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ABSTRACT:This paper gives the insight to use a new texture enhancement method which uses an image decomposition
that allows different visual characteristics of textures to be represented by separate components whereas previous methods
either enhance texture indirectly or represent all texture information using a single image component. This method uses a
modified morphological component analysis (MCA) which allows the texture to be separated into multiple morphological
components each representing a different visual characteristic of texture. By selecting four such texture characteristics and
propose new dictionaries to extract these components using MCA. Then the procedures are applied for modifying each
texture component and recombining them to produce a texture-enhanced image.
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I. INTRODUCTION:
Some existing texture enhancement methods indirectly highlight textures of an image by reducing noise or
artifacts in the image. For instance, the median filter [6] and the Weiner filter [10], these filters have low pass
filter like characteristics so they degrade the textures in addition to removing noise. Whilethe non-local means
filter [9] which can smooth the noise in the image while preserving image detail as much as possible.
Wavelet-based methods removes noise by shrinking coefficients in high-frequency sub-bands not exceeding
certain thresholds, while preserving the image textures in high-frequency sub-bands that exceed these
thresholds.
Some other methods enhance the image textures directly. Unsharp masking (UM) was proposed to improve the
visual appearance of an image by emphasizing its high frequency contents [8]. However, the high passfilterlike
nature of UM causes enhancement of noise and artifacts in the image as well. The same is true of histogram
equalization methods [7]. Shock filtering [14] is a transformation of anisotropic diffusion which smooth’s along
the coherent texture flow orientations, and reduces diffusivity at non-coherent structures which enhances the
textural detail.
All of the above mentioned methods either enhance or suppress all the different “textural” components of the
image to the same extent, because the image is treated as a single “texture” component.
The morphological component analysis (MCA) concept was developed for separating the texture from the
image, for inpainting applications or more generally for separating several components which have different
morphologies in the single image. Some textural characteristics are selected based on human visual perception.
Then, MCA is used to decompose textures into multiple morphological components according to the desired
characteristics by introducing dictionaries. The obtained morphological components are then modified so that
textures become enhanced.
II. TEXTURE BASED IMAGE DECOMPOSITION USING MORPHOLOGICAL COMPONENT
ANALYSIS:
A texture characteristic is to quantify the perceived texture of an image.The image decomposition and texture
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enhancement is performed as shown in below steps:
1) The input image is decomposed to several different pairs ofcomponents where each pair consists of a
component that strongly exhibits a particular texture characteristic and a component that weakly exhibits it, or
exhibits opposite characteristics, e.g. a “coarse” component and a “fine” component;
2) The components are manipulated to enhance the texture characteristics they are meant to capture, e.g. a
high-coarseness component is manipulated so that so it becomes coarser, a low-coarseness (fine) component is
manipulated so that it becomes finer;
3) The manipulated components are recombined to obtain an image in which textures are more different from
each other than in the original image with respect to the chosen texture characteristics.
Algorithm: MCA decomposition algorithm
1. Initialize the number of iterations
, dictionary parameters , and
decomposition δ and threshold for updating parameters λ and , = , =0.
2. Start Decomposition:
Assume , as fixed and Update ,
Calculate the residue, = − , − ,
for n = 1:
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end
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Fig. 1 shows the schematic diagram for the proposed texture enhancement method by decomposing
image.
The proposed texture enhancement process schematic diagram is shown in Fig. 1. The input image undergoes
MCA decompositions using dictionaries to extract pairs of components that strongly and weakly exhibit a
particular texture characteristics. Adjustable parameters has been used for dictionaries so that decomposition
performance is more consistent for different images.
The Morphological Component Analysis [2] used to extract different textures of an image is given in(1)
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where , and , are the components having strong and weak textures, , and , are the transformations
used as dictionaries for decomposition of image with strong and weak textures of i-th characteristics,
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respectively. An Algorithm is proposed to compute the components , and , as well as dictionaries , and
is the maximum number of iterations for
, where
, and
, are the parameters of dictionaries.
decomposition. The values for parameters of every dictionaries are listed in Table 1.
Table 1. Dictionaries and parameters for decomposing the image using MCA
Strong
Weak
Textures
Dictionary
Parameters
Dictionary
Parameters
Coarseness
Contrast
Directionality
Line-likeness

