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A Switchable Deep Learning Approach for In-loop
Filtering in Video Coding
Dandan Ding, Lingyi Kong, Guangyao Chen, Zoe Liu, and Yong Fang

Abstract—Deep learning provides a great potential for inloop filtering to improve both coding efficiency and subjective
quality in video coding. State-of-the-art work focuses on network
structure design and employs a single powerful network to
solve all problems. In contrast, this paper proposes a deep
learning based systematic approach that includes an effective
Convolutional Neural Network (CNN) structure, a hierarchical
training strategy, and a video codec oriented switchable mechanism. First, we propose a novel CNN structure, i.e., Squeezeand-Excitation Filtering CNN (SEFCNN), as an optional in-loop
filter. To capture the non-linear interaction between channels, the
SEFCNN is comprised of two subnets, i.e., Feature EXtracting
(FEX) subnet and Feature ENhancing (FEN) subnet. Then, we
develop a hierarchical model training strategy to adapt the
two subnets to different coding scenarios. For high-rate videos
with small artifacts, we train a single global model using the
FEX for all types of frames, whereas for low-rate videos with
large artifacts, different models are trained using both FEX
and FEN for different types of frames. Finally, we propose an
adaptive enhancing mechanism which is switchable between the
CNN-based and the conventional methods. We selectively apply
the CNN model to some frames or some regions in a frame.
Experimental results show that the proposed scheme outperforms
state-of-the-art work in coding efficiency, while the computational
complexity is acceptable after GPU acceleration.
Index Terms—CNN, in-loop filter, video coding, enhancement.

I. I NTRODUCTION
S the explosive growth of video usage, video coding
is now playing a critical role. Modern video coding
standards, e.g., H.264/AVC [1], H.265/HEVC [2], VP9 [3],
AV1 [4], etc., all follow the classical block-based hybrid video
coding framework. One particular characteristic of blockbased coding is the accidental production of visible block
structures in reconstructed frames due to the lack of interblock correlation [5]. Compression artifacts not only affect
the visual quality of reconstructed frames, but also degrade
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coding efficiency because each reconstructed frame will serve
as the reference for coding subsequent frames.
A. Signal Processing Based Approaches
To address this problem, a variety of in-loop filtering
schemes were proposed and some of them have been adopted
by state-of-the-art video coding standards. For example,
H.264/AVC and VP9 use an adaptive in-loop deblocking
filter to attenuate the discontinuities at block boundaries.
Specifically, the deblocking filter modifies the values of pixels
across boundaries according to the strength of filtering that is
indicated by the values of several syntax elements [6]. Further,
H.265/HEVC introduces the Sample Adaptive Offset (SAO)
filter after the deblocking filter to attenuate ringing artifacts
by extracting an offset from different categories of contents
and then applying it back to raw pixel values of videos [7]. In
AV1, the Constrained Directional Enhancement Filter (CDEF)
[8]-[9] and the Loop-Restoration [10] are integrated within
one framework in which different tools can be triggered for
different regions of a frame.
Although the above-mentioned in-loop filtering algorithms
significantly improve the quality of reconstructed frames,
they are originated from signal processing theory and regard
the input as ideal stable signals. In addition, the design of
these algorithms is usually an empirical process relying on
handcrafted parameters and fails to take all situations into
account due to the fact that abundant natural videos are much
more complex than the ideal assumption [11]. Given the above,
it leaves a large space to design an in-loop filtering algorithm
adapting to various video contents.
B. Neural Network Based Approaches
Recently, Deep/Convolutional Neural Network (DNN/CNN)
has been proved fairly effective in video coding. Some researchers [12]-[16] use DNN to build ultimately new end-toend codec frameworks. Some work [17]-[18] focuses on employing DNN for up/down sampling before/after video coding,
while remaining the traditional video coding framework almost
unchanged. In the past two years, learning-based video coding
approaches have penetrated from system level to tool level.
Many learning-based tools have been designed to improve or
replace substantial parts, e.g., transform [19], entropy coding
[20], sub-pixel interpolation [21]-[22], and loop filter, of stateof-the-art video coding framework.
Among these tools, the CNN-based in-loop filter, which
is initially inspired by the Super Resolution (SR) problem,
attracts most attentions. There have been many CNN methods
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proposed for SR, e.g., Super Resolution CNN (SRCNN) [23],
Very Deep SR (VDSR) network [24], Residual DenseNet
(RDN) [25], Enhanced Deep SR (EDSR) network [26], and
Wide-activation Deep SR (WDSR) network [27], some of
which have been explored to solve the loop filtering problem.
For example, Dong et al. [28] developed the ARCNN by
adding an extra layer to SRCNN. However, the ARCNN was
originally designed to remove the compression artifacts of
JPEG images, so direct applications of ARCNN to videos will
usually lead to unsatisfactory qualities.
Later on, researchers use DNN to address video filtering.
They reformulate the problem as enhancing reconstructed
frames and aim to minimize the difference between reconstructed and original frames. The whole procedure of video
filtering is then modeled as an end-to-end regression problem.
Instead of extracting features manually, DNN mines extensive
features in an automatic way. The key problem is thereby how
to design an efficient DNN model for abundant videos. The
CNN is an effective solution to this problem and thus attracts
many attentions. Currently, the CNN-based method is being
explored for video restoration at either the decoder side or the
encoder side. At the decoder side, some work, e.g., [29]-[34],
has been presented for out-loop processing, aiming to improve
the subjective or objective quality of reconstructed frames.
Compared with the work at the decoder side, it is more difficult
to exploit appropriate CNN models at the encoder side due
to complex reference relation and closely-coupled encoding
procedure. There are various researches leveraging specific
networks for in-loop filtering at the encoder side, which can
be roughly divided into three classes:
• Typical networks replace conventional in-loop filters of
video encoder, as illustrated by Fig. 1(a). Such examples
include In-loop Filter CNN (IFCNN) [35], Variable-filtersize Residue learning CNN (VRCNN) [36], and Multimodal/Multi-Scale CNN (MMS-net) [37].
• Some networks act as high-dimensional filters following existing in-loop filters, as shown by Fig. 1(b).
Such examples include Spatial-Temporal Residue Network (STResNet) [38] and Residual Highway CNN
(RHCNN) [39].
• Some approaches insert a CNN module between current in-loop filtering tools, as illustrated by Fig. 1(c). For
example, Multi-channel Long-Short-term Dependency
Residual Network (MLSDRN) [40] is inserted between
the deblocking filter and SAO filter of H.265/HEVC.
C. Contribution of This Paper
The above-mentioned encoder-oriented work tries to employ
a single powerful network to solve the in-loop (deblocking
and/or SAO) filtering problem. We recognize that in-loop
filtering is more than a network design problem because
it is impossible to isolate the design of machine-learning
approaches for in-loop filtering from video encoder itself.
Instead, a systematic solution closely incorporating CNN with
video encoding is required.
In this paper, we propose a monolithic approach including
a novel CNN architecture, a model training strategy, and an
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Fig. 1. State-of-the-art solutions and our proposed solution for the CNNbased in-loop filtering problem, where X is the input frame and Y is the
output frame after filtering. (a) Substituting the traditional in-loop filter with
a CNN-based filter [36]. (b) Deblocking and SAO filters followed by a CNNbased filter [39]. (c) Inserting a CNN-based filter between deblocking and
SAO filters [40]. (d) Proposed switchable solution.

implementation mechanism within video encoder. In brief, the
contributions of this work are as follows:
•

•

•

As shown by Fig.1(d), a novel network, i.e., Squeezeand-Excitation Filtering CNN (SEFCNN), is designed,
which is comprised of two subnets: Feature EXtracting
(FEX) net and Feature ENhancing (FEN) net. The FEX is
a stack of convolutional layers characterizing the spatial
and channel-wise correlation, while the FEN is a squeezeand-excitation net that fully explores the relationship
between channels.
A hierarchical model training strategy is given. During
encoding, (a) different Quantization Parameters (QP’s)
cause different levels of artifacts; (b) different frame types
employ different coding tools and exhibit different artifact
properties. In contrast to prior researches that design a
single powerful network for all kinds of artifacts, we
propose to hierarchically deploy two subnets for different
coding scenarios.
As shown by Fig.1(d), when incorporating CNN model
into video encoder, we conduct an adaptive mechanism
switching between the CNN-based and the traditional
methods to selectively enhance some frames or some
regions of a frame. Compared to previous work that
applies one model to every single frame, our approach
takes advantage of coding reference structure and obtains
the superiority in both computational complexity and
coding efficiency.

