training in Sec. 4.3.

4.1 Overview

Suppose ILRt is the tth LR video frame, and the resolution of ILRt is H ×W × C, where

H, W and C are the height, width and number of channels of the frame, respectively.

The resolution of the corresponding HR video frame IHRt is sH × sW × C, where s is

the up-sampling scale. Video super-resolution methods aim to recover the high quality
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HR video frame IHRt from the reference LR frame ILRt and 2N supporting frames { ILRt−N ,

ILRt−N+1,...,I
LR
t+N−1, I

LR
t+N }.

The structure of our proposed method is illustrated in Figure 4.1. It is an end-to-

end neural network that consists of four main sub-networks: temporal feature extraction,

temporal feature fusion, high-level feature extraction and HR frame reconstruction.

The temporal feature extraction sub-network aims to extract temporal and low-level

spatial information of the input reference (center) LR frame and the supporting (surround-

ing) LR frames. It contains 5 wide activated separate 3D convolutional residual blocks.

The temporal feature fusion sub-network aims to fuse these extracted temporal features.

It is a 2D convolutional layer. The high-level features extraction sub-network is to capture

the high-level missing components of the LR frames compared to the HR frame, which

consists of 22 wide activated 2D convolutional residual blocks. The HR frame reconstruc-

tion layer is to reconstruct the HR frame by using the LR feature maps, we adopt the

sub-pixel convolution layer proposed by Shi et al. [2]. Besides, we also adopt residual

learning, by adding the bicubically up-sampled reference LR frame with the output of our

network directly to help recover the HR frame better.

Figure 4.1: The proposed wide activated separate 3D convolution network for VSR.
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4.2 Architecture of Model

4.2.1 Wide Activated Separate 3D Convolutional Residual Block

Separate 3D Convolutional Layer

We introduced the traditional 3D convolution in Sec. 3.1. However, the 3D convolution

has several problems:

Firstly, the computation is expensive. Because 3D convolutional layers operate convo-

lution not only in the horizontal and vertically direction but also in the temporal domain.

The 3D convolutional kernel size is n × n × t, where n × n is the size of convolutional

kernel in spatial domain and t is the size of convolutional kernel in temporal domain.

Therefore, the parameter number of the 3D convolutional kernel is t times that of the 2D

convolutional kernel. With more trainable parameters, the network is more complex and

the computation is more expensive. Therefore, the optimization of the network is harder

to reach.

Secondly, it is difficult to build a very deep 3D convolutional network because of the

massive parameters of each 3D convolutioanl layer. The depth of a network has been

proven much important in deep neural networks. As a result, 3D CNNs has shown worse

performance than some deeper 2D CNNs in several tasks, though the parameter size of the

3D CNN model is equal or even larger than that of the 2D CNN model.

Finally, the 3D CNNs cannot be fine-tuned by a pre-trained model. All 3D CNNs must

be trained from scratch, which makes 3D CNNs lose the power of transfer learning and

pre-training. Therefore, the training of 3D CNNs is more difficult than that of 2D CNNs.

45



To solve the above mentioned problems, the separate 3D convolution [59] is an improved

3D convolution model. The separate 3D convolution decomposes a 3D convolution into a

2D spatial convolution and a 1D temporal convolution. There are 3 types of connection

methods: 2D spatial convolution followed by 1D temporal convolution, 2D spatial convolu-

tion followed by 1D temporal convolution with skip connection, and 2D spatial convolution

and 1D temporal convolution are connected in parallel. Our work is inspired by the sepa-

rate 3D convolution structure proposed by Tran et al. [60], which connect the 2D spatial

convolution and 1D temporal convolution in series. Figure 4.2 shows the structure of the

3D convolution and the separate 3D convolution. When the size of the 3D convolution

is n × n × t, the size of the 2D spatial and the 1D temporal convolutional kernel of the

separate 3D convolution are n× n× 1 and 1× 1× t, respectively.

Figure 4.2: 3D convolution and separate 3D convolution.

