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Adaptive curvature-guided image filtering for
structure + texture image decomposition
Alexander Belyaev and Pierre-Alain Fayolle

Abstract—A preliminary structure + texture image decomposition is very useful for a number of digital image processing
tasks, as different strategies are supposed to be employed for
processing the structure and texture image components. In this
paper, a new variational structure + texture image decomposition
method is developed. The main ingredients of the proposed
approach are: (1) using a low-pass filtered level-set curvature
of the input image as a guidance image; (2) texture suppressing
by minimizing a variable exponent energy, where the variable
exponent is learned from the result of the curvature-guided image
filtering. Numerical experiments demonstrate that the method is
competitive with the current state of the art in structure + texture
image decomposition. Several applications are considered.
Index Terms—image decomposition, texture suppression,
curvature-guided filtering, total variation, adaptive exponent.

I. I NTRODUCTION
A preliminary structure + texture image decomposition is
very useful for a number of digital image processing tasks, as
different strategies are supposed to be applied to the structure
and texture image components.
Intuitively we know that the image texture component
consists of repetitive patterns presented in the original image.
Nevertheless it turns out that there is no rigorous and definitive
definition for texture [35]. This lack of a rigorous mathematical
description of texture makes the decomposition a challenging
inverse problem.
In spite of substantial progress achieved in developing
effective structure + texture image decomposition methods [3],
[52], [58], [28], [12], [63], it remains an active research area
in applied mathematics [46], [4], [19], [29], [40] and image
processing and computer graphics [22], [53], [13].
The goal of this paper is to describe a novel structure +
texture image decomposition method, which is capable of
outperforming the current state of the art in this field. The
method consists of two steps. The first step is a simple yet
effective modification of the highly popular total variation
(TV) approach initially proposed in [45] and adapted for
image decomposition into geometry and texture components
in [31, Chapter 1]. Our modification consists of adding a
term, which includes a low-pass filtered level-set curvature
of the input image and acts as a guiding force. During the
second step of our method, texture suppressing is achieved by
a weighted variable exponent energy corresponding to p(·)Laplacian (p(·)-Dirichlet energy term), where both the weight
A. Belyaev is with Institute of Sensors, Signals and Systems, School of
Engineering & Physical Sciences, Heriot-Watt University, Edinburgh, UK (email: a.belyaev@hw.ac.uk).
P.-A. Fayolle is with Computer Graphics Laboratory, University of Aizu,
Aizu-Wakamatsu, Japan (e-mail: fayolle@u-aizu.ac.jp).

and the variable exponent p(·) are determined/learned from
the result of the first step.
A. Related work
The texture suppression problem is closely related to edgepreserving image filtering (see, for example, [17], [18], [58]),
which is widely used for a number of image processing
tasks. Typically edge-preserving image smoothing method are
not designed to deal with image texture, rely on local and
semi-local image properties, and fail to suppress high-contrast
textures, although some progress was recently achieved in
[54].
The traditional variational approach to the texture + structure image decomposition problem was initiated in [31, Chapter 1] and consists of using the image total variation for texture
suppression purposes [3], [2, Section 5.2], [55, Chapter 5].
Namely, let Ω ⊂ R2 be the image domain (typically a rectangle) and f (x), x ∈ Ω, be the image intensity of a given image.
A general total variation-based (TV-based) variational model
used for structure + texture image decomposition consists of
an energy minimization problem
Z
Z
λ
2
|∇u| dx +
(H[u − f ]) dx −→ min, (1)
2 Ω
Ω
| {z }
|
{z
}
TV regularization

