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Abstract

This paper presents a novel filtering-based method for decomposing an image into structures and textures. Unlike
previous filtering algorithms, our method adaptively smooths image gradients to filter out textures from images.
A new gradient operator, the interval gradient, is proposed for adaptive gradient smoothing. Using interval
gradients, textures can be distinguished from structure edges and smoothly varying shadings. We also propose an
effective gradient-guided algorithm to produce high quality image filtering results from filtered gradients. Our
method avoids gradient reversal in the filtering results and preserves sharp features better than existing filtering
approaches, while retaining simplicity and highly parallel implementation. The proposed method can be utilized
for various applications that require accurate structure-texture decomposition of images.

Keywords: texture filtering, interval gradient, gradient-domain image decomposition, 1D filtering

Categories and Subject Descriptors (according to ACM CCS): I.4.3 [Image Processing and Computer Vision]:
Enhancement—Smoothing; I.3.7 [Computer Graphics]: Three-Dimensional Graphics and Realism—Color, shad-
ing, shadowing, and texture

1. Introduction

In structure-texture decomposition, an image is decom-
posed as I = S + T , where I, S, and T represent the in-
put image, structure elements, and texture details, respec-
tively. In general, the structure-texture decomposition prob-
lem is formulated as finding an appropriate (or latent) struc-
ture S by suppressing texture details T in the input im-
age I. Due to its usefulness in a broad range of image
processing applications, several methods have been pro-
posed to handle this problem, which in general can be
divided into two categories: optimization-based [ROF92,
Wei06,XLXJ11,XYXJ12,HBZW14] and filtering-based ap-
proaches [PHK11, KEE13, CLKL14, ZSXJ14].

Optimization-based approaches [ROF92, XLXJ11,
XYXJ12, HBZW14] globally suppress the oscillating
patterns induced from T , while guessing the structure
image S as similar as possible to the input image I. Al-
though they obtain high-quality results, these methods are

comparably complex and cannot easily be parallelized,
thus not allowing the algorithm to handle large images
and used in interactive applications. Filtering-based algo-
rithms [KEE13, CLKL14, ZSXJ14] try to design effective
filter kernels to suppress T . Previous filtering approaches,
however, often fail to accurately detect S for structure edges
and corners.

In this paper, we propose a novel filtering-based
method for structure-texture decomposition that generates
high-quality results comparable to those of optimization-
based approaches. Unlike most previous filtering-based ap-
proaches, we formulate the problem as ∇I = ∇S+∇T in
the gradient domain. Our approach directly manipulates gra-
dients of the input image to filter out textures from the input.
In this sense, our goal is to carefully design a gradient do-
main solution for structure-texture decomposition, where the
desirable ingredients are i) structure-aware gradient smooth-
ing, which suppresses ∇T while preserving ∇S, and ii) re-
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(a) input image (b) filtering result (c) detail enhancement (d) close ups

Figure 1: Structure-texture decomposition result. From the input image (a), textures are first filtered (b) and then enhanced (c).
Our filtering result precisely preserves structure edges, and no artifact is introduced during the enhancement, as shown in (d).

construction of the filtered image from the smoothed gradi-
ents, which not only preserves∇S but also reflects the over-
all shape of the input I.

Our contribution is twofold. First, we define a new type
of gradient operator, called the interval gradient, denoted by
∇Ω(·), which is designed to distinguish∇T from∇S in the
spatial support Ω. We propose a gradient rescaling method
based on the interval gradient to suppress∇T while preserv-
ing∇S within the signal (Sec. 3).

Second, motivated by the guided image filter [HST10], we
propose a novel gradient-based image filtering method that
is suitable for structure-texture decomposition (Sec. 4). It in-
herits the characteristics of the guided image filter. The fil-
tering results resemble the input images and at the same time
preserve strong edges and gradients precisely, while detailed
textures and repeated patterns are removed. In addition, the
proposed method is composed of 1D local filters, similarly to
[GO11], allowing extreme acceleration with modern GPUs.
As a result, our method can decompose textures from images
effectively and accurately, allowing the decomposed images
to be utilized in various applications that require high-quality
decomposition results, as shown in Fig. 1.

