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Abstract

Video Compression Artifact Reduction aims to reduce the
artifacts caused by video compression algorithms and im-
prove the quality of compressed video frames. The critical
challenge in this task is to make use of the redundant high-
quality information in compressed frames for compensation
as much as possible. Two important possible compensations:
Motion compensation and global context, are not compre-
hensively considered in previous works, leading to inferior
results. The key idea of this paper is to fuse the motion
compensation and global context together to gain more com-
pensation information to improve the quality of compressed
videos. Here, we propose a novel Spatio-Temporal Com-
pensation Fusion (STCF) framework with the Parallel Swin-
CNN Fusion (PSCF) block, which can simultaneously learn
and merge the motion compensation and global context to re-
duce the video compression artifacts. Specifically, a temporal
self-attention strategy based on shifted windows is developed
to capture the global context in an efficient way, for which
we use the Swin transformer layer in the PSCF block. More-
over, an additional Ada-CNN layer is applied in the PSCF
block to extract the motion compensation. Experimental re-
sults demonstrate that our proposed STCF framework outper-
forms the state-of-the-art methods up to 0.23dB (27% im-
provement) on the MFQEv2 dataset.

1 Introduction

With the development of video-based applications, video
data have gradually become dominating digital network
traffic (Hoang and Zhou 2021). To tackle the huge space
cost and limited bandwidth in video data storage and
transmission, lossy video compression algorithms, such as
H.264/AVC (Wiegand et al. 2003) and H.265/HEVC (Sulli-
van et al. 2012), are widely used to compress video data.
However, lossy video compression can also lead to vari-
ous compression artifacts such as blocking, blurring, ring-
ing, edge/texture floating, and jerkiness (Zeng et al. 2014;
Deng et al. 2020). Such undesirable compression artifacts
severely affect the quality of experience (QoE). Further-
more, these distorted contents in the compressed video also
reduce the performance of downstream video-based tasks,
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Figure 1: A patch with artifacts (the blue one) can be com-
pensated with motion relevant or time line related patches on
account of the redundancy existing in the two dimensions,
which are marked as green and yellow, respectively.

such as video grounding (Zhang et al. 2020a; Liu et al.
2021a) and video summarization (Zhu et al. 2020; Apos-
tolidis et al. 2021). Consequently, video compression arti-
fact reduction has emerged as an important research topic in
computer vision.

In recent years, deep neural networks have achieved sig-
nificant performance improvement in video compression ar-
tifact reduction. These works roughly fall into two types:
Motion compensation based (Yang et al. 2018b; Xue et al.
2019; Guan et al. 2019; Deng et al. 2020; Zhu et al. 2019;
Zhao, Xu, and Zhou 2021) and global context based (Lu
et al. 2019; Xu et al. 2019; Hou, Zhao, and Wang 2021).
In detail, motion compensation of a target patch uses the in-
formation extracted from motion relevant patch, as shown
in Figure 1. The motion relevant patch is always explored
by optical flow or other motion alignment methods. For in-
stance, MFQE1.0 (Yang et al. 2018b) and MFQE2.0 (Guan
et al. 2019) adopt a widely used temporal fusion scheme
that incorporates dense optical flow for motion compensa-
tion. To improve the poor result of the optical flow estima-
tion algorithm on distorted video frames, STDF (Deng et al.
2020) employs the deformable convolution (Zhu et al. 2019)
to capture the motion compensation among multiple neigh-
boring frames. RFDA (Zhao, Xu, and Zhou 2021) extends
the STDF with recursive fusion and deformable spatiotem-
poral attention modules to model the motion compensation
within a long temporal range. Unlike motion compensation,



the global context captured from the highly correlated but
possibly motion-misaligned patches (global context relevant
patches in Figure 1) is also helpful for video compression ar-
tifact reduction. Several non-local based methods (Lu et al.
2019; Xu et al. 2019; Hou, Zhao, and Wang 2021) are pro-
posed to extract the global context. However, non-local suf-
fers from the huge computation cost. A work (Xu et al. 2019)
analyses the difference between global context and motion
compensation: The motion compensation is restricted by a
fixed flow magnitude depending on the motion field (locally
aggregated information); The global context is warped from
multiple positions depending on the similarity determined
by the feature. Hence, motion compensation and global con-
text can be considered as complementary information. Re-
cent works only exploit one of them to enhance the quality
of compressed videos. Thus, although these methods have
made great progress in this task, their performance is still
limited due to the incomplete compensation information.