data fitting term

where H is a smoothing operator intended to suppress image intensity oscillations and λ is a non-negative parameter
balancing the influences of the regularization and data fitting
terms. The image u(x) minimizing (1) represents the structure
component of the original image f (x). The texture component
is then given by f (x) − u(x). See [3] for a survey of various
structure + texture image decomposition models based on (1).
Recent extensions of the general model (1) include higher
order schemes [4], [27], adaptive TV energies [59], nonconvex regularizations [53], [22], and low-rank approximations [46], [37].
A different approach to the structure + texture image decomposition problem, the so-called Morphological Component
Analysis (MCA) was developed in [49], [50], [42], [6], [43],
[15], [51] The main idea behind MCA consists of using different sets (dictionaries) of elementary signal/image building
blocks (atoms) for representing the structure and texture of a
given image.
Other state-of-the-art image decomposition methods include
various modifications and extensions of the bilateral filter [12],
[63] and machine learning methods [60], [62], [40].
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As a typical structure image is assumed to be sparse in
the gradient domain, various sparsity-promoting energies are
often used within variational image processing techniques
[34]. In particular, using Lp -based gradient regularization term
with 0 < p ≤ 1 leads to impressive image restoration and
superresolution results [66], [61].
To the best of our knowledge, p(·)-Dirichlet energy term
with variable exponent p(x) was previously used only for the
case p(x) ≥ 1 in both the theoretical studies [14], [44] and
practical image processing applications [54]. In contrast to
these previous works, using p(·)-Dirichlet energy term with
0 < p(·) ≤ 1 constitutes one of the main ingredients of our
approach.
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Fig. 1. Given an image (top-left), let us consider its level sets (bottom-left).
Low-pass filtering of the image level sets (bottom-right) leads to feature-aware
filtering of the original image (top-right).

II. P ROPOSED APPROACH
The variational model we use to achieve a structure + texture
image decomposition extends (1) and detects the structure
component u(x) of input image f (x) by solving
Z
Z h
i
λ
2
(H[u − f ]) dx −→ min,
a(x)|∇u|p(x) + g(x)u dx +
2
Ω
Ω
where g(x) is a guidance curvature-based term, H is a smoothing operator, and weight a(x) > 0 and variable exponent
0 < p(x) ≤ 1 are learned while processing the input image
f (x) with a ≡ 1 ≡ p. For the sake of computational efficiency,
we define H as the convolution with a Gaussian
H[u − f ] = Gσ ∗ (u − f ),

Gσ (x) = G(x/σ)/σ 2 ,

where, if not stated otherwise, σ = 1.
A. Filtered curvature term
We start from a simple modification of (1) which differs
from the mainstream extensions consisting of constructing
texture-insensitive operators H used in the data-fitting term
of (1). Instead, we add one more term to the regularization
part of (1)
Z 
Z

λ
2
|∇u| + k̃u dx +
(H[u − f ]) dx −→ min, (2)
2
Ω
Ω
where k̃(x) is obtained by applying a low-pass filter to the
level set curvature
k[f ](x) = div(∇f (x)/|∇f (x)|)

(3)

of the input image f (x).
Our modification (2) of (1) is inspired by a recent work
[5] where the authors suggest to denoise a gray-scale image
f (x) by first denoising its level set curvature image k[f ](x)
(a modified non-local means filter is used there for curvature
smoothing purposes) and then reconstructing a denoised image
from the smoothed level set curvature.
A geometric intuition behind applying a low-pass filter to
the level-set curvature is illustrated by Fig. 1. Given an image,
we consider its level sets. Simple linear low-pass filtering of
the image level sets leads to feature-aware filtering of the
original image and allows us to extract the ”image structure”
and ”image texture” components corresponding to the low and
high frequency components of the level set image, respectively.

One important advantage of our approach is that it is contrast
invariant, as the multiplication of the image intensity by a
positive constant does not affect the image level sets.
To analyze the advantages of (2) over (1) let us evolve
u(t) (x) with respect to time t by the L2 -gradient descent flow
corresponding to (2)
∂u(t)
= k[u(t) ]− k̃ +λH ∗H[f −u(t) ],
∂t

u(0) (x) = f (x), (4)


where k[u(t) ](x) = div ∇u(t) /|∇u(t) | denotes the level set
curvature of the evolving image u(t) (x) and H ∗ is the adjoint
operator. For simplicity’s sake, let us set λ = 0, then (4)
and the L2 -gradient descent flow corresponding to (1) can be
interpreted geometrically as evolutions of the level sets C (t) =
{u(t) (x) = const} by curvature-driven flows
∂C (t) k[u(t) ](x) − k̃(x) (t) ∂C (t) k[u(t) ](x) (t)
=
n ,
=
n , (5)
∂t
∂t
|∇u(t) |
|∇u(t) |
respectively. Here n(t) = −∇u(t) /|∇u(t) | is the orientation
unit normal of the evolving contour C (t) .
To justify (5) let us consider a general curve evolution and
its corresponding level set formulation [48]
∂C (t)/∂t = F n(t) ,

∂u(t)/∂t = F |∇u(t) |,

(6)

where contour C (t) is a level set of u(t) (x) and the first
equation in (6) says that each point of C (t) is moving along
its unit normal n(t) with speed equal to F . Now setting