2. Related Work

2.1. Structure-texture image decomposition

Among the filtering-based approaches, the bilateral fil-
ter [TM98] is a representative kernel-based edge-preserving
filter. Its range weight function allows data point pairs across
edges to be clearly distinguished and thus not mixed. The
guided filter [HST10] performs local linear transforms of a
guidance image, a strategy that does not lead to gradient dis-
tortions near edges. The domain transform method [GO11]
delivers a significant speedup in 2D filtering by reducing
the dimensionality to one. These methods can produce high
quality edge-preserving smoothing results but cannot easily
remove strong textures.

Several methods have been proposed for removing strong

textures within images. Subr et al. [SSD09] computed en-
velopes defined from local extrema and smoothed out tex-
ture oscillations by averaging the envelops. The histogram
filter [KS10], median filter [Wei06, MHW∗13, ZXJ14], and
diffusion-based approaches [Wei98, VPS03] are capable of
filtering textures to some extent, unless the textures contain
large oscillating signals. Karacan et al. [KEE13] proposed
a patch-based texture removal algorithm that uses similarity
measures based on regional covariance. The bilateral texture
filter [CLKL14] uses joint bilateral filtering with a guidance
image generated via a patch shift mechanism. The rolling
guidance filter [ZSXJ14] uses a Gaussian-blurred image as
a guidance image in joint bilateral filtering to eliminate only
the image structures that are smaller than a specific scale.

The total variation (TV) method [ROF92] effectively sup-
presses textures of arbitrary shapes by enforcing TV regular-
ization constraints on the image. The weighted least squares
(WLS) method [FFLS08] solves a large linear system to pro-
vide progressive/multiscale image coarsening and decom-
position. L0 gradient minimization [XLXJ11] globally op-
timizes the quality of filtering by controlling the number
of non-zero gradients in the image. Xu et al. [XYXJ12]
introduced relative total variation (RTV) which allows ac-
curate identification and removal of texture regions. As
compared to filtering-based approaches, optimization-based
techniques [FFLS08, XLXJ11] are able to produce high-
quality results; however, their computation costs are higher
in general, even when the multigrid method [BFGS03,
GWL∗03] or a fast global solver based on separable applica-
tion of a sequence of 1D subsystems [MCL∗14] is applied.

2.2. Gradient domain image processing

Gradient domain analysis has been successfully utilized in
various image processing applications, such as editing, com-
position, HDR image compression [FLW02,PGB03,Aga07,
FHL∗09, BZCC10]. We refer the reader to an excellent tu-
torial [AR07] for details. From an input image, the gradi-
ent information of each pixel is first computed by measur-
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ing intensity differences between the pixel and its neigh-
borhood. Then, these gradients are manipulated according
to application-specific purposes, while their local structures
are preserved. The resultant image is then estimated based
on the manipulated gradients through optimization, e.g., us-
ing the Poisson solver. Our local filtering approach is based
on gradient domain processing specifically designed to han-
dle the structure-texture decomposition problem.

Our approach has a connection to Retinex-based ap-
proaches for intrinsic image decomposition [TFA05,
GJAF09, BST∗14], in that both consider gradient-domain
image decomposition. In the Retinex theory [LM71], an im-
age could be decomposed into illumination and reflectance
parts in the log-scale gradient domain, based on the as-
sumption that illumination varies gradually but reflectance
does abruptly. Retinex-based approaches use trained classi-
fiers [TFA05] or global optimization [BST∗14] to achieve
illumination-reflectance decomposition in the gradient do-
main. Our approach tackles structure-texture decomposition
in the gradient domain by defining interval gradients to han-
dle complicated texture patterns.

3. Interval Gradient for Gradient Filtering

In structure-texture decomposition, an input image is de-
composed into a structure image and a texture image. The
structure part contains non-repeating edges and smooth
shadings, while the texture part contains oscillating patterns
and noise. The goal of the texture filtering is to find a struc-
ture image as similar as possible to the input image while
removing textures. In this section, we first define the local
characteristics of structure and texture in the 1D domain.
Then we present our interval gradient operator, which is able
to distinguish structure and texture from a given 1D signal.

3.1. Structure and texture in 1D

In a 1D signal I, for a local window Ωp centered at a pixel p,
we define structure S as non-repeating salient edges that are
smoothly increasing or decreasing signals within the win-
dow. Texture T is then defined as local oscillations added to
the structure so that I = S+T .

