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ABSTRACT

Bits on the wire not only impact video quality delivered to customers but also drive the costs of
video streaming services. This project aims at building state-of-the-art deep-learning-based video
super-resolution (VSR) algorithms while addressing the compression artifact, and then integrate
the VSR into the Scalable Extension of High Efficiency Video Coding (SHVC) by replacing the
inter-layer upscaler with the VSR upscaler, and benchmark the codec performance. The discrete
cosine transform upsampling filter in SHVC is applied to the base layer reconstructed video, there-
fore the reference video for the enhancement layer has scaling artifacts and compression artifacts.
The VSR model used to perform upsampling can provide a higher quality reference for the EL.

However, the traditional VSR model can’t be directly used on the SHVC as the low-resolution
video used as input for the VSR upscaler is pristine but in SHVC the LR input to the upscaler is
compressed by the base layer codec. High-frequency details are lost during the compression and
artifacts are introduced by the block-based hybrid video coding framework. Therefore the video
super-resolution models need to be modified as the compression process added artifacts to the
input. In this work deartifact network (DANet) was introduced to perform the artifacts reduction
and super-resolution at the same time. DANet is based on FRVSR which estimates the optical flow
between frames and uses motion compensation to align local frames for the super-resolution.

Our DANet performs 0.28dB and 0.81 VMAF better than the FRVSR on the PRIME?7 test set
with CRF23 LRC video as input.

After integrating DANet to the SHVC codec, on the PRIMT?7 test set, using PSNR as the metric,
this VSR-integrated scalable video coding framework achieved -5.62% BD-rate reduction at the
same video quality and 0.17 dB BD-PSNR quality improvement at the same bitrates compared
with the original SHVC. Using VMAF as the metric, our VSR-SHVC achieved -10.01% BD-rate

reduction and 0.79 BD-VMAF quality improvement.
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NOMENCLATURE

High Efficiency Video Coding

A H.265 / HEVC video encoder application library
Scalable Extention of HEVC

The name of the SHVC reference software

Base layer of SHVC

Enhancement layer of SHVC

Inter-layer reference pictures in SHVC

Discrete cosine transform interpolation filters

Video super-resolution

High resolution video, ground truth of VSR model
Low resolution video, input of VSR model

Pristine LR, the downsampled HR without compression
Compressed LR, the reconstructed LRP video
Temporal motion vector prediction

Quantization parameter

Constant Rate Factor, an encoder rate control method
Constant Bitrate, an encoder rate control method
Temporal layer ID in SHVC

Picture order count, the display index

Group of pictures
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1. INTRODUCTION AND RELATED WORK

This work is composed of two parts, video super-resolution and scalable video codec. The
super-resolution methods that this work is based on are introduced in 1.1. The scalable video

codec framework SHVC and the original resampling process DCTIF are introduced in 1.2.
1.1 Super Resolution

The super-resolution algorithm aims to recovery high-frequency detail from the given low-
resolution input. Super-Resolution is an ill-posed under-determined problem as there are infinite
solutions for the same input. Therefore the prior knowledge is necessary to generate a reasonable
solution especially when the upscaling factor is large and the structural information is completely
lost during downsampling.

Based on whether to use temporal information between frames there are two different cate-

gories: single image super-resolution and video super-resolution.
1.1.1 Single Image Super-Resolution

A single image super-resolution (SISR) algorithm can construct a high-resolution image (HR)
from a low-resolution input (LR) with only a single frame. Temporal consistency can’t be guaran-
teed when applying SISR on videos as no temporal information was used when generating a SR
frame. A few related SISR methods are introduced in this section then we will focus on video

super-resolution in our work.
1.1.1.1 CNN-based approaches

Started with SRCNN[1] in 2014, convolutional neural networks are used on super-resolution
tasks. SRCNN used only 3 layers of CNN while VDSR[2] used 20 layers and residual learning to
achieve better results. Both of them are pre-upsampling methods using the interpolated image
of HR size as input. The models only enhance the input image without upsampling. Therefore,

the same training can deal with multiple scales. As shown in VDSR[2], the training data mixed



with all scaling factors can even boost the performance. However, the pre-upsampling methods are
time-consuming as all calculations are done in the HR resolution.

EDSR[3] using the post-upsampling method which puts the upsampling at the end of the
network to reduce the computation. The post-upsampling method usually can’t deal with multiple
scaling factors in a single model as in the pre-upsampling method. However, EDSR[3] trained
a model called MDSR that fit multiple scales by sharing the main branch of the model and se-
lecting the scale-specific upsampling layer. Residual blocks similar to ResNet but without batch

normalization are used in this structure. And L1 loss instead of L2 loss is used to train the network.
1.1.1.2 GAN and perceptual loss

The GAN and perceptual loss are also used in training the SISR network. SRGAN[4] and
EnhanceNet[5] used perceptual loss form pre-trained VGG network[6] and adversarial training.
These models can synthesis texture that is completely lost in the downsampling process but the
PSNR and SSIM can’t capture the subjective performance of those models. Even though the
PSNR or SSIM result is lower than other models, the output is more photo-realistic. However, in
our case, the hallucinated finer detail is unnecessary in video coding which might incur even larger

costs when calculating the residual between the VSR output and the ground truth.
1.1.1.3 Filter-based approach

RAISR[7] and DUF[8] both try to learn the upsampling filter, although DUF[8] is a VSR
algorithm. RAISR[7] generated the filters by solving the least-squares minimization problem for
each cluster based on the statistics of the local gradient. This method chooses from a cluster of
fixed filters based on the gradient of the local patch. The filter used is fixed after training but using
local gradient statistics as the hash table’s key making it efficient.

In this work, an implementation of RAISR [7] are used as the benchmark against VSR methods.
1.1.2 Video Super-Resolution

For video super-resolution (VSR), it is impractical to simply apply single image super-resolution

on each frame, as videos have inter-frame temporal dependency which needs to be fully exploited



to have an temporal consistent output. Depending on how to utilize temporal local information
VSR models can be categorized into sliding windows structure and recurrent structure. Many VSR
models also follow the alignment-fusion paradigm.

Sliding Window

The earlier study focused on the sliding window approach which takes multiple consecutive LR
frames as input and utilizes local information to construct a single HR frame. Among those meth-
ods, the alignment-fusion structures are most popular such as TDAN[9], EDVR[10]. There are also
filter-based approaches like DUF[8]. However, the sliding window method is time-consuming, as
multiple frames are processed to generate one output and the same input LR frame can be pro-
cessed several times. And the information used to generate the current output is limited by the size
of the window.

Alignment-fusion

TDANTI[9] and EDVR[10] both follow the alignment-fusion framework and use 5 frames as the
window size. In the alignment-fusion framework, local frames are first aligned with the current
frame by optical flow motion compensation or deformable convolution. Then a fusion module
is designed to fuse the aligned local frames into one SR output. The alignment-fusion architec-
ture can follow the recurrent structure like FRVSR[11] or sliding window methods like TDAN[9],
EDVR[10]. The drawback of this framework is that inaccurate alignment will lead to worse SR
performance.

Reucrrent structure

The recurrent structure is different from the sliding window approach which has the potential
to propagate information about the scene unlimitedly like FRVSR[11] and RLSP[12].

The recurrent structure explicitly or implicitly keeps information flow to make use of the inter-
frame correlation. With the one-input-one-output structure, these models have less calculation
than the sliding window methods. However, the frames have to be input by the display order
which makes it difficult to be integrated into random access video codec where the encoding order

is different from the display order.



GAN

There are also GAN-based approaches like TecoGAN[13] which have the best subjective qual-
ity but the texture synthesized by those models are usually different than the ground truth making
it inappropriate for the video codec to reference. Therefore, we won’t use the GAN-based models
in our experiment.

The following models are investigated: DUF[8], TDAN[9], EDVR[10], FRVSR[11], RLSP[12].
The comparision is in Table 1.1.

DUF is a sliding-window, filter-based VSR model and is introduced in 1.1.2.1. TDAN and
EDVR are sliding-window, alignment-fusion VSR model and are introduced in 1.1.2.2 and 1.1.2.3.

FRVSR and RLSP are recurrent VSR model and are introduced in 1.1.2.4 and 1.1.2.5.

Methods | Sliding Window | Alignment-Fusion Loss function
DUF 7 frames No. Dynamic filter generation | Huber loss
TDAN 5 frames Yes. Deformable convolution | L1. Alignment loss and SR loss

Yes. Pyramid cascading

EDVR | 5 frames deformable convolution

L2. Charbonnier penalty function

Yes. Optical flow and

FRVSR | Recurrent . )
motion compensation

L2. Alignment loss and SR loss

RLSP Recurrent No explicit alignment L2. SR loss

Table 1.1: VSR methods summarization

1.1.2.1 DUF

DUF][8] is a filter-based approach that uses 7 frames as the window size. The filter is generated
by the filter generation network taking the motions between local frames into account. Then the
filter will be convolved with the current frame and added to the residual generated by the residual

generation network to get the final output. Huber loss is used to train the network.