To address the issues mentioned above, we fuse motion
compensation and global context from multiple preceding
and following frames of the compressed frame to boost the
performance of video compression artifact reduction. To this
end, we propose a novel end-to-end Spatio-Temporal Com-
pensation Fusion (STCF) framework. Our framework con-
sists of the Spatiotemporal Alignment (SA) module and the
Quality Enhancement (QE) module. The SA module is used
to align the motion of input frames with the predicted offsets
and provide the shallow temporal feature. The QE module
infers the high-quality frame from the fused compensation
produced by the efficient Parallel Swin-CNN Fusion (PSCF)
block. In detail, the motion compensation is learned from the
shallow temporal feature via the Ada-CNN layer in PSCF.
To reduce the computational complexity for global con-
text extraction, we further design a shifted windows (Swin)
based temporal self-attention to compute the intra-frame and
inter-frame patch-wise similarity. We select the optimal fu-
sion scheme to aggregate motion compensation and global
context through experiments. Our framework can fully use
the neighboring highly-related compensation information to
enhance the compressed frame, which outperforms all exist-
ing methods on the MFQEv?2 dataset.

Major contributions of this work include: 1) We propose
and verify a new solution for video compression artifact re-
duction by exploiting both motion compensation and global
context. 2) We develop an STCF framework with the novel
PSCF block. The PSCF block is efficient and effective that
can be easily extended to various video low-level tasks.
3) We design a Swin-based temporal self-attention strategy
that dramatically reduces the calculation cost and enables
high resolution training and inference. 4) We conduct exten-
sive experiments over the MFQEv2 dataset to evaluate the
proposed method. Our method achieves state-of-the-art per-
formance for video compression artifact reduction.

2 Related Work
2.1 Image Compression Artifact Reduction

In early studies, prior knowledge plays a vital role in im-
age compression artifact reduction since it is an ill-posed
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inverse problem. The prior knowledge includes: The quan-
tization step (Liu et al. 2016), sparse representation (Song
et al. 2020), non-local self-similarity (Zhang et al. 2013),
and graph (Mu et al. 2020). Recently, deep learning (DL)
has made breakthrough progress in JPEG compression ar-
tifacts removal. ARCNN (Dong et al. 2015) first introduces
the DL-based method by designing a four-layer CNNs archi-
tecture. Several deep networks (Zhang et al. 2017, 2020b)
are well designed in residual architectures. Many non-local
based methods (Liu et al. 2018; Zhang et al. 2019) utilize the
long-range dependencies of the whole image to reduce arti-
facts. They compute the self-similarity between each pixel
and its neighbors to capture the intra-frame global context.

2.2 Video Compression Artifact Reduction

Most previous methods (Dai, Liu, and Wu 2017; Yang,
Xu, and Wang 2017; Jin et al. 2018; Yang et al. 2018a;
Wang, Chen, and Chao 2017) take only a single frame
to reduce video compression artifacts, neglecting the spa-
tiotemporal correlation between neighboring frames. Thus,
recent works are proposed to exploit the spatiotemporal in-
formation such as motion compensation and global con-
text from neighboring frames. TOFlow (Xue et al. 2019)
designs DL-based motion estimation and video processing
components with a joint training strategy to handle various
low-level vision tasks. MFQEI1.0 (Yang et al. 2018b) and
MFQE2.0 (Guan et al. 2019) propose multi-frame quality
enhancement (MFQE) and utilize motion compensation of
the two nearest peak quality frames extracted by optical flow
estimation algorithm to enhance low-quality frames. Since
compression artifacts could seriously distort video contents
and break pixel-wise correspondences between frames, the
estimated optical flow tends to be inaccurate and unreliable.
Consequently, the STDF (Deng et al. 2020) leverages the
deformable convolution to align the motion and capture the
motion compensation. RFDA (Zhao, Xu, and Zhou 2021)
further improves the STDF with recursive fusion and de-
formable spatiotemporal attention modules to model the mo-
tion compensation within a long temporal range. C3D lay-
ers are also utilized to learn the motion compensation (Ding
et al. 2021). Several works (Lu et al. 2019; Hou, Zhao,
and Wang 2021) apply the non-local method to acquire the
global context among neighboring frames. A two-stage non-
local similarity approximation (Xu et al. 2019) is developed
to reduce the calculation and memory cost of the non-local
operation. Differently, here, we adopt a Swin-based tempo-
ral self-attention to model both intra-frame and inter-frame
global contexts in a low computation-cost way. Besides, pre-
vious methods fail to comprehensively consider both motion
compensation and global context, and the video enhanced by
them still suffers from artifacts. Our framework can lever-
age much more compensation, significantly improving the
restoration performance.

