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Abstract
This paper proposes a scale-adaptive filtering method to improve the performance of structure-preserving texture filtering for
image smoothing. With classical texture filters, it usually is challenging to smooth texture at multiple scales while preserving
salient structures in an image. We address this issue in the concept of adaptive bilateral filtering, where the scales of Gaussian
range kernels are allowed to vary from pixel to pixel. Based on direction-wise statistics, our method distinguishes texture from
structure effectively, identifies appropriate scope around a pixel to be smoothed and thus infers an optimal smoothing scale
for it. Filtering an image with varying-scale kernels, the image is smoothed according to the distribution of texture adaptively.
With commendable experimental results, we show that, needing less iterations, our proposed scheme boosts texture filtering
performance in terms of preserving the geometric structures of multiple scales even after aggressive smoothing of the original
image.

CCS Concepts
• Computing methodologies → Computational photography;

1. Introduction

Texture filtering is a powerful operation that facilitates a variety of
applications such as artistic rendering, visual abstraction, illumina-
tion decomposition [ZYL∗17] etc. It aims to smooth texture while
preserving geometric structures in an image, namely, adaptive im-
age smoothing. The desired solution is to propose a kind of ef-
fective structure measurement to distinguish texture from structure
and tailor an optimal smoothing scheme to filter out texture. Classi-
cal edge-preserving filters assume local contrast of image intensity
as structure measurement [TM98, FFLS08, GO11, XLXJ11] and
thus may fail to flatten small-scale high-contrast details (texture).
More sophisticated metrics have been proposed to address this is-
sue, such as oscillations of local extrema [SSD09], total variation
(TV) with intensity gradients [BLMV10, XYXJ12], region covari-
ances [KEE13], directional anisotropic structure measure (DASM)
[ZHZ15] and interval gradient [LJKL17]. Although these metrics
exhibit commendable strength in structure-texture separation, it is
still a challenge to achieve high-quality texture filtering on complex
images where features of multiple scales coexist.

A different but promising way to surmount the barrier is to inno-
vate the smoothing scheme. Adaptive bilateral filter was initially
introduced for image sharpness enhancement and noise removal
[ZA08], where the center and width of the Gaussian range kernel
is allowed to vary from pixel to pixel. It is also adopted to conduct
multi-scale texture filtering, which is potential to rid the dilemma
faced by classical bilateral filtering. That is, large-scale textures are
smoothed insufficiently using smaller kernels while small features

disappear using larger kernels. Patch shift, which uses an alterna-
tive patch to represent a pixel [CLKL14], can be considered as a
simple version of adaptive bilateral filter, where only the center
of range kernel is designed to change pixel-wise. Another trial of
adaptive bilateral filter is proposed by Jeon et al. [JLKL16], where
the width of range kernel is estimated for each pixel. This paper
proposes a scale-adaptive structure-preserving texture filtering to
improve on the latter. First, we modify the directional anisotropic
structure measure (DASM) to achieve superior capability of differ-
entiating between texture and structure to the directional RTV used
in [JLKL16]. Second, a clearer and more efficient scheme for pixel-
neighborhood analysis is designed, where statistics on 4-direction
or 8-direction sub-neighborhood is performed. By this scheme, the
optimal scope around a pixel is identified for smoothing and thus
an exact kernel scale for the pixel is evaluated. Integrating these
two aspects of improvement, our method manages to achieve a
seemingly conflicting goal: less iterations but better performance
of texture filtering. On the whole, our method outperforms existing
methods comprehensively in terms of identifying/smoothing tex-
ture, preserving structure edges and protecting small-but-important
features.

2. Related Work

The priority task for texture filtering is to find a type of ingenious
metric to separate structures/edges and texture effectively and ef-
ficiently. The straightforward one is the gradient-based measures.
The classic Bilateral filter [TM98] combines two Gaussian ker-
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nels to average neighboring pixels while avoiding crossing edges
by differentiated weighting. Guided filter [HST13] employs a lo-
cal linear transformation kernel to avoid gradient reversal around
edges. Local Laplacian filter [PHK11] eliminates halo artifact by
communicating information across multiple scales within Lapla-
cian pyramid. The domain transform method [GO11] accelerates
edge-aware filtering by transforming 2D problem in 1D space. De-
spite their distinctive capability of image smoothing, this line of
filters often fails to identify and filter out high-contrast texture.