Given the definition of a structure, we define that Ωp is
texture-free if and only if the signal is only increasing or de-
creasing but never oscillates within Ωp. The signal can vary
smoothly (smooth shading) or abruptly (structure edge). Al-
though imperfect (e.g., the signal can smoothly go up and
then down without containing texture), this definition is ef-
fective in most cases. We can then determine whether a 1D
signal I is texture-free by computing a measure based on this
definition. Note that the RTV metric defined in [XYXJ12] is
also minimized when the signal is increasing or decreasing.
In this paper we present a novel operator, the interval gradi-
ent, to determine whether a signal is texture-free.

3.2. Definition of interval gradient

In a 1D discrete signal I, for a pixel p, one common gradient
operator is the forward differentiation, defined as:

(∇I)p = Ip+1− Ip. (1)

It measures the difference between two adjacent signal val-
ues. In contrast, our interval gradient for pixel p is defined
as

(∇ΩI)p = gr
σ(Ip)−gl

σ(Ip), (2)

where gr
σ and gl

σ respectively represent left and right clipped
1D Gaussian filter functions defined by

gr
σ(Ip) =

1
kr

∑
n∈Ω(p)

wσ(n− p−1) In,

gl
σ(Ip) =

1
kl

∑
n∈Ω(p)

wσ(p−n) In. (3)

wσ is the clipped exponential weighting function with a scale
parameter σ:

wσ(x) =

{
exp
(
− x2

2σ2

)
if x≥ 0

0 otherwise
, (4)

and kr and kl are normalizing coefficients defined as:

kr = ∑
n∈Ω(p)

wσ(n− p−1) and kl = ∑
n∈Ω(p)

wσ(p−n). (5)

The kernel shape of the interval gradient is shown in Fig. 2.

Forward differentiation Interval gradient kernel

Figure 2: Forward differentiation and interval gradient ker-
nels. Left: Conventional forward difference kernel; right:
our interval gradient kernel with σ = 3.

Unlike forward differentiation, the interval gradient mea-
sures the difference between the weighted averages of the
left and right parts of the signal around a pixel. It is also dif-
ferent from gradients of the smoothed signal, as discussed in
Sec. 3.3.

For the shape of the interval gradient kernel, any type of
kernel, such as concatenation of two box filters or derivatives
of Gaussian, can be used if it is able to detect the average
statistics of the left and right subregions of a pixel. Different
kernels have different properties when smoothing textures,
as discussed in Sec. 5. Our experiments showed that the pro-
posed kernel shape in Eq. (4) preserves sharp features while
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(a) input signal

(b) gradient from forward differentiation

(c) interval gradient

(d) rescaled gradient

(e) reconstructed signal

Figure 3: Various types of signals and gradients. From left
to right: texture, structure edge, texture with shading, and
noisy valley near a structure edge.

smoothing textures. It is used to generate all examples in this
paper unless otherwise stated.

3.3. Characteristics of interval gradient

The most important characteristic of the interval gradient is
that for a local window Ωp, |(∇I)p| ≤ |(∇ΩI)p| if the win-
dow is texture-free. As defined in Sec. 3.1, Ωp is texture-free
if the signal is increasing or decreasing. For the increasing
case, Ip+1 ≤ gr

σ(Ip) and Ip ≥ gl
σ(Ip), making the above in-

equality true, and similar argument holds for the decreasing
case. In addition, the sign of (∇ΩI)p captures the overall
increasing/decreasing tendency of the signal within Ωp.

These characteristics can also be shown by considering
the interval gradient kernel in the gradient domain. We can
show that a symmetric interval gradient kernel is equivalent
to an unnormalized smoothing kernel in the gradient domain,
where the sum of the kernel weights is greater than 1 (see
Appendix). For a structure element p, (∇ΩI)p becomes big-
ger than (∇I)p, since the smoothing kernel magnifies the
gradient. For a texture region, (∇ΩI)p becomes smaller than
(∇I)p as oscillating gradients with different signs cancel

each other. The sign of (∇ΩI)p is the same as that of the
weighted average of gradients, since scaling does not affect
the sign.