2.3 Shifted Windows based Self-Attention

Recently, self-attention (Vaswani et al. 2017) has gained
much popularity in the computer vision field. The self-
attention learns to attend to important image regions by ex-
ploring the global context between different regions. Al-
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Figure 2: Architecture of our Spatio-Temporal Compensation Fusion (STCF) framework.

though the self-attention shows impressive performance on
various tasks, the high computational cost makes it diffi-
cult to be applied to low-level vision tasks. The shifted win-
dows (Swin) self-attention (Liu et al. 2021b,a) brings greater
efficiency by limiting self-attention computation to non-
overlapping local windows while allowing cross-window
interaction. After that, Swin self-attention has been exten-
sively applied to image low-level vision tasks (Liang et al.
2021; Wang et al. 2022; Zhang et al. 2022). As our pro-
posed temporal self-attention gives rise to huge computa-
tional complexity, making it difficult to train and infer on
high-resolution videos, we introduce the Swin self-attention
mechanism to solve this problem, which makes our temporal
self-attention workable for high-resolution videos.

3 Proposed Method
3.1 Overview

Given a T-frames compressed video VIQ = {X, €
REXHXW 4 — 1 ... T}, where the C is the number of
channels of the compressed frame, and H, W represent
the frame height and width, respectively, video compres-
sion artifact reduction aims to reduce the artifacts in com-
pressed frame X, and enhance it to a high-quality frame

Y;. In our method, we take the preceding and succeed-
ing R frames as input to enhance the quality of the target
frame X;. Thus, the corresponding input reference frames
are It = {Xt—R7 . aXt7 e 7Xt+R}'

In this paper, we consider employing motion compensa-
tion and global context to enhance the quality of the com-
pressed frame. For motion compensation, it is necessary to
predict the motion offsets to align the motion in consecu-
tive frames (Deng et al. 2020; Zhao, Xu, and Zhou 2021),
so we can get the aligned shallow feature to extract the deep
motion compensation. Besides, our proposed temporal self-
attention method requires the aligned shallow feature to ex-
tract the global context. As shown in Figure 2, we design a
Spatiotemporal Alignment (SA) module, which is responsi-
ble for aligning the motion in reference frames and provid-
ing the shallow temporal feature. The structure and settings
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of the SA module are the same as those of the STDF mod-
ule in (Deng et al. 2020), which is commonly used in recent
works (Zhao, Xu, and Zhou 2021; Xu et al. 2021).

After that, we can easily apply our proposed Parallel
Swin-CNN Fusion (PSCF) blocks to capture and fuse mo-
tion compensation and global context. In the PSCF block,
the motion compensation is captured by the Ada-CNN layer,
while the Swin transformer layer models the global con-
text following the Swin-based temporal self-attention mech-
anism. The fusion layer in PSCF will aggregate the motion
compensation and global context together.

To reduce the computational complexity, we utilize Down
Head to reduce the spatial resolution of features. The UP Tail
utilizes an architecture contrary to that of the Down Head to
restore the original resolution behind the final PSCF block.
Finally, a convolutional layer combines the fused compen-
sation with the shallow feature from a skip connection to
generate the residual for the enhanced frame. All these com-
ponents make up our Quality Enhancement (QE) module.
Overall, the enhanced frame Yt of the compressed frame X,
can be generated as follow:

fts :fe(It)a
}A/t :‘F¢(f£57Xt)a

where Fy(-) represents the Spatiotemporal Alignment mod-
ule, and F(-) is the Quality Enhancement module. 6 and ¢
are the learnable parameters of the corresponding modules.
[ € REHXW g the shallow temporal feature, where C'y
indicates the number of channels for it.

