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ABSTRACT

Fractional-sample precision motion compensation has been
widely adopted in a series of video coding standards to fur-
ther improve compression efficiency. Usually, signal decom-
position based interpolation filters are used to generate frac-
tional samples from integer pixels. However, the coefficients
of these finite impluse response filters may not be suitable for
varied video contents and coding conditions because of the
assumption when designing these filters. In this paper, we
regard the fractional interpolation process as an image gener-
ation task, which utilizes the real interger position samples at
the reference block to predict and generate fractional samples
that are much closer to current coding block. We use the con-
volutional neural netwok (CNN) as the generator. Moreover,
to make the best of CNN’s powerful nonlinear learning ability,
instead of inputting the reference block directly, we separately
input the corresponding prediction and residual parts of ref-
erence block. The proposed dual-input CNN-based interpola-
tion scheme has been incorporated into the HEVC framework
and experimental results demonstrate our approach achieves
average 0.9% bitrate reduction.

Index Terms— Video Coding, Convolutional Neural Net-
work, Fractional Interpolation

1. INTRODUCTION

Among a series of block-based hybrid video coding frame-
works, inter prediction is always the key technology of im-
proving compression efficiency by removing temporal re-
dundancy. The basic idea of block-based inter prediction is
searching the best matching block for current coding block
in reference frames (previously encoded frames) at encoder
and transmitting the difference between them (termed resid-
ual) to decoder. The relative positional relationship between
current block and its corresponding reference block indicates
the movement of objects in this block, which is described by
motion vector (MV). The digital video sequence is discrete
due to the sampling process at the capture stage, thus the
real continuous motion of moving objects may not exactly
follow the sampling grid [1]. To further decrease residual,
fractional-precision motion vector has been utilized. Since
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the samples pointed to by the fractional motion vector are
not really exist in the reference frame, they all have to be
generated by interpolation process in video coding.

The traditional interpolation method has been chang-
ing with the evolution of the video coding standards. In
H.264/AVC [2], a 6-tap filter is applied to derive the half-pel
samples while the quarter-pel samples are generated by sim-
ply averaging two neighboring samples. A more advanced
approach named DCT-based interpolation filter (DCTIF) is
adopted in the latest standard — High Efficiency Video Coding
(HEVC) [3]. The DCTIF contains a symmetric 8-tap filter
for half-pel samples interpolation and an asymmetric 7-tap
filter for quarter-pel samples in luma component. In addition
to these fixed coefficient filters, Wddi et al. proposed an
adaptive interpolation filter method in [4], the coefficients of
which are estimated for each frame. A comprehensive study
about the effects of fractional sample accuracy on the inter
prediction is shown in [5].

Recently, deep learning based methods have achieved
great success in some pixel-level tasks. A convolutional neu-
ral network based single image super-resolution method is
proposed by Dong et al., which learns an end-to-end map-
ping between low- and high- resolution images [6]. A video
frame interpolation network with fully convolutional layer
is proposed by Niklaus et al. [7]. Inspired by these, some
work try to explore the potential for applying deep learning to
the video coding task. Dai et al. [8] proposed a CNN-based
post-processing method for HEVC and showed superior per-
formance. Zhao et al. [9] presented a novel bi-directional
motion compensation with CNN for improving the prediction
accuracy. With respect to the fractional interpolation task
mentioned above, Yan et al. [10] introduced a CNN-based
interpolation method with a special training data preparation
step to generate the half-pel samples. Our previous work [11]
also presented a CNN-based interpolation method with some
constrain strategies during the training phase. Both of these
two learning-based fractional interpolation methods are use
the reference frame as input.

In this paper, we present a dual-input convolutional neu-
ral network based fractional interpolation approach for HEVC
inter prediction. The purpose of fractional interpolation in
HEVC inter prediction is to generate more accurate predic-
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tion value for current coding block, and the fractional samples
do not really exist in the reference frame. Instead of treating
the interpolation process as a task similar to super-resolution
like before, we regard this process as image generation. Thus,
we utilize our interpolation method to generate prediction of
current coding block from reference frame directly in a block-
by-block manner, rather than generating an enlarged reference
frame. Further, because the reference frames in video coding
are just results from simple addition of its corresponding pre-
diction part and residual part, sometimes followed by clip op-
eration, we propose to input the prediction and residual parts
separately instead of simply using the reference block as be-
fore [10],[11]. This dual-input scheme can make better use of
different frequency information and the nonlinear way to re-
combine them by convolution operation in CNN is also more
flexible than linear addition.