Subsequently, more sophisticated kernel-based filters have been
proposed to perform structure-texture separation. Karacan et al.
[KEE13] propose a patch-based covariance measure for distin-
guishing texture and Bao et al. [BSY∗14] utilize a minimum span-
ning tree extracted from the image. Zhang et al. [ZSXJ14] adopt
bilateral filter to blur out all structures and textures smaller than a
certain scale at first, and then recover structures of various scales se-
quentially. Yang [Yan16] utilizes a semantic edge detector for iter-
ative edge-preserving texture filtering. Due to adopting fixed range
kernels to smooth an image, most of these filters result in either
over-blurring or inadequate smoothing when features of multiple
scales coexist in the image.

Some texture filters are fulfilled by optimization-based proce-
dures. Farbman et al. [FFLS08] propose weighted least squares
(WLS) method that solves a linear system to perform multi-scale
image decomposition. Subr et al. [SSD09] exploit local extrema
to distinguish fine-scale oscillations from real edges. L0 gradient
minimization restricts the number of non-zero gradients in an im-
age for enhanced edge-aware filtering quality [XLXJ11]. Xu et
al. [XYXJ12] minimize the relative total variation (RTV) measure
for clearer structure-texture separation. Ham et al. [HCP15] incor-
porate a Gaussian-blurred guidance image into their non-convex
optimization framework. Zang et al. [ZHZ15] design a novel di-
rectional anisotropic structure measurement (DASM) and an em-
pirical mode decomposition (EMD) based framework for adaptive
image smoothing. Compared to kernel-based filters, optimization-
based solutions usually lack direct regulation of smoothing scales
and are harder to accelerate, even though they virtually filter texture
of various scales simultaneously.

Recently, another trend in the field has emerged that focuses on
innovating the manner or scheme of utilizing structure metrics to
improve the performance of texture filtering. A class of adaptive
texture filters have been proposed on the basis of adaptive bilateral
filter whose center and width of range kernel is allowed to vary
with pixel [ZA08,GC19]. Cho et al. presents patch shift [CLKL14]
to represent a pixel by the most representative patch clear of struc-
ture edges which contains but is not necessarily centered at the
pixel. Xu et al. [XW18] improve this work by employing an ir-
regular window to represent a pixel. Lin et al. [LWS∗16] and Song
et al. [SXL∗18] propose the scheme of dual-scale image filtering
respectively: the small filter kernels for pixels on structure edges
and the big ones for pixels in textural regions in the image. Jeon
et al. [JLKL16] introduce a variant of RTV and use it to estimate
the width of range kernel for each pixel. However, these texture fil-
ters are barely well-equipped to estimate the centers and sizes of
range kernels accurately and thus to filter out multi-scale textures
optimally in an image.

3. Overview

Like recent texture filtering methods, we build our approach on the
framework of joint bilateral filtering. Our scale-adaptive texture fil-
tering is fulfilled by manipulating the guidance image in this frame-
work. Given an input image I, the joint bilateral filter is defined as:

Jp =
1
k ∑

q∈Ωp

f (p,q)g(Gq,Gp)Iq, (1)

where Iq, Gp and Jp represent color values at the pixel q/p of the
input, guidance and output images respectively, Ωp is the neigh-
borhood of p, and p = (px, py),q = (qx,qy) are spatial coordinates
of pixels. f (·) and g(·) are typical Gaussian weighting functions
based on spatial and range distances between two pixels. k is a nor-
malization term.

For guidance-based filtering framework, the guidance image
plays a crucial role in the structure-texture separation and deter-
mines the quality of filtering results. As we always hope, a good
guidance image should 1) be flat enough within textural regions so
that texture could be smoothed aggressively, and 2) show salient
discontinuities at structure edges and important features in order
not to blur them. For this goal, we generate the guidance image
by filtering the source image with per-pixel varying-scale kernels
instead of conventional fixed-sized kernels.