1.1.2.2 TDAN

Deformable convolution first proposed in [14] is used in many high-level vision tasks like ob-
ject detection and segmentation etc. TDAN][9] first uses deformable convolutions in video SR to
align the feature map of the local frames. Convolution layers are first applied to local frames to
extract features. Then the deformable convolution is applied to align the feature maps. The tempo-
ral alignment is done in the feature space and another convolution layer is added to reconstructed
the aligned frame. Then all the aligned frames inside the window are concatenated with the cur-
rent frame and feed into the SRNet. The current frame is used as the ground truth to calculate
alignment loss. Similar to FRVSR, the final loss is the summation of alignment loss and SR loss.
The benefit of deformable convolution is the sampling grid of convolution is learned by the net-
work therefore the same CNN layer can have different receptive fields to better deal with objects
of different scales and deformation. TDAN uses deformable convolution to avoid explicit motion
compensation. Instead of pixel position mapping in optical flow, the alignment in the feature map
can achieve better accuracy. This model still has the common problem of the alignment-fusion ar-
chitecture that misalignment and unalignment will adversely affect the performance of the fusion

module.
1.1.2.3 EDVR

Inspired by TDAN[9] and methodology in optical flow, EDVR[10] uses Pyramid processing,
Cascading refinement and Deformable convolutions (PCD) module to align local frames. In addi-
tion to deformable convolution, PCD follows a coarse-to-fine manner to handle large and complex
motion. In EDVR[10], the Temporal and Spatial Attention (TSA) module is used to fuse the
aligned frames. Different temporal and spatial neighboring values are not equally informative due
to occlusion, motion blur, and parallax problems. As mentioned in the FRVSR paper that the SR-
Net will implicitly learn to ignore the misalignment output of FNet. In EDVR[10], during fusion,
the explicit weights are calculated temporally and spatially according to the frame similarity in the

embedding space. This allows the fusion to focus on the better-aligned area and ignore the mis-



aligned area. Dataset bias is also tested in EDVR[10] paper, if the training set and test set aren’t

sampled from the same source, there is a 0.5~1.5dB drop in performance.

1.1.2.4 FRVSR
LRP;— FNet LRP;
FLR
Up-scaling
FHR
K S (H~Rest )
Space to R t—1
est est
HR;™; Warp SRNet HR{

Figure 1.1: FRVSR structure

As part of our work is based on FRVSR[11], we will have a detailed explanation about how
FRVSR works in this section.

As shown in Figure 1.1, FRVSR propagates the high-frequency information by feeding the
HR estimation back to the next time step for alignment. It uses explicit optical flow to align the
previous HR estimation frame to the current frame. The SRNet is trained to fuse the information
from aligned previous estimated HR frame and current LR frame. The recurrent structure is used
instead of a sliding window to propagate information in a single direction without limitation of the
window size.

Figure 1.1 shows the original framework of FRVSR with pristine LR (LRP) as input. In this
implement, we use the scaling factor R = 2 for the later integration with the SHVC codec. There-

fore the output will be 2 times larger than the input. Two CNN networks, FNet and SRNet, are
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used to compose the RNN structure. The first network is a Flow Net (FNet) that calculates the
optical flow from the 2 consecutive LR input frames and provides motion information for the SR-
Net. The structure of FNet is shown in Figure 1.2. FNet follows an encoder-decoder structure.
The spatial size of the feature map first shrinks 8 times by the max-pooling layer in the encoding
process. Then they are upscaled to the original size using bilinear interpolation in the decoding
process. The depth of the channel number doubles when the spatial size shrinks. The output F'%F
is an optical flow of shape H x W x 2 from the last 3 x 3 x 2 convolution layers followed by Tahn

activation that represents the pixel position mapping between two frames.

FY% = FNet(LRP,_;,LRP;) € [—1,1]#*W>2 (1.1)

LRP; is the input pristine LR frame at time ¢. For each pixel in the LR, the FNet try to find a

corresponding pixel in LRP,_;.

LR;
o PRI 3 PRI S PHIRS 2 =] S =] 3 =] N =] N
18] (g1= 12 (222 (2|28 |2|5/|8& |g)2(|8 2|23
L& || L e e CeRIN:- =) o || A El o || & 5 Q|| = 5 beliN-- % || <
PD—— | | & @ e |8 Sl el & Sl =l 8 &Sl |l 8 o e (] 8 GRS S E
2|l < 2| g > || d > |14 |8 > | || & 2|8 24| & F
£ 8| & Bl & |8 | 8| & 28| = g8 |& 28| = EI18| 8
Sl= s SR Sl=ls Sli=a R Sia|la Sla|lo
LR:—
1 S~ S~ S~ S~ S~ S~
2X 2X 2X 2X 2X 2X

Figure 1.2: FRVSR FNet

The loss function of the FNet is the L2 distance between the previous LR frame warpped with

motion and the current LR frame.

Low = ||WP(LR,_1, F*) — LR/||? (1.2)

WP is the warping operation introduced in Spatial Transformer Networks[15].

FLR



The output of FNet is in LR space. The flow is upsampled R times using bilinear interpolation
before being warped with the previous estimated image in the HR space.

To use the information in the previous frames without introducing too much calculation, the
previous estimation of HR frame HR¢*, is used as feedback for the current time step. To align the
previous frame with the current frame we need to move the pixels in the previous frames according
to the up-scaled optical flow given by the FNet. The output is of shape RH x RW.

~_est

HR,”, = WP(HR*, F"'F) (1.3)

The computation in the LR space is much easier than in the HR space, many SISR methods put
the upsampling at the end of their network to reduce the computation cost. In this method, the
calculation is also in the LR space. Now that we have the estimated HR frame after warping (past
HR frames + upsampled motion between two frames), a space to depth conversion is implemented
to convert the image from HR to LR space. And then the converted image is input into the SRNet
together with the current LR frame.

The second network is a super-resolution network (SRNet) that uses ResBlocks to accelerate
training and transpose convolution for upscaling as shown in Figure 1.3. The space to depth image

is stacked with the current LR image as the input of the super-resolution network.

~ est

HR;* = SRNet(LR;, Sp(HR,,)) (5

Sr is the space to depth operation with R as the scaling factor.

The loss function of SRNet is the MSE between the output and ground truth HR.

Ly = ||HRS" — HRy||5 (1.5)

The final loss of FRVSR is the summation of the loss of FNet and SRNet.

L = Lsr + Lﬂow (16)
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Figure 1.3: FRVSR SRNet

By adding an optical flow estimation network before the traditional SISR network and feed-
ing the previous HR estimate and current LR input to the super-resolution network, the motion
information can be carried through multiple frames. This method avoids using input LR frames
repeatedly in the sliding window to save computations. Also, the output HR estimation frames will

keep inter-frame temporal dependency due to the optical flow and the explicit motion warping.

However, there are some drawbacks to this model.

1. The explicit optical flow method tries to find pixel mapping between current and previous

LR frames which may not always exist in case of occlusion and large motion.

2. The only way information can be propagated is through the explicit motion compensation

of the previous SR frame, so whenever occlusion appears the information of the background

object is lost.
1.1.2.5 RLSP

Like FRVSR, RLSP[12] also keeps the information in the SR frame and feedback to the next
step. However, besides the HR.,; feedback, RLSP adds another hidden states to the recurrent
sturcture. This implicit latent feature space can propagate information through multiple frames
and let the network learn what needs to be saved in the latent space for future use. For example,
when occlusion occurs at the current frame the features about the covered object can still be saved

in the latent space and be propagated to the future frames. This is what FRVSR can’t do using only



the HR,; as feedback.

In the RLSP model, 3 local LR frames, the previous hidden state and previous HR estimation
frame are concatnated and feed into the current time step to produce the next hidden state and
the current HR estimation. The explicity motion compensation in FRVSR is removed and RLSP
network itself will learn whether to use previous frame as reference. On one hand, the complexity
of FNet is saved. On the other hand, with the help of the hidden state, the model can better handle
the cases where no exact motion matching between frames.

Although RLSP is better than FRVSR on VSR tasks, designing a deartifact module for RLSP
is more difficult as the RLSP Cell is tightly integrated without explicit alignment. So we will focus

on adapting FRVSR for our scalable codec.
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1.2 Scalable Video Coding

SHVC[16] is the scalable extension of HEVC with different types of scalability. The hierar-
chical temporal prediction structure of HEVC provides the temporal scalability. SHVC supports
bit depth, spatial, coarse grain SNR, interlaced-to-progressive, color gamut and external base layer
scalabilities etc. We will focus on spatial scalability in this work.

The base layer (BL) of SHVC is a normal HEVC bitstream, by decoding the enhancement
layer (EL) we can have higher frame rate, larger resolution, and better quality videos. There are

two main benefits of using SHVC as a codec:

1. A single bitstream can fit different types of customer devices by only transferring the re-
quired EL through the network. This will reduce the complexity for the streaming provider

to manage different encoding versions of the same video and reduce the network bandwidth.

2. When coding the current EL pictures, the collocated reconstructed pictures (resampled if
necessary) from the BL can be used as inter-layer reference pictures (ILR). Due to this
reference structure of SHVC the size of the scalable bitstream is much smaller than the sum

of two separate bitstreams of different resolutions. Therefore the storage cost can be saved.

SHVC requires only high-level syntax changes. Changes are restricted to slice header level and
above. Therefore, the EL codec in SHVC does not allow low-level (block-level) changes to the
single-layer HEVC design.

The original input videos are downsampled and coded into the base layer (BL) bitstream using
a conformant HEVC codec or a non-HEVC external (e.g., AVC) codec. To code the enhancement
layer (EL) pictures, the coded BL videos in the lower reference layer are used for inter-layer predic-
tion to improve EL coding efficiency. In SHVC, both reconstructed videos and motion parameters
from the reference layer can be used for inter-layer prediction.