(D

3.2 Motion Compensation via Ada-CNN

Through the SA module, we extract the aligned shallow fea-
tures of the reference frames I;. To obtain motion compen-
sation, we need to further extract the deep spatiotemporal
information from the shallow feature. Thus, we propose the
Ada-CNN, and the structure of Ada-CNN is illustrated in
Figure 2.

The design of Ada-CNN is based on the residual block
with two improvements: 1) Wide activation. Inspired by



WDSR-A (Yu et al. 2018), we use the 3 x 3 convolution
to enlarge the channel number of the input feature by a fac-
tor of 4 before ReLU activation; 2) Adaptive parameters.
We add two additional learnable parameters « and /3, which
are initialized with 1 and 0.2, respectively. After these im-
provements, the Ada-CNN can be extended to a very deep
version to achieve better results.

3.3 Global Context via Swin-based Temporal
Self-Attention

In image-oriented vision tasks, self-attention (Vaswani et al.
2017) is widely used to extract the global context within a
single image. However, video-oriented tasks require com-
puting both intra-frame and inter-frame global context in-
formation, which is beyond the capability of self-attention.
At the same time, due to the high computational complexity,
self-attention is difficult to train or infer with high-resolution
data. To address these issues, we first extend self-attention to
a temporal self-attention by replacing the key and value vec-
tors. Then, we introduce the Swin self-attention (Liu et al.
2021b) in our temporal self-attention by an approximation
method to reduce the computational complexity. In the fol-
lowing, we present how to learn the global context via Swin-
based temporal self-attention.

Temporal self-attention. Given a specific compressed
frame X, (¢ frame of V1?) as target frame, and the corre-
sponding reference frames I;, = { X[t =t9o — R,...,to +
R}, different from self-attention, our temporal self-attention
computes the query vector @ from the target compressed
frame X;, while the key vectors K* and value vectors V;?
are calculated from the reference frames:

QL = WQFT(XtO)y
KPR =WgF.(Xy),t € {to—R,... ,to + R},
VE =Wy F(Xi),t € {to— R,...,to + R},

@

where F(-) represents the feature extractor, 7 is learnable
parameters, and Wq, Wy, Wy, € RPXC+ are the projection
matrices. Provided C.- is the channel number of the feature
from F, (-), and D the channel number of projected features,
the global context G, of X, is calculated as follows:
L R\T
1, = {Somtar( Ty

t:to—R7...,t0+R}.

3

Since QF is computed from the target frame while K[
and V, are from the reference frames, the Gy, aggregates
the correlation between elements (pixels or patches) in the
reference frames. However, temporal self-attention suffers
from high computational complexity. The computational
complexity of temporal self-attention (omit the F-(+)) is:

QTMA) = 2R+ 1) x (4hwD? + 2(hw)?D),  (4)

where h and w are the height and width of Q”. The com-
putation of temporal self-attention is generally unaffordable
for a large hw. The Swin scheme brings greater efficiency by
limiting self-attention computation to non-overlapping local
windows while also allowing for cross-window interaction.
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So, we attempt to introduce the Swin self-attention in tem-
poral self-attention. However, it requires @), K, and V' com-
puted from the same frame feature.

Approximation of the query vector. As shown in Fig-
ure 1, the motion relevant patch in the neighboring frame has
the same content as the target patch. Therefore, the global
context queried by the motion relevant patch should be con-
sistent with that queried by the target patch. Motivated by
this, we align the motion between reference frames and the
target frame to get the aligned frames I; lign _ g xphion |y —

to — R,...,to + R}, and make an approximation to Q*:
QF = WoFr(X,) ~ WoF-(X;10m)
=QFte{ty—R,...,to+ R}.
Combining Equations (2)1(3)’ and (5), we can recalculate

(&)

the global context on the IZ)”"” as follows:
WoH,(WiH,)"
Gy, = {SoftMax WvH.}, (6)

where H, = .FT(IZ)ZZQ ") is the feature map of the aligned
frames. After approximation, the @, K, and V are all com-
puted from H., so we can directly apply the Swin self-
attention to reduce the computational complexity. Suppos-
ing each window in Swin self-attention contains M x M
pixels, the computational complexity of Swin-based tempo-
ral self-attention will be reduced to:

