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Abstract

Image restoration keeping sharp edges is achieved by bilateral filter. In this paper, an approach to
improve edges for the filter is presented. The proposed algorithm relies on clustering by Expectation
Maximization that produced clusters of intensive values. A stage is followed where standard deviation
of Gaussian filters for scales of the spatial and intensity are adjusted by features of the clusters. This
makes the filters have adaptive levels of smoothing for specific clusters and helps to preserve edges
while remove noise. Experiments and evaluation by PSNR metrics indicated the restoration quality
enhanced and the efficacy of the proposed adaptive bilateral filter algorithm.

Khôi phục ảnh đồng thời giữ các cạnh sắc nét được thực hiện bởi bộ lọc Gaussian kép. Trong
bài báo này, một cách tiếp cận được trình bày để nâng cao độ nét cạnh cho bộ lọc trên. Thuật toán
đề xuất được dựa trên kết quả phân cụm của phương pháp phân cụm kỳ vọng cực đại (EM) các giá
trị mức xám. Theo đó, độ lệch chuẩn không gian và độ lệch chuẩn cường độ của bộ lọc Gaussian
kép được điều chỉnh bởi đặc điểm của các cụm. Điều này làm cho bộ lọc Gaussian kép thích nghi
với mức độ mịn của mỗi cụm, và giúp duy trì độ sắc nét cạnh trong khi loại bỏ nhiễu. Kết quả thực
nghiệm với chỉ số đánh giá mức độ nhiễu (PSNR) cho thấy bộ lọc Gaussian kép mới đề xuất có
chất lượng và hiệu quả được tăng cường.
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1. Introduction

IMAGE noise is caused by environmental factors in process of image acquisition and
transmission. The main plan in image denoising is to recover original image from noisy

image. Sharpness and noise in the image have common high intensity changes. Therefore,
denoising also degrades the sharpness of the image. Many filters were proposed for this issue
and bilateral filter [1] is one of the most success solutions.

In addition to denoising, many researchs consider edge-aware filter. The successful filters
were rooted from many different research perspectives such as light denoising [2], flash-no-
flash denoising [3] and non-local mean denoising [4]. Among them, the bilateral filter (BF)
is widely used in many applications. The BF can be implemented for image enhancement,
specifically for detail enhancement [2] and mesh smoothing [5]. Other applications of the filter
are available for particular purposes such as: non-photorealistic rendering, tone mapping [6],
[7], sensor fusion [8] and selection propagation [9].

The distinct feature of the bilateral filter is that it blurs signal but keeps edges better
than Gaussian filter. However preserving edges is challenging for specific application and
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Table 1. EM Clusters based Bilateral Filter

a. Gaussian noise b. EMBF
PSNR=68.43, EM 4 clusters PSNR=70.51

many works were addressed on the filters to strengthen its quality for particular processing
purpose. This paper studies the question with clustering approach in which the image can be
segmented into clusters by Expectation Maximization (EM) [10], [11], and then filtered by
bilateral filter with standard deviation adjusted by features of the clusters. In table 1, input
image with Gaussian noise (1a, top left) is segmented into 4 clusters (1a, bottom right) by
EM algorithm. Based on the feature of clusters, bilateral filter is applied to the input image
to get smooth output image with sharp edges (1b).

The remainder of the paper is organized as follows. Section 2 is devoted to the related works
and contribution. In section 3, an adaptive bilateral filter with clusters by EM is presented.
Section 4 shows implementation of the algorithms. Discussion and conclusion are followed
in section 5 and section 6.

2. Related Works and Contribution

Dempster et al. presented EM algorithm [10] for iterative computation of maximum-
likelihood estimates from incomplete data. Each iteration of the algorithm consists of an
expectation step followed by a maximization step. The EM algorithm was developed further
in later works [12], [13]. EM is applied in image processing like image retrieval [14], and
image segmentation [15], [16].

Tomasi et al. introduced Bilateral filter [1] which is a combination of two Gaussian filters
[17]: one filter is reserved for spatial distance, the other - for intensity similarity. In his book,
Yaroslavsky [18] proposed a filter which uses average of neighbors with weight of intensity
similarity. Smith et al. proposed SUSAN filter [19] where neighboring pixels are continuously
weighted by their spatial Euclidian distance.

Recently, bilateral filter was improved with the support of EM algorithm. Hashiodani et
al. [20] applied bilateral filter in preparation step for denoising, then run segmentation by
EM. Mukherjee et al. introduced a bilateral filter-based mixture model for image segmentation
[21]. The mixture model used Markov Random Field (MRF) to incorporate spatial relationship
into the Gaussian Mixture Model. Then the EM is applied to the log-likelihood function to
compute the optimum parameters of the mixture model. Johannes et al.. [22] introduced a
content-adaptive image downscaling method where the kernels are formed as a bilateral filter
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over space and color. An iterative EM algorithm did maximum-likelihood optimization for
the kernels using a constrained variation.

