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1. Contents
Limited by allowed length of the paper, we have to omit many valuable contents in the paper and leave them in the supplementary material. Each part of the the supplementary material is individual, readers can feel free to choose any of them
for reference according to their interests. For convenience, the contents of this supplementary is summarized as follows:
SEC. 2: We give more deep analyses in this section about:
1. the influence of the superpixel segmentation parameters (size, shape et al.). (Sec.2.1);
2. some interesting usages of the thoughts in this paper (the SGF algorithm could actually be used to compute the
patch based weighted summation linearly). (Sec.2.2)
SEC. 3: We present new applications, including: scene simplification (edges detection), image abstraction (Sec.3.2), image
denoising (Sec.3.3) and texture editing (Sec.3.4) in this section. Moveover, we also give more results, deep analyses
and comparisons about the applications appeared in the paper (Sec.3.5).
SEC. 4: To distinguish the performance of our SGF from other edge-preserving filters and highlight its edge-preserving
smoothing ability, we provide more results and comparisons in this section. Especially, we demonstrate the strong
power of the iterative SGF.
SEC. 5: We provide a fully expanded linear implementation algorithm of our SGF to help readers better understand the
technique details.
SEC. 6: Other explanations and illustrations that should be noticed but do not appear in the paper.

2. Deep Analysis
2.1. Superpixel Parameters
As we described in the paper, for SLIC superpixel algorithm, we choose random values from the allowed range as parameters. Namely, we set the approximate size of the superpixels as random values among ((2r + 1)2 /3, (2r + 1)2 /2) with r as
the radius of the smoothing window, and we also use random values among (10, 30) to control the compactness of the superpixels. Here we give the reasons why we limit the SLIC size parameter and use random values to control the compactness (or
say shape).
As illustrated in Fig.2, a problem of the proposed SGF is the “false edges” problem.
In fact, there are two kinds of “false edges”, the first one is caused by the gradual transition between dissimilar colors/intensities. Specifically, the tree distances between some of the pixels in these areas are actually not short on global MST,
even though they have similar color/intensity and are close in spatial distance. This kind of “false edges” only appear in the
non-local MST based filtering techniques [2, 21] and they can be easily noticed in Fig.1(b). In [21], the author proposed
some suggestions (for example, Multi-Tree Filtering) to remove “false edges”. However, their method only alleviates the
negative effect of “false edges” and thus cannot solve the problem fundamentally. Even worse, the multi-filtering strategy
will slow the speed of their filter. Fortunately, as one kind of local image filter, we on the other hand employ the local MST
during the construction of our segment graph. So the tree distance between pixels is usually short enough to avoid the false
edges (Fig.1(c)). This kind of “false edges” will not appear in our SGF.
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Figure 1: illustration of the “false edges” problem
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(b) segment guidance

(c) iterative result
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Figure 2: illustration of the “false edges” problem. (a) input image, (b) square grids as guidance segment result to build the segment
graph, (c) iterative filtering result guided by (b) for five iterations, (d) iterative filtering result using different SLIC superpixel segmentation
results as guidances. Parameters are all set as (σ = 0.1, r = 16, τ = 30/255, 5 iterations).
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Figure 3: (a) Illustration when the superpixel size is larger than the smoothing window. (b) Filtering result when the superpixel size is as
large as the whole image size. ”Leaks” and ”false edges” appear. (See the red window and blue arrows)

What we should pay special attentions to is the “false edges” introduced by the superpixel segmentation. Since we use
the superpixel segmentation to construct our segment graph as we proposed in the paper, the edges of smoothing results are
apt to adhere to segmentation edges and thus leads to false edges along these segmentation edges. Even though the external
weight ω2 can help us to avoid these “false edges” in many situations, this problem still appears in the iterative filtering
results (more than 3 iterations) when employing the same superpixel segmentation as guidance (note that in practice, such
kind of “false edges” will not appear if we use the same guidance for less than 3 iterations). It’s clear that this problem can
actually be fixed by using different segmentation results to construct the segment graph. We solve this problem by adjusting
the parameters of the superpixel approaches. As we described in the paper, we use the SLIC [1] superpixels strategy for our
implementation. And we choose random values from the allowed range as the parameters for the segmentation. Namely, we
use random values/parameters to control the superpixel size and shape.
About the superpixel size, we restrict the size parameter to the range of ((2r + 1)2 /3, (2r + 1)2 /2), which is smaller
than half of the smoothing window. As shown in Fig.3(a), if the superpixel size becomes too large, for example, larger than
the smoothing window, the introducing of the smoothing window would become meaningless because it could balance the
smoothing effects from each superpixel. One special case is that when the superpixel size is set as the image size, namely
if there is only one superpixel in the image, the SGF would degrade into the Tree Filtering [21]. On the other hand, if the
superpixel size is too large, the ”leak” and the false edges problems of the global Tree Filtering [2, 21] would also appear in
the results (Fig.3(b))