The rest of this paper is organized as follows. Sect. II reviews related background and describes the motivation behind
this work. In Sect. III, we present the formulation of in-loop
filtering as a regression problem. In Sect. IV, the proposed
network is described. Afterwards, the proposed model training
strategy and adaptively-switchable mechanism are depicted in
Sect. V and Sect. VI, respectively. Sect. VII gives experimental
results. Finally, Sect. VIII concludes this paper.
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II. R ELATED W ORK AND M OTIVATION
A. Overview on Related Work
Current CNN networks for in-loop filtering are summarized
in Table I. In Table I, the number of parameters in MLSDRN
is unknown because some key settings of the network are not
provided. The test conditions of each network are shown, e.g.,
the tested QP’s, the version of H.265/HEVC reference software
HM, the specific configurations of All-Intra (AI), Low-Delay
P (LDP), Random-Access (RA), and the corresponding test
sequences. As summarized in the last column of Table I, the
gains of using networks are evaluated by the BjøntegaardDelta (BD) bitrate [41], which is defined as the average
bitrate savings for the same video quality, compared with the
corresponding HM version.
It is worth noting that all results in Table I are from
the corresponding original references, except that the results
of VDSR [24] and ARCNN [28] are from the third-party
implementations [37] and [39], respectively, because VDSR
and ARCNN are originally designed for image processing.
In [37] and [39], the architectures of VDSR and ARCNN
described in [24] and [28] are directly applied to video coding.
Depending on the depth, these networks can be roughly
classified into shallow networks and deep networks.
At first, shallow networks are designed. The structure of
IFCNN [35] is similar to SRCNN, which consists of three
convolutional layers. The VRCNN [36] includes four layers
and adopts variable filter size in the second and third layers.
The above approaches explore only the spatial correlation
between adjacent samples in the same frame. In contrast, Jia
et al. [38] developed the STResNet by further taking into
consideration the temporal correlation between current block
and its co-located block in the reference frame, which is
comprised of five layers and attains −1.3% BD-rate on average
under RA configuration.
The shallow structure restricts the learning capability of networks, so it is insufficient to accurately model the correlation
between the raw reconstructed frame and the original frame.
Hence, people resort to deep networks afterwards. Kang et al.
[37] design a very deep multi-modal/multi-scale CNN model,
referred to as MMS-net, as a substitute of the in-loop filter in
H.265/HEVC, whose number of parameters reaches as large
as 2,298,160, about 42 times of that of VRCNN. Zhang et
al. [39] propose a residual highway network, i.e., RHCNN, in
which different models are trained for different frame types.
Inspired by Gated Recurrent Units (GRU) [42], Meng et al.
[40] design a deep and dense network MLSDRN by taking
advantage of multi-channel long-short term dependency.
As a consequence, we draw some preliminary summaries
from the results in Table I.
•

All above work attempts to employ a single powerful
network to address the in-loop filtering problem. The
number of layers and the amount of parameters are key
factors that determine the overall performance of different
neural network structures. For instance, RHCNN, MMSnet, and MLSDRN are all deep networks, which accordingly have more parameters, and indeed perform better

than other networks. Shallow networks usually involve
fewer parameters and thus have limited learning capacity.
• It is not always the case that more parameters lead
to higher performance. We can observe that MMS-net
has fewer parameters than RHCNN, it however achieves
comparable performance. One reason is that the MMS-net
designs a coarse-to-fine structure of larger receptive field
and hence can describe features of higher levels. Another
reason is that the MMS-net utilizes encoder partition
information to better coordinate the network with the
encoder.
• Most of the above work focuses on intra coding (only
RHCNN, STResNet, and MLSDRN report their results
for inter coding). The difficulty comes from the fact that
for inter coding, in-loop filtering CNN design is actually
a global optimization problem over each whole sequence
or Group Of Pictures (GOP), which is hardly possible to be handled at present. For simplicity, instead of
enhanced reconstructed frames, currently-available work
usually uses raw reconstructed frames to train the CNN,
which actually regresses back into the out-loop filtering
problem. Since enhanced reconstructed frames may possess quite different characteristics from raw reconstructed
frames that are used for CNN model training, the CNN
model trained by raw reconstructed frames may cause a
degradation of performance.
Recently, the above issues attract a wide attention, especially
in the Joint Video Experts Team (JVET) community [43][47]. In the JVET reference software, known as Versatile
Video Coding Test model (VTM), certain approaches are
proposed, including using multi-level on/off control for CNN
[43], placing CNN in different positions [44], employing
multi-CNNs [46], and adopting QP-maps to improve network
generalization capability [47], etc.. These schemes provide
new perceptiveness to address aforementioned issues. Constrained by their computational complexity, either relatively
straightforward CNNs or CNNs degraded from classical CNN
structures have been employed.
B. Motivation Behind Our Work
We can see that previous work concerns mainly the CNN
network structure and attempts to employ a single powerful
network to address the in-loop filtering problem. Such schemes
leave a large room of exploration and improvement.
• In-loop filtering is a systematic problem that involves
a series of concatenated encoding modules. In SR,
the blur kernel is generally supposed to be a known
bicubic operation. In comparison, the input of an in-loop
filter comes from the output of prior encoding modules.
Meanwhile, each output restored frame of an in-loop
filter is used as a reference for coding subsequent frames,
which will affect encoding performance in return. It can
be seen that in-loop filtering tries to solve a problem much
more complex than that for the bicubic kernel. Although
SR has been applied extensively to in-loop filtering, there
is a great potential to develop more ideal in-loop filtering
solutions to effectively remove compression artifacts. The
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TABLE I
D ESCRIPTION AND C OMPARISON OF D IFFERENT CNN N ETWORKS FOR I N - LOOP F ILTERING
Network

Deep

Shallow

•

•

Layers

Parameters

Settings

Sequences

Y/BD-rate

QP ∈ {28, 32, 36, 40}
HM12.0

10 sequences of sizes
from 352 × 288 to
2560 × 1600
50 frames for each

I: −5.70%
P: −5.68%
B: −4.35%

Classes C and D

AI: −8.50%

Classes C and D

AI: −4.25%

RHCNN [39]

> 13

∼ 3, 340, 000

MMS-net [37]

2 × 15

2, 298, 160

VDSR [37]

20

664, 704

MLSDRN [40]

> 15

unknown

QP ∈ {22, 27, 32, 37}
HM7.0

Classes B to F
100 frames for each

AI: −6.0%
LDP: −8.1%
RA: −7.4%

ARCNN [39]

4

106, 448

QP ∈ {22, 27, 32, 37}
HM12.0

10 sequences of sizes
from 352 × 288 to
2560 × 1600

I: −1.72%
P: −2.00%
B: −1.04%

STResNet [38]

5

11, 464

Classes B to E

RA: −1.30%

VRCNN [36]

4

54, 152

IFCNN [35]

3

49, 216

QP ∈ {22, 27, 32, 37}
HM16.7
QP ∈ {22, 27, 32, 37}
HM16.7

QP ∈ {22, 27, 32, 37}
HM16.15
QP ∈ {22, 27, 32, 37}
HM16.0
QP ∈ {22, 27, 32, 37}
HM16.0

in-loop filter design is a systematic rather than standalone
problem. Thus, a holistic solution beyond network structure should be considered.
A single network is insufficient to master the statistics
of diverse contents in reconstructed video frames. For
example, at low bitrate scenarios, compression artifact
is large and a deep network is usually required to learn
the mapping between reconstructed and original frames.
However, at high bitrates, reconstructed and original
frames are so similar to each other that a deep network
will very likely lead to over-fitting. Thus, it is more
favorable to employ multiple networks and models to deal
with different cases.
Neural networks carry out substantial information
for frame restoration through its structure and a
large set of parameters [10]. This is why compression
capability can be improved by CNN. In term of network
structure, experimental results in Table I demonstrate that
“the deeper the better” may likely work for the in-loop
filtering problem as well. Meanwhile, deeper networks in
general involve more parameters. Ideally, as the numbers
of layers and parameters of a network increase, larger
restoration gain can be expected. Unfortunately, that is
not always the case. A fundamental reason is that it is
difficult to perfectly match network structure with parameter allocation. Under certain circumstance, increased
parameters only form a complex network that memorizes
the training sample, resulting an over-fitted model. In
such cases, increased parameters or layers provide no
further improvement, but an undesired increment in computational consumption. Therefore, it is a challenging task
to develop an effective network while making full use of

Classes A to E
the first frame
Classes C and D
frames 100 to 199

AI: −4.6%
AI: −4.8%

its parameters.
With respect to model training and implementation, it is
also noted that most of previous work focuses on intra
coding and applies a single model to every whole
frame. Since reconstructed frames serve as references
for the motion estimation of subsequent coded frames,
better quality of prior frame reconstruction will improve the accuracy of subsequent frames through motioncompensated prediction. The efficiency of inter coding is
hence further boosted. In this regard, both intra and inter
codings should be taken into consideration. The CNN
based in-loop filter, particularly for inter coding, has not
been fully investigated, leaving a large space for further
exploration.
All above-described issues contribute to the behind-scene
motivations of our proposed approach as outlined in Sect. I-C.
In the following sections, the in-loop filtering problem using
CNN will be extensively analysed and discussed, and all above
problems will be thoroughly addressed.
•

III. P ROBLEM F ORMULATION
The in-loop filtering problem has been successfully solved
from the perspective of signal processing theory. When revisiting this problem from another point of view, we find that the
pursuit of similarity between original and reconstructed frames
can be actually formulated as a regression problem. Prevalent
machine learning methods, e.g., polynomial regression, decision tree, and random forest, could be employed to solve this
problem. Considering that the sophisticated encoding process
induces a highly complex and non-linear mapping between
original and reconstructed frames, we employ CNN for the
end-to-end regression.
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Fig. 2. Formulate in-loop filtering as an end-to-end regression problem,
where X is the raw reconstructed frame before in-loop filtering and Y is
the enhanced reconstructed frame after in-loop filtering. (a) Deblocking and
SAO filters in H.265/HEVC baseline. (b) CNN-based in-loop filter.