Wide 2D Convolutional Residual Blocks

As introduced in Sec. 3.3.3, residual blocks could solve the gradient vanishing problem

and work well in several computer vision tasks. However, the original residual blocks are

not suitable for generative tasks. Therefore, several improved residual blocks are proposed
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to suit for generation tasks. We adopt an improved 2D convolutional residual blocks, wide

2D convolution residual block [61] in our model. The wide 2D convolution residual block

has wider intermediate feature maps and narrower output feature maps while the original

residual block has the same channel size from input to output of the block. Figure 4.3

shows the comparison of the original residual block and the wide activated residual block.

These two blocks have the same number of parameters. For the original residual block,

the input, intermediate and output layers have the same number of channels. And for the

wide activated residual block, the intermediate layer has larger number of channels than

the input and output layers. It has been proved that the performance of wide 2D residual

blocks is better than the original residual blocks though the wide activated blocks and

original blocks have the same parameter complexity [62].

(a) Original 2D convolution residual block (b) Wide activated 2D convolution residual block

Figure 4.3: Comparison between original and wide activated 2D convolution residual

blocks.
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Wide 3D Convolutional Residual Blocks. Inspired by the wide activated residual

blocks and separate 3D convolution, we propose a novel wide activated separate 3D residual

block. Firstly, we eliminate the unnecessary activation layer of the separate 3D convolution

residual blocks, then combine the wide activation theory with the separate 3D convolution.

Our proposed model has wider intermediate layer which is generated by 2D convolution

along spatial domain and narrower output which is generated by 1D convolution along

temporal domain. Our model has wider activated layer than the original 3D convolution.

Figure 4.4 shows an example of the architecture of our proposed blocks. To establish the

temporal feature extraction sub-network, we stack 5 of these wide activated separate 3D

residual blocks to extract abundant temporal features from the input reference LR frame

and supporting frames effectively. In each block, the 2D convolutional layer in spatial

domain has wider output channel and the 1D convolutional layer in temporal domain has

narrower output channel.

Figure 4.4: A residual separate 3D convolution block.
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4.2.2 Temporal Features Fusion Layer

We concatenate all the output feature maps of the final 3D blocks along time dimension.

That means we convert the feature maps with size H ×W × (2N + 1)× C to the feature

maps with size H ×W × (2N + 1)C where H and W are the height and width of feature

maps, (2N+1) is the number of input LR frames and C is the output channel number.

Figure 4.5 illustrates the principle of concatenation layer. The concatenated feature maps

are followed by a 2D convolution layer to fuse the temporal information of these feature

maps.

Figure 4.5: Concatenation layer.
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4.2.3 High-Level Features Extraction Network

We use a high-level feature extraction network to capture the missing information of the

LR frame compared to an HR frame. After obtaining the fused LR features, the high level

features could be captured by that network. The network consists of 22 2D residual blocks

with wide activation. In these blocks, we use ReLU as activation function. Therefore, the

architecture of the sub-network is illustrated in Figure 4.6.

Figure 4.6: The architecture of high-level feature extraction sub-network.

4.2.4 HR Frame Reconstruction Layer

After extracting the high-level features of the LR input frames, we utilize a sub-pixel

convolution layer [2] to reconstruct the HR frame from the LR feature maps. Actually,

the sub-pixel convolution is a depth-to-space transformation, which arranges the pixels in

50



multiple LR feature maps as sub-pixels and merges these sub-pixels into the pixels of the

HR frame. For up-sampling scale is s, the size of HR frame is sH × sW × c when the size

of input feature maps is H ×W × s2c. Figure 4.7 illustrates the HR frame reconstruction

layer.

Figure 4.7: An illustration of sub-pixel layer with upsampling scale of 2.

4.2.5 Residual Learning

HR frames usually contain various content, including low and high frequency components.

