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Abstract:  

In this paper, we design a new edge-aware structure, named segment graph, to represent the image and we further develop a novel 

double weighted average image filter (SGF) based on the segment graph. In our SGF, we use the tree distance on the segment graph 

to define the internal weight function of the filtering kernel, which  enables the filter to s mooth out high -contrast details and textures 

while preserving major image structures very well. While for the external weight function, we introduce a user specified s moothing 

window to balance the smoothing effects from each node of the segment graph. Moreover, we also set a threshold to adjust the 

edge-preserving performance. These advantages make the SGF more flexib le in various applications and overcome the “halo” and 

“leak” problems appearing in most of the state-of-the-art approaches. Finally  and importantly, we develop a linear algorithm for the 

implementation of our SGF, which has an (ON) t ime complexity for both gray-scale and high d imensional images, regardless of the 

kernel size and the intensity range. Typically, as one of the fastest edge-preserving filters, our CPU implementation achieves 0.15s 

per megapixel when performing  filtering for 3-channel color images. The strength of the proposed filter is demonstrated by various 

applications, including stereo matching, optical flow, and joint depth map up sampling, edge -preserving smoothing, edges detection, 

image de-noising, abstraction and texture editing.  

 

1.INTRODUCTION: 

Natural image often contains rich triv ial details and 

textures, which may reduce the performance of many v isual 

computing algorithms. Serv ing as the pre-processing or a key 

step for these algorithms, edge-preserving smoothing aims to 

remove triv ial details while preserving major image 

structures. This makes it the foundation for many vision and 

graphics applications, including low-level image analysis 

(e.g., edge detection, image segmentation), image 

abstraction/ vectorization, content-aware image editing. 

The spanning tree of a connected, undirected graph is a 

subgraph of the graph, which is a tree that connects  all the 

vertices. The min imum spanning tree is the spanning tree 

with least sum of edge weights. The minimum spanning 

forest is a generalization of the min imum spanning tree for 

unconnected graphs. A minimum spanning forest consists of 

minimum spanning trees on each of the connected 

components of the graph. 

 

  

Although many state-of-the-art edge-preserving smoothing 

techniques have been proposed recently, they may suffer 

from various problems, including “halo” arte facts, residual 

arte facts, “leak” problem and the time -consuming 

shortcoming. “Halo” arte facts  usually appear around the 

major edges and are shared by a variety of smoothing 

techniques, including the widely used bilateral filter (BF), 

guided filter (GF) et al. These methods do not distinguish 

trivial details from major image structures, and they us e 

intensity/colour as the criterion to smooth out all contents in 

the images.  

 

2. RELATED WORK  

The widely used structure-preserving smoothing 

techniques can be categorized into two types. One contains 

the optimization based filters, among which Firmamental. [7] 

propose an edge-preserving filtering method based on 

weighted least square (W LS) optimization develop an  edge-

preserving smoothing algorithm accord ing to the 

optimization on the L0 norm of image gradients to produce 

piecewise constant images. Generally speaking, these two 

methods could generate impressive performance when used 

to smooth out low-contrast details since they are designed 

based on image gradients. However, these intensity  contrast 

or gradient-oriented approaches could not suppress  high-

contrast details and textures on the other hand, design a local 

variation measure, namely ,Relative Total Variation (RTV), 

to distinguish textures from major image structures regardless 

of contrasts. This method produce favourable results for 

highly textured images, but it  may overly s mooth natural 

images. Also as one of the common limitations, the 

performance of these methods comes  at the price of huge 

time consumption. The weighted average based smoothing 

approaches, including our method, are another kind of edge-
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preserving smoothing techniques. Typically, bilateral filter 

(BF), as the first proposed edge-preserving filter, has been 

widely used due to its simplicity. However, computational 

efficiency (non-linear) is still one of major challenges which 

limits its performance in  many applications, e.g. stereo 

matching, optical flow. Even though, many accelerat ion 

algorithms have been developed for BF [4], they are usually 

the approximat ion approaches [4, ] or their performance 

depends on the intensity range of the image . The linear GF is 

introduced as a linear transform of the guidance image. Being 

computationally much faster than BF, GF has demonstrated 

its unique advantages over BF in  some applications such as 

detail enhancement, stereo and optical flow However, both 

BF and GF cannot get rid of the “halo” artefacts which would  

concentrate the blurring near the object edges. Subsequently, 

the cross-based local multipoint filter window to select the 

most relevant pixels for smoothing. However, its 

performance degenerates greatly when used for high contrast 

details smoothing. Being different from above point-wise 

intensity based filters, Kara can et al. develop a patch-based 

texture removal algorithm by using the similarity measures 

built on a region covariance descriptor  jointly employ the 

idea of Kara can and the weighted averaging scheme of BF to 

present a texture filter (BTF) [6] for texture removing. These 

two local filters have shown superiorities in texture/ structure 

separation. However, just like the optimization based 

techniques, the impressive performance comes at the 

sacrifice of the time complexity, and they may also suffer 

from other problems (for example, over smoothing of some 

image edges). In addition, Zhang et al. propose the iterative 

rolling guidance filter (RGF) scheme with controlling of the 

level of details during filtering. While, it tends to round off 

the object edges or corners. Recently, geodesic filtering 

algorithms are well studied for image de-noising [5, 11].  