Case by case analysis Four example cases are shown in
Fig. 3. For a local window with texture, oscillations are can-
celed out because of the smoothing operators gr

σ and gl
σ

and |(∇ΩI)p| becomes much smaller than |(∇I)p|. For a
strong structure edge, the shape of interval gradients resem-
bles that of the gradient of the smoothed edge. For a local
window mixed with shading and textures, the magnitudes
of interval gradients are smaller than those of pixel gradients
but their signs indicate the overall increasing/decreasing ten-
dency of the signal within the window. The rightmost col-
umn shows a noisy valley attached to a structure edge. In
the noisy valley, similar to a mixture of shading and tex-
ture, |(∇ΩI)p| is smaller than |(∇I)p|, although the sign of
|(∇ΩI)p| changes with overall shape of the valley. However,
as the signal moves into the structure edge, the magnitudes
of interval gradients increase and become larger than those
of pixel gradients.

Validation To validate the property of our interval gradient,
we conducted the following experiment. We filtered 200 im-
ages in the dataset given in [XYXJ12], using previous tex-
ture filtering methods [XYXJ12, ZSXJ14, CLKL14]. Then,
we measured the ratios between the magnitudes of the orig-
inal and interval gradients (|(∇ΩI)p / (∇I)p|) for all pixels
in the two images, before and after filtering. As shown in
Fig. 4, most ratio values are near to or greater than 1 for the
filtered images, while the original images have many small
ratio values because of high contrast textures and noise.

Original images Filtered by [XYXJ12]

Figure 4: (x-axis) gradient ratio, |(∇ΩI)p / (∇I)p|; (y-
axis) percentage of pixels. The total number of pixels is
around 100M. The image gradients along the horizontal di-
rection were used for the comparison, and the result with the
vertical gradients is similar. After texture filtering, almost all
pixels have gradient ratios near to or greater than 1.

Using interval gradients we can determine whether a local
window of a given signal contains texture. In addition, we
can determine the overall increasing/decreasing tendency of
the signal. We present our gradient rescaling algorithm based
on these characteristics in the following subsection.
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Figure 5: Gradient-based guided filtering example. (gray) input signal; (blue) signal reconstructed directly from rescaled
gradients; (red) signal after guided filtering. In the right part of the signal, the directly reconstructed signal becomes deviated
from the original. This deviation error is adjusted by using the guided filtering, as shown by the red curve.

3.4. Gradient rescaling with interval gradients

In order to produce a texture-free signal from an input signal
I, the gradients within texture regions should be suppressed.
Furthermore, the signal should be either increasing or de-
creasing for all local windows Ωp. With these objectives, we
use the following equation to rescale the gradients of the in-
put signal with the corresponding interval gradients:

(∇
′
I)p =

{
(∇I)p ·wp if sign((∇I)p) = sign((∇ΩI)p)

0 otherwise,
(6)

where (∇
′
I)p represents the rescaled gradient, and wp is the

rescaling weight:

wp = min
(

1,
|(∇ΩI)p|+ εs

|(∇I)p|+ εs

)
, (7)

where εs is a small constant to prevent numerical instability.
Too small values of εs would make the algorithm sensitive
to noise, introducing unwanted artifacts to filtering results.
The sensitivity to noise can be reduced by increasing εs but
textures could not be completely filtered if εs is too big. We
set εs = 10−4 in our implementation.

For structure edges and smoothly varying regions, gradi-
ents are not changed because |(∇ΩI)p| ≥ |(∇I)p|, making
wp be 1. On the other hand, for textured regions with oscil-
lating patterns and noise, |(∇ΩI)p|< |(∇I)p| and the gradi-
ents are suppressed with wp less than 1. In addition, (∇I)p
is set to zero if the signs of the original and interval gradients
are different. As our goal is to make a signal locally mono-
tonic, we make (∇I)p follow the local increasing/decreasing
tendency, which is estimated by the sign of (∇ΩI)p, by set-
ting (∇I)p to zero if it does not agree with the tendency.

As a result, the filtered gradients satisfy the first prop-
erty specified in Sec. 1, preserving∇S and suppressing∇T .
However, the textures may not be fully filtered for some re-
gions, and stair-like effect can occur within a region contain-
ing both texture and smoothly varying shading, as shown in

Fig. 3e. These remaining issues are handled in the following
section.