At first, we introduce the DASM and improve it to be a compre-
hensive and effective indicator to structure / texture (the mDASM).
Then for a pixel, we detect a maximum flat-scope around it clear of
structures based on the statistics of mDASM values in its direction-
wise sub-neighborhoods. Finally, optimal kernel scales for each
pixel are inferred from their respective flat-scopes.

Fig. 1 exhibits the overall procedure of our approach. For the
given image I, we firstly calculate the mDASM values at each pixel,
obtaining mDASM map M. Based on M, we estimate per-pixel ker-
nel sizes, which amount to kernel scale map K. Gaussian filtering I
with K, we obtain guidance image G. Combining the input image
and guidance image, the joint bilateral filter generates an output
image J. J is reloaded as the source image in the case of iterative
filtering.

The following Section 4 introduces our proposed approach in
detail. Section 5 gives our experimental results and comparisons
with state-of-the-art and demonstrates several applications of our
method. The paper is concluded with Section 6.

4. Scale-adaptive Texture Filtering

To generate the guidance image, we perform a Gaussian filtering
on the source image with adaptive kernel scale:

Gp = ∑
q∈Ωp

gKp(p,q)Iq, (2)

gKp(p,q) =
1√

2πKp
exp

(
−∥p−q∥2

2K2
p

)
, (3)

where Kp is an optimal kernel size at pixel p that is inferred from
pixel-neighborhood analysis on p. A variant of DASM is derived to
act as a foundation for this analysis task beforehand.
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(a) Input image I (b) mDASM map M (c) Kernel scale map K (d) Guidance image G (e) Output image J

Figure 1: Overall process and intermediate images of our structure-preserving bilateral texture filtering.

4.1. Modified Directional Anisotropic Structure Measurement

Based on some conclusive observations in psychology, Zang et
al. [ZHZ15] proposed the directional anisotropic structure mea-
surement (DASM) for adaptive image smoothing. The three in-
gredients of DASM correspond to three perception-driven factors:
anisotropy, non-periodicity, and local directionality respectively,
and thus defined as:

M(p) = A(p) ·L(p) ·D(p), (4)

where Mp = M(p) is total confidence of a pixel p locating on the
salient structures, Ap =A(p) is anisotropy measurement to estimate
whether the intensity variation of structures has a non-uniform dis-
tribution, Lp = L(p) is non-periodicity measurement to suppress
texture-like periodic elements, and Dp = D(p) is directionality
measurement to capture the directionality of structures in a local
area.

Lp is evaluated as windowed inherent variation (WIV)
[XYXJ12] actually:

Lp =
∣∣∣∑q∈Ωp

wp,q ·∂xIq

∣∣∣+ ∣∣∣∑q∈Ωp
wp,q ·∂yIq

∣∣∣ , (5)

where Ωp is the patch centered at p, weight wp,q is computed by
Gaussian function.

Ap and Dp are derived from structure tensor Sp defined as

Sp =

(
∑q∈Ωp

∂xIq ·∂xIq ∑q∈Ωp
∂xIq ·∂yIq

∑q∈Ωp
∂yIq ·∂xIq ∑q∈Ωp

∂yIq ·∂yIq

)
, (6)

where Ωp is the neighborhood of p, ∂x and ∂y are partial deriva-
tives. Mathematically, Sp is a positive semi-definite symmetric ma-
trix that has two eigenvalues λp,1 ≥ λp,2 with the corresponding
eigenvectors ηp and ξp.

Then, Ap is defined by

Ap =
λp,1−λp,2

λp,1 +λp,2
. (7)

It has a range [0,1], and a larger value indicates structures with
predominant trend of intensity variation at the pixel.

Dp is computed by the orthogonality distribution of eigenvectors
ξp in the neighborhood, defined as

Dp =
∑q∈Ωp

Aq · ⟨ξp,ξq⟩
∑q∈Ωp

Aq
, (8)

where ⟨ξp,ξq⟩ has a range [0,1] and increases as the two vectors

are close to parallel. In addition, Aq is included as weight to better
capture the primary direction.

Virtually, DASM can be viewed as an enhanced variant of WIV
by integrating analysis on local structure tensor. Anisotropy mea-
surement Ap aims to boost intensity contrast of structure edges in
the original WIV map, and directionality measurement Dp intends
to keep edges completed and smooth. The enhancement contributes
to the commendable properties of DASM: effective to distinguish
texture from structure and stable to parameter setting.