3. PROPOS ED METHOD: 

In order to solve the “halo” problem which appears 

in most of the local filters, tree distance can be introduced. 

Instead of using the global MST scheme which suffers from 

the “leak” problem, we design a more reliable edge-aware 

structure to represent the image, namely the segment g raph. 

Based on this, we develop our segment graph based image 

filter (SGF), a linear local filter that can smooth out high 

contrast details while preserving major image structures. The 

size of the super pixels can be easily ad justed and more 

importantly, it can  run very  fast (linearly). We construct a 

well-designed segment graph based on the super pixel 

segmentation. 

 
Fig 2: proposed. 

4.Segmentation Algorithm : 

Segmentation algorithms require (o ften application-

dependent) definitions of‘image region’. We consider 

‘homogeneity’ and high contrast to surrounding pixels  to be 

reasonable criteria [5]. Homogeneity can be computed as 

distances between(vector-valued) pixels; we find the L2 

norm to yield better results than L1or pseudo-norms. Note 

that [4] advocates separate segmentation of the R/G/B 

component images and intersecting the results. Since object 

edges are not always visible in all multi-spectral bands [6], it  

is safer (and certain ly faster) to segment once using all bands. 

Recalling the graph segmentation framework, the above 

homogeneity measure defines the weight of edges. It remains 

to be seen how an online g raph-cutting heuristic should 

partition the MST depending onedge weight. A mere 

threshold is insufficient  because it fails to account for noise 

or the overall homogeneity of a region. [4] Suggests an 

adaptive threshold that Is incremented by a linearly  

decreasing function of the region size3.  

 

 The function’s  slope is a user-defined parameter that must be 

determined by experimentation since it  has no physical 

explanation. This scheme also underestimates a region’s  

homogeneity by defining it as the maximum weight in its 

MST, thus tending towards over segmentation. We suggest 

the adoption of an idea from Cranny’s  edge detection 

algorithm [7]. In the context o f edge detection, pixels with 

large g radient magnitudes are likely to correspond to edges, 

but there is no singlel  evel at which  this ceases to be the 

case. Applying a rather high limit finds likely candidates, 

which can be augmented by nearby pixels that lie  above a 

second, lower threshold. Returning to segmentation 

terminology, regions connected by low-weight edges 

represent likely candidates that can subsequently be 

expanded by following adjo ining edges with somewhat 

higher weights. To avoid potentially n bounded growth, we 

institute a ‘credit’ limit on the sum of edge weights  that may 

be added to a candidate region. Since no shape can be more 

compact Than a circle, the region’s perimeter is bounded 

from below by the circumference. Th is unduly penalizes the 

growth of large segments; we saw slightly better results  when 

dividing by the logarithm of the reg ion size. Let us also 

assume additive white Gaussian noise with variance2n, for 

which several estimators have been proposed. Defin ing 

contrast ast he smallest edge weight along the border of any 

‘interesting’ region minus  thus makes it likely that edges of 

total weight _ contrast · min Perimeter can be added to a 

region without inadvertently expanding beyond its bounds. 

This property is important because subsequent region merges 

are triv ial, where as splitting requires re-examination of the 

pixels or edges. However, the resulting regions are not 

necessarily too fine because pixels connected by low-weight 

edges are always merged. We have therefore averted global 

under- and over segmentation of the image while using only 

local informat ion. The algorithm first forms  candidate 

regions by merg ing the endpoints of low-weight edges and 

then calls the following simple heuristic in increasing order 

of the remain ing edges’ weights: 
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Fig.3.2: Segmentation results of the new PHMSF algorithm 

and others on USC SIPI[10] images4 (‘House’) and4.1.07 

(‘Jelly beans’). 

4.1. Effects of the Segment Graph 

To take fu ll advantages of our segment graph, during the 

neighbour aggregation course (step 9_12 in Algorithm 1), we 

set a threshold _ to cut off some of the edges between S0 and 

its neighbourhood Si. If the connecting edge Emin(S0, Si) > 

_ , we stop the aggregation from Si to S0 

 

 For example,  setting a reasonable threshold, the red edges 

are cut off to stop the aggregation. As an extension of the 

original SGF, the new filtering kernel (Eq.11) will contribute 

to better performance around edges and increase the 

flexib ility in different applications. 

