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ABSTRACT

Compression has been one of the most fundamental and elusive challenges in both

academia and industry. With the sheer increase of high-definition video content over the

internet, developing improved compression algorithms becomes an urgent necessity. This

thesis tackles the problem of visual content compression: how to reduce the transmitted

data volume under specific application scenarios. One of the core steps is how to remove

the redundancy to achieve a compact latent representation. We approach the problem

from two directions: prediction and transform. While a typical prediction process targets

at removing the statistical redundancy between the reference and current image blocks,

and transform further removes the inter-pixel redundancy between residual samples. We

will address compression for machine vision and related topics.

In compression for machine vision, machines will communicate amongst them-

selves to perform tasks without a human in the mix, which requires a separate pipeline
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to achieve optimal coding performance. We aim to investigate how to efficiently trans-

mit image features in low latency scenario and focus on developing a multiple-transform

solution to achieve a more compact data representation for image retrieval task. Multiple-

transform solution is proven to be more efficient to preserve more distinguishable prop-

erties for a large-scale dataset. However, over-sized transform candidate list burdens the

bit-rate constraint. We develop a merge scheme to search for the optimal transforms from

available transform candidates.

We will also present our efforts at contributing the development of next-generation

video coding standard: Versatile Video Coding (VVC), and exploring improved intra pre-

diction schemes beyond the High Efficiency Video Coding (HEVC) standard. 1) Based

on observations on the properties of DST-7 and DCT-8, a dual-implementation support

solution is developed to reduce the software run-time complexity. The (anti-)symmetric

features are leveraged to reduce the number of arithmetic operations involved in deriving

the transformed coefficients from the residual block. The scheme has been adopted by

MPEG VVC standardization development group and was integrated into VVC reference

software. 2) In prediction-relevant attempts, we explore both traditional and Convolu-

tional Neural Network (CNN)-based schemes. Multiple Linear Regression is utilized to

further explore spatial correlation with reference pixels and existing intra prediction. A

CNN-based scheme is developed by combining local and non-local information for intra

prediction. We demonstrate the effectiveness of these approaches.

iv



APPROVAL PAGE

The faculty listed below, appointed by the Dean of the School of Graduate Studies, have

examined a dissertation titled “Compression for Machine Vision and Beyond,” presented

by Zhaobin Zhang, candidate for the Doctor of Philosophy degree, and hereby certify that

in their opinion it is worthy of acceptance.

Supervisory Committee

Zhu Li, Ph.D., Committee Chair
Department of Computer Science & Electrical Engineering

Yugyung Lee, Ph.D.
Department of Computer Science & Electrical Engineering

Reza Derakhshani, Ph.D.
Department of Computer Science & Electrical Engineering

Cory Beard, Ph.D.
Department of Computer Science & Electrical Engineering

Sejun Song, Ph.D.
Department of Computer Science & Electrical Engineering

v



CONTENTS

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

ILLUSTRATIONS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

ACKNOWLEDGEMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

Chapter

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Motivation and Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 MOBILE VISUAL SEARCH COMPRESSION . . . . . . . . . . . . . . . . . 12

2.1 An Overview of MVS . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 The Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3 SIFT Manifold Partition Tree . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 Weighted Grassmann Pruning . . . . . . . . . . . . . . . . . . . . . . . 23

2.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3 FAST TRANSFORM FOR VVC . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.1 History of MTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2 Discrete Sinusoidal Transform Family . . . . . . . . . . . . . . . . . . . 43

vi



3.3 Fast Multiple Transform Selection . . . . . . . . . . . . . . . . . . . . . 45

3.4 Theoretical Proof . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.5 Complexity Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4 IMPROVED INTRA PREDICTION BEYOND HEVC . . . . . . . . . . . . . 83

4.1 Overview of ANN-based Approaches . . . . . . . . . . . . . . . . . . . 84

4.2 Performance Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.3 MLR for Intra Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.4 CNN for Intra Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

5 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

REFERENCE LIST . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

VITA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

vii



ILLUSTRATIONS

Figure Page

1 Timeline of video coding standards evolution. . . . . . . . . . . . . . . . 3

2 Framework of MVS compression. . . . . . . . . . . . . . . . . . . . . . 18

3 Building the SIFT Manifold Partition Tree (SMPT). . . . . . . . . . . . . 22

4 Grassmann distance and principle angles. . . . . . . . . . . . . . . . . . 24

5 Illustration of Grassmann pruning process. . . . . . . . . . . . . . . . . . 27

6 SIFT descriptor energy preservation comparison. . . . . . . . . . . . . . 34

7 Results of SIFT pair-wise matching. . . . . . . . . . . . . . . . . . . . . 36

8 Results of image retrieval. . . . . . . . . . . . . . . . . . . . . . . . . . 37

9 The first four basis plots of DCT-II, DST-VII and DCT-VIII. . . . . . . . 44

10 Fast 16-point DST-VII forward transform algorithm. . . . . . . . . . . . 47

11 Feature #2 shows a mirror-(anti)symmetric pattern. . . . . . . . . . . . . 51

12 Sinusoidal graphs of the tuned transform basis. . . . . . . . . . . . . . . 58

13 Software execution time of the Luma component. . . . . . . . . . . . . . 70

14 Illustration of color space conversion. . . . . . . . . . . . . . . . . . . . 91

15 PSNR results of LBC methods comparing with HEVC/VVC. . . . . . . . 93

16 MS-SSIM results of LBC methods comparing with HEVC/VVC.. . . . . 94

17 HEVC angular intra prediction modes. . . . . . . . . . . . . . . . . . . . 99

18 Framework of the MIP model. . . . . . . . . . . . . . . . . . . . . . . . 102

viii



19 Illustration of integrating MIP model into HEVC. . . . . . . . . . . . . . 103

20 Framework of CIP model. . . . . . . . . . . . . . . . . . . . . . . . . . 109

21 Illustration of integrating CIP model into HEVC. . . . . . . . . . . . . . 112

ix



TABLES

Tables Page

1 Overview of existing MVS descriptors . . . . . . . . . . . . . . . . . . . 17

2 Comparison of with and without pseudo-inverse projection . . . . . . . . 29

3 Overview of MPEG CDVS dataset. . . . . . . . . . . . . . . . . . . . . . 32

4 Comparison by using different Grassmann metrics . . . . . . . . . . . . . 35

5 Basis functions of DCT-II, DST-VII and DCT-VIII for N -point input. . . 43

6 Feature #1 applicable equation groups of 16-point DST-VII. . . . . . . . 54

7 Comparison of the tuned transform matrices and the original transform

matrices. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

8 The number of arithmetic operations for a 1D forward/inverse transform. . 67

9 Comparisons on software execution speed (seconds). . . . . . . . . . . . 69

10 Additional metrics related to the proposed fast method. . . . . . . . . . . 72

11 Run-time performance compared with VTM-3.0 under CTC. . . . . . . . 74

12 BD-Rate performance using tuned transform matrix under CTC. . . . . . 76

13 Run-time performance compared with VTM-3.0 under Low QP. . . . . . 81

14 BD-Rate performance of using tuned transform matrix compared with

VTM-3.0 under Low QP. . . . . . . . . . . . . . . . . . . . . . . . . . . 82

15 Comparison with related methods. . . . . . . . . . . . . . . . . . . . . . 82

16 The implementations of each LBC method. . . . . . . . . . . . . . . . . 90

x



17 Decoding time in seconds on VVC CTC test sequences. . . . . . . . . . . 96

18 Specification of intra prediction modes and associated names . . . . . . . 100

19 The BD-Rate results of MLR for Intra prediction. . . . . . . . . . . . . . 105

20 The BD-Rate results of CIP model. . . . . . . . . . . . . . . . . . . . . . 115

xi



ACKNOWLEDGEMENTS

The past four years at UMKC have been an invaluable and memorable experience

to me. When I first started my PhD in 2016, I knew little about this country and everything

was completely new to me. Conceptually, I had some knowledge of “compression”, but

I had never heard of the term “video coding”. It is unbelievable that over the following

years I have been doing research about compression and participating in the development

of video coding standards. I had been very fortunate to witness the standardization process

of next-generation video coding standard, as well as the take off of applying ANN to

compression. I felt quite excited, and occasionally panicked, from the beginning of this

journey to be a part of this trend. I would have not been able to make this journey without

the help and support of many people, to whom I feel deeply indebted.

First and foremost, my greatest thanks go to my advisor Zhu Li. He has a wide

range of knowledge and always has a very insightful, high-level view about the field. The

wealth of knowledge enables him viewing the problems systematically, that helps me out

understanding erroneous zone timely. More importantly, Zhu is an extremely kind, open-

minded and supportive advisor that I could not have asked for more. He always believes

in me and gives me affirmative response even though I am not always that confident about

myself. His courage, optimism and humor inspire me to keep going. I would also like to

express my gratitude to him for introducing Li Li to me.

I would like to thank Li Li — a knowledgeable mentor as well as a good friend to

me. Li is an extremely charming and enthusiastic person for both work and life. There is



always such an aura of calm around him, and such an acute sense of research, that he is

always “The Man Who Had the Answers”. I always feel my passion getting ignited after

talking with him. He can always keep everything in good order and well arranged. I want

to thank Li Li for managing the UMKC MCC Lab and sharing his ideas with us. I will

always be proud to be a part of this family.

During my PhD, I have done internships with Tencent Media Lab. I would like to

thank my mentors Shan Liu, Xin Zhao, Xiang Li and Xiang Zhang. My internship project

of Fast DST-7/DCT-8 leads to the adopted proposal as a part of this dissertation. I was

impressed by their professionalism, proactiveness and initiative. I have learned import

lessons from them for a successful future career.

Collaboration is a big lesson that I have learned. It has been a great honor to

cooperate with Zhangyang Wang — a talented researcher at TAMU. He has a very clear

sense about how to define an impactful research topic. He is always very passionate and

energetic in research. I can barely understand how one can work so efficiently and orderly.

I also want to thank Yiting Shao, with whom we had a very good experience working on

point cloud compression.

I thank the whole UMKC MCC Lab members, especially Yangfan Sun, Hongcheng

Jiang and Wei Jia, who are all very helpful and they gave me a lot of support at various

times.

Outside my research life, I have been extremely lucky being supported by many

great friends. Just to name a few (and forgive me for not being able to list all of them):

Xiaoliang Liu, my good friend since my elementary school. Although we are following

xiii



different career paths, he is always so supportive and thoughtful. He is the person that

I could always rely on whenever I need a hand. Yue Li, a brilliant video coding PhD at

USTC. He has very solid background and always has very insightful perspective towards

research problems. I keep learning from him and getting inspired from every discussion.

Jieyang Li, my like-minded friend. He has a lot of interesting ideas, for life and work. I

share a lot of joyous and stressful moments with him. Mouqing Jin, a trusted and helpful

“brother”. I am glad spending the time with him in UMKC. Kobe Bryant, my spiritual

idol. My condolences on the passing of this basketball genius. His life is so inspiring and

watching him on the court always reinvigorated me whenever I feel frustrated. I would

like to thank him for his company in the years of my youth.

I want to thank my parents: Jifa Zhang and Xiurui Ma. I would like to express my

gratitude for the love and care they gave me from childhood. They made me who I am

today and I never know how to make myself worthy of their care and upbringing. I hope

that they are at least a little proud of me for what I have been through so far. I would like

to thank my parents-in-law: Quanfen Pei and Gaiwei Han for their care and support. I

would not have been able to make it without their help, especially in the first year of my

PhD.

Lastly, I would like to thank my wife Pengpeng Pei and my son Ethan Zhang.

Pengpeng sacrificed a lot for me and this family. She is not only my partner, but also

my best friend and the person that I admire most, for her courage and dedication. I am

so appreciative to her unconditional care and love. She also brought our precious little

baby to me in the winter of 2017. It was an unforgettable moment when I first held such

xiv



a little one in my hands. I felt excited, happy and a little bit nervous. A new baby means

responsibility to me, but it is also a beginning of all things – wonder, hope, a dream of

possibilities. There are no words that can describe the euphoria I feel when he recognizes

me for the first time and smiles. I want to thank Chad Wright and April Wright, who

treated us as a part of their family. I am so grateful for what they have done for us,

especially when we were preparing for the newborn.

xv



CHAPTER 1

INTRODUCTION

Benefit from the rapid development in video capture and video streaming devices,

video content has been increasing at an astonishing speed. Video content is estimated

to occupy up to 82% IP traffic over the internet by the year 2021 [1]. Transmitting over

the internet challenges existing visual compression solutions. It is estimated that current

compression scheme struggles to process the large volume data even 5G technology is

deployed. Advanced techniques need to be explored for the rapidly increasing media

content. MPEG standardization group has been working on compression for machine

vision and the next-generation video coding standard.

1.1 Background

1.1.1 Video Coding for Machines

Traditional coding methods aim for the best video/image under certain bit-rate

constraint for human consumption. However, with the rise of machine learning applica-

tions, along with the abundance of sensors, many intelligent platforms have been imple-

mented with massive data requirements including scenarios such as connected vehicles,

video surveillance, and smart city.

The sheer quantity of data being produced constantly leads previous methods with

a human in the pipeline to be inefficient, and unrealistic in terms of latency and scale.
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There are additional concerns in transmission and archive systems which require a more

compact data representation and low latency solution. This led to the introduction of

Video Coding for Machines. A typical use-case is mobile visual search (MVS) applica-

tion.

With high-resolution cameras, powerful CPUs and pervasive wireless connec-

tions, mobile devices can use image as search queries for objects observed by user [2].

Mobile Visual Search (MVS) applications make use of image processing technologies

to recognize captured images by camera-equipped mobile devices and then retrieve rel-

evant information. Emerging applications include military aerial re-identification, scene

retrieval, landmark recognition and product identification. Instead of directly transmitting

the captured images to the server which might results in unacceptable time delay over the

wireless network, the applicable MVS first performs the feature extraction and then send

the features to the server. Efficient compression algorithms are necessary to deal with the

emerging visual query applications.

Although tons of images are uploaded to the Internet and the necessity of retriev-

ing and analyzing image content is becoming urgent, the MVS applications are still lack

of proficiency for generalization. Mobile visual search tasks require visual features to

be transmitted over a network. One of the key challenges is the rich information hidden

in images makes the feature size exceeds the transmission capability of current wireless

networks. To capture the variety of information in the image, existing algorithms tend to

generate high-dimension features. Nevertheless, the whole mobile visual search process

should be performed in an efficient fashion, since small delay, typically of the order of tens
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Figure 1: Timeline of video coding standards evolution.

or hundreds of milliseconds, and high frame rates are required. To this end, feature com-

pactness is key since it allows a very large amount of visual information to be efficiently

stored and queried. Moreover, concise feature-based representations can be efficiently

transmitted in bandwidth-constrained scenarios such as congested mobile networks.

1.1.2 Video Coding Standards

Two standardization organizations, the International Standards Organization (ISO)

and the International Telecommunications Union (ITU), have developed a series of stan-

dards that have shaped the development of the media industry. Popular ISO coding stan-

dards include MPEG- 1, MPEG-2 and MPEG-4. ITU-T has published the H.26x line of

coding standards including H.261, H.262, H.263 and H.264/AVC. The timeline of major

standards video formats over the last 35 years is shown in Figure 1.

Most of the basic concepts of video coding such as motion estimation and com-

pensation, transform coding and entropy coding were developed early in the 1970s and
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1980s. MPEG-1 was released in the early 1990s, and MPEG-4 was developed in the late

1990s. After that, H.263 was standardized afterwards, and H.264/AVC was published in

2003. In 2013, High Efficiency Video Coding (HEVC) was released.

The explosion of video content requires video coding technology with compres-

sion capabilities that significantly exceed those of the HEVC standard. Since October

2015, ISO/IEC JTC1 SC29/WG11 MPEG and ITU-T SG16/Q6 VCEG have been work-

ing together as the Joint Video Exploration Team (JVET) to explore state-of-the-art algo-

rithms and prepare for the next generation video standards beyond HEVC. A new genera-

tion of video compression technology that has substantially higher compression capability

than the existing HEVC standard is targeted.

1.2 Motivation and Scope

With the rise of matching learning applications and availability of smart devices

equipped with advanced image/video acquisition modules, along with the abundance of

sensors, many intelligent platforms have been implemented with massive data require-

ments including scenarios such as connected vehicles, mobile visual search (MVS), video

surveillance and smart city. Recently, a MVS dataset and benchmark were released from

MPEG, named CDVS [2]. It is of great significance to improve the performance to cope

with the drastic increment of social media applications.

Compression for machine vision heavily relies on classical video coding frame-

work. The overall architecture is built with the techniques from both traditional video

codecs and artificial neural networks. Investigating classical video coding standards is

4



vital to achieve substantial coding gain for machine vision compression. In addition,

according to the definition from MPEG, the bit stream of machine vision compression

can not only be used for machines, but also for human consumption, which shares the

common goal as classical video codecs. Compression for human consumption has a loss

function on pixels, while compression for machine consumption has task specific loss

functions, but they both can share the same compression backbone. Therefore, this thesis

will not only focus on directly compressing visual features for machine vision, but also

relevant techniques to improve traditional video standards.

Video coding standards have been evolving for decades to adapt to the rapidly de-

veloping media content. The typical pipeline of prediction, transform and entropy coding

was proposed back to 1980s and has proven its effectiveness over these years. On one

hand, in the era of Internet media content is increasing at an unprecedented speed and the

last generation video coding standard HEVC has been serving for almost a decade, video

coding algorithm needs a renovation to handle the large volume media content. It should,

however, not only be able to deal with existing video traffic over the Internet, but also be

well-prepared for the increasing video traffic load in the next decade.

On the other hand, artificial neural networks (ANN) have achieved great success

in various vision tasks. A great number of researchers in video coding community also

shift their attention to using ANN for image/video compression tasks. Instead of opti-

mizing each part separately in classical video coding pipeline, the ANN methods make

the joint optimization possible. From this perspective of view, traditional codec has a

higher probability to obtain local optimal performance. While the ANN methods hold
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great potentials to solve this dilemma.

1.2.1 Compression for Machines

In this thesis, our compression for machine vision attempt will focus on feature

compression for Mobile Visual Search (MVS) applications. ISO/IEC Moving Pictures

Expert Group (MPEG) launched an MVS standard named Compact Descriptor for Visual

Search (CDVS) [2]. The basic idea in CDVS is to apply a linear projection followed by

ternary scalar quantization. Only a subset of empirically selected transformed descriptor

elements is included in the bitstream [3]. However, it is not enough using one single trans-

formation for all the observations to capture the rich matching information in projection

space. Based on our preliminary observations [4, 5], the matching performance could be

remarkably improved if multiple transformations are adopted instead of using one single

transformation. The following key elements will be investigated to approach the problem.

• Multiple transform solution: Multiple transforms are expected to capture more dis-

tinguishable information for large-scale dataset. But it is a trade-off between the

number of transform candidates and the encoding performance. Therefore, our

efforts include searching the optimal transform candidates from all the available

transforms.

• Grassmann manifold: The Grassmann manifold is a homogeneous space and a sub-

space is determined by its basis vectors. It provides a criterion to measure the

“similarity” or “orthogonality” between two subspaces. This concept will serve as

the primary theory foundation to devise our optimal transform candidates searching
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algorithm.

1.2.2 Video Coding Standards

Traditional video codecs are optimized under rate-distortion optimization objec-

tive, which target for human consumption. Modern hybrid video coding framework is

a complex ensemble, which typically consists of the following major steps: prediction,

transform, quantization and entropy coding. We focus on two vital steps: prediction and

transform, which are very crucial to achieve substantial coding gain. Prediction aims to

remove spatial or temporal correlations, while linear transform is typically used to project

the residual data into frequency domain to achieve compact representation, which is ideal

for entropy coding.

Traditional methods to improve HEVC intra prediction include using multiple

reference pixel lines, extended prediction angle, intra block copy prediction, combining

chroma prediction with luma prediction, etc. The transform scheme in HEVC includes

DST and DCT, which DST only can be applied to 4×4 luma component and DCT is ap-

plied to all the remaining cases. In VVC, DST-7 and DCT-8 are adopted as the primary

transform scheme to better characterize the varied patterns in residual blocks. However,

traversing all the combinations for horizontal and vertical transform is very time con-

suming. The software run-time complexity remains a problem to be resolved. The key

elements that will be investigated in this thesis are summarized as follows.

• Intra prediction: Leveraging the spatial correlation, neighboring reference pixels

are utilized to predict current block. Typically, reference pixels are subject to linear

7



filtering and current block is predicted by interpolation.