However, when re-inspecting the property of structure tensor
(also Hessian matrix), one could reveal the deficiency of DASM.
The two eigenvalues of structure tensor form a rotation-invariant
description of local pattern and there exists three distinct cases:
1) both eigenvalues are small, which means the local area is flat
around the examined pixel; 2) one eigenvalue is large and the other
is small, which means neighborhood is ridge-shaped (eg. edge); 3)
both eigenvalues are rather large, which indicates that a small shift
in any direction can cause significant change (eg. corner). Math-
ematically, Eq. (7) responds positively to case 2 but negatively to
case 3, which shows that Ap takes case 2 into account but omits case
3. This incurs an undesired effect that the corners and highly-curved
portions of edges in the DASM map are faded comparatively. As a
result, corners and sharp elbows in an image are blurred after tex-
ture filtering based on DASM.

To address this issue, we modify Ap as Ãp:

Ãp =
λp,1−λp,2

λp,1 +λp,2
·
√

λp,1 ·λp,2

λp,1 +λp,2
, (9)

where the second fraction is appended on the right side. This por-
tion approaches maximum value when λp,1 and λp,2 become larger
simultaneously, accounting for case 3 accordingly. The multiplica-
tion of the two fractions results in balanced modulation on structure
edges and corners.

Then, we update Dp to D̃p accordingly:

D̃p =
∑q∈Ωp

Ãq · ⟨ξp,ξq⟩
∑q∈Ωp

Ãq
. (10)

Finally, we obtain the modified directional anisotropic structure
measurement (mDASM):

M̃p = Ãp ·Lp · D̃p. (11)

Besides the merits carried on from the original DASM, mDASM
is empowered to differentiate between structure and texture more
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clearly and completely. Fig. 2 demonstrates the effectiveness and
robustness of mDASM during three iterations of texture filtering
on an image.

(a) Input Image (b) 1st iteration M

(c) 2nd iteration M (d) 3rd iteration M

Figure 2: mDASM maps of three iterations of texture filtering.

4.2. Pixel-neighborhood Analysis

To fulfill scale-adaptive texture filtering, the ideal manner is to per-
form smoothing as broadly as possible in textural regions while
as less as possible around structure edges and small-scale features.
For this goal, we need to find out the maximum window clear of
edges at a pixel, which should be smoothed reasonably. For each
pixel, a (2t + 1)× (2t + 1) neighborhood centered at it is sub-
scribed for inspecting, named inspecting neighborhood. In an in-
specting neighborhood, the edge-detecting routine starts from the
center and advances in a bundle of evenly-spaced directions. For the
purpose of clearness, we adopt 4-direction edge-detecting through-
out, which turns out to be precise enough. To work it out, we in-
spect the t× (2t + 1) or (2t + 1)× t sub-neighborhoods located in
four directions (Fig. 3). The statistics of mDASM values in a sub-
neighborhood, termed Oscillation, is employed to assess the occur-
rence of edges.

p
p

ψp
(1)

ψp
(2)

ψp
(3) ψp

(4)2t+1

t

t

t t2t+1

2t+12t+1

Figure 3: Four sub-neighborhoods for 4-direction edge-detecting.

Considering the distance away from the center (examined pixel),
the Oscillation of a sub-neighborhood is evaluated as the sum of
mDASM weighted by Gaussian function.

O(i)
p = ∑

q∈ψ(i)
p

gt (p,q)Mq, (12)

gt (p,q) =
1√

2π(t +1)
exp

(
−∥p−q∥2

2(t +1)2

)
, (13)

Bp = maxi=1,2,3,4

{
O(i)

p

}
, (14)

where ψ(i)
p is i-th sub-neighborhood, O(i)

p is its Oscillation, Mq is

the mDASM value of pixel q in ψ(i)
p , i = {1,2,3,4}; gt(·) is a Gaus-

sian function on the distance between pixel q and p, t is the radius
of inspecting neighborhood.