Besides the normal block-based hybrid video coding framework, the inter-layer reference pic-

tures are used as references in each EL. The inter-layer processing includes 3 steps:

1. resampling process

11



2. color mapping process

3. motion field mapping process

The color mapping process is for color gamut scalability which we won’t use in our project. We
want to replace the resampling process with a machine-learning-based super-resolution method to
provide a high-quality reference for EL and to save the encoding cost. In our work, X265 will be
used as BL encoder to utilize its better rate control algorithm and faster encoding speed. The BL.
motion fields will be imported from X265 and the resampling process will be replaced by VSR

model.
1.2.1 The resampling process
1.2.1.1 SHM Downsampler and sampling grid

In SHVC, videos of BL resolution and EL resolution are needed as input. The downsampling
process from EL to BL is defined in [16] and the derivation of the filter coefficients is in [17].
12-tap 2D separable downsampling filters are applied to the EL video. We called this filter “SHM”
as it was provided in the reference software. Lanczos and Gaussian filters are also tested in section
3.2 to make the best trade-off between sharpness and aliasing.

There are 2 types of sampling grid positions. The default one is named *“zero alignment” where
top-left pixels after applying the low-pass filter are kept during decimation. Another is named
“center alignment” where the middle pixels for the resampling factor are kept. Figure 1.4 is an
2X downsampling example on YUV420 format. The squares are the luma pixels and the yellow
squares are the ones after downsampling. The circles are the chroma pixels, and the yellow circles
are the ones after downsampling. In the YUV420 format, 4 luma pixels share 1 chroma pixel.
The sampling grid has to be signaled in the bitstream to make sure the upsampling process on
the decoder uses the same position. In our work, we choose the center alignment position for the
downsampling process as FFMPEG default resampling operations are center-aligned.

The VSR model will adapt to the sampling grid depend on whether zero alignment or center

alignment is used when generating the training set. But the downsampling process and upsampling

12



process have to use the same sampling grid.

Zero alignment Center alignment

O O O

O O O O

Figure 1.4: Sampling grid position on 2X downsampling example

1.2.1.2  SHM upsampler DCTIF

A 16 times upsampling filters are defined in H.8.1.4.2.2 in the HEVC standard [18]. The
upsampling process in SHM uses discrete cosine transform (DCT) as the upscaler to be backward
compatible with the fractional motion estimation in HEVC. At 1/2 and 1/4 pixel positions, the filter
coefficients are the same as the HEVC fractional interpolation filters. By defining 16X upsampling
filter, SHVC can support arbitrary scaling factors between layers. But not all 16X interpolation are

calculated in the real implementation, only those needed after decimation are calculated.
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2. PROPOESED METHOD

2.1 Modification on VSR for the scalable codec

SISR won’t introduce any delay and buffering if integrated into SHVC. But the generated Inter-
Layer Reference picture (ILR) won’t be temporal consistent and the performance of SISR can be
further improved by exploiting the temporal information in videos. Therefore, we are going to
use the VSR model. However, there are some differences between normal video super-resolution
task and the super-resolution in scalable video codec. In order to use ML-based VSR to replace
the DCT upsampling in SHVC, the SR model needs to be modified for this task accordingly. The

differences are explained as follows.
2.1.1 Different purpose

Sometimes HR videos might have large motion blur or out of focus area. The task of our VSR
method is not to generate a photo-realistic frame, but to generate frames as close to HR as possible
for the enhancement layer to reference.

GAN-based SR might increase the residual of EL because the hallucinated textures are usually
far from the ground truth. The VMAF score of GAN-based VSR might be high enough so that
EL encoding is not necessary. However, we can’t switch between the GAN-generated video and
EL encoded video as they aren’t temporal consistent, and to generate GAN-based VSR result, the

display order has to be followed leading to a large delay in encoding.
2.1.2 Different data format

Our input frame is a BL reconstructed image (LRC) instead of a pristine LR input (LRP). The
compression artifact is added to the BL image in the process of transformation and quantization
during BL encoding with different coding parameters. A de-artifact module needs to be designed
before performing super-resolution to address the B compression artifact. Our DANet is intro-
duced in 2.2.

Constant rate factor (CRF) is a constant quality encoding mode in X265. The BL encoder will
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try to generate the compressed video of the same quality without any bitrate requirement. Different
CREF setting shows different levels of artifact on the training set. We use the mixed CRF setting to
generate our training set.

Most of the existing SR datasets don’t have LRC data. It is also not appropriate to generate
the LRC from the existing datasets. For example, the 7-frame short clips in the Vimeo90k dataset
doesn’t have enough length to represent the compression process on a normal video as it only
contains one GOP of size 6.

Another issue is that in the video codec, the common video format is YUV420. The chroma
channels are downsampled 2X therefore smaller than the luma channel. However, for most of the
other VSR models, the input and output are both in RGB format. In our experiment, the model’s
input and output are both luma channel only.

Different training sets and different data formats (Y only) make the benchmark with other VSR
methods difficult. Therefore we need to generate our own training set and test set. The detailed

dataset generation is in Section 3.1.
2.1.3 Different processing order

SHVC adopts the multi-loop decoding framework. Pictures in different layers of the same
frame are coded into the bitstream in ascending order of layer indices which means that the en-
coding order is first BL then EL of the same POC. With random access profile, the GOP structure
determines which POC is encoded first. However, the VSR algorithm, especially recurrent VSR
like FRVSR and RLSP, usually takes frames as input by display order. Therefore, the discrep-
ancy between the encoding order and display order leads to the delay and buffering in the scalable
encoder and decoder.

For example, a GOP length of 6 from X265 is shown in Figure 2.1 and Table 2.1. The encoding
order is 0-6-3-1-2-4-5. But in the normal VSR model to get the SR result of the 6th frame all
previous frames are needed. However, in SHVC, when encoding the 6th frame, frames 1 to 5
haven’t been encoded yet and we don’t have the LRC input to generate the SR result for the 6th

frame.
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The recurrent VSR model like FRVSR and RLSP usually provide better VSR performance,
longer temporal support, and lower computational requirement. Usually the display order is fol-
lowed when generating the SR result as inter-layer reference pictures (ILR). We will compare the
effect of different temporal propagation methods with this baseline method.

As a baseline experiment, when encoding and decoding a GOP, the two-pass method is used.
The first pass is to generate the ILR from the reconstructed BL. Then the VSR results are generated
following the display order. The second pass is to encode the EL based on VSR ILR. This inte-
gration of VSR and SHVC is at video level instead of frame level and it will increase the memory
needed for buffering in a real application. This method is named “noTID” meaning no temporal
layered structure is used.

We proposed three different methods. First, we can execute VSR follow the encoding order
where the previous frame feedback is the previous frame in encoding order. For example, in Figure
2.1, the encoding order is 0-6-3-1-2-4-5. This method is named “encodingTID”.

Second, we can treat different temporal layers as separated videos and propagate hidden states
only inside the same temporal layer. For example, frames 0-6-12-18 are from temporal layer O.
Frames 3-9-15-21 are from temporal layer 1 and frames 1-2-4-5-7-8-10-11 are from temporal layer
2. This method is named “separateTID”.

Third, we can use the previous frame whose TID is not larger than the current frame’s TID
as feedback. This method will ensure the nearest available frame is used for the current frame’s
SR. For example, frame 0-1-2, 0-3-4-5, 0-6-7-8 will be treated as separate videos. This method is
named “nestedTID”.

The experiment results are disscussed in section 3.5. The perfermance order from best to worst

is no TID, nested TID, encoding TID, separate TID.
2.2 FRVSR with DANet

To integrate the VSR model into the SHVC codec, the decoder only has access to the recon-
structed frames instead of the pristine frames before quantization which are normally used in other

VSR models. Therefore the FRVSR structure needs to be modified as the compression process
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POC 1 POC 2 POC 4 POC 5
TID 2 ENC 3 ENC 4 ENC 5 ENC 6
0;36 0;36 30;6 30;6
POC 3
TID 1 ENC 2
0;6
POC 0 POC 6

TIDO ENC O ENC 1
- 0;-

Figure 2.1: GOP structure of 6 frames in X265 BL, POC is frame display index, ENC is the en-
coding order

Encode Order | Type POC | List 0 | List 1
0 I-SLICE | 0 - -

1 P-SLICE | 6 0 -

2 B-SLICE | 3 0 6

3 b-SLICE | 1 0 36
4 b-SLICE | 2 0 36
5 b-SLICE | 4 30 6

6 b-SLICE | 5 30 6

7 P-SLICE | 12 630 |-

8 B-SLICE | 9 630 |12
9 b-SLICE | 7 63 912
10 b-SLICE | 8 63 912
11 b-SLICE | 10 963 |12
12 b-SLICE | 11 963 |12
13 P-SLICE | 18 1296 | -

Table 2.1: An X265 reference structure example of one GOP of 6 frames

added artifacts to the input. We propose the DANet structure as shown in Figure 2.2.

FNet is the same as the original FRVSR but the input is the compressed LR (LRC) in the
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LRC;

~ _est

LRP;”,

DANet LRP{*

Up-scaling LRP:*

FHR

~ est ~ est
HRt—l S t SR(HRt—l)
HRE™, Warp ﬁi‘;h" SRNet HRS"

Figure 2.2: FRVSR with DANet

modified FRVSR with DANet. The compression is done by X265.

F™ = FNet(LRC,_;,LRC,) € [1, 1]7*W*2 2.1)

The de-artifact module DANet is added before the SRNet and trained using LRP as ground
truth. The DANet also follows the recurrent structure by using the feedback of LRP estimation
from the previous time step.