F = k[u(t) ] − k̃ /|∇u(t) | and F = k[u(t) ]/|∇u(t) |
leads to the gradient-descent flows
∂u(t)/∂t = k[u(t) ] − k̃

and ∂u(t)/∂t = k[u(t) ],

corresponding to the energies obtained from (2) and (1) by
setting λ = 0, respectively.
The right flow in (5) acts as a selective curve shortening
flow: it performs an aggressive smoothing at flat regions
(where |∇u(t) | is small), while it suppresses smoothing along
the edges (where |∇u(t) | is large). However, this does not
work at image corners, where the level set curvature k[u(t) ]
is so large that it is not compensated by large image gradient
|∇u(t) |. Thus, the right flow in (5) tends to blur image corners.
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ut = −∆[div(∇u/|∇u|)]

ut = div(∇u/|∇u|) − k̃

TV-H −1

Fig. 2. TV flow,
flow and our curvature-guided TV flow (b = 50) are used to suppress the fine scarf texture. For each method, a structure + texture
image decomposition is presented. The texture parts are ten times magnified for a better visibility. Our curvature-guided flow (rightmost) demonstrates the
best performance.

In contrast, the left flow in (5) preserves those image corners
where k[u(t) ] ≈ k̃.
B. Relation to other variational methods
There is an interesting relation between (4) and the so-called
TV-H −1 energy and its corresponding Sobolev gradient flow
∂u(t) /∂t = −∆k[u(t) ] + λ(f − u(t) ),

u(0) (x) = f (x), (7)

introduced in [39]. Indeed, we know that the Laplacian of
a function measures the infinitesimal deviation of a function
from its mean. As pointed out in [8], the difference between
an image u(x) and its blurred version K(x) ∗ u(x), where
K(x) is a positive radial kernel, is roughly proportional to the
Laplacian of the image
K√h (x) ∗ u(x) − u(x)
→ ∆u(x) as h → 0,
h
where Kh (x) = K (x/h) /h2 is the rescaled kernel. If k̃ in (4)
denotes a smoothed level set curvature of u(x), then k − k̃ in
(4) is roughly proportional to −∆k[u] ≡ −∆ div(∇u/|∇u|)
and (4) can be considered as a close relative of (7).
Another relation can be established between (2) and a single
Bregman iteration applied to (1). Indeed, if u1 denotes the
minimizer of (1), then the first Bregman iteration leads to the
variational minimization problem

 
Z
Z 
∇u1
λ
2
|∇u| + div
u dx+
(H[u − f ]) dx → min,
|∇u
|
2
1
Ω
Ω
where div (∇u1 /|∇u1 |), the level set curvature of u1 (x), plays
the same role as the smoothed level set curvature k̃ in (2).
See [38] for Bregman iterations and [9] for interpretations of
Bregman iterations for TV models.
C. Implementation details for the TV case
We use the convolution with a Gaussian kernel Gσ as
the smoothing operator H in (2), although it constitutes
the second simplest choice after the identity operator and
much more sophisticated smoothing operators utilized in the
state-of-the-art variational image decomposition methods [55]
exist. Further, in order to limit the number of user-specified
parameters, we simply set σ = 1.
m −1
A simple Butterworth low-pass filter [1 + (|ω|/b) ] with
cutoff frequency b is used to remove the high-frequency
content of the level set curvature image k[f ] of the input image
f (x). The data-fitting weight λ in (2) and the cutoff frequency
b are the only user-specified parameters of our approach.

We employ the standard Alternating Direction Method of
Multipliers (ADMM) to solve (2) numerically. (ADMM is
an operator-splitting method for solving variational problems.
Recently it becomes a very popular tool for numerical solution
of problems arising in imaging, machine learning, mobile
communications, and several other disciplines [23], [24], [20].
Here we follow a nice exposition of ADMM given in [23,
Section 4].) Namely, let us consider
Z n
λ
2
L(u, q, µ) =
|q | + k̃u + H[u − f ]
2
Ω
o
r
+ µ · (q − ∇u) + |q − ∇u|2 dx,
2
where µ is a Lagrange multiplier and r is a positive constant.
Then we run the following iterative process
(a) qk+1 = arg min L(uk , q, µk ),
q

(b) uk+1 = arg min L(u, qk+1 , µk ),

u

(c) µk+1 = µk + r qk+1 − ∇uk+1 .