• Intra block copy: Instead of predicting current block using neighboring reference

pixels, intra block copy prediction extends the reference pixels in the available de-

coded area within a certain range. A matching block is directly copied as current

block prediction.

• Transform: A fast algorithm will be targeted to reduce the time complexity for

DST-7 and DCT-8 transforms in VVC.

1.2.3 Artificial Neural Networks

In addition to traditional video codecs, Artificial Neural Network (ANN) has

demonstrated its effectiveness in vision tasks. To explore the potentials for future video

coding, the following ANN-based research aspects will be investigated.

• Performance analysis: Although there exists a rich literature of ANN-based im-

age compression methods, the absence of Common Test Condition (CTC) makes

it difficult to evaluate the performance. Performing performance analysis between

existing ANN-based methods and state-of-the-art MPEG codecs helps to achieve a

better understanding towards ANNs for compression in real applications.

• End-to-End image compression: The advantage of ANN-based video coding solu-

tion lies in its unique capability of joint optimization. In traditional video coding

frame, each stage is optimized separately under Rate-Distortion (RD) objective,

which might lead to sub-optimal solution. In contrast, the ANN-based solution

8



enables and end-to-end framework where all the internal components can be opti-

mized jointly under a single objective function.

1.3 Thesis Outline

Following the two central themes that we just presented, this thesis consists of two

parts.

• Part I: Video coding for machines.

• Part II: Video coding standard contributions and improvements.

Part I focuses on video coding for machines, i.e., a task-driven pipeline with an

emphasis on compressing the latent features so that machines can recognize between dif-

ferent images.

In Chapter 2, we first give an overview of the history and recent development of

the field of mobile visual search. Next we formally define the the problem and describe

the framework to perform mobile visual search task. Followed by a brief analysis of

limitations using existing methods. We then introduce a compression scheme targeted for

mobile visual search that we proposed. We present experimental results on CDVS dataset

with two kinds of tasks: feature-level pair-wise matching and image-level image retrieval.

Part II focuses on video coding standard development and ANN for image com-

pression approaches.

In Chapter 3, we first introduce the development status of next-generation video

coding codec VVC and point out the major changes in contrast with HEVC. Then we
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focus on analyzing the run-time complexity problem by traversing all combinations of

all transform candidates for vertical and horizontal direction. Next we present the useful

observations on DST-7 and DCT-8 to devise a fast transform solution. A partial butterfly-

like fast algorithm is elaborated based on these observations. Theoretical proof is also

provided to validate the correctness. We conduct an in-depth analysis of the fast transform

algorithm to understand from which the time savings are.

In Chapter 4, we present several improved intra prediction schemes for HEVC.

We first introduce the ANN-based image compression methods. Then we provide the

performance analysis between ANN-based image compression algorithms and state-of-

the-art MPEG codecs intra prediction schemes. A Multiple Linear Regression (MLR)-

based intra prediction scheme is introduced to improve HEVC intra prediction scheme.

In ANN-based schemes, we combine the local and non-local information using a Convo-

lutional Neural Network (CNN). Experiments in HEVC reference software demonstrate

their effectiveness.

We finally conclude the thesis in Chapter 5.

1.4 Contributions

The contributions of this thesis are summarized as follows:

• We design a multiple-transform solution for mobile visual search to improve the

performance on top of CDVS. We were among the fist to propose using Grass-

mann for exploring the optimal transform candidates. Noticeable improvements

have been observed in the experimental results.
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• We contributed to reducing the run-time complexity for VVC, the next-generation

video coding standard. Theoretical identification is provided to validate its cor-

rectness. Extensive experiments have been made to understand where the benefits

come from. The proposed fast DST-7/DCT-8 algorithm with dual-implementation

support has been recognized by the JVET members and has been adopted by the

VVC standard.

• We made the effort to performing the performance comparison between the ANN-

based image compression methods and state-of-the-art MPEG codec intra predic-

tion schemes. We are among the first to include VVC, the latest state-of-the-art

MPEG video coding standard in this performance comparison. We shed light on

the advantages and disadvantages by using ANN-based solution and explain rela-

tive merits.
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CHAPTER 2

MOBILE VISUAL SEARCH COMPRESSION

With the popularity of mobile phones and tablets, the explosive growth of query-

by-capture applications calls for a compact representation of query image feature. Com-

pact descriptors for visual search (CDVS) is a recently released standard from the ISO/IEC

moving pictures experts group (MPEG) which achieves state-of-the-art performance in

the context of image retrieval applications. However, they did not consider the matching

characteristics in local space in a large-scale database which might deteriorate the perfor-

mance. In this chapter, we propose a more compact representation with SIFT descriptors

for the visual query based on Grassmann manifold. Due to the drastic variations in im-

age content, it is not sufficient to capture all the information using a single transform.

To achieve more efficient representations, a SIFT Manifold Partition Tree (SMPT) is ini-

tially constructed to divide the large dataset into small groups at multiple scales which

aims at capturing more discriminative information. Grassmann manifold is then applied

to prune the SMPT and search for the most distinctive transforms. The experimental re-

sults demonstrate the proposed framework achieves state of the art performance on the

standard benchmark CDVS dataset.

The remainder of this chapter is organized as follows. Section 2.1 gives an overview

of MVS. Section 2.2 introduces the framework of proposed method. The proposed SIFT
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Manifold Partition Tree (SMPT) is presented in Section 2.3. Weighted Grassmann prun-

ing of SMPT is detailed in Section 2.4. Experimental setups and results are discussed in

Section 2.5.

2.1 An Overview of MVS

2.1.1 Background

There are millions of images and videos added to the servers daily. For example,

every second 777 photos are posted on Instagram [6] and Snapchat now achieved over

10 billion video views per day during the past year [7]. All these benefit from the rapid

development of the technology of mobile devices [8]. Hand-held mobile devices, such

as camera-phone, PADs are expected to become ubiquitous platforms for visual search

and mobile augmented reality applications [9–11]. They have evolved into powerful im-

age and video processing devices equipped with high-resolution cameras, color displays,

hardware-accelerated graphics, Global Position System (GPS) and connected to broad-

band wireless networks [12]. All these functionalities enable a new class of applications

which use the camera phone to initiate search queries about objects in visual proximity to

users [13].

Mobile Visual Search (MVS) can be used for identifying interesting products,

landmark search, comparison shopping, searching information about movies, CDs, shops,

real estate, print media or artworks [14]. First commercial deployments of such systems

include Google Goggles [15], Ricoh iCandy [16], Amazon Snaptell [17] and Layar [18].

Recently, Pinterest [19] also moves to leverage visual search technologies in order to
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connect consumers in the e-commerce business.

In traditional text-based search, users can get the accurate retrieval results once

the exact words are given. However, it is far more difficult to describe an image if people

want to search for some relevant information. In the past quite a long time, people have

been working on extracting image features and describing the image compactly and ac-

curately [20–22]. Different from text-based content which is very simple and concise, the

image contains much more information and is much more challenging to generate concise

representations. Therefore, to fully characterize the information of an image, the exist-

ing algorithms tend to generate high-dimensional features which are usually oversized to

transmitted over the limited-bandwidth wireless networks. Meanwhile, the requirements

for mobile visual search (MVS) such as lower latency, better user experience, higher ac-

curacy pose a unique set of challenges in practical applications. Therefore, an applicable

strategy is feature extraction [23] and feature compression are performed at the client end

while matching and retrieval is carried out on the server.

2.1.2 Previous Approaches

There are two aspects researchers are working on, i.e., generating compact feature

descriptors and compressing the feature descriptors. Developing compact feature descrip-

tors is an effective solution to reduce the transmission data size. Initial research on the

topic [12, 24–30] demonstrated that the transmission data can be reduced by at least an

order of magnitude via extracting compact visual features.
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In order to find compact feature descriptions thus reducing transmission bits, var-

ious of feature descriptors have been proposed to achieve robust visual content identifi-

cation under rate constraints. The early-stage keypoint description algorithms assign to

each detected keypoint a compact signature consisting of a set of real-valued elements.

In [31], an image retrieval system is proposed, based on Harris corner detector and local

grayvalue invariants. Such an approach is invariant with respect to image rotation. The

work in [32] proposes Shape Context, a feature extraction algorithm that captures the lo-

cal shape of a patch. Edge detection is firstly performed over a patch surrounding the

point (x, y) followed by the radial grid, finally, a histogram centered in (x, y) counts the

number of edge points falling in a given spatial bin.

David Lowe introduces Scale Invariant Feature Transform (SIFT) [33] which is the

first to achieve scale invariance. SIFT computes for each keypoint a real-valued descriptor,

based on the content of the surrounding patch in terms of local intensity gradients. The

final SIFT descriptor consists of 128 elements. Given its remarkable performance, SIFT

has been often used as starting point for the creation of other descriptors. Inspired by

SIFT, Mikolajczyk and Schmid propose Gradient Location and Orientation Histogram

(GLOH) [34]. In the context of pedestrian detection, Dalal and Triggs propose Histogram

of Oriented Gradients (HOG) [35], a descriptor based on spatial pooling of local gradients.

SURF [36] includes a fast gradient-based descriptor. Fan et al. propose MROGH [37],

a 192-dimensional local descriptor. Along the same line, Girod and co-workers propose

rotation invariant features based on the Radial Gradient Transform [38].

To further reduce transmission bits over the wireless network, binary descriptors
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are proposed. Calonder et al. introduce Binary Robust Independent Elementary Features

(BRIEF) [39], a local binary keypoint description algorithm. Leutenegger et al. propose

Binary Robust Invariant Scalable Keypoint (BRISK) [40], a binary intensity-based de-

scriptor inspired by BRISK. Differently from BRIEF, BRISK is able to produce scale-and

rotation-invariant descriptors. Similarly to the case of BRISK, Fast REtinA Keypoints

(FREAK) [41] uses a novel sampling pattern of points inspired by the human visual cor-

tex, whereas Oriented and Rotated BRIEF (ORB) [42] adapts the BRIEF descriptor, so

that it achieves rotation invariance.

However, these descriptors are not compact enough to transmit between remote

server and client directly due to their large size [43, 44]. Table 1 shows the sizes of the

descriptors. Take the SIFT as an example, the uncompressed SIFT descriptor is conven-

tionally stored as 1024 bits per descriptor (128 dimensions and 1 byte per dimension).

Even a small number of uncompressed SIFT results in tens of KBs. Hence, local feature

compression of these raw features is critical for reducing the feature size.

2.1.3 A Brief Introduction to CDVS

Inspired by these recent developments, CDVS [46] tries to compress SIFT features

as well as provides a standardized bitstream syntax to enable interoperability in the con-

text of image retrieval applications and achieves state-of-the-art performance. The local

SIFT compression scheme is proposed in [47]. The main idea is to group SIFT descrip-

tors into two groups according to their relative locations and perform linear projection
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Table 1: Overview of existing MVS descriptors

Descriptor Year
Default size

(bytes)

Schmid and Mohr [31] 1999 32

Shape context [32] 2002 144

SIFT [33] 2004 128

GLOH [34] 2005 512

HoG [35] 2005 124

SURF [36] 2006 256

DAISY [45] 2010 400

MROGH [37] 2010 192

BRIEF [39] 2011 64

BRISK [40] 2011 64

ORB [42] 2011 32

FREAK [41] 2012 64

accordingly. Only a subset of descriptors is empirically selected to achieve different cod-

ing bit rates. However several drawbacks need to be addressed. First, it is not effective to

perform retrieval task in a large-scale dataset by applying the same transform for all the

feature descriptors. Second, with the ear of high definition broadcasting and the improve-

ment of hardware, tons of high-resolution images/videos are generated around us. This

requires more efficient algorithms to further compress these content.

2.2 The Framework

The framework of the proposed method is introduced in this section. As illustrated

in Figure 2, CDVS dataset is firstly divided into training and test dataset and each with
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Figure 2: Framework of MVS compression.

half the number of images, including both paired images and non-paired images. Each

subset in training or test is constructed so that the number of images belonging to each

category is proportional to the total amount of images in each category present in the

entire database. This paper addresses two innovations in blue background, e.g., SIFT

manifold partition tree (SMPT) and Grassmann pruning.

SIFT Manifold Partition Tree (SMPT) is constructed to divide the training SIFT

descriptors into small groups wherein each, a transform will be learned with all the SIFT

descriptors in that group, resulting in a set of local transforms in multiple scales. Grass-

mann metric is introduced to measure the similarity of two transforms and remove redun-

dant ones. Those remaining optimal transforms are utilized for compression. Conven-

tional entropy encoder generates the bit stream.

2.2.1 Training

All the SIFT descriptors from the training dataset are used for training. A hi-

erarchical multi-level SIFT manifold partition tree is constructed to divide the training

samples into small groups, a.k.a. cluster or node. In each group, a transform is learned
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with all the SIFT descriptors in the current group. In the following section without special

explanation, we will refer to global space as the transform space learned with the whole

dataset without partition, and local space as the transform space learned with samples in

small groups after SMPT.

Since the total number of local transforms might be very large, in addition, not all

these local transforms are optimal transforms, e.g., in extreme cases, the training samples

in each local space might be only one which definitely will not be able to train a satisfac-

tory transform. Therefore, there is no need to encode all the local transforms. Grassmann

metric is introduced after SMPT to prune all these available local transform candidates.

In essence, Grassmann manifold provides a criterion to measure the similarity of two

subspaces. In practice, it is ideal to have a group of orthogonal transform bases such

that each basis captures the latent characteristics in a unique direction. While in visual

query feature compression task, it is also desirable to have a bunch of transforms that they

are distinctive to each other. Therefore, under Grassmann metric, we will remove those

transforms which are closer to each other and only preserve those have larger Grassmann

distances thus they are more likely to capture latent features in a more efficient manner.

The final optimal local transforms after Grassmann pruning will be utilized for

compression. Conventional entropy encoder is utilized for encoding to obtain bitstream.

2.2.2 Test

As discussed above, half of the randomly-sampled images in CDVS dataset are

used for test. Two main experiments have been devised to validate the proposed method,
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e.g., pairwise matching and large-scale image retrieval experiments. For the former one,

given a query SIFT descriptor from the test dataset, it will be assigned to one of those op-

timal local transforms obtained from the training process. Corresponding local transform

will be applied on the query SIFT. It should be noted that the optimal local transforms

might be in different level on the SMPT in order to capture hidden characteristics in dif-

ferent scales. That is where the significance of the proposed SMPT structure. Fisher

vector [48, 49] aggregation has been applied to the compressed SIFT descriptors to gen-

erate the image-level representation for image retrieval experiments.

2.3 SIFT Manifold Partition Tree

In a large-scale dataset, it is usually not sufficient to capture the intrinsic charac-

teristics in feature space if only one linear transform is applied. Also, due to the variety of

dataset sizes, it is difficult to determine the appropriate size of local subspaces. Therefore,

it is necessary to design an effective data partition scheme to divide the whole dataset into

different levels of small groups. In this work, SIFT Manifold Partition Tree (SMPT) is

proposed to divide the global dataset into small groups at different scales.

The SMPT grows in a top-down manner and the number of groups is hierarchically

increasing. As the total number of training samples is fixed, different numbers of groups

lead to different numbers of samples in each group. This makes it possible to exploit

latent discriminative property at different scales. To assign each sample into a group,

conventional aggregation methods are considered, which could be roughly divided into

two categories: soft assignment and hard assignment. In our case, it is preferable to use

20



hard assignment as we need to assign a unique local space for each training sample. k-

means is adopted in this work as it is able to preserve the geometric structure of the global

dataset as well as its nature of simplicity and effectiveness.

In essence, SMPT is constructed by partitioning the large-scale SIFT dataset into

small patches followed by proper design of connection relationship. The core of k-means

algorithm is an easily-understood optimization problem: given a set of data points (in

some vector space), try to position k other points at locations that minimize the (squared)

distance between each point and its closest center. We denote the training dataset con-

taining M SIFTs as X = {xm}, m = 1...M which has to be partitioned into k clusters.

K-means clustering solves

arg min
c

k∑
i=1

∑
x∈ci

d(x, µi) = arg min
c

k∑
i=1

∑
x∈ci

||x− µi||22 (2.1)

where ci is the set of points that belong to cluster i. The standard methods for solving the

k-means optimization problem are Lloyd’s [50] algorithm (a batch algorithm, also known

as Lloyd-Forgy [51]).

Since the algorithm stops at a local minimum, the initial position of the clusters is

very important. Some common methods to initialize the centroids:

1. Forgy: set the positions of the k clusters to k observations chosen randomly from

the dataset.

2. Random partition: assign a cluster randomly to each observation and compute

means.
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Figure 3: Building the SIFT Manifold Partition Tree (SMPT).

Due to the huge size of MVS datasets, we use the Forgy initialization to accelerate

convergence. Before partitioning, PCA is applied on the whole SIFT dataset to reduce the

dimensionality. There are two reasons for this dimensional reduction operation. Firstly,

the lower dimensional local features help to produce compact final image representation

as the current in image retrieval. Secondly, applying PCA could help to remove noise and

redundancy; hence, enhancing the discrimination [52].

As illustrated in Fig. 3, in each level, the dimension-reduced SIFT descriptors

of the whole dataset are divided into small groups via k-means. n(i)
j indicates the j-th

node on the i-th level, where i = 1, . . . , h. It should be noted that all small groups from

certain level are directly from the whole dataset, not from its parent level, e.g., combining

all SIFT samples from any level would constitute the whole dataset. The association is

specified in a bottom-up manner. Euclidean distance is calculated between current child-

cluster centroid and its parent-cluster centroid. Current child-cluster is associated with

the nearest parent-cluster.

At each node, a transform (PCA in this paper) is trained using all full-dimension

(128-d) SIFT descriptors. So far, all the transform candidates are obtained.
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2.4 Weighted Grassmann Pruning

As we discussed above, the partition on the global space serves as the first stage

of the proposed work. However, leaf nodes may not be the best choice for retrieval be-

cause of the following reasons. First, with the increase of the SMPT level, the number of

samples associated with each leaf node will decrease. Thus there exist a scenario where

the number of samples is not sufficient to train a reliable transform. Take the extreme

case as an instance, there will be only one sample in each leaf node when the number of

nodes equals the total number of samples in the whole dataset. Second, in practice, it is

expensive to encode all available transform candidates. Therefore, it is desirable to devise

a scheme to search for a handful of optimal transforms.

We introduce Grassmann manifold [53,54] into the indexing model for manipulat-

ing the leaf nodes derived from the data partition tree. Each point on Grassmann manifold

is a subspace by the columns of an orthonormal matrix which is invariant to any basis. The

notion of principle angle and Grassmann distance allow us to evaluate the homogeneity

of the SIFT feature space. In this section, we first briefly review the Grassmannian metric

and related concepts, i.e., principal angles. Then we introduce the details of applying the

Grassmann metric to the SMPT.

2.4.1 Grassmann Manifold

The Grassmann manifold G(d,D) is the set of d-dimensional linear subspaces of

the RD [53]. Consider the space R(0)
D,d of all D×d matrices, i.e., A ∈ RD×d. The group of

transformationA = AS, where S is a d×d full-rank square matrix, defines an equivalence
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relation in R(0)
D,d.

A1 = A2 if span(A1) = span(A2)

where A1, A2 ∈ R(0)
D,d

(2.2)

Therefore, the equivalence classes of R(0)
D,d are one-to-one correspondence with the points

on the Grassmann manifold G(d,D), i.e., each point on the manifold represents a sub-

space.

According to the definition, each point on Grassmann manifold is a subspace.

Therefore, to measure the distance between two points on the Grassmann manifold is

equivalent to measure the similarities between two subspaces. Principle angle [53–55] is

a geometrical measure between two subspaces. Fig. 4 has shown the relationship between

principal angle and Grassmann manifold. Suppose A1 and A2 are two orthonormal ma-

trices A1, A2 ∈ RD×d on the Grassmann manifold, the principal angles 0 ≤ θ1 ≤ · · · ≤

θd ≤ π/2 between two subspaces span(A1) and span(A2), are defined recursively by:

cos θk = max
uk∈span(A1)

max
vk∈span(A2)

uk
′vk,

s.t. uk
′uk = 1, vk

′vk = 1,

uk
′ui = 0, vk

′vi = 0, (i = 1, ..., k − 1)

(2.3)
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The vectors (u1, u2, . . . , ud) and (v1, v2, . . . , vd) are principal vectors of the two sub-

spaces. θk is the kth smallest angle between two principal vectors uk and vk.