QSWTMA) = (2R + 1) x (4hwD? + 2M?*hwD). (7)

In summary, we decompose the temporal self-attention
mechanism into two processes: Motion alignment and Swin
self-attention, which can reduce the computational complex-
ity without affecting the performance. Especially, the H.
is the feature of motion-aligned reference frames, which
is exactly the shallow feature f;° calculated by the SA
module. Consequently, we only need to employ the Swin
self-attention after the SA module. In practice, instead of
Swin self-attention, we apply the whole Swin transformer
layer (detailed in Figure 2) proposed in (Liu et al. 2021b) to
capture the global context for better performance.

3.4 Parallel Swin-CNN Fusion Blocks

We parallelize the Ada-CNN layer with the Swin trans-
former layer and further utilize a fusion layer to learn and
fuse the different compensations. This parallel structure re-
ferred to as Parallel Swin-CNN Fusion (PSCF) block. The
QE module takes N PSCF blocks to continuously refine the
extracted compensation information. We have conducted ex-
tensive experiments on the number of blocks N and the fu-
sion scheme used in the fusion layer, which will be presented
in Sec 4.4.

Before the PSCF, a Down Head is used to reduce the spa-
tial feature resolution. Correspondingly, an Up Tail is placed
after the last PSCF block to restore the resolution. For the
Swin transformer layer, they also play the role of patch par-
tition layer and patch merging layer, respectively. The Down
Head comprises an inverse pixel shuffle layer (Shi et al.
2016) and a 3 x 3 convolutional layer. The Up Tail utilizes
an architecture contrast to that of the Down Head.



R-CNN DnCNN MFQE 2.0 STDF-R3L RFDA Ba51cVSR++ Ours

QP Approach ICCV2015 TIP2017 TPAMI2019 AAAI2020 MM2021 CVPR2022 N=16
A Traffic 0.2470.47 0.24/0.57 0.59/1.02 0.73/1.15 0.80/1.28 0.94/1.52 | 0.91/1.44
PeopleOnStreet || 0.35/0.75 0.41/0.82 092/1.57 125/196 144/222 1.37/223 | 1.62/2.43
Kimono 0.22/0.65 0.24/0.75 0.55/1.18 0.85/1.61 1.02/1.86 1.41/2.18 | 1.21/1.94
ParkScene 0.14/0.38 0.14/0.50 0.46/1.23 0.59/1.47 0.64/1.58 0.86/2.25 | 0.74/1.79
B | Cactus 0.19/0.38 0.20/0.48 0.50/1.00 0.77/1.38 0.83/1.49 0.62/1.51 | 0.93/1.61
BQTerrace 0.20/0.28 0.20/0.38 0.40/0.67 0.63/1.06 0.65/1.06 0.71/1.25 | 0.75/1.25
BasketballDrive || 0.23/0.55 0.25/0.58 0.47/0.83 0.75/1.23 0.87/1.40 1.02/1.53 1.09 /1.59
RaceHorses 0.22/0.43 0.25/0.65 0.39/0.80 0.55/1.35 0.48/1.23 0.76/1.84 | 0.69/1.59
C BQMall 0.28/0.68 0.28/0.68 0.62/1.20 0.99/1.80 1.09/1.97 1.17/2.24 | 1.25/2.21
37 PartyScene 0.11/0.38 0.13/0.48 0.36/1.18 0.68/1.94 0.66/1.88 0.44/1.71 0.73/2.28
BasketballDrill 0.25/0.58 0.33/0.68 0.58/1.20 0.79/1.49 0.88/1.67 0.87/1.67 | 0.96/1.76
RaceHorses 0.2770.55 031/0.73 0.59/1.43 0.83/2.08 0.85/2.11 1.02/2.74 | 1.02/2.47
D BQSquare 0.08/0.08 0.13/0.18 0.34/0.65 094/1.25 1.05/1.39 0.61/093 | 1.06/1.48
BlowingBubbles || 0.16/0.35 0.18/0.58 0.53/1.70 0.74/2.26 0.78/2.40 0.69/2.65 | 0.80/2.53
BasketballPass 0.26/0.58 0.31/0.75 0.73/1.55 1.08/2.12 1.13/2.24 1.22/2.66 | 1.32/2.63
FourPeople 0.37/0.50 0.39/0.60 0.73/0.95 0.94/1.17 1.13/1.36 1.13/1.38 | 1.11/1.33
E | Johnny 0.25/0.10 0.32/0.40 0.60/0.68 0.81/0.88 0.90/0.94 0.99/097 | 1.00/1.13
KristenAndSara || 0.41/0.50 0.42/0.60 0.75/0.85 0.97/0.96 1.19/1.15 1.20/1.13 1.12/1.11
Average 0.23/0.45 0.26/0.58 0.56/1.09 0.83/1.51 091/1.62 0.95/1.80 | 1.02/1.81
42 Average 0.29/0.96 0.22/0.77 0.59/1.65 0.76/2.04 0.82/2.20 —/- 0.88 /2.34
32 Average 0.18/0.19 0.26/0.35 0.52/0.68 0.86/1.04 0.87/1.07 0.89/1.25 | 1.07/1.32
27 Average 0.18/0.14 0.27/0.24 0.49/0.42 0.72/0.57 0.82/0.68 —/- 1.05/0.88
22 Average 0.14/0.08 0.29/0.18 0.46/0.27 0.63/0.34 0.76/0.42 —/- 0.93/0.54