The rest of this paper is organized as follows: Section 2
presents our proposed method in detail. Experimental results
compared with HEVC baseline are shown in Section 3. And
Section 4 concludes this paper.

2. THE PROPOSED CNN-BASED INTERPOLATION
METHOD

As illustrated in Fig.1, the real integer pixel values at the
reference frame are represented by blue capitalized A, while
other fractional samples described with lowercase letters are
not real existed and have to be interpolated with DCT-based
filters in HEVC. In this paper, we propose a dual-input CNN-
based method to perform this interpolation process. In our
approach, instead of interpolating the whole reference frame
to a large one, the interpolation is processed in block level.
We predict and generate the fractional sample block which
has the same size as the reference block directly.
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Fig. 1. Example of Integer and Fractional samples in HEVC
luma component
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2.1. Proposed Network Architecture

In this paper, we propose a six-layer convolutional neural net-
work with two inputs to perform the fractional interpolation
process. The network structure is depicted in Fig.2. In order
to extract information from both prediction and residual parts
of the relative reference block, we use separate convolution
layers to handle them. After several convolution layers, the
feature maps of prediction and residual channels are concate-
nated to form the input of following layers. The following
convolution operation gets nonlinear combination of predic-
tion and residual instead of the simple linear addition as in
HEVC. Our network is a fully convolutional network, and the
rectified linear unit (ReLU) [12] is adopted as the activation
function. Thus the first five layers can be formulated as

F(X;) =maz (0, W; « X; + b;) )

where F'(X;) and X; represent the output and input of the
i-th layer. W; and b; are the weight and bias of the i-th layer
respectively. In our network, each layer except the last one
consists of 64 filters with size 3 x 3. The last layer used to
combine previous feature map and generate output contains a
single 3 x 3 filter.

We also adopt residual learning strategy in [13], which
just learns the difference between input and output. The
residual learning strategy proves to enable faster converge
and sometimes shows superior performance. In residual
learning scheme, the input of network need to be added to
the output of the last layer so as to generate the final output.
Considering the sum of our two input prediciton and residual
is the reference value which is used to generate the fractional
samples in original HEVC, we add these two input together
with the output of 6-th layer to get the predicted fractional
samples.

2.2. Training

In order to improve the objective quality of generated frac-
tional samples, Euclidean loss function is used during the
training phase. Given a training dataset { X, V" }fvzl the Eu-
clidean loss can be formulated as
1 2
L(W,b) = — F (X% W,b) —Y? 2
LUEE O MEESLUR S O
where F' (X LW, b) is the final output of our network and
Y is the original block label, W, b is the parameter set to be
learned. Due to the residual learning strategy, the final output
is:

F (X5 W,b) = (We s Xg+06) + Xprea + Xiewi 3)

where (W * X§ + bg) is output of the sixth layer, X, and
X2, are the input prediction and residual parts respectively.

In this paper, L (W, b) is optimized with stochastic gradient
descent.

Authorized licensed use limited to: University of Missouri Libraries. Downloaded on January 16,2021 at 05:24:10 UTC from IEEE Xplore. Restrictions apply.



Conv2-1
3x3x64

Conv3-1
3x3x64

Input: Convl-1
Prediction 3x3x64

Convl1-2
3x3x64

Conv2-2
3x3x64

Conv3-2
3x3x64

Input:
Residual

Output:
Fractional
Samples

Conv6
3x3x1

Fig. 2. Architecture of our proposed dual-input network for fractional interpolation

2.3. Training Data Preparation

Since our network is designed to predict the fractional sam-
ples for current coding block in a block-by-block manner in-
stead of generating them for the whole reference frame, our
training data preparation process is different from previous
work. The training data can be derived at the decoder side
of HEVC directly. Firstly, all the fractional motion vectors
are recorded. Because these motion vectors’ relative refer-
ence blocks are located in fractional positions, which are not
really existed and need to be generated using interpolation
filters from integer pixel value. The corresponding integer
locations of these fractional reference blocks are calculated
according to the fractional value of motion vectors at the sec-
ond stage. These integer position blocks are termed as real
reference block in our method. After we get the integer posi-
tion of reference block, it’s prediciton and residual parts are
extracted respectively as the input of our network. Since the
original value of current coding block is required as the label
of network, the spatial locations of current block are recorded
and used to crop label blocks from original sequences. In or-
der to generate output with the same size of input block, zero
padding operation is applied for all convolution layers except
the first one. Because the input prediction and residual block
of our network are usually very small, we use the neighboring
real pixel as padding value in the first layer. The prediction
and residual blocks we extracted from decoder side already
contain padding margin.
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It should be noticed in our proposed scheme, we train dif-
ferent CNN models for different fractional positions. In order
to achieve this, the training input prediciton and residual data
is generated according to the fractional value of relative mo-
tion vector.