4.2. Smoothing Effects Analysis 

The double weighted design of our SGF possesses 

much superiority which help to produce impressive edge 

preserving smoothing performance. Here, we analyse the 

origins of these properties. 1) The SGF uses tree distance on 

the segment graph to measure the similarity between two 

pixels. Unlike other shortest path based geodesic approaches 

both local MST in the superpixel and the connection between 

superpixel nodes choose edges with the minimum weights 

(Eq.4),therefore, could avoid to cross the major object edges. 

Sofor any two ad jacent pixels separated by major edges, the 

tree distance (Eq.3) will be large enough to avoid unwished 

smoothing effects. While for the trivial details or textures, the 

segment graph would connect them to the surrounding 

regions and bring them the s moothing effects.2) The 

supported smoothing effect region for each pixel is adaptive. 

It’s similar but not identical to many other approaches with 

variable support regions for filtering. Our SGF is 

implemented on the superpixel based segment graph. The 

shape-adaptive super pixels constitute a variable supported 

region for each pixel. Furthermore, with a proper threshold 

such adaptive regions exclude pixels with strong colour 

differences and pick out the most relevant pixels to generate 

smoothing effects. As a result, it contributes to structure-

preserving performance. 3) The external weight!2 properly  

balances and spreads the smoothing effects along the 

segment graph. It limits the effects of each super pixel on the 

target pixels, reduces the influence of the shape and size of 

the super pixels and prevents new false edges being 

generated at super pixel edges. 

 

The local nature of our SGF further restricts the smoothing 

effects regions for each pixel to a rat ional local area and 

enables the SGF to avoid “leaks” and “false edges” appearing 

in some of the nonlocal approaches. Benefiting from the 

complementary effects of these properties, our SGF achieves 

impressive performance for s tructure-preserving smoothing. 

This also guarantees that in some extreme cases, for example, 

where the super pixel segment results used to build the 

segment graph are unreliable, the other three properties could 

still work together to generate satisfactory results we use the 

super pixel segmentation results, a random segmentation 

results and the square grids to construct three kinds of 

segment graphs and then run the filtering. The results of them 

are slightly different and the major structures are all well  

preserved. This indicates that our SGF does not heavily rely  

on the super pixel segmentation. Furthermore, we test the 

performance of our SGF in extreme conditions where the 

super pixel segmentation is influenced by strong noises. As 

shown in  the segmentation results degenerate greatly for 

image with strong noises. As a comparison, the output of the 

SGF is relatively satisfactory even though it could not 

compete with the state-of-the-art denoising algorithms. 

However, benefit ing from the special design of our SGF, 

other strategies, for example, the effective patch strategy 

described in could be introduced directly to improve the 

denoising performance without sacrificing the linear t ime 

complexity. Namely, we could replace Eq .(4) with the patch 

based distance to achieve the stronger patch-SGF for 

denoising. The result of patch-SGF is given in Fig.6(d) which 

is even better than the path-geodesic algorithm with the same 

patch strategy for strong noise removal.  

Moreover, the method relies on solving large spars e linear 

system and thus its computational cost is high. In our 

experiments, their Matlab implementation takes about 45 

seconds to process a 1-megapixel image (although optimized 
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C++ implementation is expected to be faster, it still takes a 

few seconds on CPU). 

 
Limitation and Improvement  

1) Tree-Median Filtering: As we analysed in previous 

sections, tree filter uses the idea of collaborative filtering to 

allev iate the “leak” problem of the tree d istance. However, 

inextreme cases, the simple strategy of collaborative 

weighted average may not be able to fix the “leak” problem 

(see the top-right corner the white region is contaminated by 

the “leak”). Complex strategies could be employed to solve 

this problem, which may inspire future novel filter. But we 

here propose a simple solution from another perspective: to 

modify the tree-mean filtering step in the tree filter’s 

implementation. 

 As described in  Sec. IV-A, the t ree-mean filtering is 

to calculate weighted average using tree distance. The 

weights assigned to other pixels completely ignores their 

colour/intensity differences to centre pixel, and thus the 

“leak” problem of tree d istance is introduced in this way. 

Let’s consider a more clever way for choosing an output 

value for centre pixel: if we use tree distance to collect some 

nearby neighbours, and then use the histogram of these 

neighbours for determining the output, the “leak” problem 

may not be introduced. For example, use the median among 

these neighbours as centre pixel’s output – that is, replacing 

the tree-mean filtering with a tree-median filtering in the tree 

filter’s implementation (the second step remains unchanged). 