4. Texture Filtering with Interval Gradient

4.1. 1D texture filtering

After gradient rescaling, we can reconstruct the filtered sig-
nal by simply accumulating the rescaled gradients. The ac-
cumulation result, however, can still contain small unfiltered
oscillations and deviate from the original signal, since we
have rescaled gradients locally (Figs. 3e and 5). We need a
method for rectifying the reconstructed signal to remove re-
maining oscillations and to remedy the deviations from the
original signal. Guided filtering [HST10] provides an appro-
priate solution for this task, as it filters the input signal to
remove small noise and match the target signal. Guided fil-
tering is also known to preserve edges and corners without
introducing gradient distortions and oversharpened edges.

To obtain the filtering result of the input signal I, we first
construct a temporary signal R from the rescaled gradients
via accumulation:

Rp =
p−1

∑
k=0

I0 +(∇
′
I)k, p ∈ {0,1, . . . ,Np}, (8)

where I0 is the leftmost value of I and Np is the number of
pixels in I. Then, for each reconstructed signal value Rp, the
1D guided filtering process seeks the best linear transform
coefficients ap and bp that minimize:

argmin
ap,bp

∑
n∈N(p)

wn

(
(apRn +bp− In)

2 + εa2
p

)
, (9)

where wn is the Gaussian weight with the scale parameter σ

in Eq. (4), given as:

wn = exp

(
− (n− p)2

2σ2

)
, (10)

and ε is the smoothness parameter. The effects of the param-
eters σ and ε are discussed in Sec. 5. Closed form solutions

submitted to COMPUTER GRAPHICS Forum (4/2016).



6 H. Lee, J. Jeon, J. Kim, & S. Lee / Structure-Texture Decomposition of Images with Interval Gradient

Algorithm 1 2D image filtering
Input: image I
Output: texture filtered image S

while Eq. (14) is false do
(∇
′
xI)← rescaled gradients along x-axis . Eq. (6)

(∇
′
yI)← rescaled gradients along y-axis

for i := 0 . . .(Nd−1) do
σi← σ ·

√
3 2N−i
√

4N−1
. Adapted from [GO11]

Sx← 1D filtering result along x-axis
. Eqs. (11)-(13)

I← Sx
Sy← 1D filtering result along y-axis
I← Sy

end for
end while
S← I

exist for both ap and bp, as given in [HST10]:

ap =
gσ ((RI)p)−gσ (Rp)gσ (Ip)

gσ

(
R2

p
)
−gσ (Rp)

2 + ε
(11)

bp = gσ (Ip)−ap ·gσ (Rp) , (12)

where gσ(·) represents 1D Gaussian smoothing with σ and
RI is the elementwise multiplication of R and I. Then the
filtered result S can be computed as:

Sp = āpRp + b̄p, (13)

where āp = gσ(ap) and b̄p = gσ(bp) are Gaussian smoothed
coefficients. Fig. 5 shows an example of the guided filter-
ing process; structural differences from the original as well
as the remaining oscillations in the temporary signal are re-
moved in the filtering.

4.2. 2D Texture Filtering

So far, all the algorithm components, the interval gradient,
gradient rescaling, and guided filtering, have been defined
and applied in the 1D domain. To apply these components
to a 2D image, we adopt the approach of alternating 1D fil-
tering operations in the x and y directions, which was used
for domain transform filtering [GO11]. We first compute the
rescaled gradients in both x and y directions from the input
image. At each iteration, we apply 1D filtering to the image
along the x direction using Eqs. (11)-(13). The filtered result
is then set as the input and the 1D filtering along the y direc-
tion is applied with the rescaled gradients computed at the
beginning. As in domain transform filtering [GO11], these
alternating steps are performed several times with decreas-
ing spatial support σi. By taking only 1D operations, our 2D
filtering can be performed efficiently.

A possible alternative approach to handle 2D images us-
ing our algorithm components would be to compute filtered

gradients in the x and y directions using interval gradient and
gradient rescaling, and then apply the Poisson reconstruc-
tion method [PGB03] to the filtered gradients. However, as
shown in Fig. 6, such an approach is not very successful in
our case, as the Poisson solver usually fails in the presence
of noise and outliers, often producing over-smoothed results
[AR07]. Remaining small oscillations from textures in the
filtered gradients act as noise that does not favor a desirable
output image, and a Poisson solver could return the textures
patterns into the output. Moreover, the over-smoothing ar-
tifact of a Poisson solver blurs structural boundaries in the
output.

