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Abstract— This paper proposes a method to estimate
coefficients for blocking artifact reduction at low bit rate. Across-
resolution coherence that low and high resolution image are
similar is introduced to preserve signal continuity. Non-local
similarity is used to provide samples for estimation by searching
similar blocks of reference block. We have two sources of
estimation. One source is exploiting non-local similarity to
estimate coefficients of low resolution of decoded image, and
interpolating the low resolution image to high resolution. We
obtain the coefficients estimation for high resolution image based
on the coherence across different resolutions. The other source of
estimation is the quantization coefficients. These estimations are
fused by their reliability respectively. Experimental results
demonstrate that the proposed algorithm outperforms some
recently presented methods in terms of both objective and
subjective qualities of the reconstruction images.

I. INTRODUCTION

Block-based Discrete Cosine Transform (BDCT) has been
widely used in compression standards. The reconstructed
images suffer from blocking artifacts when aggressively
quantized. Therefore, post-processing is proposed to improve
the visual quality of decoded images and videos. Choy et al. [1]
estimated the DCT coefficients from bit stream with local
statistic of coefficients. Buades et al. [2, 3] proposed the non-
local means filter to estimate the intensity of a pixel as a
weighted linear combination of the other pixels. The weights
of the combination are determined by the similarity between
the neighborhoods of the target and source pixels. But this
method does not take advantage of the quantization
information and the filtering strength is difficult to determine.
In order to reduce the JPEG compression artifacts, Zhai et al.
[4] proposed that averages the estimated block and its similar
blocks. The similar blocks are selected according to
compression quality factors. Zhang et al. [5] and [6] adaptive-
ly fused the non-local estimation and the quantization coeffi-
cients based on their reliability to reduce compression artifacts.
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Traditional compression method processes each block
separately. The continuity between blocks is destroyed. We
introduce the coherence across different resolutions of image,
which means the low resolution and high resolution of the
decoded image are highly similar. We observe that the low
resolution image of compressed image has a good visual
quality with invisible blocking artifacts, and the discontinuity
from block to block is not obvious. High resolution of decoded
image is obtained from low resolution image via interpolation.
Interpolation is a low-pass filter which preserves signal
continuity well. So high resolution image preserves signal
coherence via interpolation from low resolution image.

Inspired by the idea mentioned above, this paper proposes
an approach to reduce compression artifacts by estimating the
DCT coefficients. We exploit non-local similarity of low
resolution of decoded image to estimate the coefficients of low
resolution. Coefficients of each resolution are estimated by
overlapped blocks. For each block, we search its non-local
similar blocks and average the similar blocks as an estimation.
We estimate the coefficients of high resolution image from
low resolution via interpolation iteratively. We also regard the
quantization coefficients as an estimation. The different
sources of estimation are adaptively fused according to their
reliability respectively. Our approach outperforms the existing
approaches in terms of both objective and subjective qualities
of the reconstruction results.

The remainder of this paper is organized as follows. Section
Il discusses non-local similarity and across-resolution
coherence of image. Section III describes the coefficient
estimation method from different prediction sources according
to their reliability. Experimental results are reported in Section
IV and Section V concludes the paper.

II. NON-LOCAL SIMILARITY AND ACROSS-RESOLUTION
COHERENCE FOR COEFFICIENT ESTIMATION

In order to estimate the coefficients, we exploit the non-
local similar blocks of current block to provide statistical
samples for the current block coefficient estimation and utilize
the coherence across different resolutions to preserve the
signal continuity. In this section, we will reveal the rationality
of non-local similarity and across-resolution coherence.

A. Non-Local Similarity for Coefficient Estimation
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Fig. 1 Illustration of proposed method. k represents the resolution index and L0 s the down-sampling operator, which extracts top left kxk bands of each block

with the scale factor to form a new image.

The key idea of the non-local means filter is that a given
image is filtered by Eq. (1),
u(x)=Jw, (x.2)f (v)dy
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where w, ocexp| — . The weight w depends on the

similarity measure of two blocks.