However, in LR frames, the majority of low frequency components is usually preserved

and the majority of high frequency components is lost. Therefore, the VSR networks focus

on recovering the missing high frequency components. As illustrated in Figure 4.1, we use

bicubic interpolation method to up-sample the LR reference frame and add the up-sampled

image to the output of the network directly. This operation ensures that the network focus

on learning the residual compositions between the ground truth and the up-sampled image,

which is beneficial for the network learning. It not only eases the training of network also

solves the gradient vanishing and exploding problem.
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4.3 Loss Function

We use the spatial MSE as loss function to train our model, which is defined as:

Lsr =
1

N

1

M

N∑
i=1

M∑
j=1

[Isr(i, j)− Igt(i, j)]2 (4.1)

where N and M are the height and width of HR frame, Isr(i, j) is the pixel value of location

(i,j) in the reconstructed HR frame and Igt(i, j) is the pixel value of the same location (i,j)

in the ground truth HR frame.

The loss function is a function that maps the network evaluation to a real number,

representing the average squared difference between the reconstructed pixels values and

the actual pixels values. The optimization of the network is the process to minimize the

loss value by tuning parameters.

4.4 Summary

In this chapter, we presented our proposed VSR method. The proposed methods based

on wide activated separate 3D convolution residual block and wide activated 2D convolu-

tion residual block. Comparing to the original activated separate 3D convolution and the

original activated 2D convolution, the wide activated separate 3D convolution and wide

activated 2D convolution allow introducing more non-linear calculation units into network

while have the same numbers of parameters as the original activated counterparts. We also

defined our training loss which is used to evaluate the training process.
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Chapter 5

Experimental Results and Evaluation

In this chapter, we will introduce our experiments. First, we introduce the environment of

our experiments in Sec. 5.1. Then, we introduce the experimental settings in detail in Sec.

5.2. Finally, we compare our proposed method with other state-of-the-art VSR methods

in Sec. 5.3.

5.1 Environment Setup

We use a PC with an Intel Core i7-7700K CPU and a NVIDIA Geforce GTX 1080Ti GPU.

The PC also contains 16 GB DDR4 system memory to store our training and testing

dataset and 11 GB GPU-dedicated memory to store our CNN models. We implement our

VSR architecture based on the Tensorflow platform [63]. TensorFlow is an end-to-end open

source machine learning platform produced by Google. We deploy our implementations on

an operating system of Ubuntu version 18.04.2. NVIDIA proprietary driver and CUDA
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toolkit are installed to support GPU accelerated computation.

5.2 Experiment Settings

5.2.1 Datasets

Training Datasets

The training datasets have a great influence on the performance of deep learning based

networks. Therefore, a large-scale and content-rich dataset is important for training high-

performance networks. For SISR task, there are several publicly available large-scale

datasets: a dataset contains 291 images, which is consisting of 91 images from Dong et al.

[64] and 200 images from Martin et al. [65]. The other dataset is consisting of images

randomly selected from ImageNet [14]. The last dataset is the DIV2K [27], which contains

1000 2K-resolution HR images.

Similarly, a large-scale dataset that contains sufficient and high-quality HR videos is

significant in training high-performance VSR networks. However, there is no publicly

availabe dataset in VSR task. The previous methods [6, 8, 10, 66] usually collect their

own datasets. Jo et al. [66] collected 351 videos from the Internet, including wildlife,

activity and landscape contents. Then, they cropped the selected videos to produce the

patches of 144 × 144 resolution. And they also sampled 160,000 ground truth patches

as training dataset. Tian et al. [10] used Vimeo Super-Resolution dataset [67] as their

training dataset, which contains 64,612 training samples, each of which contains seven

consecutive frames with size of 448 × 256. Sajjadi et al. [8] produced their high-quality
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dataset by selecting 40 high-resolution videos downloaded from vimeo.com. They firstly

down-sampled the original videos by a factor of 2 and then extracted patches of size 256

× 256 to generate the HR videos.

Thanks to Sajjadi et al. [8] for providing the URLs of their used videos on their website,

even though some videos are not accessible right now. The rest of videos are sufficient for

us to generate our large-scale video dataset. We collected 31 videos from the video list

on the website of Sajjadi. 16 of them are 4K videos, 9 of them are 1080P videos and the

rest are 720P videos. We down-sampled all the 31 videos by a factor of 2 and split them

into fragments that do not include sudden scene changes by using FFmpeg. We extracted

1898 fragments in these videos and cropped them into patches with size of 384 × 384

resolution randomly to generate ground truth HR fragments. For each cropped fragments,

we have to make sure that the fragments conatain sufficient amount of motion. The first 30

consecutive frames of each fragment are our training dataset. In total, the training dataset

contains 56,940 ground truth HR video frames. Table 5.1 shows the basic information of

our training dataset.