(a) input (b) Poisson (c) ours

Figure 6: Comparison between Poisson reconstruction and
our approach. Due to remaining oscillations in the filtered
gradients, Poisson reconstruction generates an unpleasing
result. With our guided filtering, such remaining oscillations
are filtered out while structure edges are preserved.

Filtering iterations Iterative filtering is necessary to fully
remove high contrast textures from images [CLKL14]. To
obtain the final result, the entire process, consisting of inter-
val gradient computation, gradient smoothing, and iterative
1D filtering, is repeated several times, where the result ob-
tained from the previous iteration is used as the input of the
current iteration. For a stopping condition, we check whether
the filtering iteration has been converged. As textures are re-
moved, interval gradients become bigger, and the rescaling
ratio in Eq. (7) becomes 1 for most pixels. Utilizing this, we
measure the difference of rescaling ratios between the cur-
rent and previous iterations. The iteration is stopped when
the difference is less than a given threshold δt , so that

max

(
1
N ∑

p

(
wt−1

px −wt
px

)2
,

1
N ∑

p

(
wt−1

py −wt
py

)2
)

< δt ,

(14)
where wt

px and wt
py are the rescaling ratios for the x- and y-

directional gradients of a pixel p at iteration t, respectively.
Algorithm 1 summarizes the entire process of our 2D filter-
ing method.
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(a) input (b) σ = 3 (c) σ = 5 (d) σ = 7 (e) σ = 9

(f) input (g) ε = 0.0052 (h) ε = 0.012 (i) ε = 0.0152 (j) ε = 0.022

Figure 7: Results with varying parameters. (top) bigger scale textures are removed as σ increases; (bottom) smoother results
are obtained with bigger ε.

(a) clipped Gaussian (b) box shaped (c) derivative of Gaussian

Figure 8: Results using three different interval gradient kernels. The clipped Gaussian kernel preserves sharp features better,
while the derivative of Gaussian kernel is able to effectively smooth high contrast textures. A box shaped kernel smooths textures
moderately. All the parameters, except for the interval gradient kernel shape, are set the same for the three cases.

5. Experimental Results

Parameters As in previous structure-preserving filtering
methods, our method has two main control parameters, σ

and ε. Parameter σ controls the scale of textures to be re-
moved, and ε controls the smoothness of the result. In our
experiments, we used σ ∈ [2, 5] and ε ∈ [0.012, 0.032]. Fig.
7 shows filtering examples to demonstrate the effects of the
parameters. For the convergence threshold δt in Eq. (14), too
small values would bring in unnecessary filtering iterations
and oversmooth the image, while bigger values could cause
the filtering process to stop too early. We used a fixed value
of 0.052 throughout our experiments. We found that more it-
erations (usually 5-8) are required to filter high contrast tex-
tures, while 3-5 iterations suffice for most cases.

Interval gradient kernel shapes Various kernels can be ap-
plied to compute interval gradients provided that they cap-
ture the signal difference between the two intervals in the
left and right of a pixel. We tested three different kernels,
clipped Gaussian, box shaped, and derivative of Gaussian
(DoG) (Fig. 15). In principle, sharp features such as corners

are preserved better if more weights are given near to the
kernel center. On the other hand, high contrast textures can
be effectively removed using the DoG kernel (Fig. 8). Re-
sults with the box shaped kernel show slightly inferior qual-
ity, but can be efficiently computed with integral images. In
our experiments, we used clipped Gaussian kernels for most
images, unless stated otherwise.