In literature, there are a variety of methods to compute the principal angles be-

tween two subspaces. One numerically stable way is to apply Singular Value Decompo-

sition (SVD) on the product of the two matrices A′1A2, i.e.,

A′1A2 = USV ′ (2.4)

where U = [u1, u2, . . . , ud], V = [v1, v2, . . . , vd] and S = diag(cos θ1, . . . , cos θd).

The cosine values of principal angles cos θ1, . . . , cos θd are known as canonical corre-

lations [55].

2.4.2 Subspace Optimization with Grassmann Metric

The distance on Grassmann manifold is defined as follows. A distance is referred

to as Grassmann distance if it is invariant under different basis representations. Grassman-

nian distances between two linear subspaces span(A1) and span(A2) can be described by

principal angles. The smaller principal angles are, the more similar two subspaces are i.e.,

the closer they are on the Grassmann manifold.

In literature, various Grassmann distance metrics based on principal angle have

been developed for different purposes, e.g., projection, Binet-Cauchy, max correlation,

min correlation, Procrustes metric [53]. Since the distance metrics are defined with a

particular combination of the principal angles, the best distance depends highly on the

probability distribution of the principal angles of the given data. Among all these metrics,
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max correlation and min correlation only use the maximum and minimum principal an-

gle, respectively, thus may perform less stable when the noise in the data varies. Another

criterion for choosing the distance is the degree of structure in the distance. Without any

structure, a distance can be used only with a single K-Nearest Neighbor (KNN) algorithm.

When a distance having an extra structure such as triangle inequality, for example, we can

speed up the nearest neighbor search by estimating lower and upper limits of unknown

distances. From this point of view, only Binet-Cauchy metric and projection metric are

the most structured metrics as they are induced from a positive definite kernel [53]. In

application, they are also the most commonly used Grassmann metrics. Therefore, in the

final experimental section, both projection distance and Binet-Cauchy Grassmann dis-

tance will be evaluated. The projection Grassmann metric and Binet-Cauchy Grassmann

metric can be computed as follows, respectively:

dP (A1, A2) = (
m∑
i=1

sin2 θi)
1/2 (2.5)

dBC(A1, A2) = (1−
∏
i

cos2 θi)
1/2 (2.6)

We denote the number of nodes in each level as L = {li}, where i = 1, . . . , h.

Hence, the total number of available transforms is

S =
h∑
i=1

li (2.7)

Grassmann metric is applied to measure the similarities between the candidates.

The similarity between every two candidates will be measured. The two transforms with
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Figure 5: Illustration of Grassmann pruning process.

the shortest Grassmann distance indicates they are the most similar, thus should be merged

according to the principle of maximizing distinctiveness. Let us denote all the S available

transforms as {A1, . . . , AS}, each of which is trained with all the SIFT descriptors in that

node. The number of training SIFT descriptors in each node is W = {w1, . . . , wS}.

Before the merge, suppose the query SIFT descriptors are assigned to R leaf

nodes. A merge cost L is calculated before each merge operation. Children nodes of

which LCA node with lowest merge cost will be merged. First, we need to find out the
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Lowest Common Ancestor (LCA) of any two existing nodes. As we have R nodes cur-

rently, if each two share an LCA node, there would be C2
R LCA nodes in total. Let us

use G represent C2
R for simplicity. The LCA of Node i and Node j can be expressed as

follows.

Ãij = LCA(Ai, Aj), i 6= j, and i, j = 1, . . . , S (2.8)

It should be noted that not all LCA node has only two children. For example in

Figure 5, Ã8,9 = Node4 which only has two children 8 and 9, while Ã5,8 = Node2 has

three children 8, 9, and 5. We denote the number of children each LCA node has as

{t1, . . . , tG}. The merge cost of the g-th LCA Ãg is calculated as

Lg =

tg∑
i=1

w(A
(g)
i ) × dGSM(Ãg, A

(g)
i ), (g = 1, . . . , G) (2.9)

where A(g)
i is the i-th child of Ãg, w(A

(g)
i ) is the number of SIFT descriptors in node A(g)

i ,

dGSM(a, b) is the Grassmann distance between transform a and b. All the children of the

LCA which has the lowest cost among all the G LCA nodes will be removed and current

LCA node will be a new node.

Fig. 5 is an example of SMPT showing the procedure of merge similar transforms

to achieve the final most distinctive local transforms. At initial status, there are 8 leaf

nodes on a 3-level SMPT. The objective is to search for 4 most representative transforms.

The first step is to find the corresponding LCAs according to Eq. 2.8. Then calculate all

the merge cost according to Eq. 2.9. Finally, find the LCA with minimum merge cost and

all the children corresponding to that LCA will be merged. This process iterates until the
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Table 2: Comparison of with and without pseudo-inverse projection

test #
preserved dimensionality kd

w/o pseudo-inverse w/ pseudo-inverse

4 8 16 32 4 8 16 32

1 0.23 0.54 0.69 0.73 0.41 0.71 0.75 0.76

2 0.27 0.57 0.65 0.74 0.39 0.65 0.72 0.80

3 0.19 0.49 0.62 0.72 0.41 0.63 0.73 0.77

4 0.28 0.47 0.59 0.75 0.38 0.69 0.74 0.78

5 0.32 0.51 0.63 0.74 0.42 0.65 0.77 0.75

6 0.24 0.48 0.64 0.76 0.37 0.75 0.73 0.76

7 0.26 0.52 0.66 0.70 0.39 0.68 0.70 0.74

8 0.28 0.51 0.62 0.73 0.39 0.68 0.73 0.76

9 0.30 0.55 0.70 0.75 0.40 0.65 0.75 0.79

10 0.29 0.54 0.67 0.71 0.40 0.74 0.73 0.78

Avg. 0.27 0.52 0.65 0.73 0.40 0.68 0.74 0.77

number of remaining nodes is 4. According the merge cost, 10 and 11 are merged to 5; 14

and 15 are merged to 7; 8, 9 and 5 are merged to 2. By incorporating Grassmann metric,

the most distinctive transformations can be achieved.

2.4.3 Projection and Matching

Given N query SIFT features F = {f1, . . . , fN} and K optimal local transforms

{A1, . . . , AK}, where fn ∈ R128 is a SIFT descriptor. Each query feature in F is assigned

to one of the K nodes. Suppose feature fn is assigned to transform Ak, the projection is

applied as follows.

f (t)
n = (fn − µk)× Ak (2.10)

29



where µk ∈ R128 is the mean of all the training samples in node Ak, f
(t)
n is the represen-

tation of feature fn in transform domain.

In transform domain, given a descriptor, its nearest neighbor is searched across the

transform domain. The descriptor which has the smallest distance will be marked as its

matching pair. Given two projected features f (t)
n1 and f (t)

n2 , different schemes are applied

in matching procedure if they are associated with different optimal transforms.

It is not fair if computing the distance between two projected features directly.

Because they are in different local spaces, their projections are based on different centers,

i.e., centroids are different. Directly computing their distance may exaggerate their real

distance. As we do not have the original feature information, so using pseudo inverse is

an appropriate way to reduce the error introduced in this procedure.

Suppose fn1 is associated with transform Ak1 and fn2 is associated with transform

Ak2 . If they are in the same local space, i.e. k1 = k2, the distance between these two

features is Euclidean distance. If they are in different clusters, i.e. k1 6= k2, they have to

be converted into a uniform local space via pseudo inverse. Empirically, the number of

samples in each cluster while training is the factor to determine in which local space to

convert to, i.e., the node with more training samples will be selected. Let us use wk1 and

wk2 representing the number of training samples used to train Ak1 and Ak2 , respectively,

and wk1 > wk2 , the distance is calculated as follows.

dij =

‖f
(t)
n1 − f

(t)
n2 ‖L2 if k1 = k2

‖f (t)
n1 − f

(inv)
n2 ‖L2 otherwise

(2.11)
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f (inv)
n2

= (f (t)
n2
× pinv(Ak2) + µk2 − µk1)× Ak1 (2.12)

where pinv is pseudo inverse.

To validate the pseudo-inverse hypothesis, we randomly select 10k matching SIFT

pairs from CDVS dataset and check the matching performance with or without pseudo-

inverse. The 10k matching SIFT pairs will be assigned to one of 16 leaf nodes of SMPT.

Projection with and without pseudo-inverse will be applied to calculate the distance of

each SIFT pair in projection domain. Multiple numbers of preserved dimensions are

considered. The top-3 accuracy is used to measure the pairwise matching performance.

This process is repeated 10 times and different SIFT pairs are used for each time. The

accuracy has been listed in Table 2.

As can be observed in Table 2, the pairwise matching performance of the proposed

method with pseudo-inverse is better than that without pseudo-inverse. The superiority in

low-dimension cases is more obvious than in high-dimension cases. This might be caused

by that in low-dimension circumstances, the distance is more sensitive to noise as more

information loss has been induced due to dimensionality reduction.

2.5 Experiments

Extensive tests have been conducted to evaluate the performance of the proposed

method. There are three parts in this chapter: 1) Evaluation framework description. 2)

Energy compaction validation and analysis. 3) The final results of pairwise matching and

image retrieval experiments along with the analysis of computational complexity.
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Table 3: Overview of MPEG CDVS dataset.

Dataset Category
# # matching # non-matching # retrieval

images pairs pairs queries

1 Graphics 2500 3000 30000 1500

2 Museum Paintings 455 364 3640 364

3 Video Frames 500 400 4000 400

4 Buildings 14935 4005 48675 3499

5 Common Objects 10200 2550 25500 2550

2.5.1 Evaluation Framework

The experiments are performed over CDVS [46] dataset which consists 10,115

matching image pairs and 112,175 non-matching image pairs. The dataset contains im-

ages of 5 categories: graphics, paintings, video frames, buildings and common objects.

They were captured with a variety of camera phones and under widely varying lighting

conditions. A brief summary is shown in Table ??. As stated in Section II, half the number

of randomly-sampled images are used for training and the other half for test, including

both paired images and non-paired images. The number of images in each category is

proportional to the percentage of the number of images in current category to that of the

total number of images in the dataset.

Before constructing the SMPT for pairwise matching and image retrieval exper-

iments, we preprocess the data with PCA to reduce the dimensionality. The lower di-

mensional SIFT features help to produce compact representation. In addition, apply-

ing PCA could help to remove noise and redundancy; hence, enhancing the discrimi-

nation [52]. A 7-level SMPT is constructed with the number of nodes in each level of
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L = {2, 4, 8, 16, 32, 64, 128} e.g., the first level has 2 nodes, the second level has 4 nodes,

etc. The connection relationship is processed in a bottom-up manner as illustrated in

Fig. 3. In each node on the SMPT, a local PCA transform will be achieved using full-

dimensionality (128-d) SIFT descriptors in that node thus resulting in a total number of∑7
i li = 254 local transforms. The Grassmann pruning is applied to obtain the final

K = {4, 8, 16} optimal local transforms.

The energy compaction validation experiment provides empirical evidence from

the information theory perspective. The objective is to demonstrate the necessity of parti-

tioning the whole dataset into small groups in order to obtain local transforms. The True

Positive Rate (TPR) at less than 1% False Positive Rate (FPR) is reported in the pair-

wise matching experiment. In compliance with CDVS anchor, average bits per descriptor

is used to describe the bit stream. SIFT feature extraction and selection is performed

in CDVS software, resulting in about 300 SIFT descriptors for each image. Euclidean

distance is used to measure the distance in the transform domain. The mean Average

Precision (mAP) is used to evaluate the image retrieval performance. The results of each

subset are reported for both pairwise matching and image retrieval experiments.

2.5.2 Energy Compaction Validation

To study the effects of SMPT, we need to verify the coding efficiency which can

be measured by probability distribution histogram. If local transforms are more efficient,

the data distribution in transform domain should be more compact, i.e., the probability of

a value closer to zero is larger.
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Figure 6: SIFT descriptor energy preservation comparison.

We randomly select 60 images from each subset and extract corresponding SIFT

descriptors, thus comprises a total of 90k SIFT descriptors. Training samples are achieved

by randomly selected by 70%, and the other 30% is used for the test. Before construct-

ing the SMPT, dimensionality reduction technique (e.g., PCA) is applied to reduce the

dimension. The dimensionality-reduced SIFTs are used to build a 5-level SMPT with the

number of nodes in each level L = {4, 8, 16, 32, 64}. A PCA local transform is trained

using all the full-dimensionality (128-d) SIFT descriptors in each node. To remove re-

dundant local transforms, they will be pruned on the Grassmann manifold to achieve final

8 local transforms from
∑5

i=1 li = 124 available candidates.

After the SMPT model is obtained, the test SIFT descriptors are assigned to one

of the 8 optimal nodes according to the Euclidean distance. The test SIFT descriptors in

each node will be projected separately using the associated local transform.
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Table 4: Comparison by using different Grassmann metrics

CDVS Proposed Projection Proposed Binet-Cauchy

bitrate repeatability bitrate repeatability bitrate repeatability

32 51.00% 29 52.37% 26 47.48%

- - 58 68.25% 56 67.92%

65 67.83% 84 72.99% 82 73.72%

- - 105 76.09% 108 76.68%

103 72.70% 137 78.32% 134 78.20%

- - 159 79.27% 152 79.54%

129 74.14% 182 80.03% 176 79.54%

- - 202 80.44% 199 80.76%

205 76.13% 228 80.76% 222 80.92%

- - 248 80.93% 250 81.17%

Fig. 6 shows the probability distribution and preserved energy in the transform

domain. It is observed that with SMPT more data value aggregates around zero which is

definitely beneficial for compression. The preserved energy is calculated by cumulatively

summing the probability within range τ away from the origin. When we set the τ = 200,

4.21% more information will be preserved with SMPT than without SMPT.

2.5.3 Experimental Results

To compare the difference of Grassmann projection distance and Grassmann Binet-

Cauchy distance, repeatability experiments are conducted using SIFT descriptors from all

5 categories. Table 4 shows the repeatability results of CDVS, proposed method with

Grassmann projection distance and the proposed method with Binet-Cauchy distance, re-

spectively. The bitrate variation of the proposed method is achieved by adjusting the num-

ber of the preserved dimensionality of SIFT descriptors. It is observed that the proposed
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Figure 7: Results of SIFT pair-wise matching.

methods perform better than CDVS. Compared with the best repeatability of CDVS, the

proposed SMPT with Grassmann projection and Binet-Cauchy achieves about 4.31% and

4.63% improvement with comparable bitrate, respectively. No significant difference has

been observed between two Grassmann distance metrics but Binet-Cauchy is slightly bet-

ter than projection.

Binet-Cauchy is adopted for pairwise matching and image retrieval experiments.

Figure 7 and Figure 8 show the pairwise matching and image retrieval results for each

subset, respectively. It can be observed that the proposed method achieves the best per-

formance when K = 8, where K is the number of optimal transforms after Grassmann

pruning. The performance increases when K decreases from 16 to 8, but deteriorates

when continue decreasing from 8 to 4. This phenomenon demonstrates that there exists

an optimal solution by adjusting the number of transforms. It is a trade-off between the
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Figure 8: Results of image retrieval.

number of training samples to train a transform and the number of transforms utilized to

perform projection.

At best performance, it can be seen that the proposed methods perform better than

CDVS with only a few exceptions in buildings and Common Objects. As the proposed

method controls bitrate by adjusting the reduced feature dimensionality, it provides more

flexibility in practice. In pairwise matching experiments, the proposed method achieves

an improvement of 7.1%, 5.3%, 2.4%, 4.8% and 4.6% at lowest bitrate for Graphics,

Paintings, Video Frames, Buildings and Common Objects, respectively. At highest bi-

trate, an improvement of 0.4%, 0.7%, 0.6% and 0.35% has been observed for Graphics,

Paintings, Video Frames and Common Objects, respectively. While in Buildings, the pro-

posed method is 0.6% worse than CDVS.

Similar patterns can been witnessed in image retrieval results. The improvement at
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lowest bitrate are 4.98%, 3.84%, 2.03%, 3.87% and 4.54% for Graphics, Paintings, Video

Frames, Buildings and Common Objects, respectively. At highest bitrate, the proposed

method achieves 1.23%, 0.66%, 0.65% and 0.40% improvement for Graphics, Video

Frames, Buildings and Common Objects, respectively. A tiny drop of 0.51% exists in

Buildings. Buildings and Common Objects contain more images and the content vary

more substantially in illumination and deformation and contain more undistinguishable

distractors than the other three categories. That might be the reason causing relatively

lower performance in these two categories.

The experiments are conducted on a Windows PC with Intel Core CPU i7-7700HQ

2.80GHz. The proposed method requires an average of 1.37 milliseconds per query in

pairwise matching experiments for highest performance. In image retrieval experiments,

an average of 2.49 seconds is required per query at highest performance. The CDVS has

been tested using the same dataset and achieves an average of 0.43 milliseconds and 1.84

seconds per query for pairwise matching and image retrieval experiments, respectively.

Future work will focus on reducing the computational complexity.

38



CHAPTER 3

FAST TRANSFORM FOR VVC

The Joint Video Exploration Team (JVET) recently launched the standardization

of the next-generation video coding named Versatile Video Coding (VVC) with the inher-

ited technical framework from its predecessor High-Efficiency Video Coding (HEVC).

The simplified Enhanced Multiple Transform (EMT) has been adopted as the primary

residual coding transform solution, termed Multiple Transform Selection (MTS). In MTS,

only the transform set consisting of DST-VII and DCT-VIII remains, excluding the other

transform sets and the dependency on intra prediction modes. Significant coding gains

are achieved by introducing new DST/DCT transforms, but the full matrix implementa-

tion is relatively costly compared to partial butterfly in terms of both software run-time

and operation counts.

In this chapter, we exploit the inherent features existing in DST-VII and DCT-VIII.

Instead of repeating the element-wise additions and multiplications in full matrix opera-

tion, these features can be leveraged to achieve more efficient implementations which only

use partial elements to derive the identical results. Existing transform matrices are further

tuned to utilize these (anti-)symmetric features. A partial butterfly-type fast algorithm

with dual-implementation support is proposed for DST-VII/DCT-VIII transform in VVC.

Complexity analysis including operation counts and software run-time are conducted to

validate the effectiveness. In addition, we prove the features are perfectly supported by
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theory.

This chapter is organized as follows. Section 3.1 reviews the history of Multiple

Transform Selection (MTS). Section 3.2 introduces the sinusoidal transforms involved in

this paper and reveals corresponding characteristics. Section 3.3 elaborates the technical

details of the proposed fast method. We prove the features in Section 3.4. Section 3.5

performs the complexity analysis, in terms of both the number of arithmetic operations

and software execution time. Section 3.6 shows the experimental results.

3.1 History of MTS

3.1.1 Versatile Video Coding

Although deep learning-based methods for image/video coding [56–61] have achieved

remarkable progress, there are still many issues need to be solved to be widely used in

real applications. Conventional codecs are still playing an indispensable role in indus-

trial application scenarios. Since October 2015, ISO/IEC MPEG and ITU-T VCEG have

been working together as the Joint Video Exploration Team (JVET) to explore the state-

of-the-art techniques and prepare for the next-generation video coding standards [62]

with capability beyond HEVC, termed Versatile Video Coding (VVC). VVC inherits

the block-based hybrid video coding framework from its predecessors H.265/HEVC [63]

and H.264/AVC [64], but introduces new block partitioning schemes. It supports up to

128×128 Coding Tree Units (CTU) with recursive quadtree (QT) and nested recursive

multi-type tree (MTT) partitioning. Various techniques have been incorporated to im-

prove the compression efficiency in the under-development VVC Test Model (VTM). The
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primary intra prediction tools include up to 65 prediction angles, prediction filtering using

neighboring reference samples and cross-component linear model (CCLM) prediction (Y

to Cb, Cr). The primary inter prediction tools include affine motion compensation (4×4

subblocks), improved temporal merge motion vector (MV) predictors (8×8 subblocks)

and Adaptive Motion Vector Resolution switches between 1/4, 1, 4 sample accuracy for

MVD.

In hybrid video coding frameworks, two techniques of crucial importance to achieve

efficient compression efficiency are prediction and residual transform coding. The pre-

diction process focuses on removing the statistical redundancy between the current block

and the reference block and transform coding deals with the inter-pixel correlations which

is typically done with linear transforms. A variety of transform schemes have been de-

veloped in the literature among which the DCT type II (DCT-II) [65] becomes the most

popular solution due to its superior capability of balancing the coding efficiency and the

time complexity [66].

3.1.2 VVC Transform Solution

In regards to energy compaction performance, it is theoretically proven that DCT-

II can efficiently approximate the optimal signal-dependent Karhunen-Loève transform

(KLT) [67–70] under the first-order stationary Markov assumption. However, the dras-

tic dynamics existing in natural image content are not always following the first-order

Markov condition [71].