2.2. Extension
It’s worth noting that our SGF algorithm can be used to calculate the weighted summation in linear time. This provides
a shinning idea for many patch based algorithms (e.g., corresponding field estimation) in computer vision or computer
graphics applications. The weighted summation within a patch (Eq.(1)) for all pixels is often a time consuming procedure.
For example, in some stereo and optical flow algorithms, such as PMBP [3],PM-Huber [9], Pm-Pm [20], GCLSL [16], OverPMBP [10] and so on, to calculate the matching cost (data term of the object function), the weighted summation within a
patch Ωp (Eq.(1)) must be calculated for all pixel p in image I. Such weighted summation calculations need O(M N ) time
complexity. (Here, N denotes the pixel number of the image and M is the pixel number in each patch Ωp .)
X
Sp =
ω(p, q)Iq .
(1)
q∈Ωp

where ω(p, q) is a weight function to measure the similarity between pixel q ∈ Ω and the center (target) pixel p. In practice,
Ωp is often a patch or more commonly a square window mask with user defined radius r (same as the smoothing window
in image filtering). In this section, we illustrate why our linear SGF algorithm can be used to calculate Eq. (1) for all pixels
within O(N ) time complexity.
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Figure 4: Illustration of filtering kernel of our SGF. The superpixels are presented as hexagons. The pixel p is in the superpixel S0 (yellow
hexagon). Its filtering window Ωp is shown with violetSmask which overlaps with four superpixel regions {S0 , S1 , S2 , S3 }. As a result,
the overlapped regions are {S00 , S10 , S20 , S30 } and Ωp = 0≤i<4 S 0 i .

By discarding the normalizing term
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the original filtering kernel of our SGF is changed to
Jp0 =

P

ω2 (p, Si )
Si0

P | | P
0≤i<k

ω1 (p, q)Iq

q∈Si

0≤i<k

=

P

|Si |

ω1 (p, q)Iq

(2)

q∈Si

As we have highlighted in both the paper and this supplementary, we employ the superpixel strategy to construct the segment graph structure. The superpixel segmentation has an important property which is that the pixels in the same superpixel
region usually share the similar intensity values. Namely, given a superpixel S, we have Iq0 ≈ Iq1 for any two adjacent pixels
q0 , q1 ∈ S. Therefore, we could get the edge weight W (q0 , q1 ).
W (q0 , q1 ) = |Iq0 − Iq1 | ≈ 0.

(3)

Furthermore, from relationship (3), we can get that the tree distance D(q, q 0 ) between any two pixels q, q 0 ∈ S satisfies the
following relationship
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As illustrated in Fig.4, because Ωp =

S

0≤i<k

S 0 i , the final form of Jp0 satisfies
J 0p ≈

P
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It’s obvious that Jp0 is the approximated weighted summation of pixel values Iq in a support window Ωp . And the weight
function is defined as ω1 = exp(− D(p,q)
). As we have proposed in the submitted paper, such a weighted summation Jp0
σ
for all pixel p ∈ I can be achieved within O(N ) time complexity, where N denotes the pixel number of image I. Eq.(4)
provided a possibility to reduce the complexity of [3, 10, 16] from O(M N )(where M is the pixel number in the supported
window Ωp ) to O(N ). To the best of our knowledge, our SGF is the only one filter which can be used for efficient weighted
summation calculation. Even though there are many other filers (e.g. the guided filter [8]) which are also linear, they could
not be used for weighted summation because the output of these filters are forced to be normalized.
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Figure 5: Edge enhancement and extraction (using Sobel detector). Our SGF (σ = 0.05, r = 16, 3 iterations) suppresses low-amplitude
details and enhances high-contrast edges. The combined effect is to remove textures and sharpen main edges