Testing Datasets

Almost all the previous papers used the same test dataset VID4 [68]. The dataset consists

of four test videos, each of which contains different type of contents:

- Calendar has plenty of hand-drawn texture and text content.

- City has buildings with rich details of different scales.
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Table 5.1: The information about our training dataset.

Information Training dataset

Ground truth resolution 384× 384

Codec H.264

Frame rate 30

Frames per fragment 30

Total frames 56,940

- Foliage has fast-moving vehicles and thin tree branches.

- Walk contains a large number of human faces and clothes.

As mentioned in Sec. 4.1, a VSR network usually takes (2N + 1) consecutive LR

frames as input frames. The preceding N LR frames and succeeding N LR frames are the

supporting frames and the center frame is the reference frame. The ground truth is the

HR frame in the center. The input frames are selected by a sliding window whose length

is (2N + 1) and moving step length is 1. In order to ensure that each reference LR frame

has sufficient number of supporting frames, the first N frames and the last N frames should

not be regarded as reference frames. Therefore, we only use M − 2N frames as reference

frames when the fragment contains M frames.

The previous methods usually exploit 3, 5 and even 7 consecutive LR frames to recon-

struct the HR frame. In our experiments, the size of input LR frames is 5 because the

separate 3D convolution convolves along the temporal domain using a convolution kernel
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of size 3. Moreover, 5 is the most appropriate size of input LR frames for the trade-off

between time complexity and performance. Therefore, the first and last 2 frames of each

video are not used as center LR frames.

Down-sampling Methods

In our experiments, we test on the situation where up-sampling scale s is 2, 3 and 4. The

HR frames are patches with resolution of 384 × 384. The LR input frames are patches with

resolutions of 192 × 192, 128 × 128 and 96 × 96, according to the different up-sampling

scales. We use the imresize function in Matlab to generate LR frames. The imresize

function utilizes bicubic down-sampling method to down-sample HR frames. Moreover,

the function has an antialiasing model to prevent aliasing when shrinking an image. Also,

different Python libraries have different default down-sample methods. OpenCV uses bilin-

ear as the default down-sampling method and Python Imaging Library (PIL) uses nearest

neighbour as the default down-sampling method. In scikit-image library of Python, the

resize function uses bilinear down-sampling method as the default. The difference between

this library and the other two is its antialiasing model which is similar to imresize function

in Matlab while none of the previous two libraries has the antialiasing model. We denote

this direct down-sampling method as BI in our thesis.

Another method is to blur HR frames by a Gaussian kernel and then down-sample the

blurred HR frames by selecting every 4-th pixel in each spatial direction. We denote this

down-sampling method as BD in our thesis.

In our experiments, we adopt the first down-sampling method to obtain our LR frames.
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Table 5.2: The parameter size of each sub-network components.

Sub-networks Number of parameters

Temporal feature Extraction
Separate 3D

 1× 3× 3× 1× 32

3× 1× 1× 32× 32

× 1

Wide separate 3D

 1× 3× 3× 32× 128

3× 1× 1× 128× 32

× 5

Temporal feature Fusion 2D 3× 3× 128× 32

High-level feature Extraction Wide 2D residual

 3× 3× 32× 128

3× 3× 128× 32

× 22

HR reconstruction 2D 3× 3× 32× scale2

For the second down-sample method, almost all previous works did not publish their sizes

of Gaussian kernel, so it is hard to compare the results on a fair basis. Therefore, we do

not use the second down-sampling method for our experiments.

5.2.2 Training and Parameters

As mentioned, we perform different up-sampling scales to test the efficiency of our method.

Therefore, the HR reconstruction sub-network has different number of output channels cor-

responding to different up-sampling scales. We did a serial of experiments and referred to

several previous papers [6, 8, 10, 66] to choose the optimum parameters. We set each train-

ing sequence contains 5 consecutive LR frames. We implement our network by Tensorflow
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[63] and utilize NVIDIA 1080TI GPU to accelerate training process.