By directly using the optical flow from FNet, warping is also performed in the LR space on the
previous output of the DANet which is the LRP estimation LRP{™, to generate the LRP estimation
of the current frame LRP¢*. The warping operation is expressed in Equation 2.2.

~ _est

LRP, , = WP(LRP!,, F'}) (2.2)

Then the warped LRP estimation is concatenated with the current input LRC, as the input of

18



DANet. The output of DANet is the estimated pristine version of the LRC image. Then it is feed
into SRNet together with the aligned previous HR estimation as in FRVSR to generate the final SR

result.

LRP?* = DANet(LRC,, LRP;")) (2.3)

A loss term is also added to the total loss for the DANet.
Lao = ||LRP?" — LRP,|[3 (2.4)
The total training loss of the modified FRVSR is
L = Lg + Lfjow + Lga (2.5)

The network structure of SRNet, FNet, DANet are shown in Figure 1.3, Figure 1.2, Figure 2.3.
They are all fully convolutional networks and do the calculation only in LR space. All the kernels
are of size 3 and stride 1. The number of feature channels f is 128 in our experiment.

In the SRNet, the transposed convolution layers are of stride 2 to upscale the input feature map.
1 or 2 transposed convolution layer can be used depends on whether the scaling factor is 2 or 4.

In the FNet, the encoder and decoder structure is used. The activation function in FNet is
LeakyReLU of leakage factor of 0.2 and 2X represents the same layers appear twice.

In both DANet and SRNet, the ResBlocks are used to accelerate the training. The DANet only
operates in LR space therefore no transposed convolution layers are used. 3 ResBlocks are used in

DANet for faster computation. Only the Y channel is output by the last output layer.
2.3 Codec Integration

X265 is one of the best open-source HEVC encoders in the market. Its encoding speed is much
faster than SHVC reference software by utilizing multiple CPU cores in both the wavefront parallel

processing mode and the frame-level parallelism. It also uses more sophisticated rate control algo-
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Figure 2.3: DANet structure

rithms to achieve CU-level adaptive QP. Using X265 as the base layer and builds the enhancement
layer coding on top of it will give us better base layer encoding as references. Therefore, we can
achieve better coding quality with a faster speed than the original SHVC reference encoder.

When encoding an EL frame in SHM, it will reference the DCT upscaled reconstructed image
from BL. Therefore, the reconstructed videos (LRC) also need to be imported from X265 into
SHVC.

In SHVC, TMVP will use the reference pictures’ motion vectors to derive motion vector pre-
dictors. When an EL CU reference the upscaled BL image, the motion vectors of that image also
need to be upscaled accordingly. This process is called Motion Field Mapping. When upsampling
the MV, only the CUs encoded in inter prediction mode have MVs. Therefore the motion vectors
and the associated CU encoding mode also need to be imported from X265.

To make use of the adaptive QP calculated in BL encoding, we also import the QP map from
X265 and enforce the EL QP decision to be the same as the upscaled BL QP map.

Besides importing the reconstructed images, motion fields, CU coding modes and QP maps, the
GOP structure of SHM and X265 also need to be the same. In SHVC reference software the GOP
structure is fixed in the configuration file. While in X265, the GOP structure is usually dynamic
based on when the scene cut appears in the timeline. In our experiment, we fixed the GOP size
of X265 to 6 and modify the SHM codes to align the BL and EL. GOP structure so that the same

frame in BL and EL will have the same reference list. As a result, the reference index in the motion
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vectors from X265 will refer to the same frames after imported to the SHVC codec.
We have two testing setups. The baseline follows the original SHVC structure using DCT as
upscaler but X265 as BL, as shown in Figure 2.4. Another using VSR to replace the DCT upscaler

as shown in Figure 2.5. The results are shown in Table 3.11 and Table 3.12.

X265 BL + DCT + SHM EL

LRP [€«— downsample €«<— HR

MV
QP LRC l LR
\ 4 T T \A 4 T
X265 BL Encoding SHM EL Encoding
BL > EL
bitstream ” MLx A bitstream

Y

Scalable Bitstream

Figure 2.4: Codec integration baseline structure: X265 BL + DCT + SHM EL
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X265 BL + VSR + SHM EL

LRP |[€«— downsample «<—— HR

[

MV |LRC
QP |Pred ILR_VSR ILR
v + 1% 0 w 1
X265 BL Encoding VSR SHM EL Encoding
BL - P EL
bitstream ~ MUX [ bitstream

Scalable Bitstream

Figure 2.5: Codec integration VSR structure: X265 BL + VSR + SHM EL
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3. EXPERIMENT

3.1 Data processing pipeline and experiment condition

Lanczos path
_—>

SHM path

Scene Cut Detection
Video Clips Video Source = " :
For Training For generating video
Calculate SITI and remove extreme clips ‘ i l
Y
. . Convert Format N HR HR HR
Train test split | YUV420 videos Y PNG images UN images
Randomly select an interval SHM DownConverter Lanczos Lanczos
Training set: 32 frames
Testing set: 5 sec l l i
A 4 y
LRP LRP LRP
YUV420 videos Y PNG images U/V images
- f |
X265

ramdomly selected

| | !

LRC LRC LRC
YUV420 videos Y images U/V images

A

Bicubic Upsample

Predict Predict LRC
YUV420 videos Y images UN up

Y
Y

Figure 3.1: Video pre-processing pipeline

Due to different requirements in data formats as mentioned in 2.1.2. We need to generate our

datasets. Our dataset is composed of few different sources that are only used for study purposes.

1. 229 one-minute video clips from Amazon Prime Video including movies, news, reality

shows, sports, cartoons, and anime.

2. 7 test videos from UVG dataset [19]
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3. Some Vimeo videos that are still available from Vimeo-90k dataset [20].

4. Some BBC documentaries.

Some pre-processing steps are needed to generate the training set, validation set, and test set.

The whole video pre-processing pipeline is shown in Figure 3.1.

1. The scene cut detection is first performed using Davinci Resolve and then manual inspection

to ensure there is no scene cut in the dataset.

2. The Spatial Information (SI) and Temporal Information (TI) are calculated for each clip to
observe the distribution of the dataset on the SI-TI plane according to ITU-T P910 [21].
Some bad clips with extreme SI or TI will be removed. A test set is randomly sampled to

cover the whole SI-TT plane.

3. Many clips from the same video may have repeated scenes. Therefore a subset of clips are

selected from all clips to ensure heterogeneity of the training set.

4. The video clips are then converted to YUV420 format with limited range and saved as YUV

raw video files.

5. To generate the LRP data, we use FFMPEG to do center-aligned Lanczos downsampling
with a = 2. There are different downsampling kernels available such as SHM, Gaussian,
and Lanczos. In the downsampling step, the videos are convolved with the kernel before
decimation which will reduce the aliasing. The comparison of different downsampling ker-
nel is in Section 3.2. We choose Lanczos with a = 2 as our downsampler for the codec

integration.

6. To generate the LRC data we use X265 to compress the LRP raw videos. We take the
constant quality encoding of X265 with CRF randomly chosen from a specific range (22
to 28). GOP length of 6 is enforced by setting “bframes” to 5. The temporal layer is also
enabled. Therefore the training set compression setting is aligned with the SHM EL coding

setting.
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Upsampler | IrType | downFilter metrics | calendar | city foliage | walk | MEAN
Bicubic 2X | LRP gaus_stdOp8_center | PSNR | 21.17 2597 | 24.43 27.19 | 24.69
Bicubic 2X | LRP shm_center PSNR 23.77 29.21 | 28.51 32.26 | 28.44
Bicubic 2X | LRP lanc_a2_center PSNR 23.86 29.58 | 28.63 32.35 | 28.60
Bicubic 2X | LRP gaus_stdOp8_center | VMAF | 30.18 35.63 | 44.57 46.24 | 39.15
Bicubic 2X | LRP shm_center VMAF | 81.36 81.97 | 94.96 96.60 | 88.72
Bicubic 2X | LRP lanc_a2_center VMAF | 75.82 77.76 | 89.64 91.41 | 83.66

Table 3.1: Comparision of different downsampling filter on 2X LRP on VID4 test set

7. The LR input needs to be cut to fit the requirement of the network. The FNet goes through
an Encoder-Decoder tunnel. The spacial size is reduced 8 times by the Max Pooling layer
and then recovered to its original size by the Bilinear Layer. So the LR input size has to be
divisible by 8. Therefore the size of HR images has to be divisible by R x 8. In the video
image loader at training time, the training clips will be cut from a random position with size

of 64 x 64 by 10 frames as LR input.

3.2 Different downsampler

To generate LRP from HR, an appropriate downsampling method is needed. The choice be-
tween different downsamplers is a trade-off between sharpness and aliasing. In SHM we want the
BL to be sharper and with less aliasing. For anti-aliasing purposes, the larger the scale factor the
smaller the passband of the filter should be.

A Gaussian filter has less aliasing but is too smooth for the codec because the BL is still needed
to be viewed separately from EL in a scalable codec.

The Lanczos filter can produce sharper images than gaussian but will introduce some aliasing.
The downsampled image will be used as the learning target for DANet. If too many aliasings are
introduced then it will also affect the final SR result.

The SHM downsampling filter is defined in [17]. Its sharpness and aliasing are between gaus-
sian and Lanczos.