Table 1: Overall performance comparison in terms of APSNR (dB) / ASSIM (x 1072) over the test sequences at five QPs.
Video resolutions: Class A (2560 x 1600), Class B (1920 x 1080), Class C (832 x 480), Class D (480 x 240), Class E (1280 x 720).

4 Experiments
4.1 Dataset

Following recent works (Deng et al. 2020; Zhao, Xu, and
Zhou 2021; Xu et al. 2021), we conduct our experiments
on the MFQEv2 dataset. It contains 126 video sequences
collected from Xiph', VQEG?, and JCT-VC (Bossen 2011)
with various resolutions and contents. According to the com-
mon setting in the above works: 108 of them are taken
for training and the remaining 18 for testing. All video se-
quences are compressed by HM 16.20 with HEVC Low-
Delay-P (LDP) configuration. In order to evaluate perfor-
mance under different compression levels, the compres-
sion is conducted with five different Quantization Parame-
ters (QPs): 22, 27, 32, 37, and 42.

4.2 Implementation Details

In our experiments, we set STDF-R3L (Deng et al. 2020)
and RFDA (Zhao, Xu, and Zhou 2021) as our baseline. Fol-
lowing their settings, we set R = 3. The number of channels
C' for the feature fed into the QE module is 64. The window
size M is 8, and the number of layers N for the PSCF block
is 16. In the training phase, we randomly crop 128 x 128
clips from raw, and the corresponding compressed videos
as training samples. The data augmentation (flip and rota-
tion) is adopted to further expand training samples. We only
employ the Charbonnier Loss (Charbonnier et al. 1994) to

'https://media.xiph.org/video/derf
“https://vqeg.org/video-datasets-and-organizations.aspx
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optimize the model. Our model is trained by the Adam opti-
mizer (Kingma and Ba 2014) with an initial learning rate of
10~%. The learning rate will be set to 10~° when 80% iter-
ations are reached. Our model is trained on 4 NVIDIA 16G
V100 GPUs with Pytorch1.10. For evaluation, the same as
the baseline works, we only apply quality enhancement on
Y-channel in YUV/YCbCr space. We adopt improvement
over Peak Signal-to-Noise Ratio (APSNR) and Structural
Similarity (ASSIM) (Wang et al. 2004) to evaluate quality
enhancement performance. Code is available®.

4.3 Comparison to State-of-the-Art Methods

We compare our method with recently proposed state-
of-the-art methods on MFQEv2 dataset, including: AR-
CNN (Dong et al. 2015), DnCNN (Zhang et al. 2017),
MFQE2.0 (Guan et al. 2019), STDF-R3L (Deng et al.
2020), and RFDA (Zhao, Xu, and Zhou 2021). The results of
these methods are partially cited from (Zhao, Xu, and Zhou
2021). The latest BasicVSR++ (Chan et al. 2022) shows ex-
cellent performance in video low-level tasks (Yang 2021,
2022). The official release of BasicVSR++ is pre-trained
with other datasets and fine-tuned with complicated boost-
ing schemes, so we retrain it on the MFQEv?2 dataset (QP37
and QP32) with the same settings as the other baselines for
a fair comparison.