Handling color images For filtering color images, we use
the gradient sums of color channels in the gradient rescaling
step (Eqs. (6) and (7)), i.e.,

wp = min

1,
∑c∈{r,g,b}

∣∣∣(∇ΩIc)p

∣∣∣+ εs

∑c∈{r,g,b}

∣∣∣(∇Ic)p

∣∣∣+ εs

 . (15)

In the guided filtering process, the color bleeding artifact
may occur if each channel is filtered independently. Guided
filtering for color images is described in [HST10]: however,
it requires a 3-by-3 matrix inversion for each pixel and that
the target image be single channel. Instead, we use a simple
approach to prevent the color bleeding artifact. Color bleed-
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without color handling

with color handling

Figure 9: Color handling example. In the top row, guided
filtering is applied separately for each channel, and the
red color channel is over-smoothed, causing color bleeding.
Color bleeding can be prevented using Eqs. (16) and (17),
as shown in the bottom row.

ing happens when ap in Eq. (11) of a specific color chan-
nel becomes very small as compared to those of the other
channels during the filtering. In this case, the color channel
is blurred while other channels are not. To prevent this, for
each pixel we compute the minimum threshold of ap as

amax
p = min

(
1, max

c∈{r,g,b}
ac

p

)
, (16)

where ac
p represents the scaling factor for a color channel

c. The value of amax
p is clamped by 1 to avoid unnecessary

scale-up of a channel value. Then, we adjust ac
p of each color

channel using the threshold amax
p as

ac
p = max

(
ac

p, amax
p
)
. (17)

Fig. 9 shows an example of color handling.

Timing data Table 1 shows the average computation time.
Although our method is not significantly faster than previ-
ous approaches when running on a CPU, it is highly paral-
lelizable because of its local nature. In addition, our method
consists only of 1D filters, allowing the fast shared memory
structure of CUDA to be used [NBGS08]. Our implementa-
tion using CUDA C++ can run around 400 times faster than
the CPU version.

Comparison We compared our filtering method with a few
previous approaches [XYXJ12,CLKL14,ZSXJ14]. For RTV
[XYXJ12] and rolling guidance filter (RGF) [ZSXJ14], we
used the authors’ implementations publicly available on in-
ternet. For bilateral texture filtering (BTF) [CLKL14], we

Table 1: Timing data for a grayscale image of 600×800
pixels with a single filtering iteration, measured using our
MATLAB (CPU) and CUDA C++ (GPU) implementations
on a PC with Intel Core i7 CPU, 12GB RAM, and NVIDIA
GeForce GTX 980 graphic card running Windows 8.1.

Component
σ = 3 σ = 5 σ = 7

CPU/GPU CPU/GPU CPU/GPU

Comp. (∇′ I) 80ms/0.6ms 90ms/1ms 95ms/1.5ms
Comp. S 390ms/7.5ms 530ms/11ms 545ms/15ms

Total 470ms/8.1ms 620ms/12ms 640ms/16.5ms

used our own implementation. Fig. 10 shows comparison ex-
amples. Similar to other methods, our method preserves the
structure elements while textures are filtered out. Compared
to BTF and RGF, our method preserves small features and
edge gradients better. Our results show comparable quality
to those of RTV with significantly less processing time, as
shown in Table 1. As an optimization-based method, RTV
flattens shading variations in the input image, and shading
information can be lost in the filtering results although they
appear sharper and cleaner. In contrast, our method preserves
overall shading of images and retains important structure
edge gradients. Additional filtering results of our method are
shown in Fig. 11 and the supplementary material. Note that
the original gradients of the structure edges in the input im-
ages are preserved well by our method and this may cause
some structure edges to appear little blurry in our filtering
results.

Applications Because of the structure-texture decomposi-
tion property, the most intuitive application of our method
would be detail enhancement. In enhancing details of im-
ages, it is crucial to precisely preserve structure edge gra-
dients to achieve high-quality results, and this requirement
prohibits many filtering-based approaches from being ef-
fectively used in detail enhancement. Our method does not
distort the gradients of structure edges, even after removal
of highly contrasting textures. With our method, high qual-
ity detail enhancement results can be obtained within sec-
onds. Fig. 12 shows an example; more results can be seen
in the supplementary material. As another application, Fig.
13 shows an example where our method is used for inverse
halftoning. Although we do not provide specific examples,
our method can also be used for other applications, such as
noise removal, tone mapping, and texture replacement.