3. Applications
3.1. Scene Simplification
The efficiency, as well as the ability to smooth out high-contrast details, makes SGF an ideal tool to serve as a preprocessing tool for applications where trivial details are undesirable, e.g., edge/boundary detection. As an example, we
demonstrate the benefits of our SGF as a preprocessing step for edge/boundary detection and enhancement (Fig.5). It helps
to simplify the scene and therefore, enhance the quality of the edges map.

3.2. Image Abstraction

(a) original scenes

(b) smoothing results

(c) abstraction

(d) sketching

Figure 6: Image abstraction and pencil sketching. (a) original images, (b) smoothing results by SGF, (c) image abstraction results, (d)
pencil sketching results.

Our edge-preserving SGF is suitable for non-photo realistic abstraction with simultaneous detail flattening and edge emphasizing. After smoothing for images, edge detection can be directly applied. By adding some edges to the images after
smoothing we change the original images into carton-like scenes. Moreover, the strength of our SGF for edge-preserving
smoothing also enable us to create pencil sketching abstractions based on the edge map of the images. Results are shown
in Fig.6. They are produced by adding small sketchy lines to the extracted edges, along the tangent direction. The sketchy
lines are produced with their gray levels proportional to edge magnitudes. This simple approach enhances significant edges,
making structures visually pleasing.

3.3. Denoising
An important application of image filters is denoising. Previous methods (guided filter [8], bilateral filter [17], CLMF [12]
et al.) have achieved favorable performance in image denoising. Benefiting from the advantages of the structure-preserving
property, we find that our SGF could produce impressive results when used for image denoising. Unlike state-of-the-art
filtering based denoising approaches which usually blur or destroy the object edges during the denoising operations, our
SGF can preserve image structure very well. We compare the performance of our SGF with other pupular image smoothing
techniques by using them for denoising operations.
In the first example, we use an natural image with noises as input. Different filtering approaches are then employed
to remove the noises without any other additional information (no guidance images). The results are shown in Fig.7. It’s
obvious that many filters lose power under such a challenging condition. The guided filter, WLS [5] and the bilateral Filter
suffer from the residue artifacts around flower edges. While CLMF generates a lot of needlelike artifacts at the flower and
leaves edges. (This is because CLMF employs a specific vertical and horizontal scanning order to decide their adaptive
smoothing regions for each pixel, as a result, the filtering results will be influenced by such a scanning order. The readers can
refer to [12] for more details). Other methods, including L0 -smoothing [18], Texture Smoothing (Xu et al. [19]) and TF [2]
remove many image structures during the denoising processing. Our SGF achieves the best result with largest PSNR value
and well preserved object edges.
In the rest experiments, with a noisy depth map as input and a color image as guidance, we employ the different filtering
strategies for joint depth map denoising which aims to to remove the noises while preserving the depth discontinuities. As
the Fig.8 shown, our SGF does not suffer from obvious edges blurring and structure destruction like other approaches.

3.4. Texture Editing
As we described in the submitted paper, our SGF could be used for smoothing out high contrast textures. This make our
SGF a user-friendly tool for various texture editing tasks (e.g., texture smoothing or suppression, texture separation or extraction, texture replacing et al.). In Fig.9, we give a plenty of comparisons of different texture smoothing techniques to show the
superiorities of our SGF. As a supplement to Figure 7 in the submitted paper, Fig.11 shows that the intensity/color difference
or gradient based smoothing approaches, including Guided Filter [8], Bilateral Filter [17], CLMF [12], L0 -smoothing [18],
WLS [5] are not suitable for texture suppression.
Using the iterative SGF, we are able to separate highly textured image into texture layer and structure layer (Fig.9(b) and
9(e)). The separation makes texture editing for such kind of image easier. For example, as Fig.9(c) and 9(f) shown, we can
simply replace the texture layer with another kind of texture and yield plausible new textured results.