In Table 3.1, we compared the 3 downsamplers using the same bicubic upsampling in FFMPEG

on VID4 test set. The SHM downsampler is of the highest VMAF while the Lanczos (a=2) is of
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PSNR test_lanc | test_shm
train_lanc | 39.45 39.23
train_shm | 39.15 39.59

Table 3.2: DANet PSNR performance on PRIME7 CRF23 LRC of training and testing on Lanczos
a=2 and SHM downsampler

VMAF test_lanc | test_shm
train_lanc | 93.78 96.27
train_shm | 90.40 94.23

Table 3.3: DANet VMAF performance on PRIME7 CRF23 LRC of training and testing on Lanczos
a=2 and SHM downsampler

the highest PSNR. Gaussian with 0.8 standard deviation is the lowest among the three.

We trained our model on Lanczos downsampled and SHM downsampled LRC and then test
it on SHM and Lanczos respectively. The results are shown in Table 3.2 and 3.3. For PSNR, the
model has the best performance when the training downsampling method and testing downsam-
pling method are the same. For VMAF, the highest score is when the model is trained on Lanczos
and tested on SHM downsampler. Therefore we take this option to generate our codec integration

result.
3.3 SRresults on 2X SHM downsampled LRC with CRF23

We benchmarked different 2X upscaling methods including the DANet on 7 clips test set
from prime video on PSNR and VMAF[22] in Table 3.4. The inputs of this test are SHM-2X-

downsampled and then compressed using X265 at CRF 23 with a fixed GOP structure of 6 frames.

1. Bicubic downsampling with a=-0.75.

2. DCTIF, discrete cosine transformation interpolation filter which is used in the SHVC as

inter-layer upscaling method.

3. RAISR[7], the single image super-resolution method brought up by Google, retrained on our
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modelName | metrics | 41 59 71 87 106 175 185 MEAN
Bicubic PSNR | 35.42 | 41.50 | 39.31 | 42.26 | 39.37 | 32.63 | 34.53 | 37.86
DCTIF PSNR | 36.06 | 41.52 | 39.47 | 42.29 | 39.70 | 33.31 | 35.02 | 38.19
RAISR PSNR | 3643 | 41.22 | 39.18 | 41.81 | 39.55 | 33.75 | 35.27 | 38.17
FRVSR PSNR | 37.89 | 41.20 | 39.48 | 42.30 | 40.18 | 35.90 | 35.67 | 38.95
DANet PSNR | 37.80 | 41.60 | 39.72 | 42.65 | 40.43 | 36.59 | 35.79 | 39.23
Bicubic VMAF | 87.49 | 91.31 | 92.43 | 90.25 | 98.88 | 85.62 | 92.27 | 91.18
DCTIF VMAF | 89.28 | 91.69 | 93.09 | 90.72 | 98.92 | 88.10 | 93.80 | 92.23
RAISR VMAF | 90.74 | 90.97 | 92.36 | 90.16 | 98.92 | 91.05 | 94.20 | 92.63
FRVSR VMAF | 95.02 | 92.73 | 94.87 | 92.90 | 99.04 | 97.22 | 96.47 | 95.46
DANet VMAF | 96.13 | 93.25 | 96.18 | 94.44 | 99.10 | 97.44 | 97.37 | 96.27

Table 3.4: Comparision of different upsampling method on 2X SHM downsampled CRF23 LRC
on PRIMET test set

dataset using LRC as input. No de-artifact modification.
4. FRVSR, the original FRVSR model which trained on LRP input.

5. DANet, the modified version of FRVSR with the de-artifact module.

As shown in Table 3.4, on the test set PRIME7, the DANet achieved 1.37db PSNR and 5.09
VMAF gain over bicubic. When compared with the original FRVSR where no de-artifact model is
used, the difference is 0.28db PSNR and 0.18 VMAF which shows the DANet training with LRP

video are better than the original VSR model.

Figure 3.2: SR result on calendar in VID4, from left to right are: Bicubic, FRVSR, DANet, HR

The videos in the PRIME?7 test set are higher quality 1080p videos and 2X is not a large scaling
factor therefore even the bicubic is of 37.86db PSNR and 91.18 VMAEF. As shown in Table 3.5, on
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modelName | metrics | calendar | city foliage | walk | MEAN
Bicubic 2X | PSNR | 23.51 28.55 | 27.75 | 30.98 | 27.70
FRVSR PSNR | 25.16 31.27 | 29.01 | 32.21 | 29.41
DANet PSNR | 25.23 31.17 | 29.08 | 32.57 | 29.51
Bicubic 2X | VMAF | 76.34 74.72 | 86.95 | 87.16 | 81.29
FRVSR VMAF | 87.43 88.60 | 93.54 | 93.56 | 90.78
DANet VMAF | 88.53 89.06 | 94.23 | 94.56 | 91.60

Table 3.5: Comparision of different upsampling method on 2X SHM downsampled CRF23 LRC
on VID4 test set

model LR Type | parameters | metrics | 41 59 71 87 106 175 185 MEAN

FRVSR | LRP 4851939 PSNR | 40.00 | 46.51 | 43.21 | 47.78 | 42.73 | 37.21 | 39.92 | 42.48

FRVSR | CRF23 4851939 PSNR | 37.89 | 41.20 | 39.48 | 42.30 | 40.18 | 35.90 | 35.67 | 38.95

DANet | CRF23 5889892 PSNR | 37.80 | 41.60 | 39.72 | 42.65 | 40.43 | 36.59 | 35.79 | 39.23

FRVSR | LRP 4851939 VMAF | 99.89 | 99.99 | 99.93 | 99.83 | 99.95 | 99.51 | 99.99 | 99.87

FRVSR | CRF23 4851939 VMAF | 95.02 | 92.73 | 94.87 | 92.90 | 99.04 | 97.22 | 96.47 | 95.46

DANet | CRF23 5889892 VMAF | 96.13 | 93.25 | 96.18 | 94.44 | 99.10 | 97.44 | 97.37 | 96.27

Table 3.6: Comparison of FRVSR on LRP/LRC and DANet on LRC

a lower resolution test set VID4, the DANet improvement from bicubic is 1.81db PSNR and 10.31
VMAF while the advantage given by the de-artifact structure gives 0.10db PSNR and 0.82 VMAF.
When the video quality is lower there are more rooms for the VSR model to improve. An example

comparison is shown in Figure 3.2. DANet result has less artifact than FRVSR.
3.4 The effect of compression and the gain of DANet

After using LRC as input the original FRVSR’s performance drops 3.53db and 4.41 VMAF
compared to the model’s performance on LRP. However, by introducing the DANet, the impact
of the BL compression is reduced to 3.25db and 3.6 VMAF at the expense of additional 1 million
parameters, as shown in Table 3.6.

We also show the result of LRPest vs. HRest on DANet when tested with SHM downsampler
and CRF23 LRC in Table 3.7. The LRPest can achieve 42.69db and 98.25 VMAF which shows
that the DANet can output high-quality LRP estimation for the SRNet to do super-resolution. The

final HRest is a serial combination of de-artifact and super-resolution result.
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type metrics | 41 59 71 87 106 175 185 MEAN
HRest | PSNR | 37.80 | 41.60 | 39.72 | 42.65 | 40.43 | 36.59 | 35.79 | 39.23
LRPest | PSNR | 43.44 | 42.89 | 42.89 | 43.67 | 43.76 | 42.97 | 39.19 | 42.69
HRest | VMAF | 96.13 | 93.25 | 96.18 | 94.44 | 99.10 | 97.44 | 97.37 | 96.27
LRPest | VMAF | 97.13 | 98.54 | 98.43 | 97.25 | 99.76 | 97.80 | 98.84 | 98.25

Table 3.7: Comparison of DANet’s LRPest and HRest

Processing Order | Metric | calendar | city foliage | walk | MEAN
noTID PSNR | 25.46 31.62 | 29.43 | 32.88 | 29.85
nestedTID PSNR | 25.40 31.45 | 2937 | 32.84 | 29.76
encodingTID PSNR | 25.40 31.39 | 29.33 | 32.82 | 29.73
separate TID PSNR | 25.37 31.31 | 29.32 | 32.80 | 29.70
noTID VMAF | 84.59 88.77 | 91.35 | 91.61 | 89.08
nestedTID VMAF | 84.34 88.32 | 91.10 | 91.46 | 88.81
encodingTID VMAF | 84.35 88.31 | 90.98 | 91.37 | 88.75
separateTID VMAF | 84.17 87.98 | 90.91 | 91.34 | 88.60

Table 3.8: Comparison of DANet with different processing order on Lanczos-downsampled
CRF23 VID4 test set

3.5 Different processing order

As shown in Table 3.8, the display order (noTID) has the best performance as expected. The
nestedTID is the 2nd because it has less reordering than encodingTID and still utilize the near-
est available references to generate the current SR frame. Although separateTID doesn’t have
reordering, the temporal distances between frames can be as large as 1 GOP, therefore it has the
worst performance. In a real application, VSR follows nestedTID order can reduce the BL input

buffering with a small VSR performance drop of 0.09dB and 0.27 VMAF.
3.6 SHVC integration

After having the VSR result with the de-artifact feature we can use it to replace the DCTIF
in SHM. There are 7 different combinations depends on whether the VSR or DCT is used as the

upscaler and whether the EL encoding is applied.
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1. BL4+DCT: This is the inter-layer reference picture (ILR) inside of SHVC. The bitrate is the

X265 BL bitrate and the distortion measures the upsampled video by DCTIF.