As illustrated in Fig.2, let X be the raw reconstructed frame
before in-loop filtering and Y be the enhanced reconstructed
frame after in-loop filtering. The sample after deblocking is
D = g(X), where g(·) is the deblocking filter. Then, the
output Y can be derived through Y = h(D) = h(g(X)),
where h(·) is the SAO filter.
We can see that the conventional in-loop filter is substantially a mapping between the input X and the output Y,
where g(·) and h(·) are both handcrafted algorithms. Instead,
our proposed work puts forward a CNN-based approach to
establish the mapping, which is expected to depict the nonlinear relationship more accurately through learning. In the
new mapping Y = f (X), f (·) is the CNN model. Let Y0
be the corresponding original frame. Our target is to find the
optimal f (·) by
2

f ∗ = arg min kf (X)−Y0 k2 ,
f (·)∈Ω

(1)

where Ω is the space of mapping function f (·).
On basis of the above reformulation, we aim to design an
appropriate network for the mapping. In the next section, our
proposed network will be described in detail.
IV. P ROPOSED N ETWORK S TRUCTURE
We develop an innovative CNN structure, so called as
SEFCNN, as an optional in-loop filter in H.265/HEVC. The
SEFCNN adopts a global residual learning [48] framework to
speedup convergency. As shown by Fig. 3, the SEFCNN is
comprised of two subnets, i.e., the low-level Feature EXtracting (FEX) net and the high-level Feature ENhancing (FEN)
net. Each subnet can be invoked and trained individually in
the framework. The input data go through the two subnets and
arrive at a 3 × 3 convolutional layer that produces the restored
residuals. The identity skip connection is then directly added
to the residuals to generate the output image.
A. Subnet FEX
Inspired by the success of VDSR [24], we adopt a similar
structure in our FEX design. Subnet FEX cascades N convolutional layers repeatedly to add the non-linearity of the network.
The input data undergo N stacking layers and are transformed
into high-level features. For each convolutional layer, we set
the kernel size to 3 × 3 and use 64 filters.

SE
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excitation
step 1: 1×1, 64

3×3, 64

excitation
step 2: 1×1, 64

3×3, 64

excitation
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3×3, 1
add

Subnet
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output
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Fig. 3. Structure of the proposed SEFCNN. The dashed boxes represent the
two subnets. The parameters in each convolutional layer denote the “size of
kernel, number of channels.” Additionally, there is a ReLU activation layer
after each convolutional layer, which is omitted here for simplicity.

Although there are more complicated methods to organize
FEX, here we employ a very simple way. The reason behind is
described as follows. First, at this stage, the depth of network is
the most important factor determining the accuracy of the nonlinear mapping learned by the CNN. The coding gain would
be limited without sufficient depth, even if a complex network
was employed. Second, because computation is still a major
concern in coding, a simple network with a modest number
of parameters can ameliorate the complexity issue, which is
especially concerning in CNN-based methods. Experimental
results in Sect. VII-C prove that the proposed subnet is quite
effective in coding performance improvement. Moreover, the
resultant encoding time is also within acceptable limits.
B. Subnet FEN
The subnet FEN is structured on top of a local residual network. First, the input feature maps are fed into two
branches. As depicted in Fig. 3, the left branch is for residual
learning and the right branch serves as skip connection. At
the beginning of the left branch, three convolutional layers
are cascaded to obtain advanced features of channels. Up to
now, all convolutions are operated in a spatial and channelwise manner within a local receptive field.
Afterwards, the Squeeze-and-Excitation (SE) block is performed to further boost the representational power of the network by explicitly modeling the inter-dependencies between
the channels of features [49]. The essential idea behind is
to learn a non-linear interaction between channels, or called
feature maps, thus to re-calibrate the channels. Accordingly,
it consists of two steps, squeeze and excitation, as illustrated
in Fig. 3.
Suppose the input of SE block is U = (u1 , · · · , uc ), where
uk indicates the feature vector of each channel after several
sequential convolutions. Then, the squeeze step is employed
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where vk is the average value of the k-th channel, m × n refer
to the size of feature map, and k ∈ {1, · · · , c}.
Next, the excitation process is designed to emphasize
the useful channels by adjusting their corresponding weight
parameters. Two convolutional layers are first introduced for
non-linear mapping, namely Fex conv1 and Fex conv2 . Then,
we obtain the scalar factor sk for each channel by
sk = Fex

add

(3)

(b)

Fig. 5. Different SEFCNN variants. (a) Changing the position of FEN. (b)
Changing the number of FEN subnets.

C. Variants of SEFCNN
Given above is only a schematic diagram of the proposed
network. It is flexible to reset the number of stacking layers
in FEX, the position of FEN, as well as the number of FEN
subnets. Structures of such variants are described in Fig.5. In
Sect. VII-C, we will discuss performance of various network
layouts in detail.

Finally, each channel of input U is weighted and recalibrated by sk . Suppose that yk is the output of SE block
and bk denotes the bias, then for any k ∈ {1, · · · , c}, we can
obtain
yk = sk · uk + bk ,
(4)

A. Specific Models for Different QP’s

where bk is calculated by a 1 × 1 convolution, as illustrated
in Fig.3.
The SE block can efficiently sort out and strengthen the
informative feature maps. After a stack of convolutional layers
in subnet FEX, the spatial correlation of neighboring pixels
has been exploited intensively, but the relationship among
channels is alleviated. Thus, we incorporate the SE block
into subnet FEN to boost the network’s discrimination ability
among channels. As such, useful channels are emphasized
whereas unimportant ones are suppressed. Taking four sequences as examples, we investigate their scalar factors sk for
64 channels, as shown in Fig. 4. We find that the distribution
of scale factor is approximately similar among sequences, e.g.,
channel 24 contributes the most whereas channel 16 the least.
Further observation discovers that the scalar factor of each
channel is not fixed but changes by learning the input video
content. As a result, it is capable of exploring the substantial
channel relationship of various videos. Notice that the values
of scalar factors have no correlation with video resolutions.
More visual results are provided in our Github website [51].

As we know, the presence of compression artifacts is
related to the quality of reconstructed frames. For example,
the reconstructed frame with higher QP is usually of lower
quality and contains more artifacts. In order to achieve better
results, we train different CNN models for different levels
of compression artifacts. In other words, different models are
trained for different QP levels.
Furthermore, we design a set of experiments to verify the
conjecture. In the experiments, the base QP values are set to
{22, 27, 32, 37}, according to the common test condition of
H.265/HEVC. We also train a common model for these four
QP’s. As described in Sect. VII-A, we build an AI database
including 2034 frames for each QP. To train a specific model
for each QP, the corresponding 2034 reconstructed pictures are
reshuffled. For the common model, 2034 × 4 = 8136 pictures
are reshuffled for training.
The common and the specific models are integrated into
HM16.9, respectively, to replace the traditional in-loop filter
in video encoder. The first frame of each sequence is tested
in AI configuration and the average BD-rate reduction relative

V. P ROPOSED H IERARCHICAL M ODEL T RAINING
S TRATEGY
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TABLE II
C ODING P ERFORMANCE (BD- RATE ) OF U SING A G LOBAL M ODEL OR A
S EPARATE M ODEL
Class

Global model

Separate model

A
B
C
D
E

−9.37%
−7.10%
−8.83%
−8.88%
−11.85%

−10.85%
−8.18%
−9.86%
−9.94%
−14.23%

Average

−8.92%

−10.25%

LDP
Class

TABLE III
C ODING P ERFORMANCE OF S UBNET FEX C OMPARED WITH E NTIRE
SEFCNN (AI)

Class

QP = 22
SEFCNN
12-FEX
15-FEX+1-FEN

∆PSNR

TABLE IV
C ODING P ERFORMANCE OF U SING S EPARATE M ODELS C OMPARED TO
S HARING I M ODEL (QP = 37)