Vineet et al. [23] proposed a variant of EM for piecewise learning of the parameters
of the mixture model determined by the maximum likelihood function. General Gaussian
pairwise weights were used for learning the mean, the co-variance matrix, and the mixing
co-efficient for every mixture component. The learning result improved EM. Sun et al. [24]
implemented high-dimensional Gaussian filtering to improve EM algorithm for optimization
of fully-connected graphical models.

Wiliaprasitporn et al. presented an unsharp masking-based approach with subsequent bilat-
eral filtering stage [25] to remove noise. Image segmentation is performed via EM to segregate
two pixels populations instead of separating original image into the low- and high-frequency
components at first processing stage. Xiao et al. introduced an approach using a multi-scale
joint bilateral filter for upsampling the synthesized texture generated by optimization-based
methods [26]. Their multi-scale joint bilateral upsampling applies a spatial filter on each multi-
scale layer of the synthesized texture, and jointly applies a similar range filter on exemplar
texture.

This work considers the use of level of noise and edges of clusters to improve bilateral
filter. Noise and edges usually have high change of gradients. When BF deviation covers
the edges like noise, edges will be smooth and image becomes flatten. This effect reduces
the quality of denoising process. Our new solution for this problem is using EM clusters to
set BF deviation adaptive to the noise. EM clustering creates clusters for image where each
cluster has specific noise and edge level. When the BF deviation is adaptive to features of the
clusters, BF can perform differently for different clusters. This can prevent the degradation of
edges and improves denoising quality. The approach is presented in details in next section.

3. A EM Clusterring based Bilateral Filter

3.1. Bilateral Filter

Let us first recall bilateral filter model. Denote u as M -dimension vectorial function defined
in space:

u : Ω→ <N , u(x) := (ui : Ω→ <N , i = 1, ..M) (1)

where Ω is image space and x, y are pixels in the space. Gaussian filter [17] can therefore
be expressed by (2)

Gσ(x) =
1

σ
√

2π
exp(− x2

2σ2
)), x ∈ Ω (2)

Aurich et al. proposed a model [17] with the first Gaussian filter for spatial distance and
the second Gaussian filter for intensity similarity over all pixels of an image.

GAW (u)x = u(x) +
η

Nx

∑
y∈Ω

Gσs ‖y − x‖Gσr(u(y)− u(x))(u(y)− u(x)) (3)
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where Nx is a normalization factor.

Nx =
∑
y∈Ω

Gσs ‖y − x‖Gσr(u(y)− u(x)) (4)

Tomasi and Manduchi [1] introduced bilateral filter where the first Gaussian filter for spatial
distance and second Gaussian filter for intensity similarity over pixels of neighborhood.

F TM(u)x =
1

Wx

∑
y∈S

Gσs(‖x− y‖)Gσr(‖u(x)− u(y)‖)u(y) (5)

where standard deviation σs and σr are global and Wx is a normalization factor:

σs = const, σr = const, ∀x ∈ Ω (6)

Wx =
∑
y∈S

Gσs(‖x− y‖)Gσr(‖u(x)− u(y)‖) (7)

3.2. Expectation Mamimization Clustering

Dempster et al. [10] presented EM clustering for incomplete-data, each element x of space
Ω can be mapped into a cluster z from k clusters in V

Map : Ω→ V,Map(x) = z ∈ V, numel(V ) = k (8)

where family of sampling densities f(x|Φ) depends on parameters Φ and its corresponding
family of sampling densities is derived by g(z|Φ). The complete-data specification f is related
to the incomplete-data specification g by formula:

g(z|Φ) =

∫
Map(x)=z

f(x|Φ)dx (9)

3.3. Denoising by Expectation Mamimization Clustering Based Bilateral Filter

Clustering by using EM algorithm constructs clusters with specific features including level
of noise and level of edges. As standard deviation controls the performance of smoothing for
bilateral filter, making the deviation customized for each cluster can support the filter to deal
with noise better.

In this section, we proposed a new algorithm for image denoising. It consists of three steps.
First, the image is clustered by EM. Then, the standard deviation of BF is modified according
to EM clusters. Finally, bilateral filter with the adaptive deviation is performed for the noisy
image.

Denote gradient by 5 for u(x) on N -dimension x.

5u(x) = (
∂u

∂x
) (10)
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Variance average of cluster z from V is taken by

V ar(z) =
1

numel{x}Map(x)=z

∑
Map(x)=z

‖5u(x)‖2 , z ∈ V (11)

The standard deviation σr(x) for intensity similarity of bilateral filter (5) now can be
adjusted localy for clusters:

σr(x) = ηr.V ar(Map(x)) (12)

σr(x) ∈ [σ∗r − εs, σ∗r + εs], σ
∗
r = const,∀x ∈ Ω (13)

where εs is diapazon parameter and σ∗r is global constant. ηr is normalization parameter, so
that ∑

x∈Ω

σr(x) = σ∗r .numel(Ω) (14)

The standard deviation σs(x) for spatial distance of bilateral filter (5) is adjusted localy for
clusters similarly:

σs(x) = ηs.V ar(Map(x)) (15)

σs(x) ∈ [σ∗s − εs, σ∗s + εs], σ
∗
s = const, ∀x ∈ Ω (16)

ηs is normalization parameter with constraint

∑
x∈Ω

σs(x) = σ∗s .numel(Ω) (17)

Local standard deviations σr(x), σs(x) defined from (12), (15) now are adjusted in addaptive
bilateral filter:

F ∗(u)x =
1

Wx

∑
y∈S

Gσs(x)(‖x− y‖)Gσr(x)(‖u(x)− u(y)‖)u(y) (18)

where Wx is normalization parameter.