(d) Repeat the previous three steps until convergence.
Minimization of the subproblem (a) allows for a closed-form
solution (see, for example, [23, Section 4.4] for details)


s
µ
1
, s = ∇uk − k . (8)
qk+1 = max |s| − , 0
r
|s|
r
Minimization of the subproblem (b) leads to a linear secondorder elliptic PDE which can be easily solved by FFT
−r∆u + λH ∗ H[u − f ] + r div(qk+1 ) + div(µk ) + k̃ = 0.
In our experiments, we use the matlab code accompanying
[10], where we made very simple and obvious modifications
to incorporate the curvature guided term k̃u from (2) and
keep all the parameters used in [10] unchanged. In particular,
the iterative process above is run until the L2 relative error
between two iterations uk and uk+1 is below 10−3 .
D. Some preliminary results
In Fig. 2, we use the Trui image to compare three level
set flows: TV flow (the first flow in Fig. 2), TV-H −1 flow
(the middle flow in Fig. 2) and our curvature-guided TV flow
(the rightmost flow). For the task of suppressing Trui’s scarf
texture, our flow demonstrates the best performance.
In Figures 3 and 4, we use two mosaic images to demonstrate the performance of (2). For a still life mosaic image (see
Fig. 3), the reader is invited to compare our result with those
shown in Fig. 1 of [12] and find out that our simple approach
is capable of outperforming a number of the state-of-the-art
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structure + texture image decomposition methods. In Fig. 3, we
also show that MCA [50], [15] fails to achieve a satisfactory
structure + texture decomposition for this example. Additional
experiments with MCA presented in Fig. 6 indicate that MCA
is capable to achieve very good results on some images. An
analysis of a St. Michael the Archangel mosaic image (see
Fig. 4) shows that, similar to the total variation energy, (2)
leads to a contrast loss.

Fig. 3. Left: an input mosaic image. Middle: the image structure component
obtained by solving (2); the reader is invited to compare our result with those
shown in Fig. 1 of [12] with b = 80 and λ = 3. Right: the image structure
component obtained by Morphological Component Analysis (σ = 10, λ =
0.5, T = 0.3), using the code from [15, Chapter 15].

Fig. 4. Left: an input mosaic image. Right: extracted image structure.

E. Extension 1: weighted TV and a double-pass scheme
Similar to [7] it seems natural to consider a weighted total
variation energy for a better structure + texture decomposition.
It leads to a simple generalization of (2)
Z 
Z

λ
2
a(x)|∇u| + k̃a u dx+
(H[u − f ]) dx → min, (9)
2
Ω
Ω
where k̃a (x) is a low-pass-filtered weighted level set curvature
ka [f ](x) = div(a(x)∇f /|∇f |)

(10)

of the input image f (x).
If the locations of the textured parts of f (x) are known in
advance, then setting the weighting function a(x) relatively
large in those textured image areas and keeping a(x) low
at non-textured image parts would produce a higher quality
structure + texture image decomposition. Although such a
magic weighting function a(x) is not known to us in advance,
we can try to estimate it via the following double-pass scheme.

4

1) Given image f (x), apply the energy minimization (2)
with prescribed values of parameter λ and smoothing
properties of H (alternatively, one can run the gradient
descent flow (4)). Because of the data fitting term in (2),
the level set curvature k1 (x) of the resulting image does
not deliver an accurate approximation of the guidance
curvature k̃.
2) Estimate the difference between k1 and k̃ and make a(x)
proportional to the absolute value of the difference such
that a(x) is small in the regions where k1 is close to
k̃ (i.e., no additional smoothing is required) and a(x) is
large in the regions where significant deviations of k1
from k̃ are observed. Now apply (9) with (10) in the
second pass.
F. Extension 2: p(·)-TV and a double-pass scheme
Natural images usually allow for accurate approximations
by images, which are sparse in the gradient domain. The
TV regularization is widely used for constructing such sparse
approximations, as it promotes gradient sparsity without violating the convexity of the resulting energy. On the other
hand, nonconvex regularization methods have attracted significant interest due to their ability to recover sparser solutions
from fewer measurements [11]. In particular, the Lp -based
regularization with 0 < p < 1 is a popular tool for sparsity
enforcement and sparsity-assisted signal and image processing
[47], [34], [11]. In this work, as we deal with texture, which
contributes to high and middle range frequency image content,
we will benefit from using adaptive sparsity-assisted image
filtering. For example, such filtering can be achieved if a
variable exponent 0 < p(x) ≤ 1 is used. This leads us to
the following generalization of (2)
Z
Z 

