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Abstract— High efficiency video coding (HEVC) standard
achieves half bit-rate reduction while keeping the same quality
compared with AVC. However, it still cannot satisfy the demand
of higher quality in real applications, especially at low bit
rates. To further improve the quality of reconstructed frame
while reducing the bitrates, a residual highway convolutional
neural network (RHCNN) is proposed in this paper for in-loop
filtering in HEVC. The RHCNN is composed of several residual
highway units and convolutional layers. In the highway units,
there are some paths that could allow unimpeded information
across several layers. Moreover, there also exists one identity
skip connection (shortcut) from the beginning to the end, which
is followed by one small convolutional layer. Without conflicting
with deblocking filter (DF) and sample adaptive offset (SAO)
filter in HEVC, RHCNN is employed as a high-dimension filter
following DF and SAO to enhance the quality of reconstructed
frames. To facilitate the real application, we apply the proposed
method to I frame, P frame, and B frame, respectively. For
obtaining better performance, the entire quantization parameter
(QP) range is divided into several QP bands, where a dedicated
RHCNN is trained for each QP band. Furthermore, we adopt a
progressive training scheme for the RHCNN where the QP band
with lower value is used for early training and their weights
are used as initial weights for QP band of higher values in
a progressive manner. Experimental results demonstrate that
the proposed method is able to not only raise the PSNR of
reconstructed frame but also prominently reduce the bit-rate
compared with HEVC reference software.

Index Terms— Convolutional neural network, HEVC, in-loop
filtering, residual highway unit.
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I. INTRODUCTION

AS THE most advanced video coding standard, HEVC [1]
out-performs previous video coding standards. However,

it still suffers unpleasing image distortion which is resulted
from quantization [2]. Moreover, with the development of
Internet and new media, a growing number of videos would
be played and transmitted every day. Consequently, there is a
pressing need to deliver videos with higher quality and less
volume [3].

All the existing video coding standards adopt hybrid video
coding framework, including intra/inter prediction [4], [5],
transformation [2], [6], [7], quantization [8], etc. In intra/inter
prediction, each input frame is usually split into non-
overlapped blocks and the block wise intra/inter prediction
is performed to remove the spatial redundancies. To fur-
ther reduce the spatial redundancy, the residual between the
original and predicted blocks is transformed using an inte-
ger approximation of the discrete cosine transform (DCT).
Through a quantization process, controlled by quantization
parameter (QP), the transformed errors discard the unnecessary
high frequency coefficients which are less perceivable to the
human visual system. This process is shown in Fig. 1.

Although quantization ingredient is able to significantly
reduce the residual energy, the inherent lossy property will
inevitably lead to distortion in the reconstructed frames.
To address this problem and further improve the quality of
reconstructed frames, in-loop filtering, indicated by the dashed
rectangle in Fig. 1, is usually applied in HEVC and previous
video coding standards. The filtered frame is further employed
as the reference frame of the following inter-predicted frames,
and consequently is able to improve the compression effi-
ciency. Unfortunately, the distortion in video coding is a
very complicated nonlinear problem, which is very difficult
to satisfy the demand of higher quality by the existing in-loop
filtering scheme.

Recently, due to the enormous popularity of deep learning,
a lot of convolutional neural networks (CNN) have shown
great potential in image restoration. A CNN usually receives
an input (a single vector), and transforms it through a series of
hidden layers. Each hidden layer consists of a set of neurons,
which have learnable weights and biases. A typical CNN
architecture is usually made up of convolutional layer and
ReLU layer [9]. Convolutional layer will compute the output
of neurons that are connected to local regions in the input,
each computing a dot product between their weights and a
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Fig. 1. The pipeline of hybrid video coding.

small region they are connected to. ReLU layer will apply
an elementwise activation function, such as the max(0, x)
thresholding at zero. The parameters in the convolutional
layers will be trained with gradient descent under a proper
loss function. Employing convolutional layer and ReLU layer,
CNN can be taken as an alternating sequence of linear filtering
and nonlinear transformation operations.

Due to the strong ability of transforming the input image
layer by layer from the lossy pixel values to the restored
ones, there are some examples of image restoration based
on CNN. A super-resolution CNN (SRCNN) was proposed
in [10] to directly learn an end-to-end mapping between
the low/high-resolution images. As an extension of SRCNN,
artifact reduction CNN (ARCNN) [11] was also proposed
to reduce the artifacts in compressed images and achieved
better performance than SRCNN. As a typical model of CNN,
ARCNN is a four-layer neural network and tries to reconstruct
the original frame from the compressed one. Instead of using
such a four-layer architecture, Dai et al. [12] put forward a
new network to build the connections between lossy images
and their corresponding original ones with variable-filter-size
residual-learning CNN (VRCNN). The VRCNN learns the
mapping between the intra compressed frames and the original
ones as a post-processing algorithm.