3.5. Applications in the Paper
Stereo Matching: We use the Middlebury benchmark to test the performance of our SGF when used for stereo matching by
filtering the matching costvolume [15]. The results of the four test views are shown in Fig.14. We have reported our results to
the Middlebury stereo benchmark anonymously. The readers could visit the website (http://vision.middlebury.
edu/stereo/eval/) to see more information.
Optical Flow: We test the performance of our SGF using 8 views with ground truths from the Middlebury optical dataset.
Because the integer labels are not precise enough to make a distinction among different approaches, based on a discrete
labeling formulation, we achieve the subpixel accurate flow vectors by upscaling the label dimension to allow fractional
displacements along both x and y directions. An upscaling factor of 4 is used in experiments, and the pixel colors at subpixel
locations are obtained from bicubic interpolation. As a result, the label searching scope are set as [−30, 30] × 42 , and for each
method, 60 × 60 × 42 = 57600 times filtering processes are necessary in order to use the CostFilter and Winner-Takes-ALL
strategy [15] to decide the best label for all the pixels. All the results of our SGF are given in Fig.15. And note that the flow
results are color coded for visual comparisons.

(a) Input (19.79)

(b) BF [17] (29.15)

(c) GF [8] (27.78)

(d) CLMF [12] (29.29)

(e) Domain [7] (30.77)

(f) L0 -smooth [18] (26.40)

(g) TF [2] (28.96)

(h) WLS [5] (23.78)

(i) Xu et al. [19] (29.09)

(j) Our SGF (32.48)

Figure 7: Denoising without guidance. See close-up of the red windows for detailed differences. The parameter settings of (b)∼(i) are
adjusted with our best efforts to prove their best performance. We use PSNR to measure the denoising performance of these methods, and
the PSNR data are shown in the brackets of the subtitles. Results indicate that our SGF (r = 8, σ = 0.05, τ = 30/255, 3 iterations)
achieves the best PSNR value, performs best around leaves edges and preserve more structures after the denoising processing.

Depth Map upsampling: We provide the experiment results of the 4 test views in Fig.16. The resolutions of the results are
as large as 1390 × 1110, We suggest to zoom in the depth maps to see the detailed differences of different methods.

4. Edge-Preserving Smoothing
Our SGF is designed for structure-preserving smoothing. We notice that in some extreme conditions, although some
textures or details cannot be completely removed, they actually get strongly attenuated after the filtering operation. Thus
if we perform another one or more iterations of filtering on the results, the residual undesirable contents can eventually be
completely removed. Benefiting from the super edge-preserving performance, even after many times smoothing processes
by our SGF, the major structure of the images can still be preserved very well. This is another strong superiorities of our
SGF compared with state-of-the-art smoothing approaches. As Fig.12 shown, we give more examples of our iterative SGF.
Instead of using large σ and r in the filtering operations, such a iterative strategy can generate diversified smoothing results
without worrying about the major image structure destruction.

(a) input

(b) BF [17]

(c) GF [8]

(d) CLMF [12]

(e) L0 -smooth [18]

(f) WLS [5]

Figure 11: Supplementary for Figure 7 in the paper. These 5 intensity/color difference or gradient based methods are not suitable for
texture smoothing because they cannot remove the high contrast details while preserving the major edges. Parameters are adjusted to
prove their best performance: BF (r = 12, σr = 0.3, σs = 12), GF (r = 12, ε = 0.32 ), CLMF-1 (r = 12, ε = 0.32 , τ = 50/255),
L0 -smoothing (λ = 0.03, κ = 1.05), WLS(λ = 2.0, α = 1.5).

(a) Input (18.93)

(b) BF [17] (39.20)

(c) GF [8] (37.71)

(d) CLMF [12] (38.26)

(e) TF [2] (38.75)

(f) David et al. [6] (43.63)

(g) Our SGF (44.36)

(h) Ground truth

Figure 8: Joint depth map denoising. The resolutions of the input and output are 1390 × 1110. See close-up of the red windows for
detailed differences. The parameter settings of (b)∼(d) are adjusted with our best efforts to prove their best performance. The PSNR values
which represent the denoising performance are shown in the brackets of the subtitles. Results indicate that (b)∼(e) will blur some of the
depth edges. Only the state-of-the-art method [6] and our SGF (r = 20, σ = 0.1, τ = 30/255) could successfully remove most of the
noises while preserving the depth edges very well.