3. EXPERIMENTAL RESULTS

3.1. CNN Training

Our CNN network is trained on Caffe platform [14]. As men-
tioned in Section 2, the training data can be derived conve-
niently at the decoder side. Thus we extract fractional mo-
tion vectors and the relative prediction and residual parts of
there corresponding reference blocks from the encoded bit-
stream, which is coded under the low delay P configuration.
The sequences we used to generate training data are two 4K
sequences TrafficFlow, CampfireParty [15], and one test se-
quence of HEVC BlowingBubbles. With all these sequences
we can get hundreds of thousands of training data pairs. We
train separate network for different QP values - 22, 27, 32,
37, and network with the closest QP to current slice will be
adopted when conducting the encoding process.

3.2. Comparison with HEVC

The proposed dual-input CNN-based fractional interpolation
method is implemented in HM-16.7 to conduct a comprehen-
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Fig. 3. Rate-Distortion curves of two typical sequences.

sive comparison. Currently, we only replace the interpolation
process for half-pel samples of luma component. Simulations
are also conducted under the low delay P configuration and
the BD-Rate metric is utilized to evaluate the performance.
The overall comparison results with original DCTIF based
interpolation method in HEVC are shown in table.1. It can
be observed that our proposed scheme can achieve 0.9% bi-
trate reduction for luma component on average, and the high-
est coding gain can be up to 2.1%. To demonstrate the per-
formance of our proposed method intuitively, several rate-
distoration curves are shown in Fig.3.

In order to further verify our proposed dual-input interpo-
lation scheme, we also compare this approach with our pre-
vious work [11], which is a representative whole frame based
interpolation method. The convolutional neural network in
[11] is used to generate an enlarged reference frame and the
input of network is a reconstructed reference frame. The av-
erage bitrate saving of previous work is 0.4%, which validates
the efficiency of the new method.

4. CONCLUSION

In this paper, we present a novel CNN-based interpolation
method for HEVC inter prediction. Our network takes dual
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Table 1. Overall BD-Rate Results on common test sequences

BD-Rate[%]

Classes Sequences % T v
Kimono 02| 02| 0.1

ParkScene 09| 0.1 | 04
(ﬂ)aggg Cactus_ 0.7 ] 02 | 03
BasketballDrive -14 | -03 | 0.0

BQTerrace 04| 0.0 | 04

BasketballDrill -09 | -0.2 | 0.0
ClassC BQMall -1.2 ] 0.1 | -03
WVGA PartyScene -08 ] 02 | 04
RaceHorses -1.2 | 0.1 0.3

BasketballPass -1.1 | -04 | 0.1

ClassD BQSquare 2.1 ] 0.1 | -0.1
WQVGA BlowingBubbles -1.3 ] 0.1 | 04
RaceHorses -09 | -03 ] -0.1
FourPeople -1.3 1 -02 | -0.2
C;;B;E —Johnny 09 02 | 04
KristenAndSara 07| 04 | 05
BasketballDrillText | -0.6 | 0.7 | 0.3
ChinaSpeed 03] 01 |03

ClassF STideEditing 09 00 | 02
SlideShow -1.3 ] -0.3 | -0.1

Class B -06 | 0.0 | 0.1

Class C -1.0 | 0.0 | 0.1

Average Class D -1.31-0.1 | 0.1
Class E -09 1] 0.1 | 0.0

Class F 06 | 0.1 | 0.2

Overall All -09 | 0.0 | 0.1

inputs, which are the prediction and residual parts of current
coding block’s reference block. With this dual-input CNN
network, we can predict and generate the fractional samples
that are much closer to current block. Compared with using
reference block as input, separately processing its prediction
and residual parts helps extract more information from differ-
ent frequency components. And using convolution operation
to re-combine them is also superior to the direct linear ad-
dition. Comprehensive experiments have been conducted to
verify the efficiency of our method. The experimental results
show this novel approach achieves great bitrate reduction. We
apply the same network model to all sizes prediction units in
this paper. The proposed method is expected to obtain better
results if we use individual model for different size prediction
units respectively and use a larger and more diverse training
dataset.
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