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Abstract. The article refers to the problem of ringing artifact suppres-
sion. The ringing effect is caused by high-frequency information corrup-
tion or loss, it appears as waves or oscillations near strong edges. We
propose a novel method for ringing artifact suppression after Fourier
cut-off filtering. It can be also used for image deringing in the case of
image resampling and other applications where the frequency loss can
be estimated. The method is based on the joint sparse coding approach.
The proposed method preserves more small image details than the state-
of-the-art algorithms based on total variation minimization, and outper-
forms them in terms of image quality metrics.
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1 Introduction

Gibbs phenomenon also known as ringing effect appears as waves or oscillations
near strong edges. An example of ringing effect is shown in Fig. 1. The source
of the ringing effect is high-frequency information corruption or loss [9]. It can
be the result of many image processing algorithms and applications that change
the high-frequency information, i.e. image and video compression, deblurring,
resampling, denoising, and in analog video [16].

There are many papers that consider the problem of ringing effect detection
and suppression in JPEG and JPEG2000 images [7, 11]. On the other hand there
are only few works that pose the problem of general ringing detection and sup-
pression [13,17,23,24]. Suppression algorithms are based on the connection of
ringing effect with total variation [9], and total variation minimization proposed
for image enhancement in [21]. However these methods do not distinguish be-
tween ringing oscillations and small image details, thus these details are usually
corrupted.

In this work we present a novel method for ringing suppression after Fourier
cut-off filtering. It can be also used for image deringing in the case of image
resampling and other applications where the frequency loss can be estimated.
The method is based on sparse representation approach, widely used in many
image processing tasks [3], including image quality enhancement problems. The



proposed method is based on the joint sparse coding method, which was previ-
ously used for image deblurring and image super-resolution [25]. The joint sparse
coding method is described in detail in subsection 2.2.

Fig. 1. Example of the ringing effect: reference image (left) and image with ringing
effect (right).

2 Ringing Suppression

2.1 Problem Formulation

Consider the ringing effect produced by high frequency cut-off filter Ry which
removes all the frequencies in the Fourier domain outside the circular mask with
radius wg = 2—1d centered at zero frequency point:

Rq(I) = F~H(F(I) - L),

where F and F~! are Fourier transform and inverse Fourier transform respec-

tively, l4 is the mask
L if w2 +w? <wg,
ld(wan Wy) = .
0, if (/w?+w?>ws

This filter produce ringing effect with oscillation width equal to d.
Let us denote the original image as ys and the image with ringing effect as
yr. Then



Yr = Ra(ys)-

Given y,., the problem of ringing suppression is to find §s so that §s ~ ys.
The problem is ill-posed, as the solution is not unique.

2.2 Joint Sparse Coding

In order to solve the problem of ringing suppression we use the joint sparse
coding approach introduced by Yang et al. [25]. We assume that the original
image can be sparsely represented in some dictionary Dg with sparsity a:

Ys = D,x, ||a:H0 <.

We also assume that it is possible to recover the original sparse codes from
the image with ringing effect. Therefore the image with the ringing effect can be
sparsely represented in some dictionary D, with the same codes:

yr = D,x.

If dictionaries Dg and D,., and « are known, the ringing suppression proce-
dure is done as follows. Given the image with the ringing effect y,., the sparse
representation problem with dictionary D,. is solved:

T = argmwin lyr — Drz|2, s.t. |z]o < a.

The vector & is the estimation of the sparse representation of the both ys
and y, with the dictionaries Dgs and D,. respectively. Thus it can be used to get
the original image estimation:

gs = D,Z.

However in the general case the dictionaries are not known so it is necessary
to estimate them using dictionary learning procedure. This can be done using
the training set of images with the ringing effect and the corresponding original
images.

Denote Ys as the matrix with original images as columns and Y, as the
matrix with the corresponding images with ringing effect as columns. Then the
dictionary learning problem can be formulated as follows:

min

_min Ve~ DoX[F+ Yo - DaX [ st [ Xome < o

where the || -
as follows:

lo,inf norm for the matrix X with columns 1,...,x, is defined

[ XTlo,ine = max [l 0.
1=1,...,n

So the | X ||o,inf < « condition effectively means that all representations are
a-sparse.



Denoting

and

the problem can be rewritten as

gi§|\Y—DX||%, st | Xt < .

