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Abstract: Owing to the ability of removing compression artifacts, extensive in-
loop filters have been proposed for video coding standards. They are performed 
after the reconstruction of all coding units (CUs), however, none of them has been 
taken into account in the mode decision when coding each CU. To address this 
issue and make the rate-distortion optimization (RDO) more precise for each CU, 
we introduce a low-pass filter when checking the rate-distortion cost after the 
reconstruction of each CU. Specifically, based on Haar wavelet, the reconstructed 
block is transformed to the frequency domain, and then an adaptive wavelet 
domain filter (AWF) is proposed to suppress the quantization noises in coded 
blocks. To be adaptive, the filter strength varies from CU to CU according to the 
texture complexity and quantization parameters (QPs). Experimental results show 
that the proposed method can reduce the compression artifacts and improve both 
the objective and subjective quality. 

1. Introduction 
According to the release of the Cisco Visual Networking Index [1], globally, IP video 
traffic will be 82% of all IP traffic (both business and consumer) by 2021, up from 73% in 
2016. In addition, increasing spatial and temporal resolutions of the videos continually 
raise new challenges to the video coding community in order to improve the compression 
efficiency beyond that provided by the state-of-the-art High Efficiency Video Coding 
(HEVC) standard [2]. To this end, the Joint Video Experts Team (JVET) [3], a 
collaborative team formed by the ITU-T Study Group 16 Video Coding Experts Group and 
ISO/IEC JTC1 SC29/WG11 (Moving Picture Experts Group, MPEG), has launched a 
project to develop a new video coding standard to be known as the Versatile Video Coding 
(VVC) in October 2017. The new standard is designed along the principle of block-based 
hybrid video coding, which is the same as HEVC [2]. Following this principle, a video 
frame is first partitioned into non-overlapped blocks and then each block is predicted by 
using either intra-frame or inter-frame prediction. The residual signal after prediction is 
then transformed to frequency domain, and then quantized and entropy coded. 

Due to the block-wise operation and coarse quantization, blocking and ringing artifacts 
as well as quantization noises have been inevitably induced in the decoded frames, which 
will reduce both the objective and subjective quality significantly. To alleviate these 
artifacts, various in-loop filtering algorithms have been proposed to tackle different 
artifacts during compression. Aiming at reducing the discontinuities at block boundaries 
and attenuating changes in the sample intensity of areas of a reconstructed picture, the 
deblocking filter and the sample adaptive offset filter (SAO) have been adopted in HEVC 
[2]. The recently adopted tool in VVC,  adaptive loop filter (ALF) [4], is a spatial domain 



Wiener filter, improving the coding efficiency significantly. Besides, a non-local structure-
based filter (NLSF) [5][6] is proposed to suppress the artifacts by searching similar patches.

    
Figure 1: An example of ringing artifacts in coded frames. 

The reason why these filters are called the in-loop filter is that they reside in the video 
coding loop, where the filtered frame can be used as prediction for later coded frames.  
Therefore, the inter-frame prediction could benefit from the in-loop filters as well. 
However, existing in-loop filters are performed after the reconstruction of the whole frame. 
Apparently, they will change the rate-distortion (RD) behavior of each coding unit (CU), 
making it inconsistent with that in rate-distortion optimization (RDO) [7] when performing 
CU-level mode decisions.  

To address this, two filtering algorithms have been proposed to the mode decision
process. One is the bilateral filter [8], which is a spatial domain filter to remove ringing 
artifacts in video coding. The other is the Hadamard based filter [9], where a 1D Hadamard 
transform is performed and a low-pass filter in frequency domain is used to smooth out the 
noises. The two filters have been proposed to the VVC standard, and they can produce 
similar performance. However, annoying ringing artifacts still exist in the reconstructed 
frames generated by these methods. The ringing artifacts are characterized by ripples in the 
pixel values along the image edges, especially in the low bit rate cases as shown in Fig. 1.  