6. Conclusion

We proposed a novel filtering based structure-texture de-
composition method. Rather than directly filtering image
colors, our method manipulates image gradients to produce
high quality filtering results with fewer artifacts than pre-
vious filtering-based approaches. We proposed a novel gra-
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input RTV [XYXJ12] BTF [CLKL14] RGF [ZSXJ14] our method

Figure 10: Comparison of filtering results. Input images contain strong textures as well as sharp edges and smoothly varying
shadings. As compared to other methods, our method removes textures while preserving image structures and shading better.

dient operator, the interval gradient, which is a useful tool
for effectively distinguishing the textures from the struc-
tures of an image. With our interval gradient operator and
gradient guided image filtering, we obtained state-of-the-art
structure-texture decomposition results, which can be uti-
lized in various applications.

Limitations Similarly to previous approaches, our method
requires fixed scale parameters and cannot handle textures
with largely varying scales (Fig. 14a). As a local 1D filtering
approach, our method cannot easily handle strong and irreg-
ular texture patterns. Since such textures can be considered
as unique structures in local windows, sparse patterns may
not be filtered (Fig. 14b). Our method attempts to preserve
1D increasing or decreasing signals as far as possible, and
filtering may not be accurate around some complex texture

boundaries (Fig. 14c). Lastly, our definition of the texture
does not consider semantic information of the scene, and
sometimes filtering results could be perceived nonintuitive
in terms of the semantic information (Fig. 14d).

Future work Our possible future work would be to address
these limitations. Ham et al. [HCP15] recently proposed a
novel optimization based filtering method that can handle
different scales of textures in the input image. It would also
be interesting to find interactive applications based on our
structure-texture decomposition method.
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Figure 11: Additional results of our structure-texture decomposition. (top) input images; (bottom) filtering results. The original
gradients of structure edges in the input images are preserved well by our method, and it may make some structure edges appear
a little blurry in the filtering results.
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Appendix

Interval gradient kernel in gradient domain

Let {I1, I2, . . . , I2n} be 1D signal values and
{g2,g2, . . . ,g2n−1} be their gradients, such that
gi = Ii+1 − Ii. Then, for each pair of pixels Ip and Iq
where p < q, we can express Iq as

Iq = Ip +
q−1

∑
k=p

gk. (18)

With a symmetric interval gradient kernel, the interval
gradient of the n-th pixel is computed as:

∇ΩIn =
2n

∑
k=n+1

wkIk−
n

∑
k=1

wkIk, (19)

Clipped Gaussian Box DoG

Figure 15: (top) interval gradient kernels in the intensity
domain; (bottom) corresponding equivalents in the gradient
domain. For the kernels in the bottom row, the area under the
curve is greater than 1 (not normalized) and their maximum
values are always 1.

where w represents symmetric kernel weights such that
w2n−k = wk for k ∈ {1, . . . ,n}.

Eq. (19) can be rearranged as:

∇ΩIn =
n

∑
k=1

wk (I2n−k+1− Ik) , (20)

and by substituting I2n−k+1 using Eq. (18) we obtain

∇ΩIn =
n

∑
k=1

wk

2n−k

∑
i=k

gi. (21)

By rearranging in terms of g, we obtain

∇ΩIn =
2n−1

∑
k=1

w̄kgk, (22)

where w̄ represents the symmetric weights with length of
2n−1, such that

w̄k =

{
∑

k
i=1 wk k ∈ {1, . . . ,n}

∑
2n−k
i=1 wk k ∈ {n+1, . . . ,2n−1}

, (23)

which becomes unnormalized smoothing of gradients. Fig.
15 shows interval gradient kernels and their corresponding
smoothing kernels in the gradient domain.

Power spectrum analysis

Fig. 16 shows an example of the power spectrum analy-
sis. Gaussian smoothing blurs not only textures but also
structure edges, causing most high-frequency energies sup-
pressed and flattened in the power spectrum. Our filtering
method, on the other hand, smoothes high frequency textures
but preserves sharp structure edges, resulting in the power
spectrum where high-frequency energies have been reduced
overall but still remain due to some from sharp structure
edges. Fig. 16d shows that the power spectrum of the filter-
ing result of the state-of-the-art optimization-based texture-
filtering method [XYXJ12] is quite similar to ours.
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(a) input

(b) Gaussian blurred

(c) our filtering result

(d) filtering result of [XYXJ12]

Figure 16: Power spectrum analysis example. (left) input
and smoothed images; (right) power spectrums of the im-
ages. Best viewed on a color screen.
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