This problem can be solved using any sparse dictionary learning algorithm.
In our work we use the K-SVD algorithm [1] for dictionary learning and OMP
algorithm [10] for sparse coding.

2.3 Ringing Suppression Method

The proposed method requires a set of images for learning. We split all images
into overlapping 6 x 6 blocks and process each block separately. The images
from the learning set are used to create a set of corresponding original blocks
and blocks with ringing effect. Then the joint dictionary learning procedure is
applied to this set of samples.

The ringing suppression method uses learned joint dictionaries to get sparse
codes of the blocks with ringing artifact and then to get the original block
estimation from these codes. The resulting full image is composed from the
estimated blocks by averaging the values in the overlapping areas.

In order to improve the ringing suppression performance we add several mod-
ifications to the joint sparse coding approach.

Regularization In our preliminary experiments we have found that the method
performs better when different sparsity parameter is used in learning and testing
phase (earn = 10 and ayest = 2). We suppose that it is caused by the fact that
the blocks with ringing effect are less informative than the ringing free blocks.
Thus in the testing phase (when the method builds the representation only from
the block with ringing) stronger regularization makes the method more stable.

Extending dictionary by rotations Edges play the most important role in
the ringing suppression problem because ringing effect is the most noticeable
near strong edges. We have also discovered that some blocks with edges are
not represented well enough in the testing phase due to absence of edges with
approximately the same direction in the training set. In order to improve the
performance for these blocks we extend the dictionaries by their rotated versions
after the learning process. Denote the Rot, as the operator that rotates all atoms
in the dictionary by a°, then the extended dictionaries are built as follows (here
Dgase, foase are the dictionaries obtained in the dictionary learning phase):



D, = [D%**¢; Rotgo(D5**®); Rot150(D2**°); Rotaro(D2**°)]

Dr = [Dgase; ROtgo(Dgase); ROtlgo(Dgase); R0t270(D$ase)]

We use only these three rotations (90°, 180°, 270°) because they can be applied
to the square images without introducing interpolation errors.

Postprocessing The joint sparse coding approach provides good results in
most parts of the image, but the total variation minimization approach [17]
works better for edges. The total variation deringing method is formulated as
the minimization problem

IR:a@n?WI—Iﬂ§+ATVUL (1)

where I is the given image with ringing effect, A is the regularization parameter
that controls the strength of ringing suppression, TV (I) is the total variation of
the image I:

TV(I) = |VI(z,y)|.

In order to improve the performance of the proposed method we merge the
results of the joint sparse coding deringing and the results of the total varia-
tion minimization deringing. Denote the image obtained by joint sparse coding
deringing as I,.(z,y), the image obtained by total variation minimization as
I, (z,y) and the distance from the nearest edge as p(z,y) (see below). Then the
final image is constructed as follows:

_ S Iw(wy), i p(ry) <3
I(z,y) = {Isc(x,y), else.

Thus the values on the edges are taken from the total variation minimiza-
tion deringing method, and other values are taken from the joint sparse coding
deringing method.

The set of edge pixels is constructed by Canny edge detection algorithm [2].
Then edge masking is applied to remove ringing oscillations and textures from
the edge pixel set. We use edge masking approach from [14,15] and take only
the edge pixels that match the condition

g@mm)>%?y@wwﬂx—mf+%y—mf%

where g(x,y) is the gradient modulus at pixel (x,v), ¢(d?) = %exp (—%)7 ois
the parameter of Canny edge detection algorithm. We use 0 = 2. The distance
to the nearest edge is then calculated using eucludean distance transform [4].



3 Evaluation

We test our method using images from the MMIP Ringing Database [12]. This
database uses the reference images from TID [20] and LIVE [22] databases and
contains images with modeled ringing effect produced by different image pro-
cessing methods. A subset of images containing strong edges is taken for the
evaluation of the proposed algorithm.

For dictionary learning, we use 5 images (avion, bikes, boats, house, light-
house) with ideal ringing effect produced by cut-off filter. Dictionaries are learned
individually for each ringing parameter d.

The performance of the proposed algorithm is analyzed using images with
ringing effect produced by cut-off filter and resampling algorithms. A weak white
noise is also added to the test images in order to model the real ringing effect.
We compare the proposed method with the method based on total variation
minimization (1) with parameter A\ maximizing the target metric. SSIM metric
is used for measuring the performance of ringing suppression algorithms.