We use Adam as our optimizer, we use the default setting: β1 = 0.9 and β2 = 0.999. The

mini-batch size of training is set to 16, which means there are 16 groups of LR sequences

input into the network in one time. The learning rate of training is initialized to 10−4 for

all layers and decreases half for every 100 epochs.

All the weights are initialized with random normal distributions with standard deviation

equal to 1e−2 and all biases are initialized to 0.

To clarify the parameters of each layer in our proposed network, Table 5.2 shows the

parameters in each sub-network of the whole network.

5.2.3 Evaluation Metrics

There are two kinds of image quality evaluation metrics in VSR task: peak-signal-to-noise

ratio (PSNR) and structural similarity (SSIM) [69].

The PSNR is an expression for the ratio between the maximum possible value (power) of

a signal and the power of distorting noise that affects the quality of its representation. The

PSNR evaluates the mean squared error between ground truth images and reconstructed

HR images, and higher PSNR represents less noise in reconstructed image. The expression

of PSNR is defined as:

PSNR = 10log10

(
MAX2

MSE

)
(5.1)

where MAX is the maximum value of each pixel in the image, and it is usually equal to

255 for color and gray images. MSE is defined in Equ. (4.1).
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The PSNR is an objective evaluation metric, however, it has a bias to over-smoothed

images as it evaluates the squared error. It tends to give higher scores to these reconstructed

images that remove not only noise but also a part of the high frequency textures.

The SSIM is a method for evaluating the perceived quality of reconstructed frames. It

takes the similarity of high frequency components (such as lines, edges) into consideration.

Therefore, the reconstructed images have to remove noises and preserve the high frequency

components of HR images to get higher SSIM score. The expression of SSIM is defined as:

SSIM(x, y) = [l(x, y)α · c(x, y)β · s(x, y)γ] (5.2)

where x and y are two different images, l(x, y), c(x, y), s(x, y) are the three comparison

measurements. l(x, y) is the luminance, c(x, y) is the contrast and s(x, y) is the structure

measurments. The α, β and γ are the importance factor, and they are usually eauql to 1.

The three comparison measurements are defined below:

l(x, y) =
2µxµy + c1
µ2
x + µ2

y + c1
(5.3)

c(x, y) =
2σxσy + c2
σ2
x + σ2

y + c2
(5.4)

s(x, y) =
σxy + c3
σxσy + c3

(5.5)

where µx and µy are the average of x and y, σx and σy are the standard deviation of x and

y, σxy is the cross-covariance of x and y. c1 and c2 are two variables to stabilize the division

with weak denominator, c3 is equal to
c2
2

by default. Also, c1 and c2 are defined as:

c1 = (k1L)2 (5.6)

c2 = (k2L)2 (5.7)
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where L is the maximum value of each pixel in the image, it is usually equal to 255 for

color and gray images. k1 and k2 are two decimals smaller than 1.

The SSIM is more subjective, it tends to look for images that have high perceptive

quality, better quality for human eyes. However, the computation is complex. Therefore,

it is always used together with the PSNR to evaluate the quality of reconstruction.

5.2.4 Color Space

For the utilization of color space information of input LR frames, there are two different

formats: RGB and YCbCr. In our experiments, we convert images to YCbCr format and

only utilize the luminance (Y) information, because humans are more sensitive to brightness

changes than color changes, and, the luminance channel contains majority of information

of images. As a result, only the luminance (Y) component is used for evaluation.

The mainstream conversion standard of RGB-YCbCr is ITU-R BT.601. The standard

is implemented in Matlab and scikit-image library of Python. The YCbCr format images

can be obtained by the following equations:

Y = 16 +
65.738 ·R

255
+

129.057 ·G
255

+
25.064 ·B

255
(5.8)

Cb = 128− 37.945 ·R
255

− 74.494 ·G
255

+
112.439 ·B

255
(5.9)

Cr = 128 +
112.439 ·R

255
− 94.154 ·G

255
− 18.285 ·B

255
(5.10)

Generally, the value of each pixel is range from 0 and 255, where 0 represents the black

and 255 represents white. However, the values of Y channel according to the above formula

is ranging from 16 to 235. The values below 16 are called footroom and those larger than
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235 are called headroom. Both of them are reserved for possible overshooting in analog

video equipment.