(a) texture input

(b) texture suppression

(c) texture replacing

(d) texture input

(e) texture suppression

(f) texture replacing

Figure 9: Texture replacing. (a) (d) Original texture input, (b) (e) Texture removing by iterative SGF (σ = 0.1, r = 16, τ = 30/255, 3
iterations), (c) (f) Replacing the wall brick texture with a textile texture yields a plausible result. We suggest readers to take a close look
at the results in a high resolution display.

(a) Input

(b) Karacan et al. [11]

(c) BTF et al. [4]

(d) TF et al. [2]

(e) xu et al. [19]

(f) Our SGF

Figure 10: Texture smoothing comparisons. See arrows for detailed differences. For all the methods, parameters are adjusted to prove
their best performance in each test sample.

(a) original scenes

(b) 2 iterations

(c) 5 iterations

(d) 10 iterations

(e) 30 iterations

Figure 12: Iterative filtering for natural images. (a) natural images as input, (b) smoothing results after 2 iterations, (c) smoothing results
after 5 iterations, (d) smoothing results after 10 iterations, (e) smoothing results after 30 iterations. Parameters are set as (r = 12, σ =
0.1, τ = 30/255) in every iteration.

5. Details about the Linear Implementation
As we have described in the paper, the linear implementation of our SGF contains three steps: the internal aggregation,
the neighbor aggregation and the weighted average calculation. The first two steps have been clearly presented in the paper.

While limited by the space of the paper, we concisely describe the relatively more complicated third step, namely the weighted
average calculation. Therefore, in this section, we give a full description of the third step of the linear implementation
algorithm with more illustrations and analyses. The overview of the third step (weighted average operation) is shown in
Algorithm 1.
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Figure 13: (a) Illustration of the Minimum Circumscribed Rectangle R(S) for superpixel S. Treat R(S) as a sub image I 0 . The values
of pixels are set as: Ip0 = 1, if p ∈ S (blue region); otherwise (green region), Ip0 = 0 . Smoothing window Ωp is shown as violet mask.
B
B
∩ S. (b)
are A = (xA , yA ) and B = (xB , yB ). It’s clear that Ωp ∩ S = RA
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P
B
∩ Si = q∈RB Iq0 = H(xB , yB ) − H(xA − 1, yB ) − H(xB , yA −
by Eq.(7). (c) Overlapped area size |Si0 (p)| = |Ωp ∩ Si | = RA
A
1) + H(xA − 1, yA − 1).

Algorithm 1
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

Part of the Detailed Linear Implementation of the SGF

♦ segment graph construction
♦ internal aggregation
♦ neighbor aggregation
♦ weighted average
for each superpixel region S ∈ I do
find the minimum circumscribed rectangle R(S) for S (as illustrated in Fig.13(a)).
treat R(S) as a sub image I 0 and set the value of each pixel Ip0 = 1, if p ∈ S; otherwise, Ip0 = 0 (as illustrated in Fig.13(a)).
for each pixel p = (xp , yp ) ∈ I 0 do
P
0
from (x0 , y0 ) to (xn , ym ), iteratively calculate H(xp , yp ) =
{x0 ≤xq ≤xp &y0 ≤yq ≤yp } Iq using Eq.(7) (As illustrated in
Fig.13(b)).
end for
end for
for each pixel p ∈ I with its smoothing window Ωp do
for each one of the surrounding superpixel Si ∈ I (0 ≤ i < k) do
B
B
find a corresponding rectangle RA
∈ Si which satisfies RA
∩ Si = Ωp ∩ Si using Eq.(6) (as illustrated in Fig.13(a)).
0
calculate overlapped area size |Si | = |Ωp ∩ Si | using Eq.(8) (as illustrated in Fig.13(c)).
|S 0 |
calculate the external weight ω2 (p, Si ) = |Sii | .
end for
end for
compute filtering result Jp for all pixels using Eq.(5).

By setting CSAi (p) =

P

q∈Si

ω1 (p, q)Iq , the filtering kernel of our SGF can be represented as:
P
P
Jp = K1p
ω2 (p, Si )
ω1 (p, q)Iq
q∈Si
0≤i<k
P
= K1p
ω2 (p, Si )CSAi (p).