2. BL4+FRVSR: This is the ILR that we used to replace DCTIF. The VSR reference video is
generated by original FRVSR trained on LRP as a VSR baseline. The bitrate is the X265 BL

bitrate and the distortion measures the upsampled video by FRVSR.

3. BL+DANet: Same as BL+FRVSR, but the VSR reference video is generated by DANet to
test the modified DA module. The bitrate is the X265 BL bitrate and the distortion measures

the upsampled video by DANet.

4. BL+DCT+EL: The SHVC uses the combination of base layer coding, DCTIF upsampling,
and enhancement layer coding. The bitrate is the X265 BL bitrate plus the SHM EL bitrate.

The distortion measures the EL reconstructed video from SHM.

5. BL+FRVSR+EL: The modified scalable codec uses the combination of base layer coding,
VSR upsampling, and enhancement layer coding to add finer details where VSR model
doesn’t work well. The bitrate is the X265 BL bitrate plus the SHM EL bitrate. This EL
bitstream is different from the one referencing the DCT upsampled video. The distortion
measures the EL reconstructed video referencing the VSR video. FRVSR is used as a VSR

integration baseline.

6. BL+DANet+EL: Same as BL+FRVSR+EL, but DANet is used as the inter-layer VSR method.

7. SL: The single layer encoding. Using X265 to encode the video with BLL CRF at the EL

resolution.

The testing process is composed of BL X265 encoding, EL DCT SHM encoding, EL VSR
SHM encoding, and SL encoding. The encoding is executed at the video level which means the
whole BL video is used to generate VSR results. And the VSR result is input into the modified

SHM to encode the EL.
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We measure the distortion of our video in PSNR and VMAF][22]. There are 7 videos, the whole
form is in Table 3.11 and 3.12. Take one video named 00041_00001243 for example, the PSNR
and VMAF result is shown in Table 3.9 and 3.10 respectively. The rate-distortion (R-D) curves
are plotted in Figure 3.3 and 3.4. We collect 7 data points on the R-D curve by varying the BL
CREF setting to be 21,23,25,27,29,31 and 33. The BL QP map is determined by the rate control
algorithm in X265. The EL QP map in SHM is 3 larger than the BL QP for each CU accordingly.

On both PSNR and VMAF our VSR method exceed the DCTIF in SHVC. The gap between
ILR can be converted to the final EL bitrates saving. The final BD-rate improvement 6.14% on
PSNR, 15.58% on VMATF for video 41.

In Figure 3.4, the BL+VSR VMAF metric is at the top left of the BL+DCT+EL, BL+VSR+EL,
and SL R-D curve which means that it is unnecessary to add the EL encoding on top of the VSR
result in the VMAF aspect. The actual bits spending on the EL coding won’t give improvement
on VMAF and sometimes even makes it worse. In Table 3.10, the BL+VSR+EL’s VMAF only
has a small gain over BL+VSR at a higher CRF setting. Only when video quality is worse due to
the compression of BL, the EL encoding shows some benefit in VMAF score. But on PSNR, the
EL coding is always useful as the high-frequency component can’t be restored by the VSR can be
added by the EL.

The SL curve is usually better than the scalable solution due to the cost of the extra semantics
needed in the layered structure of the scalable codec. Even after VSR is used in the scalable codec,
it is still not as good as the S PSNR performance in most cases. But in VMAF, the VSR method
is closer to the SL performance.

On PSNR and VMAF, DANet performs better than the original FRVSR on both ILR compar-
ison and the comparison after the EL coding. Table 3.13 and 3.14 shows the PSNR and VMAF
BD-Rate. In Table 3.13, FRVSR has positive BD-Rate 2.03% and negative BD-PSNR -0.06 dB
which means without DANet using VSR to replace DCTIF has negative effect on scalable coding.

The content of the video also affects the result. For example, in Figure 3.5 and 3.6 video 71

shows that at very low bitrate the upscaled BL single layer is better than coding at EL resolution.
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However at higher bitrates only coding at EL resolution can achieve better quality.

video 41, PSNR

43

a2
a1
40
39
38
37
36
35 ///

34

PSNR (dB)

33
200 400 600 800 1000 1200 1400 1600 1800 2000 2200

BitRate (Kbps)

——BL+DCT —@&—BL+FRVSR —&— BL+DANet BL+DCT+EL
—&—BL+FRVSR+EL —@—BL+DANet+EL —@—SL

Figure 3.3: SHVC integration rate distortion graph with PSNR as quality metric on video 41
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Figure 3.4: SHVC integration rate distortion graph with VMAF as quality metric on video 41
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Figure 3.5: SHVC integration rate distortion graph with PSNR as quality metric on video 71
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Figure 3.6: SHVC integration rate distortion graph with VMAF as quality metric on video 71
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PSNR VideoName 41
Combination BL EL CRF 2124 2326 | 2528 2730 | 2932 | 3134 | 3336
BLDCT BL_bitrate 124047 | 974.83 | 775.18 | 61046 | 480.87 | 377.13 | 295.40
ILR DCT PSNR | 3627 | 3606 | 3578 | 3543 | 3499 | 3446 | 33.84
BLFRVSR BL_bitrate 124047 | 974.83 | 775.18 | 610.46 | 480.87 | 377.13 | 295.40
ILR_ VSR PSNR | 3832 | 37.89 | 3736 | 3672 | 3599 | 3521 | 3437
BLeDANet BL_bitrate 124047 | 97483 | 77518 | 61046 | 480.87 | 377.13 | 295.40
ILR_ VSR PSNR | 38.11 | 37.80 | 3740 | 3689 | 3627 | 3554 | 34.72
BLeDCTpL | DCT_totiBitrate | 2977.10 | 218520 | 164043 | 124695 | 943.16 | 711.88 | 545.20
recon DCT_PSNR | 43.72 | 42.62 | 4146 | 4025 | 39.00 | 37.71 | 36.46
VSR totalBitrate | 3005.82 | 2210.09 | 1657.98 | 1264.87 | 958.81 | 722.39 | 553.58
BLAFRVSRAEL VSR PSNR | 4373 | 4263 | 4147 4027 | 3901 | 3771 | 3647
VSR totalBitrate | 2872.28 | 2094.52 | 1571.07 | 1199.69 | 911.22 | 689.16 | 534.74
BL+DANetEL = "VSR PSNR | 4370 | 42.70 | 4156 | 4036 | 39.14 | 37.87 | 36.64
SL SL,_totalBitrate 2262.15 | 1723.09 | 133135 | 1038.94 | 81539 | 636.38 | 504.90
recon SL_PSNR | 4374 | 42.82 | 41.80 | 40.73 | 39.59 | 3840 | 37.17

Table 3.9: Different SHVC integration combination on test video 41, using PSNR as the metric

VMAF VideoName 41
Combination BL EL CRF 21_24 23_26 2528 27_30 2932 | 31_34 | 33_36
BL4+DCT BL _bitrate 1240.47 | 974.83 775.18 610.46 480.87 | 377.13 | 295.40
ILR_DCT_VMAF 90.43 89.28 87.78 85.66 82.96 79.73 75.62
BL4+FRVSR BL _bitrate 1240.47 | 974.83 775.18 610.46 480.87 | 377.13 | 295.40
ILR_VSR_VMAF 96.31 95.02 93.31 91.07 88.17 84.72 80.34
BLADANet BL_bitrate 1240.47 | 974.83 775.18 610.46 480.87 | 377.13 | 295.40
ILR_VSR_VMAF 97.41 96.13 94.53 92.33 89.46 86.03 81.71
BL+DCT4EL DCT_totalBitrate 2977.10 | 2185.20 | 1640.43 | 1246.95 | 943.16 | 711.88 | 545.20
recon_DCT_VMAF | 96.29 95.38 94.02 92.34 89.93 86.86 83.02
VSR_totalBitrate 3005.82 | 2210.09 | 1657.98 | 1264.87 | 958.81 | 722.39 | 553.58
BL+FRVSR+EL recon_VSR_VMAF | 96.42 95.55 94.38 92.72 90.54 87.50 84.02
BL4+DANet+EL VSR_totalBitrate 2872.28 | 2094.52 | 1571.07 | 1199.69 | 911.22 | 689.16 | 534.74
recon_VSR_VMAF | 96.55 95.79 94.80 93.31 91.27 88.48 84.90
SL SL_totalBitrate 2262.15 | 1723.09 | 1331.35 | 1038.94 | 815.39 | 636.38 | 504.90
recon_SL_VMAF 96.20 95.41 94.22 92.75 90.66 88.15 84.57