Both ARCNN [11] and VRCNN [12] achieved excellent
reconstruction results. However, since ARCNN and VRCNN
are only targeted for JPEG compressed images or intra com-
pressed frames by HEVC, the performance may be impaired if
directly applied into the more complicated frame types (P and
B frames) in HEVC. Besides, both ARCNN/VRCNN have
only four hidden layers, and the relatively not-deep-enough
structure may also limit the mapping accuracy between the
compressed frames by HEVC, adopting a lot of sophisticated
techniques, and the original non-compressed frames.

Motivated by the observations above, in this paper, we pro-
pose a very deep residual highway convolutional neural net-
work (RHCNN) to build more precise connections between
the lossy images and their corresponding original ones. Con-
cretely, our RHCNN is made up of several cascaded highway
units and convolutional layers. In the highway units, there are
some paths that could allow unimpeded information across
several layers. Moreover, there also exists one identity skip
connection (shortcut) from the beginning to the end, which is
followed by one small convolutional layer. Based on the high-
way networks, the introduction of shortcut turns the networks

into residual highway networks. To the best of our knowledge,
it is the first time applying the idea of residual learning in
highway networks for solving the problem of in-loop filtering
in video coding.

Overall, the main contributions of our work can be summa-
rized as follows:

1) We propose a very deep residual highway convolutional
neural network (RHCNN) to build very accurate map-
pings between the distorted reconstructed frames and
their corresponding original distortion-free ones. One
RHCNN contains some highway units, convolutional
layers, and identity connections (shortcuts). Solely due
to the introduction of highway units and shortcuts, could
our RHCNN give great performance in video coding.

2) For achieving better performance, the entire QP range
is divided into several QP bands, where a dedicated
RHCNN is trained for each QP band. Furthermore,
we adopt a progressive training scheme for the RHCNN
where the QP band with lower value is used for early
training and their weights are used as initial weights for
QP band of higher values in a progressive manner.

3) We train the models through open source tools.
In in-loop filtering phase, we rewrite the feed-forward
network, which is defined in tensorflow, in C++. So,
the RHCNN can be embeded in HEVC and the learned
models can be loaded for any reference software of
various video coding standards.

The remainder of this paper is organized as follows:
In Section II, we describe several related works, including
in-loop filtering and deep learning for image enhancement.
Section III introduces the details of our RHCNN and makes
some comparisons on various highway units and network
architectures. In Section IV, we provide the RHCNN based
in-loop filtering. Experiments are brought in Section V, show-
ing great improvements of the proposed idea in video coding.
Section VI concludes the paper with discussions related to
future work.

II. RELATED WORK

A. in-loop Filtering

Although the video coding techniques have been improved
in giant leaps, the loss of information caused by compres-
sion upsets everyone who wants more high quality video
experience. The unpleasing distortion caused by quantization
ingredients has been handled with loop filters in video coding.

To efficiently depress blocking artifacts, numerous loop
filter methods are proposed over the past decades before
HEVC. Al-Fohoum and Reza [13] proposed a method to
firstly extract the high-frequency components of the image
by high pass filtering followed by a scaling procedure.
List et al. [14] proposed a method to firstly detect and
analyze artifacts on the coded block boundaries and then
adaptively attenuate those artifacts by applying a selected
filter. Liu et al. [15] proposed a high-throughput deblocking
filter to perform the in-loop or post-loop filtering for different
standard requirements. Later, Yoo et al. [16] proposed an
adaptive loop filter to remove the redundancy between current
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and motion compensated frames by minimizing the residual.
Esche et al. [17] investigated a new filter to perform pixel-wise
adaptive motion-compensated temporal filtering by combining
both spatial and temporal information.

In HEVC standard, two in-loop filtering techniques are
incorporated: a new deblocking filter (DF) [18] is devised
as the first in-loop filter and a sample adaptive offset (SAO)
filter [19] is implemented as the second in-loop filter. The
main purpose of SAO is to reduce sample distortion by first
classifying reconstructed samples into different categories,
getting an offset for each category, and then adding the offset
to each sample of the category. The offset of each category is
calculated in the encoder and transmitted to the decoder side
for reducing sample distortion effectively. It is reported that
SAO brings average 3.5% BD-rate reduction [19]. Further-
more, during the development of HEVC standard, adaptive
loop filter (ALF) had been proposed for additional coding
efficiency improvement [20]. The ALF updates the filter
coefficients and transmits them to decoder side, which causes
signaling overhead. All these deblocking filters are able to
suppress the blocking artifacts for the majority cases, however
the performance is still far from expectation, especially at low
bit rates.