QP = 27
SEFCNN
15-FEN
15-FEX+1-FEN

∆PSNR

A
B
C
D
E

43.704
41.944
42.020
42.357
44.455

43.689
41.932
42.009
42.334
44.443

−0.015
−0.012
−0.011
−0.023
−0.012

40.545
39.368
38.527
38.445
42.389

40.539
39.360
38.520
38.441
42.373

−0.006
−0.008
−0.007
−0.004
−0.016

Average

42.896

42.881

−0.015

39.610

39.602

−0.008

Share I model
bitrate
PSNR

RA
Use separate model
bitrate
PSNR

Share I model
bitrate
PSNR

Use separate model
bitrate
PSNR

A
B
C
D
E

3168.689
1203.204
692.701
178.793
240.499

32.588
32.969
29.989
29.684
36.433

3092.417
1185.652
681.058
176.252
237.338

32.702
33.001
30.019
29.689
36.474

3107.542
1263.877
709.506
177.639
332.688

33.031
33.440
30.381
30.194
37.167

3103.910
1262.470
707.302
177.569
332.157

33.059
33.481
30.463
30.266
37.208

Average

920.048

32.112

903.019

32.148

948.951

32.615

947.562

32.670

is evaluated under AI configuration. We can see from Table
III that there is around 0.015 dB PSNR degradation of subnet
FEX compared to the entire network SEFCNN. Similarly, we
compare performance of the 15-layer FEX and SEFCNN at QP
= 27. The PSNR difference is as minor as 0.008 dB. It turns out
that the hierarchical deployment of our network substantially
maintains the performance. Meanwhile, relative to SEFCNN,
subnet FEX has fewer layers and parameters, which efficiently
reduces the computational burden.
C. Hierarchical CNN Models for Different Frame Types

to HM16.9 is summarized in Table II. We can observe that
compared to H.265/HEVC baseline, using specific models for
different QP’s gains 10.25% BD-rate on average, whereas
using a common model only gains 8.92%. Obviously, it
is beneficial to train specific models for different levels of
artifacts.
B. Hierarchical CNN Structures for Different QP’s
In terms of the CNN structure, we propose to hierarchically
deploy SEFCNN for different QP’s. The reason is described as
follows. Substantially, our network targets to recover the lost
information caused by encoding through learning from a vast
amount of data. For small QP’s, the artifacts are relatively
small, and thus most details are preserved in reconstructed
frames. The strong correlation among pixels is hence retained.
In this regard, it is not a hard work for the network to infer
the lost information according to the available information.
Consequently, a network of moderate depth is sufficient for
inference. Conversely, for large QP’s, reconstructed frames
are so seriously damaged that large compression artifacts
are caused. A deeper network with more parameters is then
required. On one hand, the receptive field of network is thus
enlarged to capture more extensive relationships among pixels
for restoration. On the other hand, more parameters imply
more information that can aid pixel recovery.
Therefore, we adopt a hierarchical network structure for
different scenarios. At the high bitrate scenarios where QP
is equal to 22 or 27, only subnet FEX is involved. More
specifically, we structure a 12-layer FEX for QP = 22 and a
15-layer FEX for QP = 27. At the low bitrate scenarios where
QP is equal to 32 or 37, the entire SEFCNN is launched.
At QP = 22, we compare the performance of the 12-layer
FEX to the entire SEFCNN which is comprised of a 15layer FEX and one FEN. The first frame of every sequence

The reconstructed pixels of a frame are obtained by summing the residual and the predicted samples. In the encoding
process, the values of residual samples are distorted by quantization operation. As concluded above, different models will
be trained for different QP’s.
Nonetheless, we speculate empirically that only modeling with QP’s is insufficient for artifact restoration. As we
know, I frame is characterized by textures and directions, and
its predictions are from surrounding reconstructed samples.
In contrast, the predicted samples of P and B frames are
obtained from motion estimation. In addition to predicted
values, the residual values of I, P, and B frames also carry
different characteristics because different frame types employ
different coding tools in the forward/inverse transform and
quantization processes. It is apparent that their fitting functions
on the in-loop filtering problem are different. Especially as
QP increases, the artifacts introduced by different kinds of
algorithms gradually present distinctive characteristics, making
the recovery more complex. When all of these problems are
considered together, it is preferable to deal with every scenario
individually, thereby fitting the situation more accurately. As
such, we propose to train a dedicated model for each frame
type at high QP’s.
In Table IV, we verify our conjecture through an experiment
of training a separate model for I, P, and B frames, compared
to sharing I model across all frame types. We test the first
50 frames of each sequence in LDP and RA configurations at
QP = 37. We find that training a separate model for P frame
achieves average 0.036 dB PSNR gain and the corresponding
bitrate is reduced by 1.851%, whereas for B frame, the gain is
0.055 dB and the bitrate is also slightly declined. This proves
the effectiveness of applying separate models for different
frame types at high QP’s.
Furthermore, we discover that as QP decreases, the performance gap between the two cases becomes less obvious.
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TABLE V
C ODING P ERFORMANCE OF U SING S EPARATE M ODELS C OMPARED TO
S HARING I M ODEL (QP = 27)

Class

LDP
Use separate model
Share I model
bitrate
bitrate
PSNR
PSNR

raw reconstructed
frame 0

current encoded
frame 1

raw reconstructed
frame 1

CNN model

residual
samples

CNN model

RA
Use separate model
bitrate
PSNR

Share I model
bitrate
PSNR

A
B
C
D
E

11804.72
6847.66
3227.05
828.20
901.25

38.05
37.40
35.89
35.64
41.02

11576.77
6670.79
3181.91
812.56
893.48

38.21
37.55
36.03
35.81
41.05

10841.60
5866.59
2807.26
713.80
1067.76

38.29
37.58
36.14
36.06
41.53

10776.22
5809.95
2800.96
672.32
1063.32

38.41
37.70
36.18
36.16
41.52

Average

4265.14

37.35

4175.88

37.48

3794.65

37.66

3760.29

37.73

TABLE VI
S UMMARY OF THE P ROPOSED H IERARCHICAL M ODEL T RAINING
S TRATEGY
QP

Network structure

Models

Model training

37
32
27
22

SEFCNN (15-layer FEX+FEN)
SEFCNN (15-layer FEX+FEN)
FEX (15 layers)
FEX (12 layers)

3
3
1
1

separate model for I, P, and B
separate model for I, P, and B
share I model
share I model

When QP is low, the compression artifacts are so small that
the correlations of surrounding pixels are probably retained.
As a result, a single network is sufficient to restore the lost
information by taking advantage of the strong relationship
among pixels. It is unnecessary to train a separate model for
every frame type any more. In this spirit, we propose to share
I model for the enhancement of all frame types at low QP’s.
We conduct a set of experiments to verify our idea. At QP
= 27, we specially train individual models for P and B frames.
The results of using separate models and sharing I model for
both frame types are tabulated in Table V. Since the details of
frames are mostly preserved, it is more appropriate to recover
lost textures through I model. The experimental results also
prove that sharing I model does perform better.
From the above observation, we adopt a hierarchical model
training strategy for different frame types. When QP is 37 or
32, an individual model is trained for each frame type for
the pursuit of higher performance. When QP is 27 or 22, I
model is shared among I, P, and B frames, which not only
retains coding performance but also reduces computational
complexity.
D. Summary
Motivated by the observation and analysis above, we conclude the principle of model training in this work, as described
in Table VI. The essential idea is to deploy our network
hierarchically to handle various scenarios. Consequently, we
employ three kinds of network structures and totally train 8
CNN models. Meanwhile, some coding parameters, such as
QP and coding type, are utilized for the CNN model selection,
without any additional side information in transmitting.
VI. P ROPOSED A DAPTIVE E NHANCING M ECHANISM
A. Side Effect of Double Enhancing
Most of prior CNN-based solutions only report the results
of intra coding. As for inter coding, it is not easy to obtain

frame 0

+
predicted
samples

frame 1

decoded
picture buffer

Fig. 6. The double enhancing effect resulted from complex reference structure
in inter coding.