λ
2
p(x)
(H[u − f ]) dx → min,
a(x)|∇u|
+ k̃a,p u dx +
2 Ω
Ω
(11)
where k̃a,p (x) is obtained by low-pass filtering applied to a
generalized level set curvature


a(x)
ka,p [f ](x) = div
∇f
(x)/|∇f
(x)|
(12)
|∇f (x)|1−p(x)
of the input image f (x).
We want to impose a high level of sparsity by setting p(x)
to low values in the regions where high frequency components
of the level set curvature k[f ](x) dominate. Such regions can
be detected by computing the difference between the level set
curvature and its low-pass filtered version. Now our doublepass strategy reads as follows.
1) Starting with p = 1, apply the energy minimization (2),
then compute the level set curvature k1 of the resulting
image.
2) Apply a low pass filter to k and calculate the difference
between k1 and the low-pass filtered curvature k̃. Set
p(x) close to 1/2 (respectively close to 1) when the
absolute value of the difference is relatively high (respectively low). Apply (11) with (12) using the estimated
p(x) in the second pass.
Here we assume that a(x) is also calculated adaptively, as
described previously.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 5. The Barbara image is used to illustrate how our approach works. (a) The original image has a rich texture content. (b) The result after (2) with λ = 300
and b = 80 is applied: low-contrast texture is gone and high-contrast texture (tablecloth) is reduced. (c) Slices of the original image (top) and smoothed via
(2) (middle) together with their difference (bottom). Image intensity oscillations corresponding to the remaining tablecloth texture are clearly visible. (d) The
smoothed and normalized difference d(x) between the filtered level-set curvature k̃ and the level-set curvature k1 of the smoothed image indicates the regions
where additional texture-suppressing filtering is needed. (e) Applying (11) with adaptively selected weight a(x) and exponent p(x) removes the remaining
tablecloth texture. (f) Slices of the original image and smoothed by (11) demonstrate how accurately texture suppression is performed. (g) The difference
between the original and de-textured images. (h) Zoomed parts of the original and de-textured images.

relative total variation (RTV)

rolling guidance filter (RGF)

SD filter

MCA

bilateral texture filtering (BTF)

L0 gradient minimization

domain transform

WLS

Fig. 6. For the Barbara image, morphological component analysis (MCA) [16] (σ = 10 and λ = 0.5) clearly outperforms more recent RGF [63] (σs = 3
and σr = 0.03), RTV [59] (λ = 0.005 and σ = 3), BTF [12] (k = 5 and 3 iterations) and very recent SD filter [21], [22] (λ = 10, σ = 2) but introduces
some blur. The last three images in the bottom row demonstrate that popular edge-preserving image smoothing filters (L0 gradient minimization [58], domain
transform [18], and Weighted-Least Squares filter [17]) in general are not capable of achieving satisfactory texture suppression results.
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G. Implementation details for the double-pass scheme
We use the following procedure to define the variable
exponent p(x) and the weight a(x). Let k̃ be the smoothed
level set curvature of f and k1 be the level set curvature
obtained after minimizing (2) (the first pass of our doublepass scheme). Then, we estimate the difference between k̃ and
k1 by |k1 − k̃|, smooth it by convolving it with the Gaussian
kernel Gσ , σ = 3, and normalize


d(x) = Gσ ∗ |k1 − k̃|/ sup Gσ ∗ |k1 − k̃| .
(13)
x∈Ω

Now, the weight a(x) and variable exponent p(x) are defined
by
a(x) = α d(x) and p(x) = 1 − d(x)/2,
where α is a constant (the value α = 8 is used in all our
experiments).
Following ideas of [36], [1] we employ a slight modification
of ADMM to solve (11) numerically. Namely, we consider
Z n
La,p (u, q, µ) =
a(x)|q |p(x) + k̃a,p u
Ω
o
r
λ
2
+ H[u − f ] + µ · (q − ∇u) + |q − ∇u|2 dx,
2
2
where, as before, µ is a Lagrange multiplier and r is a positive
constant. We follow the same iterative process as for the TV
case with one important exception: for the problem (a), we
approximate |q|p(x) by |q|/|∇u|1−p(x) . This leads us to the
following update scheme