Overall performance. Table 1 presents the results of
PSNR/SSIM improvement. The results show that our
method performs among the best across five QPs in terms

*https://github.com/WilliammmZ/STCF
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Figure 3: PSNR curves of HEVC, RFDA, BasicVSR++, and
ours on test sequence Cactus at QP=37.

Method QP27 QP32 QP37
HEVC 1.07/0.83 1.38/0.82 1.42/0.79
AR-CNN 1.07/0.83 1.38/0.82 1.44/0.80
DnCNN 1.06/0.83 1.40/0.83 1.44/0.80
DCAD 1.07/0.83 1.39/0.83 1.45/0.80
DS-CNN 1.07/0.83 1.39/0.83 1.46/0.80
MFQE 2.0 0.77/0.74 0.98/0.70 0.96/0.67
RFDA 0.63/0.61 0.70/0.63 0.69/0.61
BasicVSR++ - 0.73/0.67 0.71/0.66
Ours 0.57/0.58 0.62/0.59 0.61/0.61

Table 2: Averaged PVD/SD of test sequences for PSNR at
QP=27, 32, and 37.

of average APSNR and ASSIM. Our method achieves 0.06-
0.23 dB (up to 27 %) improvement in PSNR compared with
RFDA. Besides, Our method achieves 0.07-0.18 dB (up to
20%) improvement in PSNR compared with BasicVSR++.
Similar improvements can be observed for SSIM. However,
the RFDA employs the motion compensation among all pre-
ceding frames. BasicVSR++ adopts bidirectional propaga-
tion to exploit motion compensation from the entire input
video. Differently, our proposed method enhances the com-
pressed frame by global context and motion compensation
information explored from only 6 neighboring frames. It ev-
idences the importance of the fused compensation. These all
verify the superiority of our method in video compression
artifact reduction.

Quality Fluctuation. Quality fluctuation is another index
to evaluate the quality of a whole enhanced video (Guan
et al. 2019). Drastic quality fluctuation often causes severe
temporal inconsistency and degradation of QoE. We eval-
vate the fluctuation by Standard Deviation (SD) and Peak-
Valley Difference (PVD) (Xu et al. 2019) on each test se-
quence. The averaged PVD and SD over all test sequences
are presented in Table 2. We can see that our method has
the smallest averaged PVD and SD, which means our ap-
proach is more stable than the other baselines. Figure 3
shows a group of PSNR curves. Each group consists of four
PSNR curves of a test sequence compressed by HEVC and
the three corresponding sequences enhanced by STDF-R3L,
BasicVSR++, and our method. Compared with the other
methods, our method achieves larger PSNR improvement
over the compressed frames but minor fluctuation.

Rate-distortion. Here, we evaluate the rate-distortion of
our method and compare it with state-of-the-art approaches.
For simplicity of illustration, we present the results of
the compressed videos (HEVC), two state-of-the-art meth-
ods (RFDA and BasicVSR++), and our method in Figure 4.
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Figure 4: Rate-distortion performance on two test videos in
MFQEv2. Our method outperforms the other approaches at
various bitrates.

Method Run-time #Params APSNR
RFDA 582.4 1.27 0.91
BasicVSR++ 172.0 7.40 0.95
Ours 1486.9 1.96 1.02
Ours-Light 842.6 1.13 0.99

Table 3: Inference run-time (ms) and parameter scale (M)
comparison. For run-time, all methods are retested on a 720p
video with the NVIDIA Tesla P40 GPU.

Due to the lack of data, it only displays the results of the
BasicVSR++ in QP37 and QP32. From Figure 4, we can see
that for a similar bitrate, our method gets a larger PSNR than
the other approaches, which indicates that our method per-
forms better than the other approaches in rate-distortion.