significant gains due to the complex reference relationship
among frames.
For inter coding, each enhanced frame will serve as a
reference for encoding successive frames, leading to a double
enhancing effect on those frames. The CNN training targets
to establish a mapping between each raw reconstructed frame
and its ground truth. The resulted CNN model is then applied
to each reconstructed frame to produce its enhanced version.
As described in Fig. 6, if a frame refers to such an enhanced
frame, it is then equivalently being enhanced by the same CNN
model to a certain extent and may possess completely different
characteristics from the raw reconstruction, particularly in the
case that the residual samples are quite small or even all
zeros. Thus, applying a CNN model to every single frame
may inevitably suffer from a double enhancing effect and thus
result in performance degradation.
We conduct a set of experiments to demonstrate the side
effect of double enhancement, as illustrated in Fig. 7. We
train different models for I and P frames, and then apply the
models in LDP configuration at QP = 37. Video sequence
“BQmall 832x480” is tested to show the performance of
different cases. In Fig. 7, PSNR of each frame is provided.
We also provide the average bitrate and PSNR of each case.
Icnn Pcnn in-loop, which enhances the first I frame and every
P frame using a separate model during encoding, was supposed
to achieve the highest gain since the enhanced frame would
offer a better reference for the encoding of subsequent frames.
Unfortunately, the fact is that it performs the worst. In contrast,
Icnn Pcnn out-loop, which applies CNN to every I frame and
every P frame out loop, performs the best. On one hand, it
implies that our CNN model does work better than the baseline
method. One the other hand, it reveals that the CNN model
may not work on the frame that directly refers to the one
that has already been enhanced. As long as one frame refers
to a reconstructed frame that is already enhanced by CNN
model, the performance is obviously decreased. The case of
Icnn Pbaseline only processes I frame with CNN and still
applies the baseline in-loop filter to P frame. It achieves a
better performance than Icnn Pcnn in-loop and H.265/HEVC
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TABLE VII
P ERFORMANCE OF LDP AND RA CONFIGURATION USING

LDP configuration, QP37

32.5

THE PROPOSED

ADAPTIVE METHODS

32

LDP
PSNR (dB)

31.5

Class

frame-level

CU-level

A
B
C
D
E

−6.29%
−7.06%
−6.59%
−7.34%
−13.69%

−0.39%
−3.06%
−1.84%
−4.67%
−3.69%

−5.69%
−4.76%
−5.02%
−5.43%
−14.38%

−5.54%
−4.76%
−4.83%
−5.29%
−13.97%

−7.38%
−6.78%
−5.70%
−6.61%
−13.00%

Average

−8.04%

−2.96%

−6.67%

−6.52%

−7.60%

31
30.5
30
29.5
29

RA
frame-level
(1, 3, and 5)

frame-level
(2 and 6)

CU-level

28.5
0

5

10

15

20

25

30

35

40

45

50

Picture Order Count (POC)
H.265/HEVC baseline (avg: 679.58kbps/30.53dB)

Icnn_Pbaseline (avg: 677.24kbps/30.78dB)

Icnn_Pcnn_in-loop (avg: 728.41kbps/30.07dB)

Icnn_Pcnn_out-loop (avg: 679.58kbps/30.90dB)

Proposed adaptive mechanism (avg: 675.74/30.85)
33.8

RA configuration, QP37

33.3

32.8

PSNR (dB)

32.3

31.8

31.3

30.8

30.3

29.8
0

5

10

15

20

25

30

35

40

45

50

Picture Order Count (POC)
H.265/HEVC baseline (avg: 700.04kbps/31.15dB)

Icnn_Bbaseline (avg: 695.99kbps/31.48dB)

Icnn_Bcnn_in-loop (avg: 696.08kbps/31.09dB)

Icnn_Bcnn_out-loop (avg: 700.04kbps/31.62dB)

Proposed adaptive mechanism (avg: 699.89/31.54)

Fig. 7.
The quality comparison on each frame of sequence “BQmall 832x480”. Icnn P/Bbaseline implies that the CNN model is used to
replace the in-loop filter of I frame but P/B frame still uses the baseline
method. Icnn P/Bcnn in-loop refers to that I and P/B frames are both
enhanced by CNN model and the restored frame is served as reference in
the following encoding process. Icnn P/Bcnn out-loop indicates that I and
P/B are both enhanced by CNN model out loop so that they will not be
referred.

baseline, which again confirms the adverse effect of double
enhancing. It is the similar case for RA configuration.
B. Proposed Method
To alleviate the side effect caused by double enhancing, we
leverage an adaptive enhancing mechanism which is switchable between the conventional and the CNN-based in-loop
filters for inter coding. The essential idea is only to enhance
the frame that will seldom be referred in future or the regions
within a frame whose predicted samples are not enhanced.
More specifically, we selectively apply the CNN model in
frame level or Coding Unit (CU) level, targeting to mitigate
the impact of reference relationship as much as possible.
Such mechanism is simple but effective, along with quite low
complexity overhead.
In terms of LDP configuration, we propose a frame-level
solution which only applies the CNN model to selective
frames. It is known that the deteriorating results caused by the

double enhancing effect upon P frames are not so serious as
those on the B frames, because P frames only have forward
references instead of bi-directional references for B frames.
Hence, more pixels could be potentially enhanced in LDP
configuration in order to achieve a better performance. Using
the CU-level approach, lots of pixels lose their chance to be
enhanced and thus the overall performance is decreased, as can
be seen from Table VII. Therefore, we design the frame-level
strategy to cover more pixels. Besides, as aforementioned, it
will become even worse if every frame is enhanced. We hence
adopt to enhance selective frames in a GOP to mitigate the
malicious impact caused by the double enhancing effect. For
example, when the GOP size is 4, only frame 1 and frame 3
within each GOP will be enhanced, except frame 1 in the first
GOP. The rest P frames still employ the baseline in-loop filter.
Experimental results of this method are shown in Fig. 7 with
yellow dotted line. We can see that the adaptive mechanism
not only improves the quality of reconstructed frame but also
reduces the resultant bitrate.
Regarding RA configuration, if we directly apply a framelevel strategy to selective frames, e.g., frame 1, 3, 5, and 7 in
a GOP, the gain obtained is limited because regions needed to
be enhanced in the other frames are ignored, as shown by the
results in Table VII. Meanwhile, due to the bi-directional and
hierarchical prediction structure, more skip modes are resulted
in RA, e.g., around 77% in our test sequences, and the double
enhancing effect is stronger due to the use of bi-directional
frames. We hence adopt a lower-level granularity strategy, to
process skip blocks, where CU-level adaption is exploited. The
basic idea is applying the CNN model only to the non-skip
regions in a frame. Once a CU is determined as skip mode, it
will then be enhanced by the baseline in-loop filter; otherwise,
the CU will be enhanced by the corresponding CNN model.
The yellow dotted line in Fig. 7 demonstrates the performance
of the specific scheme in RA configuration. Obviously our
proposed method far surpasses the solution which enhances
every single frame.
We also show some visual comparisons to demonstrate
the effectiveness of our method. As described in Fig. 8,
the first column includes original frames and the second
column includes the results from H.265/HEVC baseline inloop filter. The third column includes reconstructed frames
from a sequence that every single frame is enhanced by CNN
model. The fourth column refers to the results of employing
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Ground truth

(a) No filter

PSNR (dB)

31.271 dB

31.586 dB

31.764 dB

32.003 dB

PSNR (dB)

31.231 dB

31.427 dB

31.210 dB

31.831 dB

(b) H.265/HEVC baseline (c) enhancing every frame

(d) proposed method

Fig. 8. One example illustrating the visual quality comparison. The picture above is the 9th frame of “BQmall 832x480” in LDP configuration; below is
the 11th frame of“BQmall 832x480” in RA configuration.

the proposed adaptive mechanism. We can see from the figure
that there is still visually blocking, blurring, and ringing effect
in the baseline results although traditional filter has been
applied. In the third and the fourth columns, the frames filtered
by CNN model all look polished and flattened due to the
optimization on Mean Square Error (MSE) during training. We
can observe that the reconstructed frames in the third column
are over-smoothed and look artificial, especially in the face,
collar, and the hand. Moreover, some details are missing, such
as the background at the bottom-right corner and the leg of
glasses. Rather, our proposed method successfully recovers
some details and looks visually appealing.
In brief, the proposed mechanism alleviates the effect of
double enhancing both subjectively and objectively. Moreover,
the computation burden is quite low because most of frames
or most of regions in each frame remain using the baseline
filter.
VII. E XPERIMENTAL R ESULTS
A. Database Establishment
We establish 8 databases in total for training. Out of 332
raw video sequences, 200 frames are selected as training candidates. Moreover, we compress the DIV2K training dataset
[50] in AI configuration under the same settings as training
sequences.
In our training procedure, HM16.9 configured as default,
except that deblocking and SAO are turned off, is employed