To better capture the dynamic characteristics of image data content, numerous of
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transform schemes [72–80] have been proposed in the past decades. But those methods

suffer from either limited coding efficiency or impractical complexity that hinders the ap-

plication on video coding codecs. The noteworthy milestone comes when the Enhanced

Multiple Transform (EMT), i.e., Adaptive Multiple Transform [67] is proposed. In EMT,

four additional transforms including DST-VII, DST-I, DCT-V, and DCT-VIII are intro-

duced. It is reported to achieve -3.1% BD-Rate reduction for AI configuration, and up

to -3.6% and -4.0% BD-Rate reduction on 2K and 4K content, respectively [66] which

makes it one of the rarest techniques that can achieve more than 2% coding gains since

HEVC.

EMT serves as the foundation and prototype of developing the VVC transform

solutions due to its superior capability. Since there are five kinds of transforms need

to be evaluated to select the optimal category, the encoder run-time complexity is very

expensive. In the recent VVC working draft [81], the simplified EMT, named Multiple

Transform Selection (MTS) is adopted as the primary residual transform solution after

comprehensive consideration about relative merits. In MTS, only the transform set con-

sisting of DST-VII and DCT-VIII remains, excluding the other transform sets and the

dependency on intra prediction modes [81, 82].

In VVC, there are two types of MTS, including explicit MTS (with signaling) and

implicit MTS (without signaling). The implicit MTS applies DST-VII/DCT-VIII based

on block size information (small blocks always use DST-VII for intra), and there is no

transform type signaling. The switching between explicit and implicit MTS is done by

high-level syntax flags, such that the encoder could choose either explicit MTS or implicit
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Table 5: Basis functions of DCT-II, DST-VII and DCT-VIII for N -point input.

Transform Type Basis Function Ti(j), i, j = 0, 1, . . . , N − 1

DCT-II
Ti(j) = ω0 ·

√
2
N
· cos(π·i·(2j+1)

2N
),

where ω0 =

{√
2
N

i = 0

1 i 6= 0

DST-VII Ti(j) =
√

4
2N+1

· sin(π·(2i+1)·(j+1)
2N+1

)

DCT-VIII Ti(j) =
√

4
2N+1

· cos(π·(2i+1)·(2j+1)
4N+2

)

MTS, based on the different trade-off between coding performance and encoder complex-

ity. More detailed design regarding implicit MTS can be found in [83]. It should be noted

that our fast method applies to both explicit MTS and implicit MTS, as long as DST-VII

or DCT-VIII is used.

3.2 Discrete Sinusoidal Transform Family

The discrete sinusoidal transform family [84] covers the well-known discrete Fourier

transform, cosine transform, sine transform and the Karhunen-Loève transform. Among

all the members, there are eight kinds of transforms based on cosine functions and another

eight kinds of transforms based on sine functions, namely DCT-I, DCT-II, ..., DCT-VIII

and DST-I, DST-II, ..., DST-VIII, respectively. Variants of discrete cosine and sine trans-

forms are derived from different symmetry of their symmetric-periodic sequences [85].

The transform basis functions of selected types of DCT and DST as used in this paper,

i.e., DCT-II, DST-VII, and DCT-VIII are formulated in Table 5.

To better understand the sinusoidal families involved in this paper, the first four
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Figure 9: The first four basis plots of DCT-II, DST-VII and DCT-VIII.

most principle basis functions of DCT-II, DST-VII, and DCT-VIII are visualized in Fig-

ure 9 for a 64-point input, i.e., N = 64. It can be seen that the most principal DCT-II

basis, i.e., T0 shows a constant magnitude distribution, while the DST-VII and DCT-VIII

characterize a gradually increasing and gradually decreasing magnitude distribution of

the data samples, respectively. Across the plots, we can observe that non-overlapping

distributions can be characterized by DST-VII and DCT-VIII under different phases and

periods.

The characteristics of the transform basis functions intuitively reveal that the ad-

vantages by applying DST-VII/DCT-VIII for intra prediction residuals along the intra
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prediction direction since the residual magnitude generally increases along the intra pre-

diction directions. As is observed in Figure 9, inter-prediction residual generally shows

a larger residual magnitude for residues closer to PU boundary, thus joint utilization of

DST-VII and DCT-VIII would be beneficial to better de-correlate the residual blocks.

3.3 Fast Multiple Transform Selection

In this section, the proposed fast method for DST-VII and DCT-VIII is presented

in detail. First, the proposed fast transform scheme is described, including the (anti-

)symmetric properties which are considered beneficial for reducing arithmetic operations.

Second, an example is provided to showcase how these features are leveraged to devise

the fast algorithm. Finally, the transform matrix tuning is presented to compensate for the

deviation induced by the rounding error. Multiple measures have been taken to achieve

the orthogonality and efficiency of the tuned transform matrices.

In the block-based hybrid video coding scheme, linear transforms are typically

applied to the residual blocks obtained from inter- or intra-frame prediction. VVC sup-

ports up to 64×64 transform block and introduces the non-square transform block parti-

tion scheme. To achieve efficient implementation, existing HEVC/VVC reference soft-

ware deploys a two-dimensional transform as a consecutive combination of two one-

dimensional transforms with each for horizontal and vertical, respectively. The result-

ing coefficients are further processed by quantization and entropy coding. Typically, the

forward and inverse transform matrices are transposed matrix of each other.

In the remaining sections, we present the proposed method by using DST-VII
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forward transform as an example unless otherwise specified. Unless otherwise stated,

description to the algorithm is based on the 8-bit transform matrix representation. The

proposed scheme is applicable to both 8-bit and 10-bit transform matrix representation.

This paper only focuses on 16-, 32- and 64-point transform sizes for the following rea-

sons: 1) There is already a similar fast algorithm implemented for 4-point transform. 2)

No similar (anti-)symmetric features are observed to the best of our knowledge. 3) The

benefits are quite limited even 4-point and 8-point fast implementation is achieved due to

their relative small transform sizes. It should be noted that the inverse transforms are the

transposed matrices hence the similar deployment can be realized. In addition, the same

philosophy can be seamlessly migrated to DCT-VIII.

3.3.1 Fast Transform

In the following chapters, unless other stated, we denote the residual coefficients

vector {x0, ..., x15} as input vector, the transformed output vector {y0, · · · , y15} as output

vector, the transform matrix derived from Table 5 as transform matrix, a vector from the

transform matrix as transform vector, each element in the transform matrix as element.

The first feature that is noteworthy to mention is that there exist only N distinct possible

values except for 0 in an N -point transform matrix. Typically, the first basis vector con-

tains all the values while others only contain partial values with or without sign changes

and a possible 0. We denote the transform vector which contains N unique values (usu-

ally the first transform vector) as basis transform vector, and each element in the basis

transform vector as a member.
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Figure 10: Fast 16-point DST-VII forward transform algorithm.

For example, we use {a, b, . . . , p} to represent the basis transform vector of a

16-point DST-VII transform matrix that is derived from the equations defined in Table

5. To make it simple, we use T to represent the whole transform matrix. It should be

understood that the actual values might be different for a transform matrix of different

sizes. For instance, a might be a different number in a 32-point transform matrix as it is

in a 16-point transform matrix. However, it is assured that the same member represents

the identical number within a transform matrix. Similar to the preprocessing applied on

DCT-II in HEVC, the transform matrix elements in VVC are also scaled by a scale factor

e.g., 64 ·
√
N or 256 ·

√
N , and then rounded to the closest integer. Further tuning by an
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offset might also be applied in the application.

Figure 10 sketches the framework of the proposed fast method on a 16-point DST-

VII forward transform. The input vector {x0, · · · , x15} multiplies the transform matrix

T to obtain the output vector {y0, · · · , y15}. The filled red circle and green circle repre-

sent the subtraction and addition operation, respectively. In the conventional full matrix

multiplication, the transformed results are calculated by repeating multiplying each input

with the transform matrix element and adding them together. By leveraging the innate

partial butterfly-type features, the proposed fast method accelerates this process through

the simplification process and the intermediate results re-use mechanism. The proposed

scheme supports both direct matrix multiplication and partial butterfly-type fast method.

Parallel processing is supported when selecting direct matrix multiplication.

As shown with different colors in Figure 10, the DST-VII transform matrix con-

sists of three features that are considered useful for a more efficient implementation.

These features are summarized as follows. It should be noted that these features are

non-overlapping, i.e., only one feature is applicable for a given transform vector.

1. Feature #1: N members are included without considering the sign changes. These

elements can be grouped into several groups with a fixed number of elements. An

equation exists by manipulating additions in each group.

2. Feature #2: Only a subset of the N members are included without considering the

sign changes. They can be divided into several groups with a fixed number of con-

secutive elements such that every two consecutive groups are spatially symmetric

or anti-symmetric, i.e., symmetric by applying a negative sign.
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3. Feature #3: Except for zero, some transform vector(s) only contain(s) a single

member when neglecting the sign changes.

As mentioned in Feature #1, there exists an equation in each group. We observe

that the relationships can be expressed using the following equations, i.e., three elements

form a group and five groups are derived in each two added elements equals to another

element.

a+ j = l

b+ i = m

c+ h = n

d+ g = o

e+ f = p

(3.1)

Take deriving y0 using the first transform vector (colored in Ceruleanblue) as an

example, conventional matrix multiplication would directly calculate the following equa-

tion which requires 16 multiplications and 15 additions.

y0 =a · x0 + b · x1 + c · x2 + d · x3 + e · x4 + f · x5

+g · x6 + h · x7 + i · x8 + j · x9 + k · x10

+l · x11 +m · x12 + n · x13 + o · x14 + p · x15

(3.2)

Benefit from Feature #1 (3.1), when calculating (a · x0 + j · x9 + l · x11) which

requires three multiplications and two additions, we can calculate its equivalent form

a·(x0+x11)+j ·(x9+x11) by combing the common items thereby only two multiplications

are needed. Although the addition operations are increased but some intermediate results
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can be re-used to eliminate the additional cost. We will introduce this in the following

chapters. Similar simplification can be applied to (b ·x1 + i ·x8 +m ·x12), (c ·x2 +h ·x7 +

n · x13), (d · x3 + g · x6 + o · x14) and (e · x4 + f · x5 + p · x15). Therefore, to calculate y0,

instead of doing the element-wise multiplication which requires 16 multiplications and

15 additions, the following equivalent formulation can be utilized to derive the identical

results.

y0 =a · (x0 + x11) + b · (x1 + x12) + c · (x2 + x13)

+d · (x3 + x14) + e · (x4 + x15) + f · (x5 + x15)

+g · (x6 + x14) + h · (x7 + x13) + i · (x8 + x12)

+j · (x9 + x11) + k · x10

(3.3)

which requires 11 multiplications and 20 additions. So we can save 5 multiplications but

need 5 additional additions. Typically, it is faster performing addition instruction than

multiplication instruction on modern CPUs. Thus time saving can be achieved by the

simplification process. In addition, when calculating y2, y3, y6, y8, y9, y11, y12, y14, y15,

similar simplification can be achieved and what really matters is the intermediate results

of (x0 + x11), (x1 + x12), (x2 + x13), (x3 + x14), (x4 + x15), (x5 + x15), (x6 + x14),

(x7 + x13), (x8 + x12), (x9 + x11) and k · x10 can be re-used. This could save a lot more

on top of that. In summary, the time complexity reduction from Feature #1 comes from

the simplification process and the intermediate results re-use mechanism.

We take the second transform vector (colored in Apricotorange) from T to show-

case how Feature #2 is leveraged to achieve a better implementation.
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{ c,  f,  i,  l,  o,  o,  l,  i,  f,  c,  0, -c, -f, -i, -l, -o}

Segment 0 Segment 1 Segment 2  

Figure 11: Feature #2 shows a mirror-(anti)symmetric pattern.

As shown in Figure 11, the second transform vector can be classified into three

segments. Each segment consists of the same five consecutive elements when neglecting

the sign changes. They are replicate with sign changes, or flipped version of each other.

Therefore, benefit from Feature #2, when computing the transformed result y1, instead of

doing the following element-wise operation

y1 =c · x0 + f · x1 + i · x2 + l · x3 + o · x4

+o · x5 + l · x6 + i · x7 + f · x8 + c · x9

−c · x11 − f · x12 − i · x13 − l · x14 − o · x15

(3.4)

which requires 15 multiplications and 14 additions, the following simplified form can be

utilized to derive the identical outcome with only 5 multiplications and 14 additions. The

reduced number of multiplications can lead to time complexity reduction.

y1 =c · (x0 + x9 − x11) + f · (x1 + x8 − x12)

+i · (x2 + x7 − x13) + l · (x3 + x6 − x14)

+o · (x4 + x5 − x15)

(3.5)

On top of that, when deriving y1, y4, y7, y10, y13, the intermediate results (x0 +

x9 − x11), (x1 + x8 − x12), (x2 + x7 − x13), (x3 + x6 − x14) and (x4 + x5 − x15) can

be re-used to further reduce the operation counts. Therefore, the benefits from Feature #2

come from both the simplification process and the intermediate results re-use mechanism.
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We take the sixth transform vector (colored in LimeGreengreen) to explain how

Feature #3 is utilized to reduce the computational complexity. This transform vector has

very distinct characteristics, i.e., consists of only a single member k when neglecting

the sign changes. To calculate y5, the conventional element-wise matrix multiplication

calculates in the following manner, which requires 11 multiplications and 10 additions.

y5 =k · x0 + k · x1 − k · x3 − k · x4 + k · x6 + k · x7

−k · x9 − k · x10 + k · x12 + k · x13 − k · x15
(3.6)

Benefit from Feature #3, we can alternatively derive the identical results through

the simplified formulation (3.7) by combining the common terms which requires only 1

multiplication and 10 additions. Therefore, the time reduction achieved from Feature #3

comes from the simplification process.

y5 = k · (x0 − x2 + x3 − x5 + x6 − x8

+x9 − x11 + x12 − x14 + x15)

(3.7)

It should be noted that in a given transform matrix, the combination pattern is

fixed to implement Feature #1, i.e., the pattern of addition of two elements equals to

another element only exists in the 16-point or 64-point transform matrices, the pattern of

addition of three elements equals to addition of another two elements only exists in a 32-

point transform matrix. We summarize the applicable transform vectors for the mentioned

three features of 16, 32, and 64-point DST-VII transform matrices as follows.

• 16-point transform

– Feature #1: T3n and T2+3m, where n = 0, · · · , 5, m = 2, 3, 4
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– Feature #2: T1+3n, where n = 0, · · · , 4

– Feature #3: T5

• 32-point transform

– Feature #1: T5 and T8+m+5n, where m = 0, · · · , 3, n = 0, · · · , 4 but n 6= 2

when m = 1

– Feature #2: T2+5n, where n = 0, · · · , 5

– Feature #3: T6 and T19

• 64-point transform

– Feature #1: T2+3n and T3m, where n = 0, · · · , 20, m = 0, · · · , 21 but m 6= 7

– Feature #2: T1+3n, where n = 0, · · · , 20

– Feature #3: T21

For the DST-VII inverse transform, the transform matrix is the transposed version

of the forward transform matrix thereby similar deployment can be achieved. The above-

mentioned features also exist in 32-point and 64-point transform matrices with a slight

difference of how the groups are identified and the number of elements in each group.

Therefore, a similar implementation can be applied to 32-point and 64-point transform

matrices.

Since DST-VII and DCT-VIII share the same implementation logic, we omit full

description to DCT-VIII to avoid redundancy. It would be easier to understand by exam-

ining the basis transform vector of DCT-VIII. The basis transform vector of the 16-point
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Table 6: Feature #1 applicable equation groups of 16-point DST-VII.

Output Equation Groups

y0 a+ j = l b+ i = m c+ h = n d+ g = o e+ f = p

y2 e− p = −f j − l = −a o− g = d m− b = i h+ c = n

y3 g + d = o n− c = h l − j = a e− p = −f −b− i = −m
y6 m− b = i g − o = −d −f − e = −p −n+ h = −c −a+ l = j

y8 p− e = f −a+ l = j −o+ d = −g b−m = −i n− c = h

y9 n− h = c −e− f = −p −i+m = b j + a = l d− o = −g
y11 j + a = l −m+ i = −b c− n = −h g + d = o −p+ f = −e
y12 h− n = −c −p+ f = −e i+ b = m −a− j = −l −g + o = d

y14 d+ g = o −h− c = −n l − a = j −p+ e = −f m− i = b

y15 b−m = −i −d+ o = g f − p = −e −h+ n = c j − l = −a

DST-VII is

TDST−V II0 = {8, 17, 25, 33, 40, 48, 55, 62, 68, 73, 77, 81, 85, 87, 88, 88} (3.8)

and the basis transform vector of the 16-point DCT-VIII is

TDCT−V III0 = {88, 88, 87, 85, 81, 77, 73, 68, 62, 55, 48, 40, 33, 25, 17, 8} (3.9)

To leverage the proposed rules, the fast method Feature #1 for 16-point DCT-III

can be formulated as

T0(15− j) + T0(6 + j) = T0(4− j), j = 0, · · · , 4 (3.10)

which corresponds to (3.16) of the 16-point DST-VII formulation.
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3.3.2 Transform Matrix Tuning

Similar to HEVC, VVC implements the transform matrices in a finite-precision

approximation in the reference software. Using integer operations is friendly to hard-

ware implementation. In addition, it might also avoid potential mismatch caused by the

platforms from different manufactures. One of the drawbacks is the finite-precision repre-

sentation is not as accurate as the floating-point representation. This might lead to inferior

coding efficiency. Another disadvantage is that the useful features as mentioned in Sec-

tion ?? are not valid in the rounded transform matrices.

To better explain this point, we take the 32-point DST-VII forward transform ma-

trix as an example. We use {a, b, . . . , z, A,B, . . . , F} to denote the basis transform vector

which is also the first transform vector. In floating-point 32-point DST-VII forward trans-

form matrix, Feature #1 can be expressed with the following equations.

a+ l + A = n+ y

b+ k +B = o+ x

c+ j + C = p+ w

d+ i+D = q + v

e+ h+ E = r + u

f + g + F = s+ t

(3.11)

In VVC test model, the transform matrix elements are multiplied and scaled to the
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closest integer resulting in the following actual values.

{a, b, . . . ,F} = {4, 9, 13, 17, 21, 26, 30, 34, 38, 42,

46, 49, 53, 56, 60, 63, 66, 69, 71, 74, 76,

78, 81, 82, 84, 85, 87, 88, 89, 89, 90, 90}

(3.12)

Therefore, for quintuple #1 in (3.11), the left side and the right side can be calcu-

lated as

b+ k +B = 9 + 46 + 88 = 143

o+ x = 60 + 82 = 142

(3.13)

which are not equal any more. To bring this rounded transform matrix back to validity

for Feature #1, the basis transform vector has to be tuned. In this example, we can either

subtract 1 from b, k or B, or add 1 to o or x.

To make the adjusted transform matrices well-adapted in video coding scenario,

we define the following principles that should be strictly followed during the tuning pro-

cess. First, the N -point transform matrix can be represented using N distinct basis trans-

form vector members without considering the sign changes. Second, the orthogonality

between any two transform vectors should be optimized as much as possible. Finally,

the adjusted basis transform vector members should be kept as close as possible to the

floating-point basis transform vector members.

The following metrics are defined to evaluate the quality of the tuned transform

matrices, including orthogonality, accuracy and norm measurement.

1. Orthogonality measure: oij = dTi dj/d
T
0 d0, i 6= j

2. Closeness measure: mij = |αcij − dij|/d00
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Table 7: Comparison of the tuned transform matrices and the original transform matrices.

Bit depth Metric
16 point 32 point 64 point

Tuned Original Tuned Original Tuned Original

8-bit
Orthogonality oij ≤ 0.0017 oij ≤ 0.0020 oij ≤ 0.0026 oij ≤ 0.0026 oij ≤ 0.0018 oij ≤ 0.0018

Closeness mij ≤ 0.1910 mij ≤ 0.1509 mij ≤ 0.1956 mij ≤ 0.1956 mij ≤ 0.9037 mij ≤ 0.7902

Norm measure ni ≤ 0.0047 ni ≤ 0.0066 ni ≤ 0.0039 ni ≤ 0.0045 ni ≤ 0.0039 ni ≤ 0.0045

10-bit
Orthogonality oij ≤ 0.0009 oij ≤ 0.0010 oij ≤ 0.0005 oij ≤ 0.0007 oij ≤ 0.0010 oij ≤ 0.0010

Closeness mij ≤ 0.0189 mij ≤ 0.0156 mij ≤ 0.0437 mij ≤ 0.0382 mij ≤ 0.0833 mij ≤ 0.0751

Norm measure ni ≤ 0.0019 ni ≤ 0.0024 ni ≤ 0.0004 ni ≤ 0.0006 ni ≤ 0.0012 ni ≤ 0.0017

3. Norm measure: ni = |1− dTi di/d
T
0 d0|

Given the original N -point transform matrix element cij = Ti(j) as defined in

Table ??, the scaled approximated transform matrix element of dij , which constitutes the

scaled approximated transform vector di = [di0, . . . , di(N−1)]
T , where i = 0, . . . , N − 1,

the global optimization objective is defined as follows.