The sub-neighborhood with maximum Oscillation is chosen and
the direction corresponding to it is assumed to identify the first oc-
currence of edge. Thus Bp is deemed to be the bound of maxi-
mum range advisable for smoothing at pixel p. The larger Bp is,
the smaller smoothing range is. The optimal kernel scale for p is
determined based on it afterwards.

4.3. Adaptive Kernel Scale Estimation

Although a reasonable bound of smoothing range is estimated by
Eq. (12)-(14), we cannot convert it to kernel size straightforwardly.
That is, a large value of Bp implies that there exist structure edges
near pixel p but we do not know how far they exactly are, as an
Oscillation value is affected by the magnitudes of mDASM as well
as the distances off the examined pixel (see Eq. (12)). To accurately
determine the kernel scale Kp, we normalize Bp values using a non-
linear transform and compute Cp, called Contraction:

Cp = exp

(
−

B2
p

2σ2
c

)
(15)

σc controls the flatness transition from structure edges to texture
regions, which is fixed as 0.03 for sharp transition for all examples
in our experiments. The Contraction value ranges in [0,1], where
0 means a structure edge. Then we evaluate the kernel scale Kp
exactly using the Contraction as follows:

Kp = max(tCp,δ) (16)

where δ is introduced to safeguard against small values approach-
ing 0, which leads to over-sharpening or aliasing (δ = 1 by default).
Apparently Kp ranges in [δ, t].

So radius of inspecting neighborhood t is also called as the max-
imum kernel scale, a key parameter in the entire process of scale-
adaptive texture filtering. It initializes the scope for edge-detecting,
controls the exact kernel size and affects the generating perfor-
mance and quality of guidance images finally. Fig. 4 visualizes the
estimated kernel scales for a real image (showing one in every 16
pixels in both directions for clarity).

4.4. Guidance-based Texture Filtering

With the estimated kernel scale map K, we conduct varying-scale
isotropic Gaussian smoothing on the source image I to generate the
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Figure 4: Estimated kernel scales of grid sample points. A color circle
shows the size of the Gaussian filter kernel applied at a sample point.

guidance image G. Fig. 5 compares guidance images generated by
existing methods and ours.

The final output J is obtained by applying a joint bilateral filter
to the input image I using the guidance image G:

Jp =
1
k ∑

q∈Ωp

fσs (p,q)gσr (Gp,Gq)Iq (17)

fσs (p,q) = exp

(
−∥p−q∥2

2σs2

)
(18)

gσr (Gp,Gq) = exp

(
−∥Gp−Gq∥2

2σr2

)
, (19)

where gσs(·) and gσs(·) calculate spatial and range weights with
Gaussian kernel sizes σs and σs respectively. The procedures of
guidance image computation and joint bilateral filtering can be it-
erated a few times to improve the filtering result. Algorithm 1 sum-
marizes the entire process of our proposed method.

Algorithm 1 Scale-adaptive texture filtering

Input: image I
Output: filtered image J

J← I
for iter = 1 : N do

M← mDASM values from J ▷ Eq.(11)
K← kernel scales ▷ Eq.(16)
G← guidance image from J using K ▷ Eq.(2)
J← joint bilateral filtering of I using G ▷ Eq.(17)

end for

5. Experiments and Results

Parameters In our algorithm, two key parameters need to be ad-
justed actively: the maximum kernel scale (the radius of inspecting
neighborhood) t and the iteration number N. t limits the largest
scale of texture that could be removed, affects per-pixel kernel
scales and the overall performance of texture filtering. Attributed to
the effectiveness of our scheme for texture filtering, less iterations
of filtering is necessitated to achieve desirable results. Generally, t
takes an integer in [5,9] and N ∈ {2,3,4} are practicable for a ma-
jority of cases, and we set t = 6,N = 3 used for most of examples
in this paper.

While evaluating mDASM, we adopt the suggested setting by
[ZHZ15]: r = 5,σ = 3 for Eq. (5), and r = 7 for Eq. (10) (r denotes
the radius of neighborhood). For joint bilateral filtering, we set σs =
7 throughout and σr ranges in [0.05,0.1].

Fig. 6 shows results with various combinations of t and N. As
we can see, 2 ∼ 3 iterations are enough to obtain desirable results
of texture filtering and rather larger t contributes barely or no to
promote filtering effect.