B. Deep Learning for Image Enhancement

CNN has achieved impressive success in high-level com-
puter vision tasks such as image classification [21] and object
detection [22]. Inspired by this, in low-level computer vision
tasks, deep learning gradually becomes the state-of-the-art
method.

As a successful case in super-resolution, SRCNN shows
great performance in low-level computer vision tasks. Based
on SRCNN, Dong et al. proposed an artifact reduction CNN
(ARCNN) [11] approach for reducing artifacts in JPEG com-
pressed images, achieving more than 1 dB improvement over
JPEG images. Alam et al. [23] proposed a CNN based
quantization strategy for HEVC. This method is based on
perception criterion, which predicts the local artifact visibility
from the presented CNN model. Park and Kim [24] proposed
in-loop filter CNN (IFCNN) to replace DF or SAO in HEVC
with no signaling bits. Furthermore, in [12], a variable-filter-
size residual learning CNN called VRCNN is proposed as
the substitute for SAO as well as DF. However, these three
methods all focus on designing filters to reduce artifact and use
CNN for post-processing after intra-prediction reconstruction,
while neglecting the inter-frame prediction cases.

III. PROPOSED RHCNN MODEL

In this section, we will first provide the detail of our high-
way units. Except for highway unit, identity skip connections
(shortcuts) also play an important role in RHCNN, which will
be discussed next. The following will be the demonstration
of our network architecture, including the reasons why we
choose the six cascaded highway units and small convolu-
tional kernels. Finally, we will give the analysis of RHCNN
depth, illustrating the performance over various depths of the
proposed RHCNN.

Fig. 2. our types of highway units.

TABLE I

AVERAGE AND MAXIMUM GAIN OF PSNR (dB) OVER THE TESTING

IMAGES BY THE FOUR TYPES OF NETWORKS

WITH DIFFERENT HIGHWAY UNITS

A. Highway Units

From Fig. 2 (a), we could see the details of our highway
unit, which is composed of three layers. Among them, the first
two layers are 3×3 convolutional layers, followed by the cor-
responding ReLUs, and the other is an identity skip connection
(shortcut).

Besides the inner structure in Fig. 2 (a), there are also other
alternative formations, which are shown in Fig. 2 (b)-Fig. 2 (d).
We call Fig. 2(b), Fig. 2(c), and Fig. 2(d) as constant scaling
unit, dropout shortcut [25] unit and convolutional shortcut
unit, respectively. For constant scaling unit, we set the scaling
parameter to be 0.5. It should be noted in the training stages
of the dropout shortcut in Fig. 2 (c), the individual nodes are
either kept with probability of p, or dropped out of the net
with probability of 1 − p. In the experiment, the probability
p is set to 0.9.

Note that for a fair comparison, except for the various
highway units of these networks, we control all other variables,
including the training set, patch size, and networks depth et al.
to be the same. In this experiment, we extract 750 frames from
15 standard video sequences as the training set, and we split
these frames to 25 × 25 patches, with stride of 25 for training
these models. The testing set is composed of 660 frames from
11 standard video sequences, none of which is the same as
training frames. Similarly, we also split the testing frames
to patches of the same size for validating the efficiency of
different models. In addition, we employ the trained model
to recover the lossy frames compressed by QP 40 in HEVC.
The average and maximum PSNR values of these lossy frames
could be found in TABLE I. Obviously, our model shows the
best performance. Specifically, in terms of PSNR gain, our
RHCNN exceeds the second best one 0.08 dB in average and
0.05 dB in maximum.

Based on the observations above, we can draw the following
conclusions. Firstly, the proposed highway unit plays a vital
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role in achieving good performance, especially the shortcut in
highway unit. Besides, if we add a constant scaling factor,
as shown in Fig. 2 (b), the performance would get worse
than the result without the constant scaling factor, as shown
in Fig. 2 (a). The phenomenon is quite consistent with the
statement in [26] that the introduction of scaling factor in the
residual network will result in higher training error, suggesting
that the optimization has difficulties when the shortcut signal
is scaled down. In addition, the 3 × 3 convolutional shortcut
unit in Fig. 2 (d) introduces more parameters, and should have
better performance than the other three. But the fact is such
a shortcut unit performs the worst, which maybe caused by
optimization issues. Finally, the dropout shortcut unit is better
than the constant scaling and the convolutional shortcut units,
but still could not perform as well as the proposed one.