(5)

0≤i<k

Weighted Average: After the internal and neighbor aggregations, we still need a linear algorithm to calculate the external

0
} for all pixels
weight ω2 for all pixels. Precisely, we need to calculate the overlapped area size {|S00 |, · · · |Si0 |, · · · Sk−1
p ∈ I. Next, we develop such a linear algorithm to calculate the overlapped area size of a filtering window/rectangle Ωp and
an arbitrary superpixel region S (namely, to calculate |S 0 (p)| = |Ωp ∩ S|).
As illustrated in Fig.13(a), using superpixel region S as an example, we first find its minimum circumscribed rectangle
R(S) with its four vertexes as (x0 , y0 ), (xn , y0 ), (x0 , ym ) and (xn , ym ). We treat R(S) as a sub image I 0 , and for any pixel
q ∈ I 0 , we set Iq0 = 1, if q ∈ S (blue region in Fig.13(a)); otherwise, Iq0 =
P0 (green region). After that, we can get that for
any rectangle region ΩR ∈ R(S), the overlapped region size |ΩR ∩ S| = q∈ΩR Iq0 .
P
Then, for pixel p and its smoothing window Ωp (with radius r), |S 0 (p)| = |Ωp ∩ S| = q∈Ωp Iq0 . However, Ωp is not
B
always included in R(S) (or say as I 0 ). Fortunately,
there is a corresponding rectangle RA
∈ R(S) which satisfies the
P
B
B
conditions RA
∩ S = Ωp ∩ S and |S 0 (p)| = q∈RB Iq0 . It’s clear that RA
= R(S) ∩ Ωp . With A and B as the upper left
A
B
B
and lower right vertexes of RA
, we can locate RA
by

A = (xA , yA ) = (max(xp − r, x0 ), max(yp − r, y0 ));
B = (xB , yB ) = (min(xp + r, xn ), min(yp + r, ym )).

(6)

P
B
For example, in Fig.13(a), |S 0 (p)| = q∈RB Iq0 and RA
∈ R(S) is the corresponding rectangle with its two diagonal
A
vertexes: A = (xp − r, y0 ) and B = (xn , yp + r).
Boxfilter, or known as integral histograms [13, 14] can be used to calculate the summation of the pixel values in any size
rectangle efficiently and as result, has been widely used in BF accelerating algorithms [14, 22] and
P GF [8].
As illustrated in Fig.13(b), we employ the integral histograms ideas to calculate |Si0 (p)| = q∈RB Iq0 . For each pixel p,
A
P
we define H(p) = q∈Rxp Iq0 . And Rxp 0 is the rectangle with its two diagonal vertexes as x0 = (x0 , y0 ), p = (xp , yp ). Then
0
we can calculate and remember all the H(p) at each pixel p = (xp , yp ) ∈ R(S) by iteratively computing Eq.(7).
H(xp , yp ) = H(xp − 1, yp ) + H(xp , yp − 1)
− H(xp − 1, yp − 1) + I 0 p .

(7)

Finally,
as illustrated in Fig.13(c), for any pixel p with its smoothing window Ωp and superpixel Si , we can achieve |Si0 (p)| =
P
0
B Iq by
q∈RA
|S 0 i (p)| = H(xB , yB ) − H(xA − 1, yB )
(8)
− H(xB , yA − 1) + H(xA − 1, yA − 1).

6. Other Information
1) In the paper, to collect the running time of different smoothing techniques (Table 4 in the paper), we utilized the
C++ code published by the authors or rewrote the published matlab code into C++ to collect the data. For BF, we
employed r = 32 as we did in our method and no accelerating strategies were employed. The running time of the
global methods would change with the parameters setting, so we took the default parameters.

(a) original scenes

(b) GF [15]

(c) CLMF [12]

(d) our SGF

(e) ground truth

Figure 14: Results on the Middlebury benchmark. 1-pixel thresh errors are tagged as red. (a) Image views. (b) Results of Guided
Filter [15] (average error rate is 5.55%). (c) Results of CLMF-1 [12] (error rate: 5.13%). (d) Our SGF (4.91%), (e) ground truths.
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