to encode all the training sequences at base QP values {22,
27, 32, 37}. Such base QP values are applied to the training of
all three different types of frames, namely I, P, and B frames,
which will be detailed as following.
For each QP value in the AI encoding, the default QP
offset in HM encoder encoder intra main.cfg is 0, and all
the reconstructed pictures used for training therefore employ
the same QP. To train the I model, we randomly select two to
four pictures from each reconstructed sequence. The resultant
1238 frames in conjunction with the reconstructed pictures of
DIV2K, totally 2034 frames, comprise the database for intra
training.
The models for P and B frames are trained separately, following an identical training procedure addressed
as follows. For either P or B models, the training sequences are initially encoded using the default configuration of LDP encoder lowdelay P main.cfg or RA encoder randomaccess main.cfg in HM16.9, employing a
frame-level QP adaptive strategy. For each preset QP, one out
of 20 frames is selected from the reconstructed frames. Note
that the lengths of some sequences are shorter than 200 frames,
so finally 2628 frames are obtained in total. The database
of P or B frames is thus established. Note that we adopt a
patch-based training strategy which will be detailed in Sect.
VII-B. It is also noted that we employ patches of the whole
P or B frames without differentiating inter blocks from intra
blocks in P frames, or from intra/P- blocks in B frames. This
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is based on the observation that after evaluating the mode
distribution in our training set, intra blocks only account for a
small percentage in P or B frames. Specifically, in our dataset,
5% intra blocks are resulted in P frame, and 7% intra blocks
and 12% P-blocks in B frames. The neglection of intra or Pblocks should have trivial impact on our training. Additionally,
by using such a training scheme, our models could hence be
relatively more robust and generalized.
For testing, the 18 test sequences mostly selected for
H.265/HEVC evaluation are employed. In our testing procedure, we also adopt the default configuration in HM16.9. It is
noted that at the training stage, different types of frames, i.e.
I, P, and B frames, have adopted different procedures; At the
testing stage, the same procedure for each type of frames is
applied as that at the training stage.
All the databases, code, and models are available online
[51]. All experiments in this paper are performed on these
databases except that the experiments in Sect. VII-E and -G
only employ DIV2K dataset for simplicity.
B. Training Data and Training Settings
Our experiments are implemented on Tensorflow platform,
using NVIDIA GeForce GTX 1080Ti GPU for training and
testing. To train the model, the initial learning rate is set to
10−4 . The learning rate is adjusted using the step strategy with
γ = 0.5. The Adaptive moment estimation (Adam) method is
employed for back propagation, and the momentum is set to
0.9. We adopt the adjustable gradient clipping to boost the
convergence rate while suppressing exploding gradients. The
validation set includes 50 reconstructed pictures which are
different from the frames in training set. The best parameters
and models are finally determined according to the validation
results.
Our training strategy is based on patches of different QP’s.
During the training procedure, each frame is segmented into
35 × 35 patches as the training samples. After reshuffling the
patches of all the selected frames, we randomly select 64
patches as one single batch. We adopt the default configuration of frame-level QP adaptive strategy in HM16.9 for the
LDP and RA scenarios. Patches from different frames carry
different QP’s. Consequently, one batch could contain a series
of consecutive QP’s. In this manner, the obtained model can
cover a certain range of QP values.
The hierarchical network structure described in Table VI is
used in the following experiments. To evaluate our proposed
scheme, we integrate the Tensorflow model into H.265/HEVC
reference software HM16.9. The coding efficiency is evaluated
on common test sequences from Class A to Class E under
default AI, LDP, and RA configurations. Because Class F
is dedicated to screen content which is quite different from
natural video, its sequences are not included. Note that none
of these 332 training sequences is similar to test sequences.
We test the first 50 frames of each sequence and report the
performance of luminance component. The BD-rate [41] is
referred to measure the coding performance.
Table VIII summarizes the overall performance of our
proposed scheme, with the original H.265/HEVC as an anchor.

We can see that average 9.96%, 8.04%, and 7.60% BD-rate
savings are obtained in AI, LDP, and RA configurations. Our
approach outperforms all the work in Table I, as can be
concluded from the comparisons below.
C. Comparison with State-of-the-art Network Structures
First, we compare our network structure with previous work
intensively. More specifically, we choose a typical shallow
network VRCNN [36] and a typical deep network RHCNN
[39], respectively, as an optional in-loop filter of H.265/HEVC.
To ensure fairness, both networks are trained using the proposed database and training strategy. They are integrated into
HM16.9 with the same adaptive mechanism adopted in this
paper.
Our SEFCNN compared with VRCNN. VRCNN is
tersely comprised of 4 layers and adopts variable filter size in
the second and the third layers. We evaluate the performance
of VRCNN exactly under the same test condition with our
SEFCNN. The comparison results are tabulated in Table
VIII. In AI configuration, SEFCNN obtains 9.96% BD-rate
reduction, whereas there is only 3.03% gain for VRCNN. For
inter coding, −8.04% and −7.60% BD-rate are achieved by
SEFCNN and the corresponding value of VRCNN is −3.38%
and −4.85% in LDP and RA, respectively.
Our SEFCNN compared with RHCNN. RHCNN is a
large-scale network with promising performance. It is mainly
composed of 6 highway units and 7 convolutional layers.
Since the source code of RHCNN is not available, we reimplement it on Tensorflow platform, and the reproduced code
is published in our website [51]. Particularly, we evaluate the
gains of VRCNN, RHCNN, and our SEFCNN at the golden
point QP = 37 because the training process behaves quite
stable at this QP level and the resultant CNN models can
comprehensively exposure the unique property and learning
capability of a network.
We can see from Table IX that the proposed SEFCNN
performs the best in both bitrate reduction and PSNR boost.
Unsurprisingly, RHCNN outperforms VRCNN because it involves more layers and has higher accuracy. It achieves 0.059
dB, 0.048 dB, and 0.058 dB PSNR increment over VRCNN in
AI, LDP, and RA configurations. Furthermore, our SEFCNN
surpasses RHCNN by 0.306 dB, 0.154 dB, and 0.181 dB, let
along the bitrate reduction. To better compare the performance
in an intuitive way, we provide their PSNR histogram statistics,
as illustrated in Fig. 9. Obviously, our network achieves the
lowest bitrate and the highest PSNR, which demonstrates the
efficiency advantage of our network structure.
D. Comparison with State-of-the-art CNN-based Approaches
There have been various CNN-based solutions for the inloop filtering problem. As presented in Fig. 1 (a), (b), and (c),
work [36] replaces the anchor in-loop filter using a VRCNN
model, work [39] follows a RHCNN filter after anchor in-loop
filter, whereas work [40] inserts a MLSDRN model between
deblocking and SAO. In this work, we adopt a switchable
solution, as shown in Fig. 1(d), where the input data are
adaptively fed into the traditional filter or the CNN-based filter.
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TABLE VIII
C ODING P ERFORMANCE C OMPARED WITH VRCNN (BD- RATE )

AI

VRCNN
LDP

RA

AI

Our Scheme
LDP

RA

A

PeopleOnstreet
Traffic

−5.44%
−5.61%

−1.79%
−1.81%

−3.07%
−3.54%

−10.21%
−11.21%

−5.73%
−6.84%

−7.27%
−7.48%

B

BasketballDrive
BQterrace
Cactus
Kimono
ParkScene

−2.16%
−2.62%
−4.54%
−2.49%
−4.41%

−1.33%
−6.02%
−3.79%
−1.81%
−0.96%

−1.09%
−4.66%
−5.10%
−0.59%
−1.82%

−8.43%
−5.48%
−8.17%
−8.47%
−8.57%

−7.50%
−11.45%
−7.13%
−5.64%
−3.56%

−6.45%
−9.20%
−7.98%
−5.49%
−4.76%

C

BasketballDrill
BQmall
PartyScene
RaceHorses

−7.01%
−5.17%
−3.59%
−3.67%

−3.06%
−3.65%
−2.45%
−2.06%

−1.07%
−3.64%
−1.21%
−2.75%

−14.96%
−10.37%
−6.41%
−6.27%

−9.33%
−8.28%
−4.83%
−3.91%

−6.11%
−7.63%
−4.14%
−4.91%

D

BasketballPass
BlowingBubbles
BQSquare
RaceHorses

−5.03%
−4.88%
−3.92%
−7.08%

−3.74%
−2.62%
−4.50%
−3.95%

−3.07%
−2.19%
−0.81%
−5.30%

−11.37%
−8.53%
−8.13%
−10.75%

−8.98%
−4.96%
−9.38%
−6.09%

−7.93%
−4.28%
−6.61%
−7.61%

E

FourPeople
Johnny
KristenAndSara

−7.01%
−5.98%
−6.77%

−5.77%
−4.80%
−6.75%

−7.02%
−3.49%
−6.24%

−14.76%
−13.67%
−13.53%

−13.79%
−14.63%
−12.64%

−13.88%
−12.42%
−12.72%

Summary

Class A
Class B
Class C
Class D
Class E

−5.52%
−3.24%
−4.86%
−5.23%
−6.59%

−1.80%
−2.78%
−2.80%
−3.70%
−5.77%

−3.30%
−2.22%
−2.17%
−2.84%
−5.58%

−10.71%
−7.82%
−9.50%
−9.69%
−13.99%

−6.29%
−7.06%
−6.59%
−7.35%
−13.69%

−7.38%
−6.78%
−5.70%
−6.61%
−13.00%

Average

−4.85%

−3.38%

−3.03%

−9.96%

−8.04%

−7.60%

Class

Name

TABLE IX
C ODING P ERFORMANCE OF THE P ROPOSED SEFCNN C OMPARED TO VRCNN
HM16.9
Bitrate
PSNR
(kbps)
(dB)

Cfg

VRCNN
∆Bitrate
∆PSNR
(kbps)
(dB)

RHCNN
∆Bitrate
∆PSNR
(kbps)
(dB)

SEFCNN
∆Bitrate
∆PSNR
(kbps)
(dB)

AI

7995.82

33.08

−60.61

0.32

−60.61

0.38

−60.61

0.69

923.79

31.81

4.32

0.14

−2.72

0.19

−20.78

0.34

RA

949.23

32.31

1.07

0.12

0.83

0.18

−1.66

0.36

38

38

AI configuration
HM

VRCNN

LDP configuration

37
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HM

36
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34
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Fig. 9. PSNR histogram statistics of different network structures on common test sequences.