Bilateral
filter
Anisotropic
shrink
SWT
thresholding
Gradient

[10, 5]
0.95
0.95
0.95

Wavelet
thresholding
Anisotropic
Diffusion
SWT
thresholding
Gradient

0.95
0.95
0.95
0.95

III. MANIPULATION OF DECOMPOSED IMAGE COMPONENTS
For our MCA framework Human visual perceptual characteristics were selected since it describes how human
beings perceive the texture. The following characteristics from Tamura descriptor [12] were selected as the
basis of decomposition:
A. DICTIONARIES FOR COARSENESS:
Decomposing a texture into the coarse and the fine is to apply dictionaries regions with few strong texture edges
and regions with many weak texture edges, respectively.
To extract Coarse component [1] Bilateral filtering is used as the dictionary since it can remove small-scale
elements from the image.
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where x is center pixel in neighborhood of sample S,I(x) is intensity of center pixel, I(ξ) is intensity of
neighborhood . and are the spatial and spectral bandwidths.|I(x)-I(ξ)| are preserved, while |I(x)-I(ξ)| ≈0 are
removed. Coarse textures will be enhanced while fine textures will be suppressed.
The low coarse or fine component [1] need to remove strong edges.

Tw,1 ( I )  idwt( )

(3)

  dwt ( I )

where dwt and idwt are forward and inverse discrete wavelet transform respectively.
B. DICTIONARIES FOR CONTRAST:
Contrast measures the variance of the grey scale intensities in a local area. Low and High Contrast are chosen as
two dictionaries:
For the low-contrast component [1], we make use of anisotropic diffusion.
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Where I(x) is the pixel intensity of image I at x, S is the neighborhood centered at x, ξ denotes the neighboring
pixels in S, |S| is the number of pixels in the neighborhood.
The high-contrast parts will be smoothed and reduced in contrast because in such regions the ad behaves as
isotropic diffusion (Gaussian filtering).
For high contrast components [1], Anisotropic Shrink is used as a dictionary.
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c (I ( ))  1  e

1
 c(I ( ))I ( )
S  S

 I (  ) 
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2

(5)

where |I(x)-I(ξ)| ≈0 are low contrast. The result is that the high- contrast components are retained.
C. DICTIONARIES FOR DIRECTIONALITY:
Directionality of texture measures the orientation of the local texture. Though the orientation of texture could be
anywhere in the range from 0 to π, we decompose the texture into only the horizontal component and the vertical
component because any orientation can be considered as combination of horizontal and vertical direction.
The wavelet coefficients [ψa,ψh,ψv,ψd] ∈ψ (approximation, horizontal, vertical, diagonal) of the input image I.

Ts ,3 ( I )  iswt( )

  swt( I )

 ( x, y), if  h ( x, y)   h
 ( x, y)  
0, otherwise

(6)

where swt(·) and iswt(·) are forward and inverse stationary wavelet transform respectively, the wavelet
coefficients [a,h,v,d] ∈(approximation, horizontal, vertical, diagonal) of the input image I are filtered with the soft
thresholding method
To decompose the texture into horizontal and vertical components [1], we apply the wavelet thresholding based
on the stationary wavelet transform (SWT) [13] since it can preserve more details in the high frequency
sub-bands so that more small texture edges can be retained. As shown as (6) and (7), coefficients in different
sub-bands are preserved to different extents so that the texture is decomposed into components representing
different directions:

Tw,3 ( I )  iswt ( )
  swt ( I )
 ( x, y ), if  v ( x, y )   v
 ( x, y )  
0, otherwise

(7)

Applying the wavelet thresholding based on the stationary wavelet transform (swt) it can preserve more details
in the high frequency sub-bands so that more small texture edges can be retained.
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D. DICTIONARIES FOR LINE-LIKENESS:
The decomposition based on line-likeness [1] requires two dictionaries corresponding to textures with very
similar, and very different direction in every local region, respectively. We propose two transformations based
on image gradients as dictionaries Ts,4 and Tw,4 to represent these two types of textures:

 I ( x, y), ifd( x, y)   simi 
Ts,4 (I ( x, y))  

I ( x, y).(1  d ( x, y)),otherwise
d ( x, y)  std( g ( )),  N

(8)