According to the property of natural image that the
coefficients in similar blocks usually have similar statistical
properties, we infer the coefficient distribution of a pixel
utilizing the coefficients of pixels in similar blocks in a non-
local area of the image. Coefficients of each pixel can be
overlapped estimated based on Eq. (1).

B. Across-Resolution Coherence for Coefficient Estimation

In DCT domain, it is easy to realize resolution conversion.
Fig. 2 shows the period of frequency bands when the number
of sample points changes from N to M in the [1-1/2, N+1/2]
interval. According to the definition of DCT and IDCT, we get
the high resolution coefficients x(f) from low resolution
coefficients z(7) with a scale factor as Eq. (2).
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Fig. 2 Relationship between different resolutions.

In image processing, interpolation is the process of sample
rate conversion. Referring to the definition of interpolation
which is a low-pass filter, interpolation can preserve the signal
continuity. High resolution image is obtained from low
resolution image via interpolation, and the high resolution
image is highly similar to low resolution image. The high
frequency of each block is produced. Medium frequency is

130

modified, but they still keep up with the low resolution
coefficients. Finally, the low frequency will be preserved
mostly.

III. THE PROPOSED ALGORITHM

Let x represents the original data of image /. We use xg and
Xk to represent the pixel intensity and transform coefficients
of block B. They are related by DCT — 7, X5 = T(xg). Y5 is the
reconstructed coefficients gained by Ys = Q(Xg), and Q is
quantization matrix. X and Y are BDCT coefficients of image /.

A. Framework of Algorithm

As shown in Fig.1, the coefficients of high resolution image
are estimated from low resolution of decoded images
iteratively. We extract kxk coefficients of each block to form a
new coefficient matrix, and the matrix is estimated by
overlapped kxk blocks. For each block, we find its non-local
similar blocks and average the similar blocks as an estimation
of the kxk block coefficients. The quantization information is
used as another estimation. The two sources of estimation are
adaptively fused as the k" resolution coefficient estimation.
We get a low resolution image with resolution index & of the
decoded image by transforming the coefficient matrix to
image domain. The k+1" resolution image can be obtained by
interpolation of the k™ resolution image.

By introducing two distance term D; and D», the proposed
compression artifact reduction method is formulated as the
following optimization problem.

locksize
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where B® is block of the k™ resolution and the N(B%®) is the
nonlocal block set used to predict the target coefficient block
of the relative resolution .

In Eq. (3), the first term D; measures the distance between
the estimated coefficients and the reconstructed coefficients
from decoded image, which can be regarded as the data



fidelity. The second term measures the distance between the
estimated coefficients and the statistic of non-local similar
blocks in each resolution.

In order to obtain X", we solve Eq.(3) from resolution k=2
to block size. Eq. (3) can be written as (5).
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To solve Eq. (5), we compute X of each resolution %
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separately. The result X ®) is used for the computation of
X(k+l)* ]

B. Reliability for Coefficient Estimation

As the accuracy of coefficient estimation is affected by the
presence of quantization error, the coefficients in low
frequency bands are more accurate. Based on such discussion,
the reliability of the estimations should not be calculated by
block, but by frequency band. The low frequency bands which
are not sensitive to noise have high reliability, and the high
frequency bands have low reliability relatively. The reliability
can be adaptively computed. According to the discussion in
Part A, we use Eq. (6) for the data fidelity term,

D, (X,.Y,)=W|X, Y, (6)
1
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where W is the reliability of the quantization coefficients ,
which is inversely proportional to the variance of quantization
error.