Another conversion standard is JPEG, which is widely implemented in Python libraries,

such as OpenCV, Scipy and PIL. The definition is much different from the ITU-R BT.601

standard. The conversion are defined as:

Y = 0 + 0.299 ·R + 0.587 ·G+ 0.114 ·B (5.11)

Cb = 128− 0.168736 ·R− 0.331264 ·G+ 0.5 ·B (5.12)

Cr = 128 + 0.5 ·R− 0.418658 ·G− 0.081312 ·B (5.13)

The numerical values of PSNR and SSIM are different when using different conversion

standards to evaluate the same reconstructed HR frame. According to the experimental

results of previous methods, they use ITU-R BT.601 as conversion standard and extract

the Y channel to calculate the values of PSNR and SSIM.

In our experiments, we only exploit luminance channel for training and testing (JPEG

standard), we do not normalize the pixel values as all pixel values in an image have the

same scale (range from 0 to 255). However, the same as other methods, we evaluate our

method on luminance channel which is produced by ITU-R BT.601 standard.
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Table 5.3: PSNR and SSIM results on videos of VID4 with up-sampling scales of 2, 3 and

4.

Scale Calendar City Foliage Walk

×2
PSNR 28.98 32.45 30.64 33.54

SSIM 0.94 0.92 0.92 0.95

×3
PSNR 25.59 29.63 27.98 31.17

SSIM 0.85 0.86 0.85 0.90

×4
PSNR 22.80 27.96 26.39 29.31

SSIM 0.78 0.81 0.77 0.87

5.3 Experimental Result Comparisons

5.3.1 Experiments Results

In this part, we will show results of our proposed method on VID4. Figure 5.1 shows the

MSE loss changes during the training process. The results of our proposed method on four

videos of VID4 dataset are shown in Table 5.3

5.3.2 Results Comparison with Other methods

Table 5.4 shows the comparison results of our proposed wide separate 3D convolution

for VSR method with other state-of-the-art video super-resolution methods on the VID4

dataset with up-sampling scales of 2, 3 and 4. The first and last two frames are not used in
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Figure 5.1: The training loss changes along the epoches.

our evaluation. As shown in Table 5.4, our proposed method outperforms the state-of-the-

art methods with an average of 0.41 dB in PSNR and 0.013 in SSIM when the up-sampling

scale of 4. Also, our method achieves the best result with the up-sampling scales of 2 and 3.

The visual comparisons when the up-sampling scale is 4 are shown in Figures 5.2 through

5.5. For Figure 5.2, the text are recovered more clearly by our proposed method. For

Figure 5.3, the edges of the windows and detailed textures are recovered more realistically

by our proposed method. For Figure 5.4, the hubs of the car are recovered more clearly

by our method. For Figure 5.5, the human faces are recovered more realistically by our

method.

We also demonstrate the effectiveness of the proposed wide activated separate 3D resid-

ual block and the original activated separate 3D residual block. We compare the training

loss when train the wide activated method and original activated method with similar

parameter sizes and exactly the same training setups. Figure 5.6 shows the loss changes

of wide activated separate 3D method and original activated separate 3D method during
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Table 5.4: Comparison of PSNR and SSIM on VID4 dataset with up-sampling scales of 2,

3 and 4. The first and last two frames are not used for calculation. Our method achieves

the best performance in PSNR and SSIM.