a(x)
s
µ
qk+1 = max |s| −
,
0
, s = ∇uk − k .
1−p(x)
|s|
r
r|∇u|
According to our experiments, the above adaptation of
ADMM for the variable exponent case and the standard
ADMM with shrinkage (8) for the TV case show very similar
performance in terms of numerical convergence.
Fig. 5 illustrates how our double-pass texture suppression
scheme works.
III. C OMPARISON AND EVALUATION
We compare on the problem of structure + texture image
decomposition our approach with a few other state-of-theart methods, namely Relative Total Variation (RTV) [59],
Rolling Guidance Filter (RGF) [63], the recent Static-Dynamic
Guidance filter (SD filter) [21], [22], Bilateral Texture Filtering
(BTF) [12], and Morphological Component Analysis (MCA)
[50], [15].
First, we establish a visual comparison of the different
methods on the Barbara image in Fig. 6. For this example,
MCA and RGF outperform RTV, BTF, and the recent SD
filter, although both of them introduce some blur. According
to Fig. 5(h), our double-pass scheme seems to demonstrate
the best performance. For a further comparison, the results
obtained by popular edge-preserving image filters [58], [18],
[17] are also displayed in the last three columns of the bottom
row of Fig. 6. In general, they are not capable of achieving
satisfactory texture suppression results.
In Fig. 7, we use a set of standard test images to compare
various methods for which we try to select the best parameter
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settings. For the ”Archangel”, ”Bishapur”, ”fish”, and ”zebras”
images, our double-pass approach produces the best results.
For the ”Hercules with Cerberus” and ”floor mosaic” images,
the SD filter seems to deliver the best results.
In [42], MCA was tested on an image which is very similar
to the zebras image (see Fig. 3 there) and fails to remove the
strips.
In Fig. 8, we evaluate various options available for our
single-pass and double-pass methods. In all our experiments
presented so far, the smoothing operator H was defined as
the convolution with Gaussian G(x/σ), σ = 1. The top row
of Fig. 8 compares the visually best results obtained using
(a) our single-pass method with σ = 1 with (b) when no
smoothing is applied to the data fitting term (σ = 0). One can
observe that (a) demonstrates a better preservation of image
structure features than (b). In (c) we use Gaussian smoothing
for low-pass level-set curvature filtering. A visual comparison
with (a) indicates that Butterworth low-pass filtering leads to
better results. In (d) we tried to see what happens if bilateral
filtering is used for filtering the level-set curvature. Again we
can see that Butterworth low-pass filtering is a better choice.
In (e) and (f) we test our adaptive double-pass method with
p ≡ 1 and p ≡ 0.5, respectively. The results of (e) and (f)
look oversharpened to compare with Fig. 5(h) where adaptive
p(x) is used.

(a) (2) with λ = 10, b = 80, σ = 1.

(b) (2) with λ = 40, b = 80, σ = 0.

(c) k(x) is smoothed by Gaussian.

(d) k(x) is smoothed by bilateral filter.

(e) double-pass scheme, p(x) ≡ 1.

(f) double-pass scheme, p(x) ≡ 0.5.

Fig. 8. Fragments of the Barbara image. (a) (2) with λ = 10, b = 80, and
σ = 1 is used. (b) (2) with λ = 40, b = 80; no filtering is applied to the level
set curvature. (c) (2) with λ = 40, the level set curvature k(x) is smoothed
by Gaussian filter G1.5 (x). (d) Bilaterial filtering with σs = 2, σr = 5 is
used for smoothing k(x), λ = 40, b = 80. (e) Our double-pass scheme is
used with p(x) ≡ 1, b = 80, λ = 50. (f) Our double-pass scheme is used
with p(x) ≡ 0.5, b = 80, λ = 500.

In Fig. 9, we us a synthetic image to compare our single-pass
and double-pass methods. The methods are tested on dealing
with two tasks: removing high frequency patterns from the two
rectangular blocks while preserving three horizontal bars and
removing all the periodic patterns. Both methods are capable
of demonstrating very satisfactory results for the tasks. On the
other hand, one can observe that the single-pass method suffers
from a contrast loss, blurs edges, and create leaks between
close blocks.
Our experiments reflected by Figures 8 and 9 allow us to
conclude that the first step of our double-pass method makes
a higher impact on the final result than the second step.
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Original

RTV (2012)

RGF (2014)