D = |α2 · I − T · T T | (3.14)

where i, j = 0, . . . , N − 1, and the scale factor α = 64 ·
√
N . The tuning process is

deployed by trying all possible integer values and evaluate the tuned transform matrix

using the above-mentioned three measurements and the optimal setting will be adopted.

In addition, the per-element magnitude difference between the tuned transform

matrix T and the floating-point transform matrix T0 is restrained to be no larger than

1. In such a way, the adjusted transform matrices are kept as close as possible to the

original floating-point transform matrices to avoid severe performance deviation. The

tuned transform matrices in both 8-bit and 10-bit can be found in [86, 87].

The comparison between the tuned transform matrices and the original transform

matrices is tabulated in Table 7. The worst value of oij ,mij and ni are used to measure the
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Figure 12: Sinusoidal graphs of the tuned transform basis.

level of approximation. As can be seen from the table, in most cases, although the tuned

transform matrices are farther from the orthonormal transform matrices, they provide

better orthogonality and norm properties.

The sinusoidal graphs are also provided in Figure 12 to show the closeness of the

original transform basis and the proposed transform basis to the floating-point transform

basis. Here, the floating-point transform basis is directly derived from the formula listed in

Table 5 and multiplied by a scale factor, the original transform basis refers to the existing

one in the reference software prior to the proposed scheme was adopted, the proposed

transform is the proposed transform basis presented in this paper. We can observe from

the graph that, there are only some minor differences on the basis at the peak of wave and

the bases look close among the three curves.
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3.4 Theoretical Proof

To demonstrate the validity of the proposed features utilized to design the fast

methods, we prove them from theory. Since Feature #2 and Feature #3 are very straight-

forward, we omit the theoretical proof process.

3.4.1 16-point Transform

In the 16-point DST-VII example, Feature #1 (3.1) can be expressed in the form

of (3.15). Therefore, Feature #1 can be summarized in a more compact form as in (3.16).

T0(0) + T0(9) = T0(11)

T0(1) + T0(8) = T0(12)

T0(2) + T0(7) = T0(13)

T0(3) + T0(6) = T0(14)

T0(4) + T0(5) = T0(15)

(3.15)

T0(j) + T0(9− j) = T0(11 + j), j = 0, · · · , 4 (3.16)

According to the basis function defined in Table ??, they can be re-written in the

following format.

T0(j) =

√
4

2N + 1
· sin π(j + 1)

2N + 1

T0(9− j) =

√
4

2N + 1
· sin π(10− j)

2N + 1

T0(11 + j) =

√
4

2N + 1
· sin π(12 + j)

2N + 1

(3.17)
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Therefore, proving (3.16) is equivalent to proving (3.18) by removing the non-zero

element
√

4
2N+1

.

sin
π(j + 1)

2N + 1
+ sin

π(10− j)
2N + 1

= sin
π(12 + j)

2N + 1
(3.18)

The proof process is provided as follows.

sin
π(12 + j)

2N + 1
− sin

π(10− j)
2N + 1

=2 cos
11π

2N + 1
sin

π(1 + j)

2N + 1

=2 cos
π

3
sin

π(1 + j)

2N + 1

= sin
π(j + 1)

2N + 1

(3.19)

Therefore, (3.16) has been proven.

3.4.2 32-point Transform

In the 32-point DST-VII transform matrix, the relationships defined in (3.11) can

be expressed in the following form.

T0(0) + T0(11) + T0(26) = T0(13) + T0(24)

T0(1) + T0(10) + T0(27) = T0(14) + T0(23)

T0(2) + T0(8) + T0(28) = T0(15) + T0(22)

T0(3) + T0(8) + T0(29) = T0(16) + T0(21)

T0(4) + T0(7) + T0(30) = T0(17) + T0(20)

T0(5) + T0(6) + T0(31) = T0(18) + T0(19)

(3.20)
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Therefore, we can describe Feature #1 in 32-point transform in a compact manner

as defined in (3.21).

T0(j) + T0(11− j) + T0(26 + j)

=T0(13 + j) + T0(24− j), j = 0, · · · , 5
(3.21)

Based on definitions in Table 5, we have

T0(j) =

√
4

2N + 1
· sin π(j + 1)

2N + 1

T0(11− j) =

√
4

2N + 1
· sin π(12− j)

2N + 1

T0(26 + j) =

√
4

2N + 1
· sin π(27 + j)

2N + 1

T0(13 + j) =

√
4

2N + 1
· sin π(14 + j)

2N + 1

T0(24− j) =

√
4

2N + 1
· sin π(25− j)

2N + 1

(3.22)

After removing the non-zero element
√

4
2N+1

, we can prove the equivalent objec-

tive as described in (3.23).

sin
π(j + 1)

2N + 1
+ sin

π(12− j)
2N + 1

+ sin
π(27 + j)

2N + 1

= sin
π(14 + j)

2N + 1
+ sin

π(25− j)
2N + 1

(3.23)

On the left side of the equation, when we combine the second and the third term,

we achieve the following expression:
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sin
π(j + 1)

2N + 1
+ sin

π(12− j)
2N + 1

+ sin
π(27 + j)

2N + 1

= sin
π(j + 1)

2N + 1
+ 2 sin

39π

2(2N + 1)
cos

π(−15− 2j)

2(2N + 1)

(3.24)

Similar processing can be performed on the right terms, then the right side is

transformed to (3.25).

sin
π(14 + j)

2N + 1
+ sin

π(25− j)
2N + 1

=2 sin
π39

2(2N + 1)
cos

π(−11 + 2j)

2(2N + 1)

(3.25)

Equation (3.23) can be re-written as (3.26) by substituting corresponding items

with (3.24) and (3.25).

sin
π(j + 1)

2N + 1
+ 2 sin

39π

2(2N + 1)
cos

π(−15− 2j)

2(2N + 1)

=2 sin
39π

2(2N + 1)
cos

π(−11 + 2j)

2(2N + 1)

(3.26)

After merging similar items, the objective becomes

sin
π(j + 1)

2N + 1

=2 sin
39π

2(2N + 1)

[
cos

π(−11 + 2j)

2(2N + 1)
− cos

π(−15− 2j)

2(2N + 1)

] (3.27)

The right-most 2 items can be further simplified as follows.

cos
π(−11 + 2j)

2(2N + 1)
− cos

π(−15− 2j)

2(2N + 1)

=− 2 sin
−26π

4(2N + 1)
sin

π(4 + 4j)

4(2N + 1)

(3.28)
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Then we substitute corresponding items in (3.27), the objective turns to this form

sin
π(j + 1)

2N + 1

=− 4 sin
39π

2(2N + 1)
sin

−26π

4(2N + 1)
sin

π(4 + 4j)

4(2N + 1)

(3.29)

Since sin π(j+1)
2N+1

is a non-zero element, we obtain the final simplified objective

equation (3.30) which is equivalent to (3.21).

sin
39π

2(2N + 1)
· sin 13π

2(2N + 1)
=

1

4
(3.30)

This equation turns to be an identity relation since N is 32. Therefore, the Feature

#1 of 32-point DST-VII transform matrix as described in (3.21) has been proved.

3.4.3 64-point Transform

Similar to 16-point and 32-point transform matrices, the 64-point Feature #1 also

can be expressed in a compact manner.

T0(j) + T0(41− j) = T0(43 + j), j = 0, · · · , 20 (3.31)

Based on the definitions in Table ??, each item in (3.31) can be expanded to the

following form.

T0(j) =

√
4

2N + 1
· sin π(j + 1)

2N + 1

T0(41− j) =

√
4

2N + 1
· sin π(42− j)

2N + 1

T0(43 + j) =

√
4

2N + 1
· sin π(44 + j)

2N + 1

(3.32)
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Replacing corresponding items in (3.31) with those in (3.32) and removing the

non-zero item
√

4
2N+1

, we obtain an equivalent objective equation.

sin
π(j + 1)

2N + 1
+ sin

π(42− j)
2N + 1

= sin
π(44 + j)

2N + 1
(3.33)

Start from the left side, each term can be expressed as the following form.

sin
π(j + 1)

2N + 1
= sin

[
π(44− j)
2N + 1

− 43π

2N + 1

]
(3.34)

sin
π(42− j)
2N + 1

= sin

[
π(−44− j)

2N + 1
+

86π

2N + 1

]
(3.35)

The terms on the right side can be further expanded to achieve this description.

sin

[
π(44− j)
2N + 1

− 43π

2N + 1

]
= sin

π(44 + j)

2N + 1
cos

43π

2N + 1
− cos

π(44 + j)

2N + 1
sin

43π

2N + 1

(3.36)

sin

[
π(−44− j)

2N + 1
+

86π

2N + 1

]
= sin

π(−44− j)
2N + 1

cos
86π

2N + 1
+ cos

π(−44− j)
2N + 1

sin
86π

2N + 1

(3.37)

When we add (3.36) and (3.37) and merge the common terms, we obtain the fol-

lowing equivalent objective.

sin
π(j + 1)

2N + 1
+ sin

π(42− j)
2N + 1

= sin
π(44 + j)

2N + 1

[
cos

43π

2N + 1
− cos

86π

2N + 1

]
+ cos

π(44 + j)

2N + 1

[
sin

86π

2N + 1
− sin

43π

2N + 1

] (3.38)
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Since N = 64, (3.38) is equivalent to (3.39) as follows.

sin
π(j + 1)

2N + 1
+ sin

π(42− j)
2N + 1

= sin
π(44 + j)

2N + 1

[
cos

π

3
− cos

2π

3

]
+ cos

π(44 + j)

2N + 1

[
sin

2π

3
− sin

π

3

] (3.39)

It is obvious that

cos
π

3
− cos

2π

3
= 1 (3.40)

sin
2π

3
− sin

π

3
= 0 (3.41)

Finally, (3.39) can be expressed in the following format.

sin
π(j + 1)

2N + 1
+ sin

π(42− j)
2N + 1

= sin
π(44 + j)

2N + 1
(3.42)

Therefore, (3.31) has been proven.

In summary, these features utilized to design the fast DST-VII/DCT-VIII method

are tenable in theory. These inherent properties are perfectly supported and considered

useful for a more efficient implementation. It is the deviation caused by the rounding

operation in the finite-precision expression that breaks the (anti-)symmetric properties.

3.5 Complexity Analysis

We provide complexity analysis in this section, including both the number of arith-

metic operation counts and the actual software execution time. In the software execution

65



time section, two experiments are devised 1) using a separate test program to execute the

transform operation by a large number of repetitions and calculate the average transform

time; 2) collecting the actual transform time from the VTM.

3.5.1 Arithmetic Operations

In the element-wise matrix multiplication, N2 multiplications and N(N − 1) ad-

ditions are needed to derive a 1-D inverse transformed results. Therefore, the doubled

number of operations are needed for calculating a 2-D transform results. We calculate the

number of operation counts involved in a 1-D transform process to conduct the compari-

son.

According to the three features as mentioned above, a reduced number of opera-

tion counts can be achieved. To check the practical effects, we tabulate the numbers of

arithmetic operations required for a 1-D N -point transform of the full-matrix multiplica-

tion and the fast method in Table 8. Overall, 41.8%, 33.1% and 43.8% total number of

arithmetic operations are saved for 16-point, 32-point and 64-point DST-VII/DCT-VIII

transform, respectively.

To showcase how these numbers of operation counts are obtained, we take the

16-point DST-VII inverse transform as an example to introduce the details. To derive a

single output element, 16 multiplications and 15 additions are needed using element-wise

matrix multiplication. Therefore, to obtain an output vector, 16 times operation counts

are required, i.e., 256 multiplications and 240 additions.

However, if using the proposed fast methods, Feature #1 can be applied to 10

66



Table 8: The number of arithmetic operations for a 1D forward/inverse transform.

Transform Size
Matrix Multiplication Fast DST-VII/DCT-VIII

Mult Add Shift Mult Add Shift

16 256 240 16 127 155 16

32 1024 992 32 620 718 32

64 4096 4032 64 2207 2331 64

transform vectors, Feature #2 can be applied to 5 transform vectors and Feature #3 can

be applied to the remaining transform vector. In Feature #1, there are 16 shared val-

ues to be re-used which occupy 25 additions and another shared value which requires 1

multiplication. To use these shared values derive the transformed results for the 10 trans-

form vectors, an additional of 10× 10 multiplications and 10× 10 additions are needed.

Thus 101 multiplication operations and 125 addition operations are required by apply-

ing Feature #1. The number of operation counts can be calculated in a similar way for

performing Feature #2, resulting in 25 multiplications and 20 additions. When apply-

ing Feature #3, there are 1 multiplication and 10 addition operations. By summing them

up, the total numbers of multiplications and additions needed to derive a 1-D 16-point

DST-VII transformed vector are 127 and 155, respectively. Therefore, 50.4% and 35.4%

operation counts reduction are achieved for multiplication and addition, respectively.

For the 1-D 32-point and 64-point transforms, the numbers of operation counts can

be calculated in a similar way. As tabulated in Table 8, 39.5% and 27.6% total number of

multiplications and additions are reduced to derive a 1-D 32-point transformed results. In

a 1-D 64-point transform case, 46.1% and 42.2% operation counts reduction are achieved

for multiplication and addition, respectively.
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3.5.2 Software Execution Time

In this subsection, we devise two experiments to compare the software execution

time between the proposed fast method and the direct matrix multiplication. Firstly, a

standalone test program is used to measure the run-time (in seconds) of individual trans-

form functions by repeating a large number of times. Secondly, the proposed fast method

is integrated into VTM-3.0 and executed over all the CTC test sequences, the transform

time is collected to provide a statistical summary showing the ratio of the run-time be-

tween the proposed fast transform and the anchor. It should be noted that the matrix

multiplication implementation is the same no matter which VTM version is used.

The standalone program to measure the run-time of individual functions is written

in C, and auto-vectorization is disabled (#pragma loop(no vector)) for compiling

to provide a fair comparison. The total number of repeating iterations are set empirically

so that the total execution time is within a reasonable range. The detailed configurations

of the test environment are available below.

– CPU: i7-6600U CPU @ 2.6 GHz

– Windows 10 Pro, 64-bit

– Memory (RAM): 16 GB

– Compiler: Visual Studio 2017

The results of All Intra (AI) and Random Access (RA) are tabulated in Table 9.

By repeating the 16-point DCT-VIII transform function by 223 times, the proposed fast
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Table 9: Comparisons on software execution speed (seconds).

Transform Size No. of Iterations
Matrix Multiplication Proposed Fast Method

Forward Inverse Forward Inverse

16-point DCT-VIII 223 11.3 15.2 4.8 4.9

32-point DCT-VIII 220 11.1 14.8 5.7 5.5

64-point DCT-VIII 217 11.0 14.2 5.2 5.1

method can save 57.52% and 67.76% software execution time for forward and inverse

transform, respectively. In the 32-point DCT-VIII transform, an average of 48.65% and

62.84% time savings are achieved for forward and inverse transform, respectively. Simi-

larly, an average time saving of 52.73% and 64.08% is observed for forward and inverse

transform, respectively.

In the second experiment, the 16-point, 32-point, and 64-point DST-VII/DCT-VIII

fast methods are integrated into VTM-3.0 reference software. All the test sequences from

VVC CTC are utilized for the testing. The software execution time of both forward and

inverse transform are collected for the Luma component. Encoding process involves both

forward and inverse transforms since the RDO process, while the decoding process only

involves the inverse transform. To validate the individual contribution of each block-

level, we enable the fast method from the smallest block size and increase gradually to

the largest block size.

The statistical results are illustrated in Figure 13. fast16 denotes enabling fast

methods of block size 16, fast16+32 represents enabling fast methods of both block size

16 and 32, and fast16+32+64 means enabling fast methods of all block levels. The ver-

tical axis is the encoding/decoding time of the proposed fast methods and the horizontal
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(b) Inverse encoding time of AI.
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(c) Forward encoding time of AI.
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(d) Inverse decoding time of RA.
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Figure 13: Software execution time of the Luma component.
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axis is the encoding/decoding time of the anchor. The solid lines are the linear regression

approximations with the mean squared loss. The average percentage of time reduction

can be approximately represented by (1− l)× 100% where l is the slope of the solid line.

Overall, the superiority is quite remarkable, especially during inverse transform

process. It is observed in Figure 13 that an average of 56%, 57% inverse decoding time

savings are achieved under AI and RA configuration, respectively. In inverse transform of

the encoding process, an average of 34% and 49% time savings have been achieved for AI

and RA configuration, respectively. In addition, superiority is increased when involving

the 32-point and 64-point fast method implementation. Take the decoding time of inverse

transform under AI configuration i.e., Figure 13a as an example, 14% average time saving

is achieved when only the 16-point fast implementation is enabled. 31% more time saving

is achieved when the 32-point fast method is enabled on top of that. An additional 11%

time saving is observed when the 64-point fast transform is enabled. Therefore, each

size of fast transform has its own contributions to the final performance. The decreased

superiority during the forward transform process is caused by the fact that the encoder

needs to traverse all possible transforms to perform rate-distortion optimization thereby

dilutes the superiority of the fast methods.

3.5.3 Other Metrics

The additional metrics that might help better understanding the proposed method

are tabulated in Table 10. The proposed method shares the following merits, no additional

memory requirements for storing transform matrices, no additional computations required
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Table 10: Additional metrics related to the proposed fast method.

Metrics Reported results

Additional memory requirements for storing transform
matrices

No

Minimum bit-precision Unchanged

Specify if a transform requires multiple iterations where
transform output is fed back as input to the transform logic,
and multiple iterations are required to produce final
transform output.

No

Other operations and memory requirements relevant to the
proposed tool.

No

List of all combinations of transforms block size and
transform type used for secondary transformation.

Same with
VTM-3.0

Provide analysis of implementation and arithmetic
commonalities of proposed transforms.

Proposed method
supports both
partial butterfly and
matrix
multiplications.

If the proposal requires additional computations at the
encoder or decoder.

No

at the encoder/decoder side, the combinations of transform block size and transform type

used for secondary transform are consistent with VTM reference software, the minimum

bit-precision is unchanged, etc.

3.6 Experiments

3.6.1 Experiment settings

The proposed fast methods are integrated to VVC Test Model VTM-3.0 [88].

Three sets of experiments are conducted, including the CTC Set, the Low QP Set and
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comparing with relevant methods. The CTC Set uses the common test condition [89] as

defined by Joint Video Experts Team (JVET) for evaluating proposals during the VVC

standards development. The quantization parameters (QP) are set to 22, 27, 32, 37. The

Low QP set uses low QP values of 2, 7, 12, 17 to test the high-quality compression per-

formance. In each set, we provide the results of both inter MTS is disabled and enabled.

By default, the intra MTS is enabled in VVC common test condition. We also compare

with similar schemes [90–92] proposed in MPEG meeting and analyze relative merits.

In those experiments, a set of 26 video sequences ranging from 416×240 to

3840×2160 are tested, including four artificial sequences with the computer screen and

mixed natural and screen content. It should be noted that Class D and Class F (screen

content) are excluded in the overall average performance. The Bjøntegaard delta bitrates

(BD-Rate) [93, 94] is used to evaluate the relative coding improvement. The run-time

ratio of the proposed method to anchor as defined in (3.43) is used to evaluate the time

complexity, with 100% represents no run-time saving. All Intra (AI), Random Access

(RA) and Low Delay B (LDB) configurations are covered. Under AI configuration, every

picture is coded as Intra while under RA, intra period is set as one second, GOP size is set

to 8. The codec is operating in 10-bit mode, RDOQ is enabled. The decoding time and

encoding time are measured in seconds.

∆T =
TProposed
TAnchor

× 100% (3.43)
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Table 11: Run-time performance compared with VTM-3.0 under CTC.