Intermediate Results Fig. 7 shows some typical intermediate
results in the process of our iterative texture filtering on an image.
As shown in the figure, texture of multiple scales is smoothed out
efficiently enough in the first two iterations while salient structures
preserved much well. Even the result of 2-nd iteration is similar to
or better than that of some existing methods.

Since our iterative process is similar to RGF [ZSXJ14] and that
of [JLKL16], we also compare the behavior of progressive filtering
in Fig. 8. As we can see, RGF is an inverse procedure: it smooths
out all the details smaller than a certain scale and then recovers
structures and some details progressively. Consequently, many of
small-scale features get lost inevitably. [JLKL16] and our method
focus on identifying pixels on structures and smoothing them con-
servatively through iterative filtering, so that structure elements are
better preserved regardless of their scales while flattening even
large scale texture. However, our method outperforms [JLKL16]
definitely in terms of filtering efficiency. At the same 1-st iteration,
ours fulfils more smoothing in textural regions while preserving
salient features well. From then on, the filtering effect of our 2-
nd iteration and 3-rd iteration are comparable to that of the 3-rd
iteration and 5-th iteration of [JLKL16] respectively. This one-by-
one comparison verifies that our method estimates per-pixel kernel
scales more precisely than [JLKL16].

Visual Comparison In Fig. 9, Fig. 10 and Fig. 11 we visu-
ally compare our method with several representative texture filter-
ing techniques. As for Fig. 9, compared to existing kernel-based
methods [CLKL14,ZSXJ14,Yan16,JLKL16], our method performs
better in terms of preserving small but salient features and keep-
ing them sharper while smoothing texture sufficiently. Compared
to optimization-based approaches [XYXJ12, HCP15], ours retains
necessary shading implied in the source image and manages to
avoid aliasing readily.

Another challenging example for texture filtering is the image
’wall mosaic painting’, where the scales of meaningful features
and the texture of the wall are much similar. Fig. 10 demonstrates
that many methods are apt to confuse small structures and textures
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(a) Input (b) Cho et al. [CLKL14] (c) Jeon et al. [JLKL16] (d) Our guidance image (e) Our result

Figure 5: Guidance images used for texture filtering. (a) input image, (b) Cho et al. [CLKL14] [k = 7], (c) Jeon et al. [JLKL16] [σ = 4,σr = 0.05], (d) our
guidance image [t = 6,σr = 0.05], (e) filtering result using the guidance image in (d). Compared to related methods, our guidance image better keeps small
but salient features and is clearer and smoother.

Input t = 3,N = 3 t = 3,N = 4

t = 6,N = 2 t = 6,N = 3 t = 6,N = 4

t = 9,N = 2 t = 9,N = 3 t = 9,N = 4

Figure 6: Filtering results by our method with varied parameters.

due to their similar sizes. In particular, the letters in the image
are blurred the same way as mosaic textures, since they are mis-
recognized. Our method as well as [ZHZ15] and [LWS∗16] suc-
ceed in differentiating structures from textures and preserve char-
acter shapes fairly well. Once again our method wins by a whisper
owing to more distinct characters near the right-down corner.

In Fig. 11, our method also outperforms typical progressive fil-
tering techniques comprehensively in terms of preserving multi-
scale features and keeping them vivid (see the body of unicorn in
the first closeup especially) while costing less iterations.

Quantitative Evaluation We also evaluate the filtering effective-
ness of our approach quantitatively. A ground truth image has been
halftoned in advance and the halftoned version is filtered by pre-
vious and our methods (it is inverse halftoning actually). Then the
structural similarity (SSIM) index is adopted for measuring the per-
ceived quality of resultant images, based on the ground truth image
as reference. Fig. 12 shows that our method outperforms others in
terms of SSIM values.

Timing Data Our algorithm has been implemented using CUDA
/ C++. Table 1 shows timing statistics of the implemented program
running on a PC with a 4.0GHz Intel Core i7-6700k CPU, 16GB
RAM and Nvidia GeForce GTX 1070Ti GPU. As seen from this
table, the distribution of computation time is balanced in principle
and there is no obvious bottleneck in the whole process. On the
other hand, it is validated that the maximum kernel scale t controls
the cost of generating guidance images and further affects the over-
all performance of texture filtering.