Efficiency of the methods. To explore the inference ef-
ficiency, we calculate the inference run-time and parameter
size metrics between our method and other state-of-the-art
methods. As our method has to explore both motion com-
pensation and global context, it consumes more time than
the other methods. However, the run-time of our method
is acceptable, as our method has a smaller number of pa-
rameters. Specifically, our method gets an averaged APSNR
improvement of 7.4% (from 0.95 dB to 1.02 dB for QP37)
and has about 73.5% fewer parameters than BasicVSR++.
It demonstrates that our method achieves a good trade-
off between performance and efficiency. We also provide a
lightweight version framework with only 8 PSCF blocks. A
smaller number of parameters allows us to test with a larger
batch size, which can further improve the run-time.

Qualitative Results. As shown in Figure 5, we conduct
a qualitative comparison to compare the reduction effect
of different methods. The compressed patches in the 2nd
column suffer from various compression artifacts (the ring-
ing in BasketballDrive, and the blurring and edge floating
in BQTerrace). Although image artifacts reduction methods
can somehow reduce those artifacts, the enhanced frames
usually become over-blurred and lack details, while STDF-
R3, RFDA, and BasicVSR++ suffer from over-smoothing.
However, our method restores more details or textures in the
enhanced frame. All these indicate the strong capability of
our method for handling distortions.



Full Frame Compressed AR-CNN DnCNN

STDF-R3L

RFDA BasicVSR++ Ours Raw Patch

Figure 5: Qualitative results on the state-of-the-art methods and our method. The test video name (from top to bottom): Basket-

ballDrive, BQTerrace, and BQMall.

Method Fusion Scheme APSNR ASSIM
Only Ada-CNN - 0.78 1.48
Only Swin - 0.89 1.60
Add 0.97 1.73
Full PSCF Concat & Conv 0.99 1.77

Table 4: Ablation study of the PSCF block with QP = 37.
We train our methods with 8-layer PSCF and fixed window
size 8 for quick experiment. (Conv: 1 X 1 convolution.)

#Blocks (V) Window size (M) APSNR ASSIM
4 0.93 1.68
8 8 0.99 1.77
16 1.02 1.81
4 0.95 1.71
8 7 0.94 1.72
10 0.96 1.72

Table 5: Ablation study on the number of PSCF blocks and
the window size of Swin transformer layer with QP = 37.

4.4 Ablation Study

The effect of fused compensation (PSCF block). Accord-
ing to the results in Table 4, the Full PSCF method out-
performs all methods that only consider motion compen-
sation (Row 1) or global context (Row 2). To better ex-
plain the benefits of fusion compensation, we display the
enhanced frames and learned residuals in Figure 6. We find
that the residual learned by fusion compensation can cap-
ture more details. The compressed frame enhanced by fu-
sion compensation has fewer compression artifacts and re-
stores the texture clearer. This phenomenon further proves
the effectiveness of fusing motion compensation and global
context. As shown in Table 4 (Row 3-4), two fusion schemes
have been applied to fuse the compensations. We select the
Concat&Conv scheme to merge the motion compensation
and global context for a better result.

The number of PSCF blocks. The number of PSCF
blocks N is a vital configuration for our proposed model.
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Figure 6: Visualization of the enhanced frames and learned
residuals with different models.

We vary the N from 4 to 16 with a fixed window size of 8.
The results are shown in Table 5. We observe that increasing
N from 4 to 16 brings impressive improvements to APSNR
and ASSIM. It reflects the superiority of the PSCF block.

The window size of Swin transformer layer. The Swin
transformer layer is applied in the PSCF block as part of
temporal self-attention to capture the global context com-
pensation. The window size M controls the performance of
the Swin transformer. We tune M from 4 to 10 and show the
results in Table 5 (Row 2 and 4-6). The APSNR and ASSIM
change slightly for different M, except M = 8. We select
M = 8 as the default window size for the optimal result.

5 Conclusion

This paper proposes a novel Spatio-Temporal Compensation
Fusion framework for removing video compression artifacts
by learning and fusing the motion compensation and global
context. In addition, a Swin-based temporal self-attention
approximation strategy is introduced for efficiently captur-
ing the global context. Extensive experiments demonstrate
that our method can improve the quality of compressed
videos considerably, reduce artifacts effectively, and outper-
form all the existing methods. Moreover, the Parallel Swin-
CNN Fusion block can be easily adapted to the existing
multi-frame methods of video-related tasks. Thus, we plan
to extend our method to other low-level video tasks.
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