For the D,, we exploit non-local similarity in each
resolution. And the coherence across different resolutions is
implemented by interpolation. Due to image structure
variation, different coefficient blocks play different roles in
the prediction process. Therefore, the coefficients of non-local
similar blocks are weighted averagely. The expectation is used
as an estimation of coefficients. The aggregation measure of
similar blocks, i.e. variance of similar block coefficients, is
used to reflect the reliability of the prediction. Based on the
above discussion, D; can be formulated as,
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where w,. . is to weight the similarity between the similar

(k)
blocks and reference block as mentioned in Section II.4. The
weight W, is inversely proportional to the variance of
coefficients of similar blocks in each resolution.

IV.EXPERIMENTAL RESULTS
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To evaluate the performance of our proposed scheme, we
compare it with some recently presented methods. For our
proposed method, we set block size as 8x8 and use & from 2 to
block size. In order to get a better performance, we introduce
overlapped blocks and estimate them independently as many
methods before. We consider both coding blocks and non-
coding blocks at the same time. We only take the overlapped
step size as half of the block size to reduce the complexity. To
get high resolution image from low resolution of decoded
image, we use the ‘lanczos3’ method to interpolate.

The PSNR and SSIM results of the reconstruction
algorithms for 5 classic test images at low bit rate (low quality
factor) are given. Due to limited space, only OF = 3 and QF =
5 are listed in Table I and II, where we have highlighted the
best method for each image at every QF with underlines. It
can be found that the proposed algorithm is consistently better
compared to recently presented algorithms (JPEG decoder [7],
BM3D [8], Nosratinia’s method [9], SKR [10], and Zhang’s
method [5] which is the state-of-the-art method) in all the
testing scenarios. The best average PSNR of the proposed
algorithm is found to outperform all competitors with an
average PSNR gain of about 0.14 dB over the best methods of
tested algorithms set when QF = 5. Average PSNR gain is
about 0.36 dB when QF = 3.

The processing results of the image reconstruction
algorithms of the test images Peppers(512x512), Lena
(512x512) and Elaine(512x512) with QF=5 are shown in Fig.
3,4 and 5. In order to observe the visual quality, we extract
part of the whole image. Obviously, our proposed method both
preserves sharp edges and smooth areas, showing much
clearer and better visual results than the other competing
methods at very low bit rate. The high performance of our
proposed method is attributed to the coefficient estimation
which exploits non-local similarity of low resolution of
decoded image to estimate the low resolution coefficients and
interpolates the low resolution image to high resolution to
estimate the high resolution coefficients.

V. CONCLUSIONS

In order to reduce blocking artifacts at low bit rate, this
paper proposes an approach to estimate the DCT coefficients
from two sources. Non-local similarity is used to provide
similar blocks for estimating the current block. Across-
resolution coherence that low and high resolution image are
similar is introduced to preserve signal continuity. One source
is exploiting non-local similarity to estimate coefficients of
low resolution of decoded image, and interpolating the low
resolution image to high resolution. We obtain the coefficients
estimation for high resolution image based on the coherence
across different resolutions. Quantization coefficients are the
other source. The estimations are adaptively fused by their
reliability. The proposed method achieves a remarkably better
reconstruction quality than recently presented methods in both
subjective and objective quality.



JPEG decoder : BM3D ~ Nosratinia’s method
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PSNR=28.78 dB PSNR=28.97 dB

SKR
PSNR=28.60 dB

Fig. 3 Part of the reconstructed images with different methods. The test image, Peppers, is compressed by JPEG at QF = 5 with bpp= 0.1782 (bits per pixel).

JPEG decoder BM3D Nosratinia’s method SKR Zhang’s method Our proposed method
PSNR=27.33dB PSNR=28.30 dB PSNR=28.47 dB PSNR=28.79 dB PSNR=28.85 dB PSNR=28.96 dB

Fig. 4 Part of the reconstructed images with different methods. The test image, Lena, is compressed by JPEG at OF = 5 with bpp= 0.1749 (bits per pixel).
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Fig. 5 Part of the reconstructed images with different methods. The test image, Elaine, is compressed by JPEG at QF = 5 with bpp= 0.1577 (bits per pixel).
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