The comparison of the proposed method with total variation deringing is
shown in Fig. 2 and Fig. 3. Both the proposed method and the method based
on the total variation minimization suppress almost all ringing effect. Unlike the
total variation minimization method, the proposed method preserves most of
the small details. The proposed method is also able to reduce aliasing effect and
make the edges smoother.

Numerical results for images with ringing effect produced by cut-off filter with
d =2 and d = 2.5 are shown in Table 1 and Table 2 respectively. The results of
ringing suppression after resampling with a factor of 2 using regularization-based
algorithm [8] are shown in Table 3. We base on the fact that for the problem of
image resampling the ringing parameter d equals to the scale factor [14].

For the images 'barbara’ and ’clown’ from Table 3, the proposed method does
not show satisfactory results in the areas containing a lot of parallel lines due to
texture corruption during downsampling process.

The proposed algorithm takes d as the input parameter and assumes that
the input image contains ringing effect. Application of the proposed method to
images without ringing effect results in edge and texture smoothing, and the
edge width [18] of sharp edges becomes equal to d.

4 Conclusion

A novel ringing suppression method has been presented. Its advantages are fine
detail preserving including textures, almost all ringing oscillations removal and
aliased edge smoothing. The open problems are automatic choosing the param-
eter d and testing on images with different sources of ringing artifacts.
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Fig. 2. Ringing suppression examples (d = 2) near edges for cameraman and plane
images with ringing effect modeled by cut-off filter. a) Image with ringing, b) ring-
ing suppression using total variation minimization, ¢) ringing suppression using the
proposed method, d) reference image.



Fig. 3. Ringing suppression examples (d = 2) in areas with small details for caps and
paintedhouse images. a) Image with ringing, b) ringing suppression using total variation
minimization, c) ringing suppression using the proposed method, d) reference image.



Table 1. Results of the ringing suppression (d = 2) after high frequency cut-off, SSIM.
Best value in each row is highlighted. The overall average value is given in the last row.

Image name|Ringing|TV-based|Proposed
cameraman | 0.8924 0.9162 0.9180
caps 0.9319 0.9541 0.9560
house2 0.9282 0.9490 0.9512
peppers 0.9297 0.9482 0.9509

plane 0.9301 0.9491 0.9497
barbara 0.8223 0.8307 0.8318
clown 0.9223 0.9360 0.9369
lena 0.9400 0.9555 0.9581

lighthouse2 | 0.9030 0.9182 0.9186
mandarin 0.9260 0.9435 0.9447
monarch 0.9504 0.9748 0.9753

paintedhouse | 0.8884 0.8988 0.8998
parrots 0.9491 0.9725 0.9735
Average 0.9164 0.9343 0.9357

Table 2. Results of the ringing suppression (d = 2.5) after high frequency cut-off,
SSIM. Best value in each row is highlighted. The overall average value is given in the
last row.

Image name|Ringing|TV-based|Proposed
cameraman | 0.8600 0.8863 0.9009
caps 0.9148 0.9403 0.9489
house2 0.9144 0.9384 0.9453
peppers 0.9178 0.9394 0.9460

plane 0.9104 0.9316 0.9395
barbara 0.7987 0.8097 0.8202
clown 0.8975 0.9129 0.9198
lena 0.9239 0.9423 0.9509

lighthouse2 | 0.8684 0.8857 0.8990
mandarin 0.8918 0.9118 0.9225
monarch 0.9362 0.9621 0.9662
paintedhouse | 0.8462 0.8584 0.8739
parrots 0.9378 0.9632 0.9677
Average 0.8937 0.9140 0.9231




Table 3. Results of the ringing suppression after resampling (d = 2), SSIM. Best value
in each row is highlighted. The overall average value is given in the last row.

Image name|Ringing|TV-based|Proposed
cameraman | 0.9200 0.9162 0.9276
caps 0.9591 0.9541 0.9626
house2 0.9489 0.9490 0.9555
peppers 0.9499 0.9482 0.9527

plane 0.9510 0.9491 0.9580
barbara 0.8587 0.8307 0.8533
clown 0.9294 0.9360 0.9298
lena 0.9576 0.9555 0.9594

lighthouse2 | 0.9218 0.9182 0.9305
mandarin 0.9478 0.9435 0.9550
monarch 0.9739 0.9747 0.9748
paintedhouse | 0.9087 0.8988 0.9185
parrots 0.9761 0.9725 0.9773
Average 0.9387 0.9343 0.9427
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