6.2 Applications 

Stereo Matching and Optical Flow: The accuracy of 

some correspondence field estimation algorithms (stereo 

matching and optical flow) is dependent on the cost 

aggregation Scheme. As prior methods employ BF  and GF  

for cost aggregation, our SGF can also be applied to filter the 

cost volume while preserving edges. We embedded our SGF 

into the Cost Filter framework and used it for stereo 

matching and optical flow. We also compare our SGF with 

several local filters and Yang’s non-local aggregation 

algorithm using Middlebury stereo benchmark . Results show 

that our method ranked 27 among more than 150 stereo 

approaches on the benchmark for 1- p ixel threshold errors, 

which is far better than other filtering based methods. Also 

for optical flow, we compare their performance using 8 test 

views from Middlebury optical dataset and adopt the average 

endpoint errors for evaluations. The results shown in Table 4 

indicate that our SGF performs  better in 6 of the 8 test views. 

Joint Depth Map Up sampling: Given a low-resolution depth 

map and a registered high-resolution, colour image, the 

resolution of the depth map can be enhanced by joint filtering 

with the colour image as the guidance.  compares the 

performance of d ifferent filters when applied to up sample a 

low resolution depth map by a scaling factor of8. Compared 

with BF, GF and CLMF, our SGF significantly improves the 

depth map accuracy, part icularly for challenging depth 

discontinuities (Fig.10). Our SGF ach ieves the results close 

to (or even better than) those of a state-of-theart method [8], 

moreover, it  runs more than 10 times faster.  

6.3. Time and Complexity Analysis 

With N as the pixel number of the image, we begin to analyse 

the time complexity of our SGF. For the internal aggregation 

(step 5_8 in  algorithm 1), we need to run the linear cost 

aggregation [25] for all the super pixels once. For neighbour 

aggregation (step 9_12 in Algorithm 1), assuming there areK 

neighbourhoods for each super pixel (average K _ 7 in  

practice), the neighbour aggregation will need O(KN). 

Finally, fo r the weighted average calculation (step 13_17), 

we must run box filter for the minimum circumscribed 

rectangles R(S) of each super pixel S to calculate the external 

weights!2 fo r all pixels. As a result, P|R(S)| _P|S| = N t imes 

calculations are necessary. For the segment graph 

construction, we use the linear SLIC [1] for super pixel 

segmentation. We find that the original SLIC runs 10 times 

iterative k-means which is a significant increase in 

computational cost in exchange for a s mall increase in  

accuracy of the segmentation results.  

Result and Analysis 

    Image 

Name 

    Old 

method 

Proposed 

Method 

Lena  0.48      0.63 

House  0.60      0.74 

Monolissa  0.54      0.69 

 

Figure 6.1 Gui for p roposed method 

 

Figure 6.2 Texture edit  
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Figure 6.3 , Comparison of parallel Prim’s Algorithm 

CONCLUS ION AND FUTURE SCOPE 

We present in this paper our segment graph based 

double weighted average image filter (SGF) and show its 

superiorit ies in  many computer vision and graphics tasks. 

Our SGF achieves competit ive performance when used for 

smoothing out high-contrast details and textures. Moreover, it  

possesses a linear running time. Our future work will focus 

on finding faster super pixel approaches to improve the 

performance. We will also try to implement the GPU version 

of our SGF which may improve the efficiency significantly.  

 We use the tree distance on the segment graph to 

define the internal weight function of the filtering kernel, 

which enables the filter to smooth out high-contrast details 

and textures while preserving major image structures very 

well. While for the external weight function, we introduce a 

user specified smoothing window to balance the smoothing 

effects from each node of the segment graph. Moreover, we 

also set a threshold to adjust the edge-preserving 

performance. These advantages make the SGF more flexible 

in various applications and overcome the "halo" and "leak" 

problems appearing in most of the state-of-the-art 

approaches. Finally and importantly, we develop a linear 

algorithm for the implementation of our SGF, which has an 

on time complexity for both gray-scale and high dimensional 

images, regardless of the kernel size and the intensity range. 

Typically, as one of the fastest edge-preserving filters, our 

CPU implementation achieves 0.15s per megapixel when 

performing filtering fo r 3-channel colour images. The 

strength of the proposed filter is demonstrated by various 

applications, including stereo matching, optical flow, jo int 

depth map up sampling, edge-preserving smoothing, edges 

detection, image abstraction and texture editing.  

Image segmentation is an image processing technique that 

divides an image into contiguous regions, or segments. All  

pixels in one of these segments are similar according to some  

criterion, such as colour or intensity. By forming these 

clusters of similar elements, the process eliminates noise and 

facilitates posterior analysis. 
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