In this work, we try to improve them from the following aspects. First, a more advanced 
frequency-domain filter is proposed to further improve the reconstruction quality, where 
an Adaptive Wavelet Domain Filter (AWF) is introduced by a 2-point Haar wavelet 
transform with a 2x2 sliding window. Second, an adaptive filtering strategy has been 
proposed to better fit varying video content and quantization level, where the optimal filter 
strength is offline trained under different conditions. The benefit from the proposed filter 
is three-fold. First, it can bring quality improvement objectively and subjectively to the 
current frame, and later coded frames as well when using inter-frame prediction. Second, 
it bridges the gap between the existing frame-level in-loop filters and CU-level mode 
decisions. Third, the intra prediction could also be improved because of the better 
reconstruction of neighboring pixels. We have implemented the proposed method in the 
latest VVC reference software VTM 2.0 [10]. Experimental results show that the proposed 
method can achieve up to 1.72% BD-rate saving in all intra configuration by  reducing the 
compression artifacts. More importantly, the subjective quality after the filtering, which 
was criticized in the Hadamard based filter [11], can be improved a lot. For example, the 



ringing artifacts and discontinuities artifacts have been well reduced and the subjective 
quality of the reconstructed frames has been highly improved. 

The rest of this paper is organized as follows. In Section 2, the proposed effective AWF 
scheme is presented. Experimental results and comparisons are shown in Section 3 and 
Section 4 concludes this paper. 

2. The Proposed AWF Scheme 
In this section, the design of the AWF is introduced in detail. The decoder pipeline is shown 
in Fig. 2, where the proposed AWF is applied right after the reconstruction of a CU. Section 
2.1 will introduce the Haar wavelet transform based filtering process, and an adaptive filter 
strength strategy will be proposed in Section 2.2.  
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Figure 2: The decoder pipeline with the proposed AWF. 

2.1. Haar Wavelet Transform based Filter 
Due to the compact spatial support, low complexity and the good property for edge 

preservation [12], Haar wavelet has been widely applied in various image processing 
applications including image denoising [13][14]. Therefore, in this work, we propose to 
use Haar wavelet to filter out the noises while keeping the edge structures. Specifically, a 
2-level Haar wavelet transform is applied to each overlapped 2x2 sub-block in a CU. The 
2-level transform is illustrated in Fig. 3. First, a 2-point Haar wavelet is applied to [ ] 
and [ ] , respectively, producing two low-frequency and two high-frequency 
coefficients, which can be formulated as follows,                                                [  ] = [ + ,  ]                                                 (1)                                                [  ] = [ + ,  ]                                                 (2) 
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Figure 3: Illustration of the 2-level Haar wavelet transform. 

where = 1 11 1  is the 2-point Haar wavelet basis. It can be seen that only addition 
and subtraction operations are needed, which is critical to keep lower complexity. Then, 
for the two low-frequency coefficients, the second-level Haar wavelet is performed as (3). 
After the 2-level Haar transform, three high-frequency coefficients in the frequency 
domain have been extracted through this process, as shown in (4).                              [ + , + ] = [ + + + , +  ]               (3)                                               =  [ , , + ]                                   (4) 

Then, to reduce the noises, a low-pass filter is applied to the high-frequency coefficients 
in  as follows,                                                              ( ) = ( )( ) + ( )                                                   (5) 

where ( ) is the filtered coefficients, = 0,1,2, and 0 controls the filtering strength. 
The larger  will apply stronger filtering. 

After the filtering process in frequency domain, the reconstructed pixels, denoted as [ , , , ], can be calculated by inverse Haar wavelet transform. Since the filtering is 
performed to overlapped 2x2 sub-blocks, most of the pixels will be processed multiple 
times except the four corner pixels. The final reconstruction of each pixel is averaged by 
the number of operations M. Fig. 4 gives an example of a 4x4 CU, M=1, 2 and 4 for the 
corner, boundary and center pixels, respectively. 

M = 1 M = 2

M = 4

 

 Figure 4: Illustration for the operation numbers of each pixel in a 4x4 CU. 