Scale Average Bicubic VSRnet [5] VESPCN [6] SPMC [7] FRVSR [8] DUF [9] Ours

×2
PSNR 28.43 31.30 - - - - 31.40
SSIM 0.868 0.928 - - - - 0.933

×3
PSNR 25.28 26.79 27.25 27.49 - - 28.60
SSIM 0.733 0.697 0.845 0.840 - - 0.865

×4
PSNR 23.81 24.73 25.34 25.88 26.17 26.21 26.62
SSIM 0.634 0.697 0.730 0.774 0.798 0.798 0.811

(a) Bicubic (b) SPMC [7] (c) FRVSR [8] (d) DUF [9] (e) Ours (f) Ground Truth

Figure 5.2: Visual comparison of wide activated separate 3D convolution network and

other state-of-the-art methods on calendar.
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(a) Bicubic (b) SPMC [7] (c) FRVSR [8] (d) DUF [9] (e) Ours (f) Ground Truth

Figure 5.3: Visual comparison of wide activated separate 3D convolution network and

other state-of-the-art methods on city.

(a) Bicubic (b) SPMC [7] (c) FRVSR [8] (d) DUF [9] (e) Ours (f) Ground Truth

Figure 5.4: Visual comparison of wide activated separate 3D convolution network and

other state-of-the-art methods on foliage.
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(a) Bicubic (b) SPMC [7] (c) FRVSR [8] (d) DUF [9] (e) Ours (f) Ground Truth

Figure 5.5: Visual comparison of wide activated separate 3D convolution network and

other state-of-the-art methods on walk.

training process. Table 5.5 shows the comparison results of the wide activated separate

3D convolution and original separate 3D convolution on VID4 with up-sampling scale of

4. The visual comparisons are shown in Figures 5.7 to 5.10. We can see from the Figure

5.7 to Figure 5.10, the text, shape of windows, hub of car and the texture of cloth are re-

covered more realistically by our wide activated separate 3D convolution than the original

activated separate 3D convolution.

5.3.3 Results on additional real-world examples

To enrich our experiments and verify the effectiveness of our method, we evaluate our

method with an additional real-world test dataset which is provided by Tao et al. [7].

They collect the dataset from several commercial videos, which contain abundant natural-

world and urban scenes. The test dataset consists 30 different sequence and each of them

contains 31 consecutive frames. They down-sample all the original frames to generate

patches with resolution of 960 × 540 as ground truth. Then they use bicubic down-
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Figure 5.6: The training loss changes of wide activated separate 3D convolution method

and original activated separate 3D convolution method

.

sampling method to generate LR frames. The first and last two frames of each sequence

should not be considered as reference LR frames in order to ensure each reference frame

have four supporting frames.

We test our method on the test dataset with the up-sampling scale of 4. Due to space

limitations, visual comparison on only one frame of the six videos of the test dataset are

shown in Figure 5.11 to Figure 5.16. These figures show the results of the original activated

separate 3D convolution and wide activated separate 3D convolution. Our method has

higher PSNR and SSIM for Figure 5.11 to Figure 5.14. For Figure 5.15, our method

and original activated separate 3D convolution method have the same PSNR. And for

Figure 5.16, our method has higher SSIM. We can see from the Figure 5.11 and 5.12, the

horizontal edges of the building and the texture of the armour are recovered more clearly

by our method. For Figure 5.13 and 5.14, the shadow of the handrail and the texture of

window are recovered more realistically by our method. For Figures 5.15 and 5.16, the
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Table 5.5: Comparison of results of wide activated separate 3D convolution and original

separate 3D convolution on videos of VID4 with up-sampling scale of 4.

VID4 Wide activated separate 3D Original activated separate 3D

PSNR SSIM PSNR SSIM

Calendar 22.80 0.78 22.80 0.78

City 27.96 0.81 27.88 0.80

Foliage 26.39 0.77 26.30 0.76

Walk 29.31 0.87 29.03 0.86

(a) Full image (b) Original activated (c) Wide activated (d) Ground truth

Figure 5.7: Visual comparison of wide activated and original activated separate 3D convo-

lution on calendar.
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(a) Full image (b) Original activated (c) Wide activated (d) Ground truth

Figure 5.8: Visual comparison of wide activated and original activated separate 3D convo-

lution on city.

(a) Full image (b) Original activated (c) Wide activated (d) Ground truth

Figure 5.9: Visual comparison of wide activated and original activated separate 3D convo-

lution on foliage.
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(a) Full image (b) Original activated (c) Wide activated (d) Ground truth

Figure 5.10: Visual comparison of wide activated and original activated separate 3D con-

volution on walk.

text and the face of the statue are recovered more clearly by our method.