B. Identity Skip Connections (Shortcuts)

Practices and theories related to shortcuts connections have
been studied for a long time. Usually, identity skip connection
(shortcut) means adding an identity layer from one node to
another in neural networks. The shortcuts simply perform
identity mappings, and their outputs are added to the outputs
of the stacked layers. It is noteworthy that such a shortcut in
network introduces neither extra parameter nor computation
complexity, which is very attractive in practice. Therefore,
one advantage of the shortcut is that the signal can be back-
propagated to another layer directly, and this is helpful to
handle the gradient vanishing [27], making the training process
easier and faster. Another advantage is that it can pass image
details from the beginning to the end, which is beneficial in
recovering clean images. It should be noted that the identity
shortcut is not only used in every highway unit, but also added
in the whole network from the beginning to the end.

C. Network Architectures

For better understanding and realizing the importance of
network architectures, we have tested various plain, residual,
and residual highway networks, obtaining consistent result.
We describe three network architectures, and the comparisons
can be found in Fig. 3 and TABLE II. In Fig. 3, every block
of each architecture represents a layer in a deep convolutional
network and the arrow points to the forward direction. The
digits in each block, such as “3 × 3, 64", represent the size
and number of convolutional kernels in this layer, i.e. this layer
has 64 kernels, with the size of 3 × 3.

1) Plain Network: The plain baselines (Fig. 3(a)) are mainly
inspired by the philosophy of VGG nets [28]. The majority of
convolutional layers have 3×3 filters. To be specific, the plain
network has 13 convolutional layers, in which the spatial size
of the first 12 layers is 3×3 and the last one is 1×1. We also
add ReLU layers after each convolutional layer, which are
omitted for simplicity. Additionally, for each convolutional
layer, the input feature map size should be the same as the
previous output. The last 1 × 1 convolutional layer is helpful
to improve the ability of networks, which has been proved in
network in network (NIN) [29].

Fig. 3. Example network architectures. (a) 13-layer plain network.
(b) 13-layer residual network. (c) 13-layer RHCNN. The convolutional
layer parameters are denoted as “receptive field size, number of channels”.
In addition, there is one corresponding ReLU activation layer following each
convolutional layer, which is omitted for brevity.

2) Residual Network: Based on the above plain network,
we insert shortcuts connections which turn the network into
its counterpart residual version (Fig. 3(b)). It is worth noticing
that the identity shortcuts must be used when the input and
output are of the same dimensions.

3) Residual Highway Network: As shown in Fig. 3(c), our
residual highway network is equivalent to have 13 convolu-
tional layers for making a fair comparison among the different
network architectures. Here, ⊗ means concatenating of above
channels. Just as mentioned in Fig. 2(a), the highway units are
the main constituent parts of our RHCNN. To ensure the unit
state and transform feature maps are the same size as input,
we also add one convolutional layer before each highway unit.
Similarly, we add a 1 × 1 convolutional layer at the end of
RHCNN. NIN [29] shows that the incorporation of 1 × 1
convolutional layer also plays an important role in improving
accuracy.
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TABLE II

AVERAGE AND MAXIMUM GAIN OF PSNR (dB) OVER THE TESTING
FRAMES GENERATED BY THE THREE TYPES OF NETWORKS

Fig. 4. Average PSNR over the testing set by the proposed RHCNN with
various depth.

4) Discussions: We use different networks for enhanc-
ing the frames compressed with QP 40 in the comparison
experiments. As the same principle in the experiments in
Section III-A, we set all other variables the same when con-
ducting this experiment. From TABLE II, we have the follow-
ing observations. Testing on frames from 9 video sequences
by the trained models, our RHCNN surpasses the second best
residual network 0.05dB in average and 0.06dB in maximum.
Therefore, we can conclude that our RHCNN shows the
most stable ascent property and achieves the best performance
compared to the other two networks.

D. Analysis of RHCNN Depth

Generally, we may think that the deeper the network
is, the better performance it can achieve, such as the
famous AlexNet [21], GoogLeNet [30], VGGNet [28], and
ResNet [26] for image recognition. But we find that this
property is related to the architecture of network and the
applications. Similarly to the structure shown in Fig. 3(c),
we also conduct the same experiments on RHCNN with the
number of total layers of 9, 11, 13, 15, and 17 respectively.
When carrying out these experiments, the training set is the
same as mentioned in Section III-A.