2.2. Adaptive Filter Strength 
According to (5), the hyper-parameter  representing the filtering strength is important. 

Therefore, how to determine effective  is the core work in the filtering process. It is 
known that blocking and ringing artifacts are more noticeable in lower bitrate, which means 
that the filtering strength should vary in terms of QPs. Besides, the filtering strength should 
also be adaptive to various video content with different texture complexities. 

To describe the texture complexity of a coding block quantitatively, a simple operator 
is calculated based on the reconstructed CU before the AWF, 

                                                             = 1 | ( ) |                                                 (6) 

where ( ) is the  pixel in the reconstructed CU and  is the total number of pixels.  
is the mean value over all pixels in  . The calculated value  is an estimation of the 
complexity of . Then, each CU can be categorized into three type based on , i.e., simple, 
medium and complex areas. By offline training and statistics analysis, the classification for 
each texture type is set as Table 1. One example of the classification for the sequence 
Johnny is shown in Fig. 5, where white and red blocks indicate simple and complex blocks, 
respectively. It shows the effectiveness of the classification. 

Table 1: The classification of a CU according to its texture complexity. 

 

 

 

 
Figure 5: An example of texture  type classification (Johnny). 

The impact of the filtering strength  on the BD-rate [15] is investigated in terms of 
different QPs and texture complexities. Experiments have been conducted on a set of 
sequences with different resolutions (from 3840x2160 to 416x240). Fig. 6 shows the BD-
rate reduction as a function of  for different texture complexities under different QPs. 
From Fig. 6, one can draw the following conclusions: 

CU type Condition 
Simple c  

Complex c  
Medium 5 < c < 50 



Figure 6: BD-rate reduction as a function of  for different texture complexities under 
different QPs (a) QP = 37; (b) QP = 32; (c) QP = 27. 

 For simple CUs, the BD-rate reduction is negligible and  has least impact on that.
Based on this observation, we propose to skip the AWF processing on simple CUs, 
which would significantly reduce the complexity while maintain the coding gains. 

 For CUs with medium complexity, the BD-rate reduction is consistently decreasing 
with the increasing of , indicating a smaller  would be more effective for these 
type of areas. 

 For complex CUs, the BD-rate reduction is superior to simpler CUs. But the 
behavior of the curves varies significantly on different QPs. 

Since complex CU has different behaviors for different QPs, we further study its 
 under several QPs as shown in Fig. 7, which indicates 

two facts: 
 The performance of AWF is better for lower bitrate, i.e., higher QPs. This makes 

sense as the higher QP generally will introduce more artefacts and noises. 
 The optimal  increases with the QP, indicating a stronger filtering is required to 

smooth out more noises in lower bitrate. 

 
Figure 7: BD-rate reduction with various  for complex texture 

under different QPs. 
 



Therefore, we disable the AWF for the simple CUs for speeding up, and the optimal  
is obtained by offline training for medium and complex CUs for performance improvement. 
The optimal  is shown in Table 2. 

Table 2: The optimal  for different texture complexities and QPs. 

Texture type 
QP Medium Complex 25  5 15 25 < 30  17 37 30 < 35 80 120 > 35 100 250 

3. Experimental Results 
In this section, the objective and subjective performance of the proposed scheme are 
evaluated, respectively. To verify the objective performance of the proposed scheme, we 
integrate the AWF filter on the reference software VVC Test Model (VTM) 2.0.1 released 
by JVET [10]. The testing configurations and encoding parameters are shown in Table 3, 
which conform to the common test conditions [16].  

The performance results in terms of BD-Rate [15] of the proposed scheme under all intra 
(AI) configuration are shown in Table 4. From Table 4, it can be observed that the proposed 
AWF scheme can achieve the coding gain by 0.64% for luma component on average under 
AI configuration. Specifically, the coding gain of BasketballDrill is up to 1.72%.  It is 
worth to mention that the coding gains achieved by the proposed scheme is more obvious 
for higher QP conditions. It indicates that the proposed AWF scheme is more effective for 
lower bitrate scenarios. 