5.4 Summary

In this chapter, we showed the experimental settings and the experimental results. We

compared our method with other state-of-the-art methods in terms of PSNR and SSIM

on VID4 dataset with up-sampling scales of 2,3 and 4. The comparisons demonstrate that

our method outperforms other methods. We compared our method with other methods

on real-word examples to reinforce the demonstration. In addition, we did experiment to

compare the wide activated separate 3D convolution and the original activated separate

3D convolution. The results demonstrated the superiority of our method.
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(a) Full image (b) Original activated (PSNR 20.70 dB / SSIM 0.667)

(c) Wide activated (PSNR 20.76 dB / SSIM 0.669) (d) Ground truth

Figure 5.11: Visual comparison of wide activated and original activated separate 3D con-

volution on hdclub 003 001.
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(a) Full image (b) Original activated (PSNR 22.46 dB / SSIM 0.787)

(c) Wide activated (PSNR 22.75 dB / SSIM 0.800) (d) Ground truth

Figure 5.12: Visual comparison of wide activated and original activated separate 3D con-

volution on hitachi isee5 001.
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(a) Full image (b) Original activated (PSNR 27.84 dB / SSIM 0.857)

(c) Wide activated (PSNR 27.90 dB / SSIM 0.860) (d) Ground truth

Figure 5.13: Visual comparison of wide activated and original activated separate 3D con-

volution on jvc 009 001.
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(a) Full image (b) Original activated (PSNR 30.26 dB / SSIM 0.869)

(c) Wide activated (PSNR 30.41 dB / SSIM 0.874) (d) Ground truth

Figure 5.14: Visual comparison of wide activated and original activated separate 3D con-

volution on NYVTG 006.
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(a) Full image (b) Original activated (PSNR 25.95 dB / SSIM

0.769)

(c) Wide activated (PSNR 25.95 dB / SSIM 0.768) (d) Ground truth

Figure 5.15: Visual comparison of wide activated and original activated separate 3D con-

volution on PRVTG 012.
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(a) Full image (b) Original activated (PSNR 25.38 dB / SSIM 0.750)

(c) Wide activated (PSNR 25.36 dB / SSIM 0.751) (d) Ground truth

Figure 5.16: Visual comparison of wide activated and original activated separate 3D con-

volution on RMVTG 011.
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Chapter 6

Conclusions

In this thesis, we proposed a novel convolution network based method for VSR task: the

wide activated separate 3D convolution residual block. The proposed method aims to

overcome the limitations of previous methods.

• We introduced the separate 3D convolution into VSR problem for the first time. We

proposed a improved separate 3D convolution - wide activated separate 3D convo-

lution residual block. With introducing the wide activated separate 3D convolution,

we added more activated units into the network while maintained the same number

of parameters as the original counterpart. The experiments proved that the wide ac-

tivated separate 3D convolution network outperforms the original activated separate

3D convolution network in temporal information capture.

• Most of previous methods utilized a 2-component structure: a super-resolution model

combined with a motion estimation and compensation model. Unlike these previous

methods, our proposed wide activated separate 3D convolution network for VSR
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only contains an end-to-end super-resolution model. The wide activated separate

3D convolution contains convolution operation in the spatial domain as well as in

the temporal domain, which allows the network have the capability of extracting the

spatial-temporal feature directly. Compared with these two-component models, our

method can be trained as a whole, which ensures the network to reach the optimum

easily. The comparisons in terms of PSNR and SSIM on VID4 test dataset with

up-sampling scales of 2,3 and 4 demonstrated that the wide activated separate 3D

convolution blocks outperform these VSR methods that utilize motion estimation

and compensation models.

In the future, we would like to further enhance our wide activated separate 3D convolu-

tion. We will try to replace the 3D convolution along spatial domain with the deformable

convolution, which have the ability to adapt to the geometric variations of objects. The

deformable convolution can gradually align the input LR frames, which can help to better

utilize the temporal information.
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