From Fig. 4, we can see that 13-layer RHCNN converges
the fastest and gains the highest PSNR at last during training.
On the contrary, the deepest 17-layer RHCNN seems not
very stable, and reaches to a medium PSNR value. Besides,
9-layer and 11-layer RHCNNs perform badly. They look like
converging to a local optimum. Meanwhile, we could get the
same observations from TABLE III. 13-layer RHCNN has the
best performance in terms of both the average and maximum
PSNR, which is most important in real applications.

IV. RHCNN BASED IN-LOOP FILTERING

Since the proposed RHCNN model has a desirable property
of improving the quality of reconstructed frames, we embed

TABLE III

AVERAGE AND MAXIMUM GAIN OF PSNR (dB) OVER THE TESTING
IMAGES BY THE PROPOSED RHCNN WITH VARIOUS DEPTH

it into HEVC and devise a RHCNN based in-loop filtering in
this section. The RHCNN filtering is implemented following
the DF and SAO filter in HEVC. Consequently, the proposed
in-loop filtering has no conflict with the original deblocking
filter in HEVC, i.e., DF and SAO, which is able to further
improve the compression performance based on the default
settings in HEVC.

In HEVC, the distortion property of each frame is mainly
influenced by frame type (I frame, P frame, and B frame) and
QP. Each frame type utilizes different compression tools, and
consequently exhibits different distortion properties. QP gives
a certain quantization step size to make a tradeoff between
distortion and bitrate. To show the influences of these two
factors, we trained the RHCNN model for I, B and P frames
separately. These frames are compressed by HEVC reference
software HM 12 under different QPs.

The visualization of the amplified filtering magnitude of the
first convolutional layer is shown in Fig. 5. Here, we nor-
malize the coefficient magnitudes of the first layer in our
model and represent the coefficients as a gray image. The
black region represents the smaller coefficient, and the white
region represents the larger coefficient. We can observe for
different frame types (I, P, and B) and QPs, the distribu-
tion of the visualized images is different, which reveals the
coefficients of the trained RHCNN filters are quite differ-
ent for the compressed frames with different frame types
and QPs.

Inspired by the observations in Fig. 5, we should train differ-
ent RHCNNs based on the frame type and the corresponding
QP. One intuitive method is to train one RHCNNs model for
each QP and frame type, however it will consume a lot of
training time and take a large volume of space to store all the
corresponding RHCNN models for practical usage. To reduce
the number of RHCNNs needed to train and improve the
robustness of the RHCNN model, we divide the QPs into
several bands, and train the optimal RHCNNs for each band.
At present, each QP band includes 5 consecutive QP values.
It should be noted that other numbers of consecutive QP values
can also be set for each QP band. For each QP band, we train
one RHCNN model employing all the sequences compressed
under every QP contained by the corresponding band. In the
in-loop filtering process, we select the best RHCNN model
based on the frame type and the mapping relation between QP
and the group band index. Since all the distortion information
under all the QPs within the same band is employed during the
training, the trained RHCNN model can be more robust and
ensure the performance improvement for the corresponding
QP range. Besides, to further improve the performance we
adopt a progressive training scheme for the RHCNN, where
the QP band with lower value is used for early training and
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Fig. 5. Visualization of the amplified filtering magnitude of the first convolutional layer in the proposed RHCNN models for different frame types and QPs.
(a) Amplified filtering magnitude of I frame. (i) QP: 28. (ii) QP: 32. (iii) QP: 36. (iv) QP: 40. (b) Amplified filtering magnitude of P frame. (i) QP: 28.
(ii) QP: 32. (iii) QP: 36. (iv) QP: 40. (c) Amplified filtering magnitude of B frame. (i) QP: 28. (ii) QP: 32. (iii) QP: 36. (iv) QP: 40.

their weights are used as initial weights for QP band of higher
values in a progressive manner.

V. EXPERIMENTS

In this section, we test our proposed method and all the com-
peting methods over HEVC reference software, downloaded
from HEVC official website. We first outline our experimental
setup, including datasets and parameters used for training
and testing our network. Next, for verifying the superiority
and robustness of our method, we provide the results over
I frame, P frame, as well as B frame generated by ARCNN
and the proposed RHCNN. We also provide the comparison
between the proposed method and ALF. Finally, the analysis
of temporal quality variation and computational complexity is
given.