We compare our scheme with the other three solutions. The
comparison to the “replacing” solution is shown in Table VIII,
which has been analyzed in VII-C. The comparison to the
“following” solution and “inserting” solution is provided in
Table X and Table XI, respectively.

The “following” solution compared with our switchable
solution. The RHCNN-based method reports its performance
in AI, LDP, and RA cases, where individual models for I, P,
and B frame types are trained at each QP, i.e., there are a
total of 12 models. During encoding, every single frame is
enhanced without discrimination. The overall performance of
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RHCNN is tested for QP ∈ {28, 32, 36, 40}, which is different
from our setting. We directly reuse our CNN model trained at
QP values {27, 32, 37} to test the coding performance at QP
values {28, 32, 36} rather than training new models, owing
to the robustness of our models. For QP = 40, we retrain
our SEFCNN and generate three new models for I, P, and
B frames. Considering the anchor RHCNN-based method is
implemented in HM12.0, we also integrate our approach into
HM12.0. Similarly, the first 50 frames of each sequence are
tested. Since some sequences are included in our training set,
we do not test them. The comparison is detailed in Table X,
where the results of RHCNN are directly from [39].
We can see from Table X that our scheme obtains significant
superiority over [39] in all configurations. Especially in AI
configuration, our BD-rate reduction is twice that of RHCNN.
It is noted that our approach performs not as high as RHCNN
in sequence “highway” of RA configuration as well as in
sequence “traffic” of LDP configuration, probably due to the
fact that there is totally no such kind of sequences in our
training set.
The “inserting” solution compared with our switchable solution. There is another MLSDRN-based method that
demonstrates the case of inter coding. It states that the partition
information in the bitstream is used to further improve the performance. Unfortunately, the detail of how to utilize such information is not mentioned. MLSDRN trains a separate model
for all frame types at each QP. As its final results are obtained
from HM7.0, we incorporate our proposed scheme also into
HM7.0. We also test the first 100 frames as that in reference
[40] for fair comparison. The comparison is tabulated in Table
XI, where the results of MLSDRN are directly from [40]. We
can see that [40] achieves 5.97%, 8.36%, and 7.61% BD-rate
saving in AI, LDP, and RA configurations, respectively. The
corresponding gains of our approach are 8.74%, 8.30%, and
7.81%. Our approach achieves significant superiority in AI
configuration. For RA scenario, our method performs slightly
better on average, especially outperforms [40] in the sequences
of Class E. Regarding LDP configuration, the performance of
our method is comparable and the difference is negligible.
Note that work [40] adopts manual intervention and explicitly introduces partition information to assist CNN learning.
Actually, the partition information has already been implicitly
contained in the training process through the mapping between
the raw reconstructed frames and the ground truth. In comparison, instead of introducing manual intervention, our network
automatically identifies those boundaries that need to be fixed.
Experimental results have proved the strong learning ability of
our network.
E. Investigation of Various Network Structures
The entire SEFCNN contains a FEX subnet of 15 layers
and a FEN subnet of 6 layers. The parameter quantity is
627,804, which is only 18.8% of RHCNN. Obviously, our
network possesses much less parameters than RHCNN but
more advanced performance. Furthermore, we evaluate our
CNN structure in various deployments. Here only DIV2K of
AI configuration at QP = 37 is employed for training and

testing. The average PSNR of the first frame from Class A to
Class E sequences is evaluated.
Network Depth. First, we evaluate our CNN structure
with various depths in FEX subnet, e.g., 9, 12, 15, and
19 layers, which corresponds to 9-FEX+FEN+1Conv,
12-FEX+FEN+1Conv, 15-FEX+FEN+1Conv, and 19FEX+FEN+1Conv in Fig. 10. By the same training strategy,
we find that 15-FEX+FEN+1Conv achieves performs the
best. If the depth is reduced to 12, the performance is
slightly declined. We find that 9-FEX+FEN+1Conv and
19-FEX+FEN+1Conv dramatically underperform.
Subnet Position Arrangement. Then, we rearrange the
position of subnet FEX and subnet FEN in SEFCNN framework. For instance, subnet FEN is displaced between two FEX
subnets, as described in Fig. 5(a). We investigate different
depths and the results are illustrated in Fig. 10. We can see
from the schema that 10-FEX+FEN+9-FEX+1Conv and 19FEX+FEN+1Conv possess the same parameter quantity and
their performance remains almost the same. 7-FEX+FEN+8FEX+1Conv performs better than the former two structures
whereas still lower than its counterpart 15-FEX+FEN+1Conv.
Here a 15-layer FEX followed by a FEN is an adequate
configuration.
Number of FEN Subnets. Finally, the number of FEN
subnets is discussed. Due to the limitation of our GPU, we
only test the case of using two FEN subnets, as shown in Fig.
5(b). One is put in the middle and the other is put at the end of
SEFCNN. Performance of those networks is not as good as the
ones with one FEN, although more parameters are involved.
For example, 10-FEX+FEN+10-FEX+FEN+1Conv owns as
large as 923,008 parameters, however, it performs the worst.
This clearly indicates that a trivial increase of parameters
may not lead to higher coding efficiency. Instead, network
structure and parameter allocation are of central importance
for performance.
F. Computational Complexity Comparison
As described above, the proposed scheme adopts a hierarchical CNN structure and an switchable mechanism in implementation. We investigate the reduction of time complexity
from such methods on a computer with Intel CPU 3.70 GHz,
32 GB memory and NVIDIA GeForce GTX 1080Ti GPU.
Hierarchical CNN structure. We compare the time complexity with and without the hierarchical structure in AI
configuration, as presented in Table XII. It can be seen that the
hierarchical structure efficiently reduces the encoding time. In
particular at QP value 27, on average 26.18% encoding time
is saved.
Switchable mechanism in encoder. Besides, the proposed
scheme adopts an adaptive mechanism that is switchable
between the conventional and the CNN-based methods with
limited complexity increment. Table XIII provides the average
encoding time of VRCNN, RHCNN, and our SEFCNN compared to HM16.9. The three networks are incorporated into
H.265/HEVC encoder all using the proposed method. We can
see from the table that relative to RHCNN, SEFCNN costs less
time, which indicates the simplicity of our network. We also
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TABLE X
C ODING P ERFORMANCE C OMPARED WITH W ORK [39] (BD- RATE C OMPARED TO HM12.0)

AI

[39]
LDP

RA

AI

Our scheme
LDP

RA

352 × 288

Football
Foreman
Highway

−5.10%
−7.80%
−7.20%

−3.54%
−6.39%
−7.60%

−3.40%
−4.30%
−5.70%

−10.25%
−18.01%
−13.47%

−5.19%
−8.92%
−9.93%

−7.12%
−5.40%
−5.11%

416 × 240

RaceHorses

−5.60%

−6.25%

−3.80%

−13.20%

−7.63%

−7.40%

704 × 576

Ice

−7.60%

−6.13%

−3.80%

−15.98%

−10.32%

−7.94%

2560 × 1600

PeopleOnstreet
Traffic

−5.30%
−6.10%

−3.78%
−7.58%

−3.70%
−5.00%

−13.39%
−13.07%

−7.18%
−6.77%

−10.38%
−6.91%

Average

−6.10%

−5.85%

−4.23%

−13.91%

−7.99%

−7.18%

Resolution

Name

TABLE XI
C ODING P ERFORMANCE C OMPARED WITH W ORK [40] (BD- RATE C OMPARED TO HM7.0)