Class Sequence
All Intra Random Access Low Delay B

∆TEnc ∆TDec
InterMTS off InterMTS on InterMTS off InterMTS on

∆TEnc ∆TDec ∆TEnc ∆TDec ∆TEnc ∆TDec ∆TEnc ∆TDec

Class A1
4k

Tango2 93% 86% 102% 101% 98% 96% - - - -

FoodMarket4 93% 86% 99% 99% 97% 101% - - - -

CampfireParty2 97% 92% 98% 96% 98% 99% - - - -

Class A2
4k

CatRobot1 95% 91% 101% 101% 99% 101% - - - -

DaylightRoad2 98% 96% 101% 101% 99% 99% - - - -

ParkRunning3 96% 89% 101% 100% 96% 98% - - - -

Class B
1080p

MarketPlace 98% 88% 99% 97% 97% 98% 100% 101% 96% 83%

RitualDance 94% 88% 98% 96% 95% 96% 99% 102% 97% 96%

Cactus 97% 91% 100% 99% 98% 99% 100% 105% 97% 96%

BasketballDrive 96% 91% 99% 98% 98% 96% 99% 104% 98% 92%

BQTerrace 96% 95% 99% 99% 99% 101% 100% 104% 98% 92%

Class C
WVGA

BasketballDrill 99% 96% 101% 102% 101% 104% 99% 100% 98% 95%

BQMall 100% 95% 100% 101% 101% 102% 100% 101% 98% 80%

PartyScene 100% 99% 101% 102% 98% 100% 94% 93% 98% 98%

RaceHorses 96% 92% 100% 101% 99% 97% 99% 98% 97% 94%

Class D
WQVGA

BasketballPass 97% 90% 99% 99% 99% 102% 104% 103% 97% 99%

BQSquare 98% 99% 100% 101% 99% 101% 99% 97% 98% 98%

BlowingBubbles 98% 101% 99% 98% 98% 100% 99% 98% 98% 99%

RaceHorses 97% 96% 98% 99% 98% 107% 100% 103% 97% 99%

Class E
720p

FourPeople 96% 92% - - - - 100% 100% 85% 94%

Johnny 100% 95% - - - - 99% 100% 97% 93%

KristenAndSara 96% 92% - - - - 99% 100% 97% 94%

Class F

BaskettallDrillText 98% 95% 99% 101% 98% 99% 99% 99% 116% 113%

AOV5 96% 94% 101% 100% 96% 98% 100% 103% 99% 98%

SlideEditing 97% 99% 99% 101% 99% 107% 101% 103% 100% 101%

SlideShow 96% 96% 100% 101% 97% 101% 105% 100% 97% 101%

Average 96% 91% 100% 100% 98% 100% 99% 101% 97% 97%
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3.6.2 Common Test Condition

The run-time results under common test condition are shown in Table 11. An av-

erage of 9%, 0%, and -1% decoding time savings are achieved for AI, RA and LDB con-

figurations, respectively and 4%, 0%, and 1% overall encoding time savings are achieved

for AI, RA, and LDB configurations, respectively. Among AI, RA and LDB configu-

rations, the proposed fast methods achieve the most significant average decoding time

reduction under AI configuration with up to 9% decoding time saving. In addition, the

proposed fast methods behave consistently comparing with the anchor across all the res-

olutions. In high-resolution contents, the proposed fast method is slightly better than in

low-resolution contents which could probably be caused by more sizes of fast transform

matrices are involved. In the encoding process, the most time saving is with Sequence

Tango2 and FoodMarket4 of 7%; CampfireParty2, RitualDance and RaceHorses of 2%;

and PartyScene of 6% for AI, RA and LDB configuration, respectively. In the decod-

ing process, the most time saving is with Sequence Tango2 and FoodMarket4 of 14%;

RitualDance of 4%; and PartyScene of 7% for AI, RA and LDB, respectively.

An increased superiority is observed when inter MTS is enabled for RA and LDB

which is also as expected. Overall, 0% and 3% decoding time savings are achieved for

RA and LDB, respectively; an average of 2% and 3% encoding time savings are achieved

for RA and LDB, respectively. The overall decoding time saving increases from -1% to

3% for LDB, and the overall encoding time saving increases from 0% to 2% for RA, from

1% to 3% for LDB. This demonstrates the fast method is of significant benefits for inter

coding process, especially when inter MTS is enabled when more transform types are
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Table 12: BD-Rate performance using tuned transform matrix under CTC.

Class
All Intra Random Access Low Delay B

Y U V Y U V Y U V

Class A1 0.02% 0.00% 0.06% 0.00% -0.12% 0.05% - - -

Class A2 0.01% 0.01% 0.03% -0.04% 0.05% 0.01% - - -

Class B 0.00% -0.01% -0.01% -0.02% 0.04% -0.08% 0.00% -0.26% -0.19%

Class C 0.01% -0.01% -0.15% 0.01% -0.09% -0.01% -0.01% 0.09% 0.12%

Class D 0.01% 0.15% -0.05% -0.03% -0.26% -0.17% 0.01% 0.25% 0.50%

Class E 0.02% -0.03% 0.17% - - - 0.02% 1.16% -0.73%

Class F 0.00% -0.06% 0.12% -0.04% -0.01% -0.06% 0.05% -0.04% 0.07%

Average 0.01% -0.01% 0.01% -0.01% -0.03% -0.02% 0.00% 0.22% -0.22%

involved in the RDO process.

Although some sequences happen to occupy more time than the anchor, e.g., de-

coding time of BlowingBubbles under AI, encoding time of BasketballDrill under RA

with inter MTS off, the overall time saving is quite encouraging. This phenomenon is

probably caused by the CPU perturbation while executing since the decoding time is too

short on these sequences.

To validate the coding efficiency by using the tuned transform matrices, we collect

the BD-Rate results as shown in Table 12. Overall, the proposed fast method achieves

0.01%, -0.01% and 0.01% Luma component BD-Rate reduction under AI, RA, and LDB

respectively compared with the anchor. The Luma component achieves very similar BD-

Rate performance in most cases and only trivial difference has been observed compared

with anchor. There exist some differences, but they are tolerable by considering the time

saving it can bring. In summary, no noticeable side effects have been introduced by
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replacing with the tuned transform matrices. The BD-Rate results when inter MTS is

enabled are similar to Table 12 thus are omitted here.

3.6.3 Low QP Test Condition

The run-time results using low QP values are tabulated in Table 13. In contrast to

common test condition, the proposed fast method achieves decreased superiority for AI

and increased superiority for RA and LDB. Under the AI test condition, the decoding time

saving decreases from 9% to 1% and the encoding time saving decreases from 4% to 2%.

In contrast, both the decoding and encoding saving increases from 0% to 1% under RA

test condition. Under the LDB configuration, the decoding time saving decreases from

1% to 0%, and the encoding time increases from -1% to 0%. The changes under the AI

test condition are caused by the fact that more smaller block transforms involved in low

QP encoding process thus the time saving has been diluted. The essence of the proposed

fast method is to accelerate the transform process by reducing the number of operation

counts. Therefore, more time saving can be achieved in larger block transform sizes. The

changes under RA and LDB test conditions are mostly caused by the fluctuations in terms

of both the transform size and the transform counts which heavily depends on the coding

parameter settings.

When inter MTS is enabled, an improved time saving performance has also been

observed in RA and LDB test conditions. The encoding time saving increases by 1%

and 2% for RA and LDB, respectively. The decoding time increases by 1% and 4% for

RA and LDB, respectively. This phenomenon is consistent with that of using normal
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QP values which reveals that more transform block sizes are involved thereby more time

saving is obtained.

To check the effects on the coding efficiency by introducing the new transform

matrices under low QP test conditions, we collect the BD-Rate results in Table 14. An

average of 0.02%, 0.01%, and 0.00% changes are observed for AI, RA, and LDB, respec-

tively. In the Luma component, a large portion of classes are not affected by introducing

the tuned transform matrices, i.e., identical coding efficiency has been achieved. Marginal

fluctuations are observed in the other classes which are tolerable since the overall changes

are very trivial that can be neglected.

3.6.4 Comparison with Relevant Methods

We compare the proposed methods with relevant schemes that were discussed in

the core experiments on complexity reduction of MTS. The DFT-based scheme JVET-

M0288 [90], transform adjustment-based method JVET-M0538 [91] and Transform Ad-

justment Filters (TAF)-based solution JVET-M0080 [92] are included in this comparison.

In JVET-M0288 [90], a DFT-based scheme is proposed by replacing DST-VII and

DCT-VIII with corresponding DFT transforms. The existent symmetries can be utilized

to devise efficient fast transform implementation. In JVET-M0538 [91], the authors per-

form a transform “adjustment” in which the DST-VII and DCT-VIII transform matrices

are processed vector by vector. The transform vector is decomposed to a combination of

an “adjusted” part and a DCT-II coefficients part. The “adjusted” part is achieved by mul-

tiplying the 8 lowest frequency coefficients with a pre-defined 8×8 matrix. The remaining
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part is copied from the DCT-II transform matrix coefficients. The primary benefits come

from the regular patterns in DCT-II transforms which enable faster parallel computation,

and the “zero-out” technique used in DCT-II of dimension 64 which reduces the worst-

case number of multiplications. In JVET-M0080 [92], another adjustment-based method

is proposed called TAF, in which the transform matrices are approximated using a low

complexity adjustment stage. TAF is implemented as a sparse matrix, used as a prepro-

cessor towards the partial butterfly DCT-II algorithm.

The results are shown in Table 15, including Luma component BD-Rate reduction,

encoding and decoding time ratio over VTM-3.0 with and without inter MTS enabled.

It can be observed that though JVET-M0288 achieves better performance in terms of

decoding time savings, it requires a two-stage implementation which is not friendly in

parallel computation required scenarios. Another set of DFT transform sets need to be

stored in the reference software which requires additional memory space. The JVET-

M0538 achieves better decoding time savings when inter MTS is on compared with the

proposed method, but leads to larger coding degradation. When tested over VTM-3.0 with

inter MTS off, it achieves inferior decoding time saving with noticeable encoding time

increase. Over VTM-3.0 with inter MTS off, JVET-M0080 performs slightly better in

terms of decoding time saving, but with much significant coding performance degradation

by comparing with the proposed method. Over VTM-3.0 with inter MTS on, the proposed

method performs better than JVET-M0080 in terms of both software run-time savings and

coding performance. In addition, none of the counterparts supports dual implementation,

i.e., direct matrix multiplication and fast transform deployment.
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In summary, the compared methods fail to support the following features simulta-

neously.

• Noticeable software run-time saving.

• Negligible coding performance degradation.

• Parallel computation supported.

• Dual-implementation supported.

The proposed scheme achieves a superior overall performance by considering the run-

time saving, side effects on coding performance and dual-implementation with capability

of parallel computation supported.
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Table 13: Run-time performance compared with VTM-3.0 under Low QP.

Class Sequence
All Intra Random Access Low Delay B

∆TEnc ∆TDec
InterMTS off InterMTS on InterMTS off InterMTS on

∆TEnc ∆TDec ∆TEnc ∆TDec ∆TEnc ∆TDec ∆TEnc ∆TDec

Class A1
4k

Tango2 100% 98% 98% 99% 98% 99% - - - -

FoodMarket4 98% 100% 100% 100% 97% 97% - - - -

CampfireParty2 101% 101% 99% 99% 108% 103% - - - -

Class A2
4k

CatRobot1 99% 101% 98% 99% 97% 98% - - - -

DaylightRoad2 85% 88% 98% 97% 96% 96% - - - -

ParkRunning3 96% 95% 98% 96% 95% 94% - - - -

Class B
1080p

MarketPlace 98% 98% 100% 101% 98% 98% 100% 96% 98% 94%

RitualDance 98% 100% 99% 101% 98% 96% 101% 98% 97% 96%

Cactus 98% 99% 99% 102% 99% 100% 100% 101% 96% 96%

BasketballDrive 95% 101% 101% 101% 100% 100% 101% 102% 98% 96%

BQTerrace 101% 108% 100% 101% 99% 99% 100% 99% 100% 99%

Class C
WVGA

BasketballDrill 97% 106% 100% 101% 97% 96% 100% 100% 98% 102%

BQMall 99% 103% 101% 100% 97% 100% 119% 114% 98% 99%

PartyScene 99% 100% 99% 100% 98% 101% 101% 98% 97% 101%

RaceHorses 100% 101% 99% 99% 98% 95% 100% 99% 97% 96%

Class D
WQVGA

BasketballPass 100% 100% 100% 102% 98% 98% 99% 102% 99% 99%

BQSquare 100% 113% 98% 100% 98% 106% 101% 104% 98% 102%

BlowingBubbles 101% 102% 101% 103% 100% 103% 102% 106% 100% 102%

RaceHorses 101% 100% 102% 103% 105% 108% 101% 110% 98% 99%

Class E
720p

FourPeople 99% 102% - - - - 98% 101% 99% 99%

Johnny 97% 99% - - - - 99% 100% 98% 98%

KristenAndSara 97% 98% - - - - 103% 99% 98% 98%

Class F

BaskettallDrillText 100% 102% 99% 100% 99% 100% 99% 98% 97% 94%

AOV5 100% 98% 100% 100% 99% 105% 101% 103% 99% 103%

SlideEditing 99% 101% 106% 107% 99% 101% 101% 106% 100% 103%

SlideShow 97% 103% 102% 99% 100% 102% 100% 100% 101% 104%

Average 98% 99% 99% 99% 98% 98% 100% 100% 98% 96%
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Table 14: BD-Rate performance of using tuned transform matrix compared with VTM-3.0
under Low QP.

Class
All Intra Random Access Low Delay B

Y U V Y U V Y U V

Class A1 0.00% -0.02% 0.01% 0.00% 0.03% 0.01% - - -

Class A2 0.07% -0.02% -0.01% 0.02% -0.01% -0.01% - - -

Class B 0.00% 0.01% 0.00% 0.01% 0.00% 0.01% 0.00% -0.01% 0.02%

Class C 0.01% 0.00% 0.01% 0.00% 0.00% 0.02% 0.00% -0.01% -0.02%

Class D 0.01% -0.05% -0.01% 0.00% 0.03% 0.00% 0.00% 0.01% -0.02%

Class E 0.00% 0.00% 0.00% - - - 0.00% -0.01% -0.01%

Class F 0.00% 0.01% -0.02% -0.11% -0.11% -0.05% -0.06% 0.02% -0.04%

Average 0.02% 0.00% 0.00% 0.01% 0.00% 0.01% 0.00% -0.01% 0.00%

Table 15: Comparison with related methods.

Methods Configuration
Over VTM-3.0 Over VTM-3.0, InterMTS on

Y BD-Rate ∆TEnc ∆TDec Y BD-Rate ∆TEnc ∆TDec

JVET-M0288 [90]
All Intra 0.00% 96% 90% - - -

Random Access -0.01% 99% 98% -0.01% 97% 98%

Low Delay B 0.02% 100% 99% 0.01% 97% 96%

JVET-M0538 [91]
All Intra 0.00% 98% 94% - - -

Random Access -0.37% 119% 100% 0.00% 98% 98%

Low Delay B -0.49% 125% 100% 0.05% 97% 96%

JVET-M0080 [92]
All Intra 0.09% 96% 85% - - -

Random Access 0.01% 101% 98% -0.04% 103% 96%

Low Delay B 0.07% 101% 100% -0.09% 106% 102%

Proposed
All Intra 0.01% 96% 91% - - -

Random Access -0.01% 100% 100% 0.00% 98% 100%

Low Delay B 0.00% 99% 101% 0.00% 97% 97%
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CHAPTER 4

IMPROVED INTRA PREDICTION BEYOND HEVC

In this chapter, we will cover improved intra prediction methods, including MLR

for intra prediction and Convolutional Neural Network for intra prediction.

Before delving into the details of the models, we give a brief introduction to ex-

isting ANN-based image compression approaches in Section 4.1. In particular, we review

relative merits of traditional codecs and ANN-based approaches. We hope this will give

readers a better sense how these two approaches differ fundamentally.

In Section 4.2, we compare the state-of-the-art LBC methods and traditional MPEG

codecs, i.e., VVC and HEVC intra prediction in terms of coding performance and decod-

ing time complexity. Unlike traditional video coding standards with strictly and formally

defined Common Test Condition (CTC), it is difficult to compare the performance be-

tween LBC methods and traditional codecs. Another hassle is that typically, these two

methods use test data in two different color spaces, i.e., YUV and RGB. We provide ex-

periments and analysis and hopefully the observations can serve as the reference basis for

the development and perfection of neural network technology for the future video/image

coding tasks.

In Section 4.3, we present an intra prediction scheme using Multiple Linear Re-

gression (MLR). Reference pixels and intra prediction block are combined to make a

better prediction with a MLR model. The MLR models are trained mode-dependently to
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better characterize the varied patterns in natural images.

Next we introduce our CNN for intra prediction (CIP) model. Reference pixels

and intra block copy (IBC) prediction are combined to derive the predicted block. The

philosophy is to borrow non-local information from IBC and use which to enhance intra

prediction with a CNN model. The benefits are twofild: 1) CNN is expected to make a

better prediction due to its superior non-linearity capability. 2) The IBC block serving as

the additional information is expected beneficial for recurrent patterns.

Finally, we summarize recent advances of LBC for image compression in Sec-

tion 4.5.

4.1 Overview of ANN-based Approaches

Regarding ANN-based image compression schemes, the previous methods can

be divided into two categories: generative models and non-generative models. The gen-

erative models could generate realistic images; however, the objective quality is not as

good thereby the acceptability of the machine-created image components eventually be-

comes somewhat application-dependent. The representative non-generative models are

proposed by [56, 57, 95–97]. In these approaches, an end-to-end model is devised to ex-

ploit the estimation from the latent representations to the actual distribution in order to

reduce the number of bits to be transmitted. Note that the actual latent representation

distribution and the entropy model are different. The smallest average code length an

encoder-decoder pair can achieve, using the entropy model as their shared entropy model,

is given by the Shannon cross entropy between the two distributions. And this entropy is
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minimized if the model distribution is identical to the marginal. This implies that, when

there exist statistical dependencies in the actual distribution of the latent representation,

will lead to sub-optimal compression performance.

4.1.1 Typically Architecture

A latent representation is usually achieved through a “analysis” network as in-

troduced by [56] and further be encoded by a entropy model followed by a “synthesis”

network to reconstruct the image from the bitstream. The latent representation is typically

represented as a joint, or even fully factorized distribution [57]. The inherent advantage

of ANN-based image compression is it allows jointly optimizing the learned parameters.

In such a way, the framework is optimized in a joint manner instead of performing pre-

diction, transform, quantization separately in traditional codecs.

One of the principle elements in end-to-end optimized image compression is the

trainable entropy model used for the latent representations. Since the actual distribu-

tions of latent representations are unknown, the entropy models are used to estimate

the required bits to encode the latent representations. The actual required bits are com-

posed of the number of bits required by the true distribution and the that of the cross

entropy of the difference between true distribution and estimated distribution. In terms

of KL-divergence, the bitrate R is minimized when the estimated distribution is perfectly

matched with the true distribution. Therefore, the compression performance of the meth-

ods essentially depends on the capacity of the entropy model.
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4.1.2 Related Approaches

G. Toderici is one of the pioneers working on ANN for image compression. In

[95], the authors exploit a small number of latent binary representations to incorporate

the compressed information in every step, and each step increasingly stacks the additional

latent representations to achieve a progressive improvement in quality of the reconstructed

images. The authors claimed this was the first neural network architecture outperforming

JPEG across most bitrate ranges on Kodak dataset, with and without the aid of entropy

coding.

The milestone representing the ANN-based methods entered the rapidly-developing

stage is when the uniform noise quantizer and Rate-Distortion Optimization (RDO) ob-

jective were integrated by J. Ballé [56]. A typical “analysis-synthesis” architecture was

proposed to learn a latent representation on which to fit a parametric entropy model esti-

mating the actual distribution. The RDO problem was relaxed by replacing the quantiza-

tion by additive uniform noise. In such a way, the end-to-end training can be implemented

with joint optimization of a quantized representation, the conditional entropy model and

the base autoencoder. As a successor of the initial prototype, [57] introduces a hierarchi-

cal prior to improve the entropy model. They use a Gaussian Scale Mixture (GSM) [98]

where the scale parameters are conditioned on a hyperprior. The key insight is the com-

pressed hyperprior can be added to the generated bitstream as side information, which

allowsthe decoder to use the conditional entropy model. Another module worth to men-

tion that contributes significantly to the success of [56] [57] is GDN which was studied in
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J. Ballé’s previous work [99] [100]. In [100], the authors investigated the effects of dif-

ferent activation functions on the coding performance, including leaky ReLU and GDN.