A. Experimental Settings

1) Training Dataset: We select 15 standard video sequences
with varying resolutions, which are utilized during the devel-
opment of HEVC and AVC, to derive the training data. For
every sequence, we extract 50 frames according to the rule
that picks one frame per five frames. To avoid overfitting,
we choose 300 frames from another 6 video sequences which

TABLE IV

THE SEQUENCES EMPLOYED IN THE TRAINING SET AND VALIDATION SET

are different from the frames in the training set as validation
images. Validation images are used to reflect the conver-
gence or the accuracy of the trained coefficients during the
training process. The sequences employed in the training set
and validation set are shown in TABLE IV. The testing set
is from 11 standard video sequences, none of which is the
same as training images and validation images. To better show
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the compression performance, we choose the first 50 suc-
cessive frames per sequence to test the performance of the
proposed method and all the competing methods. In particular,
to increase the data in the training set and improve the learning
accuracy, we split the training images to small patches of
25 × 25.

2) Training Protocol: We train the corresponding mappings
by minimizing the loss between the reconstructed frames
and the ground truth. That is to say, we need to estimate
the weights θ represented by the convolutional kernels to
learn the end-to-end function F(·) from distorted patches
to original ones. This is achieved by minimizing the Mean
Square Error (MSE) between the output images and the
input images. Therefore, given a collection of n training
image pairs Xi , Yi , where Xi is a lossy image and Yi is
the original version as the ground truth, we minimize the
following M SE :

L(θ) = 1

n

n∑

i=1

||F(Xi , θ) − Yi ||22. (1)

3) Parameter Settings: To speed up the converging process
and achieve global optimal values, xavier initialization [31]
and adaptive moment estimation (adam) [32] are employed
as the gradient descent optimization algorithm [33] in our
work. The learning rate changes during training, starting with a
higher value 0.01 and decreasing to almost 0 at last. We use the
deep learning library Tensorflow on an NVIDIA GTX TITAN
X GPU with 3072 CUDA cores to implement all operations
in our network.

B. Comparisons With ARCNN

We set the QPs = 28, 32, 36 and 40 under different
frame types to test the performance of ARCNN and HRCNN
from high to low bit-rates. The ARCNN code is downloaded
from the authors homepage, and we implement ARCNN
and HRCNN over HM 12. We train the model utilizing all
the frames compressed by the QPs within the corresponding
band.

To show the effectiveness of training RHCNNs separately
for different frame types, we first conduct an experiment,
where the RHCNN filters are trained jointly and separately for
P and B frames. The P frames are extracted from the sequences
compressed by LP (Low-delay P) configuration. And the B
frames are from RA (Random Access) configuration. We set
RA configuration with only I and B frames. Keeping the
same configuration, the trained RHCNN is applied to P and B
frames respectively, and the experiment results are provided
in TABLE V. Here, “Combining" means training the same
RHCNN filters for both P and B frames, and “Separating"
means training different RHCNN filters for P and B frames,
respectively. From TABLE V, it is obvious that when training
separately for different frame types, superior performance can
be achieved compared with that training one model for P and
B frames. Based on the experimental results in TABLE V, we
will train the RHCNN separately for different frame types in
the remaining of this paper.

TABLE V

COMPARISONS BETWEEN COMBINING AND SEPARATING P AND B FRAMES
DURING THE TRAINING OF THE PROPOSED MODEL

We present the experimental results over four QPs
under three compression configurations in TABLE VI to
TABLE VIII. All intra configuration is employed for the
I frame in Table VI. LP and RA configurations are employed
for P frame in Table VII and B frame in Table VIII, respec-
tively. Except the Bit-rate and PSNR, we also provide the
SSIM value, which measures the subjective similarity between
two images. It should be noted that the BDBR and BDPSNR
in ARCNN and the proposed method are computed between
the competing method and the HM 12. The minus value of
BDBR represents the percentage of bit rate reduction, while
the positive value represents the percentage of bit rate increase,
when compared with HM 12. From the three tables, RHCNN
holds the significant superiority on PSNR than reference
software HM 12 and the ARCNN method over all the three
configurations and four QPs in terms of both PSNR and SSIM.
ARCNN is able to improve the compression performance
for the I frames over all the test sequences, however the
improvement is quite limited. Besides, there are some positive
BDBR values for P and B frames over some test sequences,
which indicates that ARCNN is not robust enough to enable
better performance over all the test sequences. This is because
ARCNN has only four layers, which hampers its ability of
nonlinear mapping between the compressed frames and the
orignal ones. On the contrary, our proposed RHCNN is a
deep neural network and is composed of several highway
residual units, which bring the desirable ability of enhancing
the quality of reconstructed frames generated by HM 12.
Besides, the advantage of our RHCNN is more significant with
the increasing of QP level.