Table 3.10: Different SHVC integration combination on test video 41, using VMAF as the metric
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PSNR Combination BL+DCT BL+FRVSR BL+DANet BL+DCT+EL BL+FRVSR+EL BL+DANet+EL SL
VideoName BL EL CRF bitrate PSNR bitrate PSNR bitrate PSNR bitrate PSNR bitrate PSNR bitrate PSNR bitrate PSNR
41 21_24 1240.47 36.27 1240.47 38.32 1240.47 38.11 2977.10 43.72 3005.82 43.73 2872.28 43.79 2262.15 43.74
23_26 974.83 36.06 974.83 37.89 974.83 37.80 2185.20 42.62 2210.09 42.63 2094.52 42.70 1723.09 42.82
2528 775.18 35.78 775.18 37.36 775.18 37.40 1640.43 41.46 1657.98 41.47 1571.07 41.56 1331.35 41.80
27_30 610.46 35.43 610.46 36.72 610.46 36.89 1246.95 40.25 1264.87 40.27 1199.69 40.36 1038.94 40.73
29_32 480.87 34.99 480.87 35.99 480.87 36.27 943.16 39.00 958.81 39.01 911.22 39.14 815.39 39.59
31_34 377.13 34.46 377.13 35.21 377.13 35.54 711.88 37.71 722.39 37.71 689.16 37.87 636.38 38.40
33_36 295.40 33.84 295.40 34.37 295.40 34.72 545.20 36.46 553.58 36.47 534.74 36.64 504.90 37.17
59 21_24 2373.41 42.27 2373.41 41.95 2373.41 42.27 5661.54 44.60 5942.86 44.61 5564.20 44.76 4273.37 43.91
23_26 1792.36 41.52 1792.36 41.20 1792.36 41.60 3970.26 43.66 4157.05 43.66 3894.01 43.83 3180.58 43.10
2528 1355.19 40.70 1355.19 40.41 1355.19 40.83 2810.95 42.68 2943.02 42.67 2761.03 42.85 2386.40 42.24
27_30 1022.76 39.83 1022.76 39.55 1022.76 39.98 2053.17 41.66 2139.73 41.64 2017.09 41.82 1799.48 41.33
29_32 771.77 3891 771.77 38.66 771.77 39.07 1495.64 40.57 1554.91 40.55 1477.88 40.74 1358.75 40.36
31_34 588.72 37.92 588.72 37.70 588.72 38.08 1088.72 39.44 1129.29 39.42 1080.23 39.60 1033.65 39.34
33_36 448.37 36.89 448.37 36.70 448.37 37.04 822.49 38.30 849.30 38.28 818.69 38.45 788.29 38.26
71 21_24 1333.80 39.91 1333.80 39.98 1333.80 40.14 3132.16 42.29 3187.88 42.29 3048.88 42.34 2517.59 42.16
23_26 1001.83 39.47 1001.83 39.48 1001.83 39.72 2013.13 41.43 2057.58 41.45 1944.32 41.50 1678.98 41.54
25_28 764.51 38.95 764.51 38.92 764.51 39.22 1405.70 40.54 1441.72 40.57 1350.91 40.64 1211.90 40.84
27_30 587.36 38.34 587.36 38.29 587.36 38.60 1023.82 39.63 1053.30 39.66 992.87 39.78 913.86 40.05
29_32 453.80 37.65 453.80 37.57 453.80 37.90 754.24 38.66 777.69 38.70 735.40 38.85 707.44 39.19
31_34 354.63 36.88 354.63 36.80 354.63 37.10 559.50 37.67 579.05 37.72 552.03 37.88 553.78 38.26
33_36 275.45 36.05 275.45 35.97 27545 36.25 425.46 36.68 439.23 36.72 42251 36.88 438.15 37.27
87 21_24 1461.28 42.93 1461.28 42.97 1461.28 43.28 3425.77 45.58 3504.05 45.61 3413.47 45.72 2469.62 45.41
23_26 1097.68 42.29 1097.68 42.30 1097.68 42.65 2378.72 44.54 2431.81 44.56 2364.33 44.66 1837.43 44.55
2528 837.98 41.57 837.98 41.55 837.98 41.93 1699.28 43.49 1737.24 43.51 1676.11 43.60 1384.72 43.63
27_30 638.42 40.80 638.42 40.76 638.42 41.15 1271.51 42.46 1292.01 42.45 1256.50 42.55 1054.00 42.68
29_32 489.18 39.96 489.18 39.90 489.18 40.28 944.23 41.38 954.39 41.36 931.15 41.49 808.59 41.68
31_34 375.79 39.05 375.79 38.97 375.79 39.33 689.63 40.27 702.64 40.27 682.75 40.40 624.13 40.66
33_36 291.44 38.14 291.44 38.06 291.44 38.38 544.47 39.26 548.12 39.22 540.53 39.37 486.29 39.60
106 21_24 2403.82 39.98 2403.82 40.53 2403.82 40.69 8053.32 42.66 8177.27 42.68 7777.66 42.71 5284.79 42.21
23_26 1892.74 39.70 1892.74 40.18 1892.74 40.43 4741.05 42.21 4831.46 4222 4592.44 42.28 3567.31 41.82
25_28 1512.41 39.35 1512.41 39.72 1512.41 40.07 3164.94 41.79 3219.28 41.80 3058.16 41.88 2780.66 41.36
27_30 1216.36 38.90 1216.36 39.18 1216.36 39.60 2417.74 41.28 2459.84 41.29 2326.43 41.39 2201.00 40.80
29_32 980.38 38.36 980.38 38.54 980.38 39.02 1859.59 40.67 1892.95 40.68 1791.13 40.78 1820.25 40.16
31_34 805.99 37.71 805.99 37.81 805.99 38.32 1452.44 39.91 1477.46 39.91 1395.04 40.01 1483.01 39.37
33_36 637.83 36.96 637.83 36.98 637.83 37.49 1153.08 39.09 1169.15 39.05 1106.85 39.15 1206.19 38.49
175 21_24 1168.61 33.42 1168.61 36.24 1168.61 36.78 4318.03 42.66 4355.09 42.65 4184.42 42.66 2847.30 42.36
23_26 860.49 33.31 860.49 35.90 860.49 36.59 2712.96 41.70 2740.25 41.68 2606.16 41.69 1904.85 41.51
2528 640.68 33.17 640.68 35.71 640.68 36.35 1800.22 40.76 1819.14 40.72 1721.13 40.75 1340.01 40.68
27_30 480.79 32.99 480.79 35.14 480.79 36.00 1237.91 39.76 1256.05 39.73 1187.13 39.79 966.77 39.82
29_32 364.14 32.77 364.14 34.72 364.14 35.59 869.80 38.73 881.30 38.69 833.51 38.81 713.36 38.89
31_34 280.82 3249 280.82 34.19 280.82 35.09 622.83 37.68 631.83 37.64 599.48 37.78 533.10 37.92
33_36 215.76 32.12 215.76 33.35 215.76 34.33 456.36 36.55 462.34 36.51 442.66 36.66 408.95 36.89
185 21_24 3592.66 35.43 3592.66 36.21 3592.66 36.25 16000.08 40.56 15956.11 40.53 15894.71 40.54 10182.78 39.25
2326 2374.49 35.02 2374.49 35.67 2374.49 35.79 9895.20 39.26 9848.10 39.23 9780.20 39.26 6133.91 38.19
25_28 1631.51 34.60 1631.51 35.14 1631.51 35.33 5702.23 38.09 5676.52 38.07 5600.60 38.11 3685.40 37.33
27_30 1157.69 34.14 1157.69 34.55 1157.69 34.80 3284.06 37.05 3293.46 37.03 3232.74 37.08 2313.35 36.58
29_32 841.25 33.59 841.25 33.87 841.25 34.15 1986.23 36.05 2008.86 36.04 1964.67 36.09 1541.83 35.83
31_34 617.70 32.92 617.70 33.10 617.70 3338 1281.85 35.01 1305.29 35.00 1269.60 35.07 1070.11 34.99
33_36 459.32 32.15 459.32 32.23 459.32 32.50 886.40 3391 907.41 3391 885.06 34.00 769.85 34.04