SD (2015, 2018)

our double-pass scheme

Archangel mosaic

λ = 0.01, σ = 3

σs = 3.5, σr = 0.04

λ = 40, σ = 1

b = 150, λ = 60

Bishapur zan mosaic

λ = 0.01, σ = 5

σs = 3, σr = 0.06

λ = 20, σ = 2

b = 70, λ = 100

fish mosaic

λ = 0.015, σ = 6

σs = 3.5, σr = 0.09

λ = 300, σ = 2

b = 45, λ = 75

Hercules with Cerberus

λ = 0.02, σ = 4

σs = 4, σr = 0.06

λ = 100, σ = 2

b = 40, λ = 70

floor mosaic

λ = 0.01, σ = 3

σs = 4.5, σr = 0.03

λ = 100, σ = 1

b = 45, λ = 75

zebras

λ = 0.03, σ = 4

σs = 4.5, σr = 0.07

λ = 300, σ = 5

b = 40, λ = 20

Fig. 7. Visual comparison of different approaches for structure extraction. From left to right: original image, RTV [59], RGF [63], SD filter [21], [22], and
our approach. From top to bottom, the images used are: ”angel”, ”Bishapur-zan”, ”fish”, ”Hercules”, ”mosaic”, and ”zebras”.
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Fig. 9. First row: an artificial test image (right) is produced by adding
oscillating patterns to a simple geometric image (left) which contains sharp
edges and constant and linear regions; the middle-top and middle-bottom
images show the diagonal profiles of the left and right images, respectively.
Second row: (2) is used with b = 10, λ = 1000 for leftmost image and
b = 10, λ = 30 for the rightmost image. Third row: our double-pass scheme
is used with b = 20, λ = 1500 for leftmost image and b = 10, λ = 500 for
the rightmost image.

IV. A PPLICATIONS
The possibility to decompose an image into its structure and
texture components leads naturally to various applications. In
the following, we demonstrate how our approach can be used
for reducing image compression artifacts, image sharpening,
image dehazing and inverse halftoning (descreening).
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Fig. 10. Illustration of compression artifacts removal with our approach.
Top-left: an original image. Top-middle: the JPEG compressed image. Topright: the image with the compression artifacts suppressed by our doublepass method (b = 100, λ = 280). The bottom row shows zoom parts of
the corresponding top-row images; image binarization is applied for a better
visual assessment.

where β > 1 is a constant.
Fig. 11 illustrates image sharpening obtained by the approach presented in this paper. Minimizing (11) with (12) is
used to compute the image structure u(x) and (14) is used
with β = 5.
Some variants of this approach can be applied depending on
the type of image to be processed. For example, in the case
of the Mona Lisa image, Fig. 12, a visually more pleasant
result is obtained by sharpening the structure component only
(compare image (c) to (d) or (e)).

A. Reducing image compression artifacts
Although our approach is designed to deal with images
textured by repetitive patterns, it can be also used for a number
of image processing tasks which require edge-preserving image filtering. In particular our approach tend to demonstrate a
competitive performance in reducing JPEG image compression
artifacts, as illustrated by Fig. 10. In this example, the L2
relative residual error (RRE) is 0.0341 and the structural
similarity index (SSIM) [57] is 0.9473. Interestingly, two
state-of-the-art edge preserving image filtering methods, L0 smoothing [58] and a very recent image filtering scheme
introduced in [54], which demonstrate top performances in
suppressing JPEG compression artifacts, deliver slightly worse
results. Namely, for [58] with parameters λ = 0.002, κ = 2
we get RRE = 0.0348 and SSIM = 0.9442 and [54] with
λ = 2, and σ = 1 yields RRE = 0.0341 and SSIM = 0.9454.
For each method, we tried to select the best combination of
the user-specified parameters.
B. Image sharpening
A possible application of the structure + texture image
decomposition is image sharpening, i.e. the increase of the
apparent sharpness of an image. One possible approach is to
extract the structure and the texture of the image, then to scale
the texture channels, and finally add them back to the image
structure. Let f (x) be the original image, then we compute
the image structure u(x) by one of the methods discussed in
Section II. A sharpened image is obtained by:
u(x) + β(f (x) − u(x))

(14)

C. Haze removal
A simple modification of the previous image sharpening
technique leads to a powerful method for removing haze
in images. Fig. 13 illustrates the process of haze removal
on several common test images. When haze is uniformly
distributed in the image, then (14) can be directly used.
However, when the haze is only located in some parts of the
image, then it seems better to use a slightly modified version
of (14) as follows
u(x) + h(x, β) (f (x) − u(x)),