The autoregressive work [101] is developed on top of [57]. It is the first learning-

based method to outperform the top standard image codec (BPG) in terms of both the

PSNR and MS-SSIM distortion metrics. The authors extend the GSM-based entropy

model in two ways: 1) by generalizing the hierarchical GSM model to a Gaussian Mixture

Model (GMM). 2) by adding an autoregressive component. In essence, this work proposes

another form of prior that works more efficiently on image compression task.

The authors of [97] attempt to improve the control of the trade-off between dis-

tortion and rate of the latent image representation. The key idea is to directly model the

entropy of the latent representation by using a context model: a 3D-CNN which learns

a conditional probability model of the latent distribution of the autoencoder. This model

yields the state-of-the-art performance in terms of MS-SSIM, but the results using PSNR

index are missing.

J. Lee et al. [96] extends J. Ballé’s model [57] by incorporating two different types

of contexts for either bit-consuming scenario or bit-free scenario. These contexts allow

the entropy models to more accurately estimate the distribution of the representations with

a more generalized form having both mean and standard deviation parameters. Another

difference from [57] is they use the discrete latent representations to train the contexts

instead using the noisy representations. This model by far retains the state-of-the-art

performance among the ANN-based methods.
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4.2 Performance Comparison

Deep learning neural networks demonstrated remarkable capability in a variety of

vision and learning tasks in recent years and it is tempting to apply this powerful tool

to the compression problem. In recent years a variety of Learning Based Compression

(LBC) schemes have been published and attracted quite some attention in the research

community. In this work, we present a performance comparison between the latest LBC

methods with the SOTA traditional MPEG codecs H.265/HEVC and H.266/VVC on im-

age compression tasks. Unlike traditional video coding standards with canonical evalua-

tion standards, lack of Common Test Condition (CTC) makes it difficult to evaluate the

LBC schemes. This work aims at providing a fair comparison between the neural network

technology on image coding and the latest video codecs. Beyond that, we analyze the rel-

ative merits. This work serves as the reference basis for the development and perfection

of neural network technology for the future video/image coding tasks and explores the

future potentials to apply deep learning for image/video compression in real applications.

4.2.1 Introduction

The development of hardware as well as the latest transmission technology over

the Internet promotes the production of extensive videos and images. According to the

latest Cisco visual networking index white paper [1] that the IP video traffic video traffic

will be 82 percent of all IP traffic and the traffic from wireless and mobile devices will

account for 71 percent of total IP traffic by 2022. The rapid growth of high-definition

video traffic poses new challenges towards existing video coding technology.
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The video coding community devoted significant efforts to promote the devel-

opment of video coding standards. The major milestones among which are the High

Efficiency Video Coding (HEVC) [102] standards by the Joint Collaborative Team on

Video Coding (JCT-VC). Faced with new challenges from rapidly growing video content,

MPEG and VCEG are working together as the Joint Video Exploration Team (JVET) to

explore the state-of-the-art algorithms and prepare for the next-generation video coding

standards beyond HEVC [103]. The on-going video coding standards, termed Versatile

Video Coding (VVC) supports larger CTU blocks with more flexible partition/transform

shapes. However, the traditional pipelines optimize each process separately, which might

lead to suboptimal solutions.

In parallel with the development of traditional video coding standards, many re-

searchers shift their interests to use neural networks for image compression [56, 57, 95–

97, 100, 101, 104–107]. In LBC methods for image compression, the entropy model aims

at learning a latent representation distribution which is as close to the actual marginal

distribution such that the additional bits transmitted to complement the difference are

minimal. The well-recognized advantage of LBC solutions is joint optimization. Sig-

nificant improvements have been achieved in the literature, but comparison with HEVC

and VVC intra coding is still missing. In addition, the results achieved under different

evaluation environments are not comparable thereby hinders people’s real understanding

of the compression efficiency.

To benchmark learning-based methods in comparison with the world-class codecs
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as well, this paper presents experimental results to compare this rising star with the state-

of-the-art, industrial level video coding codecs HEVC and VVC. Hopefully, the obser-

vations can serve as the reference basis for the development and perfection for the real

application of the neural network technology, based on which to achieve a better under-

standing towards relative merits.

4.2.2 Models for Comparison

Intra encoders of HEVC [102] and VVC [108] are included as the traditional line-

ups. Six LBC models tabulated in Table 16 are adopted in this work.

Table 16: The implementations of each LBC method.

Method Implementations

G. Toderici et al., 2017 [95] rnn-compression [109]
J. Ballé, 2018 [100]

Tensorflow Data Compression [110]J. Ballé et al., 2018 [111]
D. Minnen et al., 2018 [101]
F. Mentzer et al., 2018 [97] imgcomp-cvpr [112]
J. Lee et al., 2019 [96] CA Entropy Model [96]

LBC Models

In [95], an RNN-based architecture is proposed. J. Ballé [56] solved the back-

prorogation problem by replacing the quantization by additive uniform noise. In [57], a

hierarchical prior is introduced to further improve the compression efficiency. The au-

toregressive work [101] is the first learning-based method to outperform BPG in terms of

both the PSNR and MS-SSIM. The authors of [97] attempt to improve the control of the

trade-off between distortion and rate of the latent image representation. J. Lee et al. [96]
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Figure 14: Illustration of color space conversion.

extends J. Ballé’s model [57] by incorporating two different types of contexts. This model

is reportedly by far achieves the state-of-the-art performance among the LBC methods.

HEVC and VVC

Both of them are based on the Coding Tree Units (CTU). The intra coding is

based on spatial interpolation of samples from previously decoded image blocks. HEVC

supports 35 intra prediction modes, including planar, DC and 33 angular prediction modes

[113]. The VVC standards have not yet been officially finalized, but major contributions

related to intra-frame coding have been incorporated, including larger CTU and transform

sizes, more flexible partition schemes, more intra prediction directions, intra block copy,

more transform cores, adaptive loop filter, etc. It is reportedly able to achieve significant

improvements on top of HEVC.

4.2.3 Evaluation Setup

Dataset and Evaluation Metrics
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We include two datasets to evaluate the selected models: Kodak1 and VVC CTC

test sequences [114]. The Kodak dataset is the commonly-used in LBC methods for per-

formance evaluation, which consists of 24 lossless true color images. The latest VVC

CTC test sequences which are defined in the 14th JVET meeting consists of 26 test se-

quences in YUV420 format. The resolution spans from 416×240 to 4096×2160. Class

A1 and A2 include 4k content and Class F includes the screen content sequences. To be

compatible with LBC methods, sequences in 10-bit are converted to 8-bit. As illustrated

in Figure 14, Kodak images are converted to YUV420 format before HM/VTM model

and the reconstructed YUV420 files are converted back to RGB domain before comput-

ing PSNR and MS-SSIM. Similar conversion is performed on CTC sequences. We use

OpenCV-Python package for all color space conversion operations involved in this paper.

We use PSNR and MS-SSIM to evaluate the performance. Eq. (4.1) and (4.2) are

used for computing PSNR in RGB and YUV color space, respectively.

PSNRRGB = 10 log10

MAX2

MSE
(4.1)

MSEY UV =
4 ·MSEY +MSEU +MSEV

6

PSNRY UV = 10 log10

MAX2

MSEY UV

(4.2)

Models Configurations

All the LBC models are implemented in Tensorflow to avoid the performance

discrepancy caused by different platforms. The Github repositories for each model are

1Downloaded from: http://www.cipr.rpi.edu/resource/stills/kodak.html
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HḾ16.0 All Intra

(b) VVC CTC test sequences.

Figure 15: PSNR results of LBC methods comparing with HEVC/VVC.

listed in Table 16.

We use the reference software HM-16.02 and VTM-5.03 for HEVC and VVC,

respectively. Two additional quantization parameter values of [17, 42] are included ex-

cept for the commonly-used [22, 27, 32, 37]. The parameters -OutputBitDepth and -

OutputBitDepthC are explicitly set to 8 in VTM. The rest configurations follow the All

Intra (AI) configurations as defined in CTC in the 14th JVET meeting.

4.2.4 Experiments

In this section, we present the experimental results in terms of PSNR and MS-

SSIM. Then we provide the time complexity analysis results.

Experimental Results

The PSNR performance is plotted in Figure 15. On Kodak dataset, [96, 101]

achieves the best performance among all the LBC methods. In addition, they also achieve

2https://hevc.hhi.fraunhofer.de/trac/hevc/browser/tags/HM-16.0
3https://vcgit.hhi.fraunhofer.de/jvet/VVCSoftware VTM/tree/VTM-5.0
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Figure 16: MS-SSIM results of LBC methods comparing with HEVC/VVC..

better PSNR performance in high bitrate range. In contrast, RNN [95] and [97] behave

inferiorly both on Kodak and CTC test sequences. It can also been observed that by incor-

porating GDN [99] and hyperprior [57], the performance has been improved progressively

which demonstrates the effectiveness of these two techniques.

However, different pattern is observed on CTC test sequences. VTM and HM

show predominant superiority compared with all the other methods across all the bitrate

points. At 1.00 bpp, VTM outperforms the best LBC method by about 4.9 dB and the

superiority is still increasing at larger bpp regions. The relative ranking of LBC methods

keeps consistent to that on Kodak dataset.

The MS-SSIM results are illustrated in Figure 16. Overall, the results are con-

sistent with PSNR results. On Kodak, the best LBC method achieves comparable per-

formance as VTM. The best LBC methods surpass HM by a noticeable margin. But on

CTC test sequences, VVC leads the performance with a significant margin. The best LBC

methods [96,101] surpass HM at low bitrate regions but HM achieves better performance
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at higher bitrate regions.

4.2.4.1 Time Complexity Analysis

We collect the decoding time for each VVC test sequence and the details are tab-

ulated in Table 17. All the models are configured to decode the bitstream at the closest

running point of 0.75 bpp. In J. Ballé [100], b2018-leaky relu-192-3 and b2018-gdn-192-

3 differentiated by “LReLU” and “GDN” in Table 17. In J. Ballé, bmshj2018-factorized-

mse-5 and bmshj2018-hyperprior-mse-5 are selected indicated by “factorized” and “hy-

perprior”, respectively in the Table 17. Since the encoder and decoder are integrated as a

whole graph in F. Mentzer [97], we set the timer before and after the fetch() function. In

the RNN-based model [95], the decoding time of one iteration is achieved by dividing the

time by 16 since there are 16 reconstructed images are generated.

The HM-16.0 decoding time is set as the anchor of the decoding time. The fastest

codec is VVC with 9% overall decoding time savings when SIMD is enabled. Among the

LBC models, J. Lee [96] is the one with the best compression performance, but the time

complexity is 783.33× which is intolerant in the application. In contrast, J. Ballé [57]

achieves a better trade-off between performance and time complexity. The LBC model

with the best time complexity is Model b2018-leaky relu-192-3 from J. Ballé [100] with

7.16× average decoding time complexity compared with HM-16.0.

4.3 MLR for Intra Prediction

In video coding frameworks, the essence of intra coding is leveraging the space

correlation within a frame to remove redundancy thus achieving compact transmitting
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data. With modern video acquisition devices improvement, more high-definition videos

emerges into people’s lives which has set a new challenge for high efficiency video cod-

ing. In this paper, we propose a novel intra video coding scheme based on Multiple Linear

Regression (MLR), named Multiple linear regression Intra Prediction (MIP). Instead of

predicting pixel values by extrapolating, we try to exploit the potential capability of ho-

mogeneous regression method. The proposed method has a very concise and neat design

yet achieve better performance compared with High Efficiency Video Coding (HEVC)

reference software anchor. The experimental results demonstrate the effectiveness of the

proposed method and provide interesting insights for further exploiting the capability of

conventional algorithms for video coding when many people favor deep learning-based

approaches.

4.3.1 Introduction

A lot of efforts have been made on video compression, including the traditional

methods and the ANN-based attempts. However, neither conventional methods nor deep

learning-based methods are the ideal solution. Conventional methods often involve com-

plicated arithmetic derivation. Deep learning-based methods are often accompanied by

higher time complexity. Current HEVC intra prediction solution is not able to capture

the rich texture information by one-time interpolation. In this paper, we propose a con-

cise design based on multiple linear regression which allows for further exploiting the

correlation between known pixels and current block. The proposed model takes both the

boundary reference pixels and the best intra prediction after Rate-distortion optimization
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(RDO) as inputs. It is expected to make a better estimation by a secondary exploration.

To refine the model, the prediction mode information is also taken into consideration. The

manifold structure of this high dimensional input is hierarchically partitioned by grouping

the input into several modes according to the dominant texture orientation. In addition,

instead of predicting in the transform domain which could induce information loss dur-

ing dimensionality reduction, we apply MLR directly in the pixel domain. The proposed

method is integrated into HEVC reference software. The experimental results yield in-

teresting coding gain and indicating future possible research directions on conventional

algorithms.

4.3.2 Related Work

In this section, we will briefly review HEVC current intra coding schemes as well

as giving theoretical description of Multiple Linear Regression.

HEVC Intra Coding

HEVC inherits block-based scheme from previous video coding frameworks with

the main difference of Coding Tree Units (CTU) concept. HEVC intra coding is based on

spatial interpolation of samples from previously decoded image blocks. It supports up to

35 intra prediction modes named planar, DC and 33 angular prediction modes as shown

in Table 18.

The left column and top row neighboring pixels are utilized to predict current

block. The planar prediction mode first interpolates the bottom right pixel and the other
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Figure 17: HEVC angular intra prediction modes.

pixels are interpolated by bi-linear method. The DC mode make the prediction by aver-

aging the top row and the left column. Figure 17 depicts the 33 angular prediction modes

numbered from 2 to 34. The current block is predicted with the boundary pixels through

interpolation. Motivated by the success in [115] by incorporating piece-wise linear pro-

jection, this paper aims at investigating the potentiality of combining interpolation and

multiple linear regression.

Multiple Linear Regression

Multiple linear regression (MLR) is a statistical technique that uses several ex-

planatory variables to predict the outcome of a response variable. The goal of multi-

ple linear regression (MLR) is to model the relationship between the explanatory and

response variables. The following model is a multiple linear regression model with k
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Table 18: Specification of intra prediction modes and associated names

Intra Prediction Mode Associated Names

0 Planar

1 DC

2..34 Angular (N ), N = 2..34

predictor variables, x1, . . . , xk.

Y = β0 + β1x1 + β2x2 + · · ·+ βpxk + ε (4.3)

where ε is the error term, β0 is the intercept, β1-βk are partial regression coeffi-

cients, e.g., βi when 1 ≤ i ≤ k represents the change in the mean response corresponding

to a unit change in xi when the other variables are held constant. The objective of MLR

is to solve for the coefficient set Θ = {β0, β1, . . . , βk} given observations X and targets

Y .

Lease squares is often used to solve the MLR problem.Suppose each predictor

variable x1, x2, . . . , xk has n observations. Then xij represents the ith observation of the

jth predictor variable xj . For example, x51 represents the first value of the fifth observa-

tion. Specifically, the previous equation can be expressed as:

yj = β0 + β1xj1 + β2xj2 + · · ·+ βkxjk + εj (4.4)

where 1 ≤ j ≤ n, yj is the jth target value. The system of n equations can then

be represented in matrix notation as follows:
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y = Xβ + ε (4.5)

The matrix is referred to as the design matrix. It contains information about the

levels of the predictor variables at which the observations are obtained. The vector β

contains all the regression coefficients. To obtain the regression model, β is estimated

using the least square estimates as expressed below.

β̂ = (XTX)−1XTy (4.6)

Then the estimated value of y can be calculated as follows after β̂ is obtained.

ŷ = Xβ̂

ε = y − ŷ
(4.7)

4.3.3 MLR for Intra Prediction

n this section, we first introduce the proposed scheme along with our motivation.

Then the way of how the proposed prediction scheme is integrated into HEVC reference

software is detailed.

Framework of MIP

The proposed scheme architecture is depicted in Fig. 18. As the best intra pre-

diction block is obtained by Rate Distortion Optimization (RDO), it contains abundant

detailed information of current block. However, there is still some information that inter-

polation is not able to capture. Multiple linear regression is trying to predict current block

on top of best intra prediction by combining interpolating and linear regression.
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Reference pixels Intra prediction

Concatenation MLR

MIP Prediction

Figure 18: Framework of the MIP model.

In HEVC implementation, a total of 4N + 1 reference pixels are incorporated to

predict current N × N block, the top row, top right row, left column and left bottom

column. Since the top right row and left bottom column might not be available sometimes

and filling non-existing pixels will induce additional distortion to the MIP model, we only

leverage the top row and the left column, making the reference pixels dimension of 2N +

1. The reference pixels and the best intra prediction will be flattened and concatenated

together and fed into the MLR model. The target is the ground truth block of N ×N . We

denote the concatenated reference pixels and the intra prediction as X , the target block as

Y , the MIP prediction as Ŷ . The training process is trying to minimize the following loss

function.

L =‖ Y − Ŷ ‖22, Ŷ = XA+ b (4.8)

Due to the rich content in natural video sequences, it is not capable of capturing

the structure with a single prediction mode. Therefore, HEVC developed multiple intra

prediction modes, e.g., Planar, DC and 33 angular modes. Similar idea has been adopted

in this work. Separate MIP model is trained for each mode. MIP modes are designed

according to intra prediction modes. Other possible classification schemes are left for
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Figure 19: Illustration of integrating MIP model into HEVC.

future investigation. Separate model is trained for Planar and DC mode due to their special

texture characteristics. Since the neighboring angular modes share a lot of similarities, we

combine 3 adjacent angular modes into a single MIP angular mode to avoid singularity.

To be specific, the relationship between MIP prediction mode and HEVC intra prediction

mode is expressed as follows.

m =


0, if n = 0

1, if n = 1

floor(n−2
3

) + 2, if n > 1

(4.9)

where n is HEVC intra prediction mode index and m is MIP mode index. There-

fore, there are in total 13 MIP modes.

Integration into HEVC

As shown in Fig. 19, input video signal is performed by directional prediction

first, e.g., HEVC existing intra prediction scheme which consists of 35 modes. Then
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it will be processed by the proposed method and RDO is followed to find the optimal

prediction mode. An additional bit flag is encoded to indicate whether MIP is selected.

4.3.4 Experiments

The proposed MIP method is implemented in HEVC reference software 16.0 [116]

and its anchor is used for comparison. All the experiments are conducted under HEVC

common test condition All Intra (AI) configuration. Quantization Parameter (QP) is set

to {22, 27, 32, 37}. HEVC common test sequences are used to perform the evaluation,

consisting of 5 classes with resolutions ranging from 720p to 4k. To save simulation time,

only the first frame is used for each sequence.

Training Data Preparation

DIV2K 2K resolution high quality image dataset is used to generate the training

dataset. DIV2K contains 800 2K training images, 100 validation images and 100 testing

images coving a wide range of contents.

To obtain the best intra prediction, we encode the training samples with HEVC

reference software and extract the best intra prediction from the bitstream. The boundary

reference pixels are extracted from the reconstructed data. To classify the training samples

into local groups according to their directional information, the intra prediction direction

is saved. Since we will train separate set of MIP models for each QP and block size

combination, and there are 13 transformations in each set. Therefore, there are in total

4× 4× 13 = 208 MIP models.

Results and Analysis
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Table 19: The BD-Rate results of MLR for Intra prediction.

Sequence
BD-Rate

Y U V

Class A

Traffic -0.9% -0.6% -1.3%
PeopleOnStreet -0.5% 0.0% 0.1%
Nebuta -0.9% -0.8% -0.7%
SteamLocomotive -0.6% -0.3% -0.3%

Class B

Kimono -0.6% -1.5% -1.1%
ParkScene -0.6% -1.1% -1.0%
Cactus -0.7% -0.3% -1.1%
BQTerrace -0.4% -1.3% -0.6%
BasketballDrive -1.0% 0.2% -1.0%

Class C

BasketballDrill -0.1% -2.0% -0.8%
BQMall -0.2% 0.1% -0.4%
PartyScene -0.1% -0.2% -0.7%
RaceHorsesC -0.4% -0.2% -0.7%

Class D

BasketballPass 0.1% 1.1% -0.8%
BQSquare 0.1% 0.1% -1.1%
BlowingBubbles 0.4% -1.3% -1.4%
RaceHorses -0.3% -1.6% 0.6%

Class E
FourPeople -0.4% 0.3% -1.6%
Johnny -0.3% -1.1% -1.3%
KristenAndSara -0.5% -0.4% -0.6%
Class A -0.7% -0.5% -0.5%
Class B -0.6% -0.8% -1.0%
Class C -0.2% -0.6% -0.8%
Class D 0.1% -0.4% -0.7%
Class E -0.4% -0.4% -1.2%
Average -0.4% -0.6% -0.8%

Enc Time 487%
Dec Time 154%
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The BD-Rate reduction of all the test sequences is summarized in Table 19. An av-

erage of -0.4%, -0.6%, and -0.8% BD-Rate saving is achieved for Luma and two Chroma

components respectively by the proposed method. It is noticeable that MIP performs

better on high-resolution sequences than on low-resolution sequences. As high as -0.9%

BD-Rate reduction is observed on Traffic from Class A while only -0.2% BD-Rate saving

is achieved on Class C. It can also be seen that the proposed method performs consistently

better on chroma components across different resolution test sequences. As the training

is off-line and all the transformations and bias matrices are saved thus not much encoding

time is increased. In contrast, encoding time criteria is not as crucial as decoding time. In

addition, the intra coding only occupies only a small fraction of the total encoding time

in video coding, and the increase of encoding complexity is less significant in the whole

video coding system.