Another observation from TABLE VI-VIII is that the per-
formance of the proposed RHCNN is very robust in terms
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TABLE VI

COMPARISONS ABOUT BIT-RATE (kbps) AND PSNR (dB) OF I FRAMES PER SEQUENCE

of the resolution of the test sequences. It should be noted
that there are no sequences with resolution of 352×288,
704×576 and 2560×1600 in both the Training set and Vali-
dation set, however the performance is much higher over the
test sequences with resolutions of 352×288, 704×576, and
2560×1600. In addition, the proposed method has superior
performance for the sequences with both severe motion, e.g.,
Football and Stefan, and mild motion (remaining sequences
from TABLE VI-VIII). In other words, the results of the
11 test sequences with varying resolutions and motions are
all quite preponderant than ARCNN and HM 12, demon-
strating the strong adaptation capability of the proposed
method.

To better illustrate the performance improvement of the
proposed method in a more intuitive way, we also provide the
rate distortion curve comparisons among HM 12, ARCNN and
the proposed RHCNN model in Fig. 6 and Fig. 7. In Fig. 6,

it is difficult to distinguish HM 12 and ARCNN method
over P frames within sequences Football and RaceHorse.
However, significant performance gain can be observed by the
proposed RHCNN method. Similar observations can also be
found in Fig. 7 over B frames. In brief, our RHCNN shows
better performance on different compression configuration and
parameters.

We also show some visual comparisons in Fig. 8 and Fig. 9.
The test sequences in Fig. 8 and Fig. 9 are compressed under
QP 40 in LP configuration and RA configuration, respectively.
We use the red highlighted window to locate the comparison
area and magnify the comparison area 3 times to show more
detail. In Fig. 8, it is hard to observe the wrinkle in the
highlighted regions in the results generated by HM 12 and
ARCNN, when compared with the ground truth. Surprisingly,
the wrinkle patterns are clearly observed in the result generated
by the proposed method. This demonstrates the outstanding
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TABLE VII

COMPARISONS ABOUT BIT-RATE (kbps) AND PSNR (dB) OF P FRAMES PER SEQUENCE

visual improvement of the proposed method over HM 12 and
ARCNN method. Similarly, the eye regions generated by HM
12 and ARCNN in the highlighted regions are severely blurred
compared with the groudtruth in Fig. 9. On the contrary,
the eye regions generated by the proposed method is recovered
intactly. Because of the accurate mappings between the lossy
reconstructed frame and the corresponding original one, our
RHCNN seems to keep a good balance between artifacts
removal and details preservation.

C. Comparisons With ALF

ALF is widely explored in HEVC standardization stage
and current exploration stage of next generation standard.
To further demonstrate the superiority of the proposed method,
we also implement the RHCNN model to HM 7 with ALF
disabled and the average results of P and B frames are provided
in Table IX. Here, we employ the RA configuration, where

three B frames are inserted between two adjacent P frames.
It should be noted that the BDBR and BDPSNR in HM
7 + ALF and HM 7 + RHCNN are computed between
the competing method and the HM 7 in Table IX. We can
find significant bit-rate reduction of HM 7 + ALF compared
with HM 7, which demonstrates the superiority of ALF.
Another observation is that the average bit-rate reduction of
HM 7 + ALF and HM 7 + RHCNN are almost the same
over sequences with resolution of 352×288 and 416×240.
However, the bit-rate reduction of HM 7 + RHCNN is larger
than that of HM 7 + ALF over the sequences with resolution
of 704×576, 1280×720, and 2560×1600, which indicates
that HM 7 + RHCNN has an advantage over HM 7 +
ALF for sequences with higher resolution in terms of bit-rate
reduction.

To further show the influence of ALF on the proposed
RHCNN, we also implement the RHCNN to HM 7 with



3836 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 27, NO. 8, AUGUST 2018

TABLE VIII

COMPARISONS ABOUT BIT-RATE (kbps) AND PSNR (dB) OF B FRAMES PER SEQUENCE

ALF enabled and disabled, respectively. Here, the RHCNN is
applied following ALF. The LP configuration is utilized here
and the comparisons about Bit-rate (kbps) and PSNR (dB)
of P frames over each test sequence are given in Table X.
Here, the BDBR and BDPSNR in HM 7 + RHCNN and HM
7 + ALF + RHCNN are computed between the competing
method and the HM 7 + ALF. It can be observed that
HM 7 + RHCNN is able to reduce the bit-rates for almost
all the test sequences when compared to HM 7 + ALF,
except a little bit-rate increment for Football, Stefan, and
PeopleOnStreet. However, there are always significant bit-rates
reductions over all the test sequences when compared HM 7
+ ALF + RHCNN with HM 7 + ALF, which again verifies
the superiority of the proposed RHCNN model over ALF.