Table 3.11: Codec integration PSNR results on PRIME7
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VMAF Combination BL+DCT BL+FRVSR BL+DANet BL+DCT+EL BL+FRVSR+EL BL+DANet+EL SL
VideoName BL EL CRF bitrate VMAF bitrate VMAF bitrate VMAF bitrate VMAF bitrate VMAF bitrate VMAF bitrate VMAF
41 21_24 1240.47 90.43 1240.47 96.31 1240.47 97.41 2977.10 96.29 3005.82 96.42 2872.28 96.55 2262.15 96.20
2326 974.83 89.28 974.83 95.02 974.83 96.13 2185.20 95.38 2210.09 95.55 2094.52 95.79 1723.09 95.41
25_28 775.18 87.78 775.18 93.31 775.18 94.53 1640.43 94.02 1657.98 94.38 1571.07 94.80 1331.35 94.22
27_30 610.46 85.66 610.46 91.07 610.46 92.33 1246.95 92.34 1264.87 92.72 1199.69 93.31 1038.94 92.75
29_32 480.87 82.96 480.87 88.17 480.87 89.46 943.16 89.93 958.81 90.54 911.22 91.27 815.39 90.66
31_34 377.13 79.73 377.13 84.72 377.13 86.03 711.88 86.86 722.39 87.50 689.16 88.48 636.38 88.15
33_36 295.40 75.62 295.40 80.34 295.40 81.71 545.20 83.02 553.58 84.02 534.74 84.90 504.90 84.57
59 21_24 2373.41 94.72 2373.41 95.75 2373.41 96.09 5661.54 98.77 5942.86 98.81 5564.20 98.97 4273.37 97.81
2326 1792.36 91.69 1792.36 92.73 1792.36 93.25 3970.26 97.25 4157.05 97.34 3894.01 97.66 3180.58 96.02
25_28 1355.19 87.99 1355.19 88.95 1355.19 89.62 2810.95 94.49 2943.02 94.68 2761.03 95.11 2386.40 93.36
27_30 1022.76 83.65 1022.76 84.56 1022.76 85.34 2053.17 90.79 2139.73 90.97 2017.09 91.47 1799.48 89.96
29_32 771.77 78.65 771.77 79.47 771.77 80.32 1495.64 86.13 1554.91 86.35 1477.88 86.89 1358.75 85.87
31_34 588.72 72.73 588.72 73.51 588.72 74.35 1088.72 80.44 1129.29 80.73 1080.23 81.30 1033.65 80.89
33_36 448.37 66.12 448.37 66.82 448.37 67.71 822.49 73.89 849.30 74.30 818.69 74.79 788.29 74.95
71 21_24 1333.80 94.83 1333.80 96.49 1333.80 97.42 3132.16 97.50 3187.88 97.52 3048.88 97.74 2517.59 97.29
23_26 1001.83 93.09 1001.83 94.87 1001.83 96.18 2013.13 96.38 2057.58 96.45 1944.32 96.87 1678.98 96.45
25_28 764.51 90.65 764.51 92.39 764.51 93.98 1405.70 94.33 1441.72 94.54 1350.91 95.37 1211.90 94.86
27_30 587.36 87.43 587.36 89.03 587.36 90.75 1023.82 91.27 1053.30 91.50 992.87 92.68 913.86 92.42
29_32 453.80 83.36 453.80 84.80 453.80 86.61 754.24 87.04 777.69 87.41 735.40 88.89 707.44 89.07
31_34 354.63 78.23 354.63 79.54 354.63 81.31 559.50 81.86 579.05 82.33 552.03 83.99 553.78 84.62
33_36 275.45 71.97 275.45 73.11 275.45 74.86 425.46 75.39 439.23 75.84 422.51 77.61 438.15 78.96
87 21_24 1461.28 92.95 1461.28 95.08 1461.28 96.44 3425.77 97.09 3504.05 97.08 3413.47 97.32 2469.62 96.79
23_26 1097.68 90.72 1097.68 92.90 1097.68 94.44 2378.72 95.71 2431.81 95.77 2364.33 96.16 1837.43 95.52
25_28 837.98 88.06 837.98 90.22 837.98 91.83 1699.28 93.62 1737.24 93.66 1676.11 94.29 1384.72 93.70
27_30 638.42 84.79 638.42 86.88 638.42 88.49 1271.51 90.72 1292.01 90.83 1256.50 91.42 1054.00 91.23
29_32 489.18 80.76 489.18 82.79 489.18 84.37 944.23 86.91 954.39 87.18 931.15 87.97 808.59 88.09
31_34 375.79 75.77 375.79 77.76 375.79 79.21 689.63 82.17 702.64 82.36 682.75 83.10 624.13 84.05
33_36 291.44 70.08 291.44 72.02 291.44 73.41 544.47 76.80 548.12 76.87 540.53 77.70 486.29 79.29
106 21_24 2403.82 99.05 2403.82 99.17 2403.82 99.22 8053.32 99.31 8177.27 99.34 7777.66 99.33 5284.79 99.28
23_26 1892.74 98.92 1892.74 99.04 1892.74 99.10 4741.05 99.19 4831.46 99.22 4592.44 99.21 3567.31 99.17
2528 1512.41 98.71 1512.41 98.90 1512.41 98.96 3164.94 99.06 3219.28 99.10 3058.16 99.11 2780.66 99.05
27_30 1216.36 98.29 1216.36 98.49 1216.36 98.62 2417.74 98.89 2459.84 98.91 2326.43 98.90 2201.00 98.94
29_32 980.38 97.73 980.38 97.96 980.38 98.16 1859.59 98.57 1892.95 98.63 1791.13 98.64 1820.25 98.64
31_34 805.99 96.48 805.99 97.06 805.99 97.34 1452.44 97.92 1477.46 98.01 1395.04 98.09 1483.01 98.17
33_36 637.83 93.80 637.83 95.15 637.83 96.04 1153.08 97.19 1169.15 97.31 1106.85 97.39 1206.19 97.35
175 21_24 1168.61 88.94 1168.61 98.01 1168.61 98.06 4318.03 97.56 4355.09 97.46 4184.42 97.58 2847.30 97.47
23_26 860.49 88.10 860.49 97.22 860.49 97.44 2712.96 96.92 2740.25 96.93 2606.16 97.01 1904.85 96.84
25_28 640.68 87.07 640.68 96.03 640.68 96.16 1800.22 96.00 1819.14 96.03 1721.13 96.24 1340.01 95.99
27_30 480.79 85.28 480.79 94.28 480.79 94.57 1237.91 94.57 1256.05 94.82 1187.13 95.08 966.77 94.85
29_32 364.14 83.19 364.14 91.80 364.14 92.31 869.80 92.55 881.30 93.04 833.51 93.11 713.36 93.08
31_34 280.82 80.63 280.82 89.06 280.82 89.74 622.83 90.26 631.83 90.59 599.48 91.01 533.10 91.09
33_36 215.76 77.24 215.76 84.91 215.76 85.77 456.36 86.78 462.34 87.35 442.66 87.72 408.95 88.07
185 21_24 3592.66 95.47 3592.66 97.83 3592.66 98.45 16000.08 99.31 15956.11 99.33 15894.71 99.38 10182.78 98.69
23_26 2374.49 93.80 2374.49 96.47 2374.49 97.37 9895.20 98.82 9848.10 98.86 9780.20 98.93 6133.91 97.64
25_28 1631.51 91.98 1631.51 94.86 1631.51 96.01 5702.23 97.78 5676.52 97.85 5600.60 98.01 3685.40 96.21
27_30 1157.69 89.84 1157.69 92.74 1157.69 94.14 3284.06 95.95 3293.46 96.07 3232.74 96.36 2313.35 94.55
29_32 841.25 86.97 841.25 89.77 841.25 91.30 1986.23 93.10 2008.86 93.30 1964.67 93.76 1541.83 92.31
31_34 617.70 83.27 617.70 85.85 617.70 87.41 1281.85 89.20 1305.29 89.46 1269.60 90.18 1070.11 89.16
33_36 459.32 78.42 459.32 80.78 459.32 82.34 886.40 84.29 907.41 84.51 885.06 85.49 769.85 85.06

Table 3.12: Codec integration VMAF results on PRIME7
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PSNR BL+DCT vs BL+DANet BL+DCT+EL vs BL+DANet+EL | BL+DCT vs BL+ FRVSR BL+DCT+EL vs BL+FRVSR+EL
VideoName | BD-PSNR | BD-Rate (%) | BD-PSNR | BD-Rate (%) BD-PSNR | BD-Rate (%) | BD-PSNR | BD-Rate (%)
41 142 43.18 0.27 -6.14 128 34.64 -0.05 1.16
59 0.13 3385 021 -6.20 027 8.75 -0.15 462
71 0.25 9.44 021 713 -0.04 144 -0.05 182
87 033 1031 0.15 428 -0.03 .13 -0.06 1.66
106 0.68 22385 0.15 -3.04 0.8 -8.90 -0.02 134
175 297 9795 0.14 5.16 2.19 7938 -0.06 239
185 0.64 -28.74 0.06 -2.41 0.44 -18.61 -0.03 1.25
Average 092 30.90 0.17 5.62 0.55 -18.60 -0.06 2.03
Table 3.13: Codec integration BD-rate and BD-PSNR results on PRIME7
VMAF BL+DCT vs BL+DANet BL+DCT+EL vs BL+DANet+EL | BL+DCT vs BL+ FRVSR BL+DCT+EL vs BL+FRVSR+EL
VideoName | BD-VMAF | BD-Rate (%) | BD-VMAF | BD-Rate (%) BD-VMAF | BD-Rate (%) | BD-VMAF | BD-Rate (%)
4t 6.60 41.99 1.26 -15.58 536 3549 034 425
59 161 3.2 0.80 593 0.90 -4.98 -031 248
il 314 -18.40 150 12.64 1.56 9.47 -0.09 0.88
87 3.62 2153 0.82 723 2.08 1322 -0.06 0.55
106 0.53 -11.86 0.10 7.8 034 748 0.03 232
175 9.13 -66.43 058 11,59 8.77 -62.14 0.14 2.96
185 3.95 36.39 050 925 271 2641 0.06 -1.08
Average 408 29.43 0.79 -10.01 3.10 2274 0.02 -0.96

Table 3.14: Codec integration BD-rate and BD-VMAF results on PRIME7
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4. SUMMARY AND CONCLUSIONS

4.1 Summary

Based on FRVSR we proposed DANet which runs VSR on the X265 compressed video, by
adding the de-artifact module, our model performs 0.28dB and 0.81 VMAF better than the orig-
inal model. The VSR results are used as inter-layer reference pictures in scalable video coding.
X265 is used as the base layer codec whose motion vectors and quantization maps are imported
to SHM for the benefits of enhancement layer coding. The proposed methods achieved -5.62%
BD-rate reduction at the same video quality and 0.17 dB BD-PSNR quality improvement at the
same bitrates than the original SHVC on PRIMEY test set.

We also evaluate the different options of downsampling filters and choose Lanczos as our
downsampler for the sharpness of the base layer as it is required to be viewed separately from the
enhancement layer.

Different options of processing VSR frames are also evaluated to reduce the buffering needed
for VSR due to the discrepancy between encoding order and display order. The nested temporal

layer method can remove the buffering with only 0.09 dB performance drop on VID4 test set.
4.2 Further Study

In the future, we have plans to do frame-level integration with nestedTID method which in-
volves synchronization between the codec and VSR code base. Also, other information like the
prediction residual from the BL encoder might help improve the de-artifact performance. The
DANet might utilize that information to achieve even better performance. The reason why the

subjective VMAF score is lower after EL encoding also needs an explanation.
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