4.4 CNN for Intra Prediction

Intra prediction is an essential step to remove spatial redundancy in image coding.

How to best predict current block given surrounding pixels is the key efficiency challenge.

Inspired by the recent success in applying deep learning to image/video coding systems,

we propose an intra prediction method by combining intra block copy and neighboring

samples using convolutional neural networks. A novel CNN is developed to further ex-

ploit the spatial correlation. Instead of only considering local information, the proposed

method can infer the current block via fusing the non-local recurrent features, which is
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captured by intra block copy, with the local samples located at the left and above bound-

aries of current block. We also investigate how the performance is affected by the way

of fusing IBC and reference boundary pixels. In additional, training data pre-processing

is studied to enable the CNN with a better learning capability. Simulation results yield

promising coding gain and indicate great potential ability that CNN can be used for next

generation video coding framework.

4.4.1 Introduction

Recently, deep learning has shown superior capability in various tasks, such as

image classification [117], image restoration [118]. There are also some recent works ap-

plying deep learning on video coding. [119] proposed a down-/up-sampling-based coding

scheme using CNN for intra coding. Significant coding gain has been observed. [120]

tried to fit a fully connected network on multiple reference pixels and achieved promising

results.

Motivated by the recent advances of deep learning in video coding and the effi-

ciency of IBC, we devise a CNN-based Intra Prediction method, termed CIP which tries

to learn a model better characterizing the correlation between reconstructed pixels and

current block. The proposed CIP is fed with multiple inputs, including both the neighbor-

ing reference pixels and the best prediction found by IBC. We also investigated different

fusion methods to better leverage extracted features. Data preprocessing is very crucial to

train a clean model, therefore a threshold is set to remove distractors from raw IBC blocks.
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The experimental results show that the proposed scheme achieves an average of 1.3% bi-

trate saving on luma component for HEVC test sequences under all intra configuration

compared with HEVC 16.0 anchor.

4.4.2 CNN for Intra Prediction

With support of modern advanced mobile devices, multimedia been dramatically

increasing over the Internet and video is undoubtedly the dominant Internet traffic through

the world. The rich contextual information existing in natural video poses unique chal-

lenges on streaming such huge data. In existing HEVC implementations, a large portion

of spatial correlation cannot be captured due to the limits of simple interpolation solution.

Intra block copy has been demonstrated the effectiveness in estimating recurrent patterns,

e.g., screen content coding. In addition, CNN has shown superior power in various tasks.

It is natural to try combining them together by CNN. As CNN is adept in exploiting

complicated hidden features, we expect it performs a better job in intra prediction. First,

the CIP architecture is introduced. Second, the training procedure and hyper-parameter

tuning are detailed. Finally, how the proposed method is integrated in HEVC reference

software is elaborated.

CIP Architecture

With support of modern GPUs, current CNN has been developed to contain more

layers and complicated architectures. However, it is not applicable for video coding which

requires higher time efficiency. To balance the trade-off between performance and time
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Figure 20: Framework of CIP model.

complexity, we start with a relatively neat design. The proposed CIP architecture is illus-

trated in Fig. 20. The framework consists of two parts, fully-connected (FC) layers for

reference boundary pixels feature extraction and convolutional neural networks for fusion

pixels reconstruction.

For current ground truth block Y0 with size N × N , the proposed CIP aims at

learning a projection from {R,P} to Y0, whereR is the 2N+1 boundary reference pixels

and P is the intra block copy prediction. Intra block copy is obtained through searching

in a wider range from the reconstructed regions while the boundary reference pixels can

be leveraged to extract local prediction. Intuitively, convolutional neural networks are

expected to learn a better projection by combining the local and non-local information.

To make the network easier to train, the pixel values are normalized to range [0, 1]. Let

us denote the depth of the fully-connected layers and that of the convolutional neural

networks as df and dc respectively. The input of the FC layers is the 2N + 1 boundary

reference pixels and outputs a vector contains N2 pixel values which will be reshaped to

a N × N block. For the ith FC layer, its output is a vector in Ki-dimensional, and it is

calculated as.
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F F
i (x) = W F

i · xFi + bFi , 1 ≤ i ≤ df (4.10)

where W F
i and bFi represents weights and biases. xFi is the input vector of the ith

FC layer. When i equals to one, xF1 is the input reference pixels in 2N + 1 dimensional.

Each FC layer is followed by a non-linear activation layer.

The output of FC layers is reshaped to a N ×N block M . Element-wise summa-

tion is applied on M and intra block copy P followed by convolutional neural networks.

Each convolutional layer is followed by a non-linear activation layer which is not counted.

Given the previous layer’s output xCj , current layer feature map FC
j is calculated as fol-

lows.

FC
j = WC

j · xCj + bCj , 1 ≤ j ≤ dc (4.11)

where WC
j and bCj are the weights and biases of current layer. xCj is the output of

previous layer. When j = 1, namely the first layer, the input should be the summation

of FC output M and intra block copy P . Both FC layers and convolutional layers adopt

Rectified linear unit (ReLU) as the activation function. Residual learning is adopted in

the proposed method due to its fast convergence property. Intra block copy is added to the

end of CNN.

To better control the trade-off between the IBC prediction accuracy and the com-

putational complexity. The process of IBC is parametrized by search range r. ∆x and ∆y

denote the displacements from current block coordinates along x and y axis respectively.

The values of ∆x and ∆y should guarantee the IBC reference block is within current
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available pixel regions.

r ≤ |∆x|+ |∆y| (4.12)

Training

The training process is actually estimating the network parameter Θ = {W F , bF ,WC , bC}

with predefined loss function. The objective of this network is to learn the end-to-end

mapping from (R,P ) to Y0, i.e.,

f(R,P,Θ) = Y (4.13)

This is achieved by minimizing the loss between the predicted block Y and the

corresponding ground truth block Y0. Euclidean loss is adopted in this work due to its

simplicity and popularity. To avoid over-fitting during the training procedure, regulariza-

tion term is added to the loss function. Suppose there are totally S training pairs, the loss

function is formulated as follows.

L(Θ) =
1

2S

S∑
s=1

‖Y s − Y s
0 ‖22 +

λ

2
‖Θ‖22 (4.14)

where λ is the regularization term and is set to 10−4 in implementation. Stochastic

gradient descent (SGD) is utilized to minimize the loss while training. SGD updates the

parameter set Θ by combining current gradient and previous parameter update. Specifi-

cally, update at iteration t+ 1 can be expressed as:

Vt+1 = uVt − α∇L(Θ) (4.15)
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Figure 21: Illustration of integrating CIP model into HEVC.

Θt+1 = Θt + Vt+1 (4.16)

where∇L(Θ) are gradients with respect to the parameters Θ to be updated. Vt is previous

parameter update. α is the learning rate and u is the momentum. Θ is initialized by

random Gaussian distribution with zero mean and standard deviation of 1. Momentum u

is set as 0.9 and the learning rate α is set to decay exponentially from 10−4 to 10−9 by a

factor of 10−1.

Integration into HM

In this work, we design the CIP model cooperate with existing directional intra

prediction model in HEVC coding framework, and rate-distortion optimization is used to

choose the optimal model. A binary flag will be transmitted to indicate whether CIP is

adopted. As shown in Fig. 21, the proposed method is plugged after the existing intra

prediction process. An optimal intra prediction mode will be obtained after the 35 intra

prediction mode decision. The proposed CIP is performed after that and the optimal

prediction mode is updated accordingly. If CIP mode is adopted, corresponding motion
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vector will be transmitted to decoder. The decoder will first check whether CIP is used.

If CIP is used, motion vector will be decoded followed by the CIP model, otherwise

conventional directional intra decoding process is performed.

4.4.3 Experiments

The proposed method is integrated into HM 16.0 [116] and the results are com-

pared with HM-16.0 anchor. The preliminary experiments will only show block size of

16×16. In this section, experimental settings are introduced first. Training data derivation

is detailed afterwards. Finally, the experimental results and analysis are shown.

Experimental Settings

In HEVC, the block-based intra prediction follows a quadtree pattern resulting the

CU size ranging from 8 to 64. As block size 64 is too large to find an ideal intra block

copy prediction, we constraint the block size ranging from 8 to 32. The preliminary work

only implements block size of 16 and the other sizes will be left for future work. All-

intra configuration suggested by HEVC common test condition is adopted. Quantization

parameter (QP) is set to {22, 27, 32, 37}. The CIP model is implemented in caffe [121].

The base learning rate is set to 0.0001 and decay exponentially every 100k iterations. The

total number of iterations is 1.5M and it takes about 20 hours on a GTX 1080Ti GPU.

Training Data Preparation

DIV2K 2K resolution high quality image dataset [122] is used to generate the

training data. There are 1000 high definition high resolution images among which 800

images for training, 100 images for validation and another 100 images for test. The
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images content covers a wide range of objects.

Data preparation is to find the input pair {R, P}. The reference pixels R is ex-

tracted from the original image. The IBC search range is empirically set to r = 128 to

balance the time complexity and matching accuracy. The IBC block is searched pixel by

pixel within the available pixels according to Eq. 4.12. The difference is measured by

Sum of Absolute Difference (SAD) and the block which has the minimum SAD from the

ground truth is selected as current IBC prediction. To refine the IBC training samples,

mean square error (MSE) is used to measure the distance between IBC to corresponding

ground truth. We only keep those IBC with a MSE smaller than 0.5, in such a way, about

55% training samples are preserved.

Results and Analysis

Three different kinds of fusion methods have been tried in the proposed method,

e.g., element-wise addition, 1x1 Convolution and Concatenation. The simulation results

indicate that the element-wise addition is the optimal fusion in our method. Therefore,

the final results are implemented with element-wise addition.

The BD-Rate reduction of all the test sequences are listed in Table 20. In addition,

we also show the average results for each class. An average of -1.3%, -1.4% and -1.6%

BD-Rate saving are achieved by the proposed method for luma, Cb and Cr component

respectively. The peak performance on luma component is on BQTerrace with -3.6%

BD-Rate reduction. Overall, the performance of proposed method on chroma component

is consistent with that on luma component. And the best performance on Cb and Cr is on
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Table 20: The BD-Rate results of CIP model.

Sequence
BD-Rate

Y U V

Class A

Traffic -1.5% -0.8% -0.7%
PeopleOnStreet -2.1% -2.8% -2.6%
Nebuta -0.4% -0.7% -0.4%
SteamLocomotive -0.1% 0.9% -0.1%

Class B

Kimono 0.3% -0.2% -0.3%
ParkScene -0.6% -1.1% -1.0%
Cactus -2.0% -2.7% -1.8%
BQTerrace -3.6% -2.5% -4.5%
BasketballDrive -2.8% -5.7% -4.2%

Class C

BasketballDrill -2.8% -4.5% -3.6%
BQMall -0.8% 0.1% -0.7%
PartyScene -0.7% 0.2% 0.1%
RaceHorsesC -0.2% -0.4% 0.2%

Class D

BasketballPass -0.7% -0.7% -3.4%
BQSquare -0.9% -0.3% 0.1%
BlowingBubbles 0.2% -1.0% -1.0%
RaceHorses 0.3% 1.3% 0.9%

Class E
FourPeople -1.3% 0.5% -0.3%
Johnny -2.7% -2.3% -3.9%
KristenAndSara -2.1% -4.9% -2.5%
Class A -1.1% -0.8% -1.0%
Class B -1.8% -2.3% -2.4%
Class C -1.2% -1.2% -1.0%
Class D -0.2% -0.2% -0.8%
Class E -2.0% -2.2% -2.6%
Average -1.3% -1.4% -1.6%

Enc Time 794%
Dec Time 150%
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sequence BasketballDrive and BQTerrace with -5.7% and -4.5% BD-Rate reduction re-

spectively. The encoding time is much higher than anchor and decoding time is 50% than

anchor. Fortunately, the encoding time does not count that much compared with decod-

ing time complexity in video coding. It is noticeable that the proposed method does not

perform very well on Class D which might be caused by the training dataset not covering

similar content. It should be noticed that this version is our preliminary benchmark and

the same CIP model is shared among different block sizes. In addition, different dataset

also has different impacts on the final performance. All possible improvement work will

be left for the future work.

4.5 Discussion

Upon the completion of this thesis, the MPEG next-generation video coding stan-

dard was just released. In VVC, a variety of advanced techniques are incorporated. The

major updates on intra prediction compared to HEVC include

• 67 Intra prediction modes

• Cross-component linear model prediction

• Position dependent intra prediction combination

• Multiple reference line (MRL) intra prediction

• Intra sub-partitions (ISP)

• Matrix weighted intra prediction (MIP)
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Starting from [56], the LBC methods have made significant progress on image

compression tasks. One of the most fundamental problems that was solved is using ad-

ditive noise to stimulate the “quantization” process that exists in classical video coding

solution. This enables the back-propagation possible in CNN pipeline. With following

efforts [57,96] to improve on top of [56], the compression performance has outperformed

HEVC intra prediction. The achievements indicate using ANNs for image compression

has become much more matured and has great potentials for real applications. However,

the LBC methods have not been validated with formally defined test conditions thus still

not ready for real applications. The following issues need to be resolved

• Variable bit-rate control

• Decoding time complexity

• Unpredictable output

Although there is Lagrangian Multiplier λ involved in the loss function to enable

the Rate-Distortion Optimization (RDO) process, it can only control a relative compres-

sion ratio. It fails to support the derivation of input coding parameters that result in a

given bit-rate bitstream. From out experiments, the decoding time complexity is another

major issue needs to be resolved. Moreover, the LBC model should be able to achieve ap-

plicable decoding time complexity with only CPU is available. In addition, LBC methods

should be able to provide a lower bound for the outcome, i.e., what might be the worse

case given all input parameters.
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In summary, the major techniques to boost LBC methods include additive noise

quantization [56], GDN [99], hyper-prior [57] and context-adaptive model [96]. Existing

state-of-the-art LBC method is able to achieve superior compression performance com-

pared with HEVC intra coding. But Common Test Condition is suggested to formally

defined to regulate the development of LBC methods towards real applications. Efforts

on making it explainable is also very crucial to measure the risk at using LBC methods

for certain unpredictable scenarios. In contrast, the classical video codec still dominates

this field even only marginal improvements can be obtained with a single technique. The

ensemble of various techniques with solid theory foundations follows its predecessors’

architecture and will continue to serve for the society.
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CHAPTER 5

CONCLUSION

In this dissertation, we gave readers a thorough overview of compression for ma-

chine vision, along with how we contributed to the development of this field.

In Chapter 1, we walked through the history of compression, including video cod-

ing standards and video coding for machines (VCM). The classical video coding con-

cepts were defined as early as in 1980s and video coding standards have been evolving

for decades serving the human society. Each generation video coding standard includes

new techniques than its predecessor with substantial coding gain to adapt to the incre-

ment of media content. Benefit from the advanced hardware such as the smart mobile

devices with high definition acquisition module equipped, it is time to explore state-of-

the-art technologies for processing the massive media content. On one hand, JVET started

working on development of the next-generation video coding standard since 2015. On the

other hand, artificial neural networks have been applied to video coding and image com-

pression tasks. It is of great significance to contributing to VVC development, as well as

exploring the potentials by using ANNs for future video coding.

In Chapter 2, we present an effective framework to produce more discriminative

image representations for image retrieval with SIFT feature. We devise a non-linear data

partition tree architecture to divide a large-scale training dataset into local patches. The

proposed scheme is dedicated to an exploration of capturing the latent characteristics at
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multiple scales, different numbers of local spaces are generated in each level. The affin-

ity relationship is defined to enable optimization for effective transformation search. To

search for the optimal local transformations, Grassmann manifold is adopted to prune the

data partition tree. Instead of traversing all the possibilities on the data partition tree, we

incorporate Grassmann metric to measure their distinctiveness thus the most representa-

tive candidates will be obtained. A new projection and matching metric is devised which

involves the local space each feature belongs to. This actually guarantees the fairness

of distance computation. Extensive experiments are performed to evaluate the proposed

method, including pairwise matching and large-scale image retrieval. Theoretical analy-

sis, as well as empirical evidence, are provided to validate the necessity of the proposed

data partition tree from the information theory perspective.

In Chapter 3, we contributed to the development of next-generation video cod-

ing standard, versatile video coding. We present a fast DST-VII/DCT-VIII method with

dual-implementation support for Multiple Transform Selection (MTS). The inherent par-

tial butterfly-type features are exploited to reduce the number of arithmetic operations.

A fast DST-VII/DCT-VIII method is devised by using these features which achieves an

approximate of 50% arithmetic operations with dual-implementation support, i.e., either

full matrix multiplication or fast partial butterfly-type implementation. Complexity anal-

ysis is performed to validate the effectiveness in terms of the number of operation counts

and software run-time. In addition, the theoretical proof is provided to demonstrate that

these beneficial features are tenable in theory. The proposed scheme was adopted in the

13th JVET Meeting of ITU-T VCEG and ISO/IEC MPEG in January 2019.
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In Chapter 4, we present the efforts on improving HEVC intra prediction scheme.

A multiple linear regression approach is proposed by enhancing intra prediction block

with the reference pixels. To refine the model, separate models are trained according to

their intra prediction directional information. This guarantees that the linear regression

model can capture more useful correlations from the directional patterns. It shares a very

neat and concise design yet achieves promising performance. In regards of ANN attempts,

we first perform performance analysis between the ANN-based approaches and state-of-

the-art MPEG codecs. Overall, the ANN methods achieve competitive performance with

state-of-the-art codec VTM. But the results also reveal the data-dependent nature of ANN

methods. To better facilitate research in ANN area, it is important to establish a com-

mon test data set and Common Test Condition (CTC), such that different approaches and

schemes can have an objective and common metric to evaluate, and eventually driving the

research to some useful ends. Next we propose a convolutional neural network method

by combining the local and non-local information to predict current block. The proposed

CNN is fed with both the neighboring pixels and the best prediction found by intra block

copy. Different methods of combining intra block copy and boundary reference pixels

have been investigated. To make the proposed CNN more tractable and efficient, train-

ing data is refined by empirically setting a threshold to remove distractors. Overall, in

classical transform coding methods, compression researchers have exploited statistical

dependency in the latent variables by carefully hand-engineering entropy codes model-

ing the dependencies in the quantized regime. While ANN approaches rely on a fully

factorized entropy model whose parameters are determined through training.
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In summary, this thesis contributes to this area in the following aspects.

• Chapter 2 provides an efficient multiple-transform solution for feature compression.

• Chapter 3 presents a fast transform solution for VVC.

• Chapter 4 exploits relevant techniques to improve HEVC intra prediction as well as

potentials of using ANN methods for compression.

The remaining issues and future research directions include:

• Feature compression for multi-task learning.

• ANN-based compression complexity reduction and rate control enabled scheme.

• End-to-end video compression with ANN methods.

All together, we are really excited about the progress that has been made during

the past 3 years and have been glad to be able to contribute to this field. We believe

there are more unknown surprises for classical video coding standards in the future. We

also deeply believe that there is still a long way for ANN approaches to go towards real

applications. There are still enormous challenges and a lot of open questions that we

need to address in the future. The most obvious challenges of ANN approaches include

decoder complexity, rate control, data-dependent nature.

We also hope to encourage more researchers to work on this field, or apply video

coding technology to new domains or tasks. We believe that it will lead us towards build-

ing better compression solutions and hope to see these ideas implemented in industry.

122



REFERENCE LIST

[1] Cisco. Cisco visual networking index: Forecast and trends, 2017â2022 white paper,
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