Wx =
∑
y∈S

Gσs(x)(‖x− y‖)Gσr(x)(‖u(x)− u(y)‖) (19)
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Figure 1. Flowchart of the proposed EMBF

3.4. Algorithm: Expectation Mamimization Clustering Based Bilateral Filter (EMBF)

Given: noisy image u, initial global σ∗r , σ∗s , and number of clusters k.

The EMBF algorithm takes the following steps:

1.Image clustering: EM segmentation by (8) and (9) to calculate Map.

2.Generate standard deviation for clusters: Find local σr , σs following (12,15).

3.Image filtering by BF with generated standard deviation: Apply filter (18) for input image.

In summary, the algorithm EMBF consists of three steps. EM segmentation is implemented
firstly (see step 1 in figure 1). Step 2 customizes deviation by measuring the variance of each
cluster. Finally, a bilateral filter is applied with local deviations but not global deviation.

4. Implementation

4.1. Gray Image Denoising

The algorithm EMBF is tested with an example of gray image in table 2. Input image
downgraded by Gaussian noise (2.a) has its clusters in (2.b). Global and local standard
deviations for pixels marked by black line in (2.a) have their graphs in (2.c) and (2.d). Global
deviation is unchanged while local deviation is customized for pixels, depending on variance
of their clusters.

The results from EMBF are summarized in Table 3. Peak signal-to-noise ratio (PSNR) [27]
is used for evaluation of experiments. Bilateral filter with global σ gives PSNR=72.20 in 3.b.
EMBF for 2 clusters gives PSNR=74.61 in 3.c. EMBF for 4 clusters gives PSNR=73.50 in
3.d. Both cases (for 2 and 4 clusters) have PSNR better than original filter. We can conclude
that the quality of bilateral filter has been improved with the use of EM-based clustering.

4.2. Color Image Denoising

A set of color images from the USC-SIPI Image Database [28] is tested with the EMBF
algorithm in Table 4. In Table 4, the first column is images downgraded by Gaussian noise.
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Table 2. EM Clusters based Bilateral Filter Example

a. Gaussian noise b. EM segmentation [10] c. σr(x) & σ∗
r d. σr(x) & σ∗

r

4 clusters 2 clusters 4 clusters

Table 3. Results of Filters for Gray Image

a. Gaussian noise b. Bilateral Filter [1] c. EMBF, 2 clusters d. EMBF, 4 clusters
PSNR=68.07 PSNR=72.20 PSNR=74.61 PSNR=73.50

The second column shows clusters of the input images. The third column contains results of
original bilateral filter [1], and the fourth column presents results of EM based bilateral filter.
According to the numerial results, PSNRs were improved by the EMBF algorithm.

5. Discussion

In this section, we study the effect of number of clusters to PSNR. EMBF is repeated to the
same input image using number of clusters k = 2, 4, 8, .., 20. The results in Table 5 indicate
that there is no clear relationship between k and PSNR, many k values returned the same
PSNR. Therefore, we can conclude that with the use of EMBF, PSNR is enhanced for all k.

6. Conclusion

The article presented a bilateral filter based on clustering by Expectation Minimization
and demonstrated that the local standard deviation based on clusters results in higher PSNR
in comparision with original bilateral filter. Experiments on USC-SIPI color images show
the efficacy of the proposed approach for enhancement of edges keeping with high accuracy.
The proposed method can be extended to other image segmentation method as it makes the
bilateral filter customized to clusters independently with method of clustering.
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Table 4. EM Clustering based Bilateral Filter for Color Images

a. Gaussian noise b. EM Clustering [10] c. Bilateral Filter [1] d. EMBF,
PSNR=68.20 2 clusters PSNR=70.43 PSNR=70.83

e. Gaussian noise f. EM Clustering [10] g. Bilateral Filter [1] h. EMBF
PSNR=69.06 2 clusters PSNR=71.07 PSNR=71.45

i. Gaussian noise j. EM Clustering [10] k. Bilateral Filter [1] l. EMBF,
PSNR=68.26 2 clusters PSNR=70.25 PSNR=70.66
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Table 6. EM Clustering based Bilateral Filter for Color Images

a. Gaussian noise b. EM Clustering [10] c. Bilateral Filter [1] d. EMBF,
PSNR=68.49 2 clusters PSNR=70.42 PSNR=70.95

e. Gaussian noise f. EM Clustering [10] g. Bilateral Filter [1] h. EMBF,
PSNR=68.38 2 clusters PSNR=70.09 PSNR=70.51

i. Gaussian noise j. EM Clustering [10] k. Bilateral Filter [1] l. EMBF,
PSNR=68.29 4 clusters PSNR=69.78 PSNR=70.01
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