AI

[40]
LDP

RA

AI

Our scheme
LDP

RA

B

BasketballDrive
BQterrace
Kimono

−4.40%
−3.70%
−6.20%

−7.80%
−6.90%
−8.70%

−6.90%
−6.30%
−7.10%

−5.75%
−4.37%
−7.30%

−6.58%
−9.53%
−6.13%

−6.35%
−8.34%
−5.48%

C

BasketballDrill
BQmall
RaceHorses

−6.00%
−4.30%
−4.70%

−9.20%
−7.70%
−8.30%

−8.80%
−6.80%
−7.70%

−13.13%
−8.65%
−5.05%

−8.03%
−7.91%
−3.61%

−5.79%
−7.39%
−4.66%

D

BasketballPass
BlowingBubbles
BQSquare

−6.60%
−5.70%
−4.30%

−8.40%
−6.60%
−5.70%

−7.50%
−5.30%
−5.10%

−9.47%
−6.63%
−7.77%

−6.91%
−4.29%
−8.67%

−7.85%
−4.28%
−6.42%

E

FourPeople
Johnny
KristenAndSara

−8.40%
−8.70%
−8.60%

−9.80%
−10.90%
−10.30%

−9.20%
−10.50%
−10.10%

−12.81%
−11.98%
−11.99%

−12.09%
−13.85%
−11.96%

−13.16%
−11.93%
−12.05%

Average

−5.97%

−8.36%

−7.61%

−8.74%

−8.30%

−7.81%

Class

Name

TABLE XII
E NCODING TIME SAVING WITH THE HIERARCHICAL STRUCTURE
(S ECOND /F RAME )

33.74
15Conv+SE+1Conv
33.72
12Conv+SE+1Conv

33.70

A
B
C
D
E
Average

QP = 22
−2.152
−1.520
−0.184
−0.121
−0.248
−0.770

(−5.190%)
(−6.807%)
(−3.913%)
(−8.733%)
(−3.323%)
(−5.720%)

QP = 27
−11.19 (−29.752%)
−4.280 (−23.612%)
−1.199 (−28.967%)
−0.118 (−9.377%)
−1.752 (−26.270%)
−3.017 (−26.177%)

PSNR (dB)

Class

7Conv+SE+8Conv

33.68
5Conv+SE+5Conv
33.66
33.64

5Conv+SE+4Conv+
SE+1Conv

10Conv+SE+10Conv
19Conv+SE+1Conv

9Conv+SE+1Conv

7Conv+SE+7Conv+
SE+1Conv
10Conv+SE+10conv
+SE+1Conv

33.62
33.60
200

can find that the proposed switchable scheme brings significant
reduction of computational complexity in inter encoding. As
can be observed from Table XIII, for every network, its extra
running time in LDP and RA cases is much less than AI
case. Attribute to the advanced structure of SEFCNN and
the switchable scheme when incorporating CNN model into
encoder, our overall computational complexity is within a
reasonable range after GPU acceleration. The encoding time
of our proposed scheme is no more than twice of HM16.9
in the low video resolution, such as 416 × 240. As the video
resolution increases to 1280×720, our extra running time is no
more than 38% and 19% in intra and inter coding, respectively.

300

400

500
600
700
Number of parameters (k)

800

900

1000

Fig. 10. Visualization of the parameter quantity versus PSNR gain in various
network deployments.

Time complexity at the decoder. We also compare the
decoding time complexity of our method to the HM16.9, as
presented in Table XIV.
G. Exploration on training for different video contents
We conduct the training procedure in a lower level of
granularity, i.e., block level, exploring the potential of training
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TABLE XIII
AVERAGE E NCODING T IME C OMPARED TO HM16.9 (S ECOND /F RAME )

Class C
(832 × 480)

Encoding time
Class D
(416 × 240)

Class E
(1280 × 720)

AI

HM16.9
VRCNN
RHCNN
Ours

1.678
1.950 (16.210%)
2.901 (72.884%)
2.586 (54.112%)

0.418
0.533 (27.512%)
1.346 (222.010%)
1.180 (182.297%)

3.181
3.614 (13.612%)
4.890 (53.725%)
4.385 (37.850%)

LDP

HM16.9
VRCNN
RHCNN
Ours

4.816
5.062 (5.108%)
5.445 (13.061%)
5.271 (9.448%)

1.119
1.184 (5.809%)
1.618 (44.593%)
1.552 (38.695%)

7.176
7.439 (3.665%)
8.048 (12.152%)
7.736 (7.804%)

RA

HM16.9
VRCNN
RHCNN
Ours

4.898
5.202 (6.207%)
6.004 (22.581%)
5.769 (17.783%)

1.097
1.195 (8.933%)
2.050 (86.873%)
1.840 (67.730%)

8.237
8.536 (3.630%)
9.800 (18.975%)
9.300 (12.905%)

Cfg

Approach

TABLE XIV
AVERAGE D ECODING T IME C OMPARED TO HM16.9 (S ECOND /F RAME )
Decoding time
Class D
Class E
(416 × 240) (1280 × 720)

Configuration

Approach

Class C
(832 × 480)

AI

HM16.9
Ours

0.113
0.415

0.033
0.278

0.115
0.617

LDP

HM16.9
Ours

0.041
0.151

0.010
0.108

0.024
0.204

RA

HM16.9
Ours

0.038
0.596

0.009
0.408

0.029
0.906

for various video contents. The essential idea is to classify the
blocks in a frame into two categories based on their average
gradient values.
• Method: We first calculate the average gradient value for
each 64 × 64 pixel block in a frame. Then a threshold
is set to classify the blocks into two categories, one with
gradient larger than the predefined threshold and the other
smaller than the threshold. We conduct separate training
using the two categories of blocks and obtain two CNN
models. For convenience, one model is named as L-model
referring to the category of blocks of larger gradient, the
other named as S-model. Note that all CNN models used
in this experiment adopt the same training procedure.
• Testing procedure: In our test, we empirically set the
value of threshold as 10. Several experiments are conducted, including:
- Exp. 1: Apply the two models to their corresponding
blocks, a scheme referred to as Mixed.
- Exp. 2: Apply one single S-model to the entire frame,
a scheme referred to as S-only.
- Exp. 3: Apply one single L-model to the entire frame,
a scheme referred to as L-only.
• Results: We evaluate the performance of the above
three scenarios at QP=37 in AI configuration. Table XV
demonstrates the results compared to the scenario where
models are trained through the use of patches from all
types of frames, a scheme referred to as Patch-frame.
Compared to the method of Patch-frame, L-only achieves

TABLE XV
P ERFORMANCE OF USING DIFFERENT MODEL FOR DIFFERENT BLOCKS
COMPARED TO OUR PATCH - FRAME METHOD (∆P SN R)

•

Class

Mixed

S-only

L-only

A
B
C
D
E

−0.053
−0.063
−0.052
−0.043
−0.147

−0.053
−0.204
−0.362
−0.410
−0.408

0.012
0.000
0.009
0.007
0.011

Average

−0.069

−0.333

0.006

a similar performance, while S-only losses 0.333 dB
in PSNR. One reason could be that when an adequate
threshold is set for the training procedure, the L-only
model could achieve a good balance between learning
the rich texture and those smooth regions.
Discussion: No significant gain is observed from our
block-level training. There may exist a potential to obtain
models of higher performance through training with selective video contents, if the threshold is further tuned or
more models are trained under multi-levels of thresholds.
Future work will be conducted along the same theme.
VIII. C ONCLUSION

This paper develops a systematic CNN-based approach to
address the in-loop filtering problem in video coding. We
develop a novel network structure SEFCNN, which is comprised of two subnets FEX and FEN, to exploit both channelwise correlation and inter-dependencies between channels. On
top of SEFCNN, we leverage a hierarchical model training
strategy to deploy the entire SEFCNN or its subnets adaptively
for different coding scenarios. When integrating the proposed
scheme into video encoder, we adopt a switchable mechanism
from frame level to CU level, which successfully avoids the
double enhancing effect and improves coding efficiency. Experimental results show that the proposed scheme outperforms
state-of-the-art work in coding efficiency. Compared with HM,
the computational complexity is also within a reasonable range
after GPU acceleration. Certainly, there is potential to be
further improved.
Currently, our work adopts the frame-level QP adaptive
strategy in HM. When QP is adjusted using a block-level
method which may cover a wide range of QP’s between
neighbouring blocks, a new training should be expected. It is
also challenging to train more accurate models for different
frame types as well as different video contents, especially
when these problems have to be globally resolved for inter
coding, as strong dependency exists across frames. Besides,
our preliminary results in Sect. VII-G show that more gains
can be expected from the combination of the CNN-based
approach and the traditional image restoration techniques.
In the future, we will continue simplifying the proposed
network and designing a more flexible training strategy, to
adapt our method to more practical scenarios which may cover
a wide range of QP’s and various video contents. How to
reduce the computational complexity will also be investigated.
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Meanwhile, the traditional image restoration methods will
be combined with CNN-based approaches to obtain more
accurate models. For instance, the algorithms of deblurring
and denoising can be adopted as pre-processing before CNN,
guiding the training of our CNN model.
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