Applications Our method can be employed for detail enhancing
via layer manipulation, as shown in Fig. 13. Our result retains shad-
ing effect in the process of filtering and preserves small structures
better than other similar methods, although the optimization based
approach [XYXJ12] outperforms others in terms of gradient preser-
vation and artifact minimization. Besides, Fig. 12 demonstrates an
application of inverse halftoning in fact, where our method can
clean up halftone dots from input images and reveal the underlying
structures and shading very well. Like many existing edge-aware
filters, our filter can facilitate image abstraction and stylization.
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Input mDASM M Kernel scale K Guidance G 1st iteration 2nd iteration 3rd iteration

Figure 7: Intermediate results of our filtering process.

Input 1st iteration 3rd iteration 5th iteration
Zhang et al. [ZSXJ14]

1st iteration 3rd iteration 5th iteration
Jeon et al. [JLKL16]

1st iteration 2nd iteration 3rd iteration
Our method

Figure 8: Comparison of iterative texture filtering.

6. Conclusion

In this paper, we propose a novel scale-adaptive structure-
preserving texture filtering method in the concept of adaptive bi-
lateral filtering. The scales of Gaussian range kernels are desig-
nated to match the distribution of texture. Attributed to the modi-
fied DASM adopted for pixel-neighborhood analysis, we estimate
per-pixel kernel size more accurately. Consequently, our method
improves the performance of texture filtering on existing methods
in terms of preserving geometric structures of multiple scales and
keeping them sharp even after aggressive smoothing on the source
image. Besides, the proposed filter is powerful in many related ap-

Step t = 5 t = 7 t = 9
Comp. M 24ms 24ms 24ms
Comp. K 12ms 13ms 15ms
Comp. G 23ms 51ms 92ms

JBF(Eq.(17)) 26ms 27ms 26ms
Total 85ms 115ms 157ms
Resolution 400×300 800×600 1600×1200
Comp. M 10ms 23ms 87ms
Comp. K 5ms 12ms 45ms
Comp. G 15ms 51ms 202ms

JBF(Eq.(17) ) 7ms 27ms 76ms
Total 37ms 113ms 410ms

Table 1: Timing data for varying maximum kernel scale parameter t using
a color image (3 channels) of 800 × 600 pixels, and for varying image
resolutions using t = 6 with a single iteration.

plications, such as detail enhancement, image abstraction and styl-
ization and inverse halftoning.

There are still limitations with our method. We may have trouble
in coping with textural regions where the scale of texture is larger
than that of structures, see Fig. 14. Neither can it handle certain
textures that require explicit analysis or prior knowledge well. In
the future, we will improve the proposed method further and apply
it to related topics such as shadow detection/removal [ZZX15] and
image recoloring [ZXST17] where texture needs to be smoothed in
advance.
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Figure 11: Visual comparison of texture filtering on the image ’Unicorn and Phoenix’. (b) k = 5,N = 5; (c) σs = 5,σr = 0.1,N = 4; (d) σ = 4,σr = 0.1,N = 5;
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(a) Ground truth (b) Halftoned
SSIM : 0.346
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SSIM : 0.689

(d) [ZHZ15]
SSIM : 0.736

(e) [LWS∗16]
SSIM : 0.712

(f) [JLKL16]
SSIM : 0.802

(g) Our method
SSIM : 0.837

Figure 12: Quantitative evaluation of filtering a halftoned image (Inverse halftoning). The structural similarity (SSIM) index is adopted for measuring the
perceived quality of resultant images, based on the ground truth image as reference. (c) k = 7,N = 3; (d) σc = 15,N = 2; (e) k = 7,N = 3; (f) σ = 4,σr =

0.05,N = 5; (g) t = 6,N = 2.
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Figure 13: Detail enhancement results by previous and our methods. Filtered images are in the top row and the detail enhanced results are in the bottom.
(a)λ = 0.01,σ = 2; (b)k = 9,σ = 0.3, Model 2; (c)k = 3,N = 5; (d)t = 6,N = 3.
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Graffiti on wall of very-large-scale bricks: t = 9,N = 4

Figure 14: A difficult example.
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