(15)

where h(x, β) is close to 1 in the areas where no haze is
present, and is equal to some larger value (h(x, β) > 1) in the
areas with haze. With this approach, the original image is left
unchanged in the regions without haze, and sharpened only
in the regions with haze. One possible way to define such a
function h(x, β) is by using the dark channel prior from [25]

2
h(x, β) = β f dark (x) + 1,
where f dark (x) is the dark channel prior.
Fig. 13 compares our approach, based on (15) with the
structure image u(x) obtained from minimizing (11) with (12),
to the haze removal method from [25] and [32]. We used
β = 15 for all the images. While the results are comparable
for the forest image (second image from the top), our approach seems to outperform [25] for the other images. When
compared to [32], our approach provides either competitive or
outperforming result on the different test images.
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Fig. 11. Image sharpening by magnifying its texture component (5x-magnification is used for both the examples).

(a)

(b)

(c)

(d)

(e)

Fig. 12. Sharpening an image of Mona Lisa via structure sharpening. (a) Original image. (b) Structure. (c) Sharpened structure. (d) Sharpened structure +
texture. (e) Straightforward sharpening the original image amplifies image defects and compression artifacts.

original

[25]

[32]

ours double-pass method

Fig. 13. Application of structure + texture decomposition to haze removal. From left to right: original image, results obtained with [25], results obtained with
[32], and results obtained with our approach.

D. Inverse halftoning

Inverse halftoning consists of a reconstruction of an image
from its halftone rendering. As demonstrated in [12], such a
reconstruction can be achieved via structure + texture image
decomposition. Fig. 14 presents a visual comparison of three
image decomposition methods used for removing stipple dots
from the halftone images. In our opinion, both the SD filter
[22] and our method outperform BTF [12]. For the first
example, our method demonstrates the best performance. For
the halftone image in the second row of Fig. 14, which is
particularly challenging because it contains patterns on the
vest that need to be preserved, the SD filter does a better job
in preserving thin image structures, while our method shows
better results in preserving the vest patterns.

V. D ISCUSSION AND CONCLUSION
Geometric considerations often provide us with powerful
tools to analyze image structures. In this paper, the level set
image curvature has been used to enhance the total variation approach for the problem of structure + texture image
decomposition. We have started from a simple extension of
the basic TV model. The extension is designed to achieve
a high quality structure + texture image decomposition and
treats image texture as high-frequency content of the image
level set curvature. The principal advantage of our method
to compare with the existing TV-based schemes consists
of a better preservation of non-textural image corners. This
important property of our method is justified theoretically by
(5) and verified using test images. We also demonstrate that
our curvature-guided method outperforms a number of stateof-the-art image decomposition techniques.
Furthermore, we have proposed an extension of this ap-
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original

SD filter

bilateral texture filter (BTF)

10

ours (double-pass scheme)

Fig. 14. Inverse halftoning obtained from a structure+texture decomposition approach. From left to right: original image, SD filter [21], [22], BTF [12] and
our approach.

proach, consisting of using a weighted p(·)-Dirichlet energy
term instead of the standard TV energy term, with the variable
exponent p(x), 0 < p(x) ≤ 1, and the variable weight a(x),
where both the weighting functions p(x) and a(x) are learnt
from the result of the filtered-curvature extension of the TV
regularization. Numerical experiments demonstrate that this
approach outperforms state-of-the-art image methods for the
problem of structure + texture image decomposition, as well
as for several related applications, such as, JPEG compression
artifacts suppressing, image sharpening, haze removal, and
descreening of halftoned comic images.
A limitation of our method consists of a correlation between
the main parameters: the data-fitting parameter λ in (2) and
parameters used for removing high- and middle-frequency
content of the level set curvature of the input image (for all the
examples the level set curvature filtering is done by applying
a Butterworth filter controlled by a single cut-off frequency
parameter b). Such a correlation sometimes makes it difficult
to select optimal parameters values for producing high quality
structure + texture image decomposition.
A list of further applications which can potentially benefit
from our method includes image compression [56], [41],
multi-focus image fusion [64], super-resolution [30], [65],
and defect detection [33], [26]. Together with using more
sophisticated techniques for spectral filtering of the level set
curvature image, these constitute promising directions for
future research.
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