Compared with Hadamard based filter [9], as shown in Table 4, it can be seen that the 
BD-rate reduction achieved by the proposed AWF method is 0.16% higher than that by the 
method of [9] on average. Besides,  for some testing sequences, e.g. Campfire and 
DaylightRoad2, where exist loss in [9], have achieved remarkable gain using the proposed 
scheme. Thus, it can be inferred that the proposed AWF scheme is much more effective 
than Hadamard based filter [9]. 

Table 3: Testing configurations and encoding parameters. 

Frame Number 2*Framerate 

Resolution 4k / 1080p / 720p / WVGA / WQVGA 

Configuration All intra 

QPs 22, 27, 32, 37 



Table 4: The performance of the proposed AWF method and Hadamard based  
filter [9] compared with VTM-2.0.1. 

Class  Sequences  
Hadamard based  

filter [10] 
The Proposed AWF 

Method 
Y U V Y U V 

Class A1 
Tango2 -0.24% 0.31% 0.10% -0.46% 0.06% -0.01% 

FoodMarket4 -0.34% 0.13% 0.23% -0.74% -0.18% 0.00%

Campfire 0.01% 0.43% 0.39% -0.31% 0.08% 0.25% 

Class A2 
CatRobot1 -0.53% 0.12% 0.07% -0.66% -0.15% -0.02% 

DaylightRoad2 0.11% 0.57% 0.69% -0.23% 0.11% 0.27% 

ParkRunning3 -0.64% 0.22% 0.20% -0.70% 0.21% 0.15% 

Class B 

MarketPlace -0.34% 0.41% 0.63% -0.44% 0.38% 0.27% 

RitualDance -0.57% 0.56% 0.46% -1.05% 0.48% 0.30%

Cactus -0.40% 0.25% 0.11% -0.43% 0.19% 0.14% 

BasketballDrive -0.46% 0.10% 0.06% -0.41% -0.17% 0.07% 

BQTerrace -0.33% 0.12% 0.32% -0.40% 0.27% 0.16% 

Class C 

BasketballDrill -1.24% 0.38% 0.41% -1.72% 0.19% 0.31% 

BQMall -0.79% 0.11% 0.32% -0.73% 0.02% 0.43% 

PartyScene -0.66% 0.18% 0.37% -0.64% 0.00% 0.24%

RaceHorses -0.64% 0.24% 0.57% -0.70% -0.01% 0.46% 

Class E 
FourPeople -0.89% 0.15% 0.14% -0.92% -0.01% 0.16% 

Johnny -0.01% 0.60% 0.22% -0.09% 0.37% 0.10% 

KristenAndSara -0.72% 0.10% 0.21% -0.80% 0.05% 0.06% 

Overall -0.48% 0.28% 0.31% -0.64% 0.11% 0.19% 

The subjective quality of the proposed method is shown in Fig. 8, where the VTM anchor 
and Hadamard based filtering [9] are compared. It can be seen that the proposed AWF can 
effectively remove the ringing artefacts while preserving the edges in the reconstruction 
while the other two can not. 

       
(a)                                              (b)                                                  (c)  



    
(d)                                             (e)                                                  (f) 

    
(g)                                             (h)                                                  (i) 

Figure 8: The subjective comparison of the reconstructed BQMall, BQSquare and 
BasketballDrill with QP=37 between (a)(d)(g) VTM, (b)(e)(h) Hadamard based filter [9], 

and (c)(f)(i) the proposed AWF scheme. 

4. Conclusion 

In this paper, we propose an effective AWF scheme to reduce compression artifacts by 
introducing a low-pass filter when checking the RD cost right after the reconstruction of 
each CU. In particular, based on the Haar wavelet transform, the reconstructed block is 
transformed to the frequency domain by 2-point Haar wavelet transforms with a 2x2 sliding 
window. Then, an adaptive filter is applied, where the filter strength varies according to 
the texture complexity and quantization parameters (QPs), making the filter more efficient 
and effective. Experimental results show that the proposed method can achieve up to 1.72% 
BD-rate saving in all intra configuration. More importantly, the subjective quality can be 
significantly improved by removing the ringing artefacts while preserving the edges. 
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