D. Analysis

1) Temporal Quality Variation Analysis: HEVC applies the
hierarchical prediction structure, which may cause the quality

variation along the temporal direction. To better show the
propagation effect from P to B frames and check the temporal
quality of RHCNN based in-loop filtering, we calculate both
the SSIM and PSNR of the first 50 successive frames from
Traffic compressed under HM 7 over QP 40. Here, we adopt
the RA configuration, where only the first frame is compressed
as I frame, and three B frames are inserted between every two
adjacent P frames for all the remaining frames. The curves of
SSIM and PSNR are shown in Fig.10. It can be observed that
there are quality variations (in terms of both SSIM and PSNR)
along the temporal direction in the results of both HM 7 and
HM 7 + RHCNN, which is mainly caused by the hierarchical
prediction structure adopted in HEVC. However, the quality
improvement between HM 7 + RHCNN and HM 7 is very
significant in both Fig. 10 (a) and Fig. 10 (b). This further
verifies the robustness of the proposed RHCNN based in-loop
filtering scheme in terms of frame types as well as prediction
structure.
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Fig. 6. RD-Curve of P frame over Football and RaceHorses. (a) Football. (b) RaceHorses.

Fig. 7. RD-Curve of B frame over Ice and PeopleOnStreet. (a) Ice. (b) PeopleOnStreet.

Fig. 8. Visual quality comparison of the 2nd frame within vidyo4 sequence. (a) The ground truth frame. (b) The compressed result with QP of 40. (c) The
result of ARCNN with QP of 40. (d) The result of our method with QP of 40.

2) Computational Complexity Analysis: Since the proposed
RHCNN has 13 layers and contains a lot of parameters
(around 3,340,000), the computational complexity seems to

be a major burden to its practical usage. TABLE XI gives the
average encoder running times (seconds/frame) on a typical
computer (Intel CPU 3.30 GHz and 32 GB memory) over
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Fig. 9. Visual quality comparison of the 17th frame within vidyo3 sequence. (a) The ground truth frame. (b) The compressed result with QP of 40. (c) The
result of ARCNN with QP of 40. (d) The result of our method with QP of 40.

TABLE IX

COMPARISONS ABOUT BIT-RATE (KBPS) AND PSNR (DB) OF P&B FRAMES PER SEQUENCE WITH ALF UNDER RA CONFIGURATION

the platform of HM 12. Here, the default deblocking and
SAO are enabled in HM 12. Obviously, the proposed method
takes much longer time compared to HM 12 to encode one

frame with different resolutions. To speed up the encoding
process, we apply the GPU parallel computing and each offline
model training costs 10 hours approximately. During in-loop
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TABLE X

COMPARISONS ABOUT BIT-RATE (kbps) AND PSNR (dB) OF P FRAMES PER SEQUENCE WITH ALF UNDER LP CONFIGURATION

Fig. 10. Temporal quality variation over Traffic. (a) SSIM of the first 50 successive compressed frames. (b) PSNR of the first 50 successive compressed
frames.

filtering phase, we embed the RHCNN into HM 12 and the
encoding time reduces greatly, e.g., about 17 times faster than
the original implementation without parallelization. Although

the numerous convolution operations in RHCNN take a lot of
time, with the help of GPU parallel computing, the encoder
running time is reduced to a tolerable limit, e.g., less than
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TABLE XI

THE ENCODER RUNNING TIME (SECOND) PER FRAME WITH
RESPECT TO DIFFERENT RESOLUTIONS

three times of the HM 12 reference software for sequences
with various resolutions.

VI. CONCLUSION

In this paper, we proposed a very deep residual highway
convolutional neural networks (RHCNN) in-loop filtering in
HEVC. It is made up of several cascaded highway units,
convolutional layers and shortcuts. Each highway unit contains
two small convolutional layers, followed by ReLU activation
layers and one identity skip connection. It is noteworthy
that the shortcut helps on recovering clean image details
and tackling the gradient vanishing problem. The RHCNN
is employed to approximate the inverse processing of the
quantization components, which are complicated nonlinear
ingredients in HEVC. To improve the accuracy and robustness,
the entire quantization parameter (QP) range is divided into
several QP bands, where a dedicated RHCNN is trained for
each QP band. Furthermore, we adopt a progressive training
scheme for the RHCNN where the QP band with lower
value is used for early training and their weights are used as
initial weights for QP band of higher values in a progressive
manner. Extensive experimental results validate the excellent
performance of our RHCNN. In addition, except QP and frame
type, the compression distortion is also affected by the texture
complexity, motion types of moving objects and cameras,
motion amounts, etc. It is worthy to employ these information
during the training of the proposed RHCNN, and it will be
our future work.
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