Where d (x, y) measures the standard deviation std(・) of the gradient magnitudes g (ξ) in the neighborhood n.
To separate the texture into components having similar but not identical direction, the pixel gradients g (ξ) are
quantized.By applying the transformation Ts,4to the image, the line-like regions where the standard deviation d
is lower than the threshold δsimiare preserved while the non-line like regions where the standard deviation of
gradients are larger than the threshold are removed. Conversely, the transformation Tw,4preserves regions
where the standard deviation of gradients is large.
Fig. 2 Decomposition by Image into different components using Dictionaries

The above figure shows the Decomposed Coarse components 2. is the original image 2.a and 2.b, Contrast
components 2.c and 2.d, Directionality components 2.e and 2.f, Line-like components 2.g and 2.h. The textures
decomposed are Coarse, Fine, High-contrast, Low-contrast, Horizontal, Vertical, Line-like and Non-line-like
components. Each dictionary is different to extract the exact required textures from the input image.
IV. MANIPULATION OF TEXTURES
The Decomposed components from section-III are manipulated to enhance each different textures by applying
filters and transformations as shown in below Table-2
Table 2. Filters and parameters for manipulating the decomposed image using MCA
Strong
Weak
Textures
Filter
Parameters
Filters
Parameters
Coarseness
NL-means filter
Window 4x4
Stick filter
5
Contrast
Laplacian and Median Window 5x5
Power-law
[0.35 0.85]
filter
transformation
Directionality
SWT enhancing
1.5
SWT enhancing
1.5
Line-likeness
Adaptive histogram
0.9
Power-law
2
equalization
transformation
A. MANIPULATION OF DECOMPOSED COARSE COMPONENT:
To enhance the coarse component, the NL-means filter works well because weak edges are further suppressed,
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enhancing texture coarseness.
For the enhancement of the fine component, the number of edges because the coarseness is defined as the
number of edges in a neighborhood. The sticks filter [11] with stick length 5 was applied to transform the
component because of its success in line and boundary detection. Most edges, even weak ones, can be detected
and enhanced by sticks filter. Therefore, the fineness of the fine-texture component will be increased.
B. MANIPULATION OF DECOMPOSED CONTRAST COMPONENT:
To enhance the high-contrast component ss,2, we propose to use Laplacian filtering and median filtering together
to increase the contrast as follows :
,2 =
,2 +
(| 2( , 2)|)(9)
To enhance the Fine component, in neighborhood, the sum of pixel values along the line is calculated. The
segment with the largest sum is selected and the sticks image value at the center pixel is the maximum of the
sums. This step is repeated for all the pixels in the image. In the output image, fine lines are increased.
Laplacian filter is a linear filter. In this filter a window or mask with some values works with values of image
pixels in the neighborhood.
Median filter replaces the value of a pixel by median of the gray levels in the neighborhood of that pixel. The
median filter runs through the image pixel by pixel, replacing each pixel with the median of neighboring pixels.
For Low contrast a Power law Transformation is applied. This technique detects two edge points, strong and
weak using two threshold values T1 and T2 such that T1<T2. If the pixel values greater than T2 then the edge
values are strong and if pixel values are in between T1 and T2 then these are called weak edge pixels.
C. MANIPULATION OF DECOMPOSED DIRECTIONALITY COMPONENT:
The SWT was used because it can represent textures of different directions in different sub-bands [13]. Since the
wavelet coefficients in one sub-band represent intensity variation in a specific direction, they are independent of
the coefficients in other sub-bands. The horizontal morphological component ss,3was manipulated as:
(9)
( , , , , , , , , , , , )
, =
Where iswt(.) is the inverse stationary wavelet transform and w are the horizontal, approximate, vertical and
diagonal coefficients .
The Stationary Wavelet Transform is used because it can represent textures of different directions in different
sub-bands.Since the wavelet coefficients in one sub-band represent intensity variation in a specific direction,
they are independent of the coefficients in other sub-bands.
For the vertical morphological component, the vertical wavelet coefficients are amplified and the horizontal
wavelet coefficients are set to zero.
(10)
′, , = . , ,
′
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D. MANIPULATION OF DECOMPOSED LINE-LIKENESS COMPONENT:
Adaptive histogram equalization [7] improves by transforming each pixel with a transformation function
derived from a neighborhood region.
Adaptive histogram equalization enhances the line-like component because it increases the intensity contrast,
making the line or boundary between different pixels, while decreasing the intensity contrast between two
texture elements with very similar intensities, and removing very weak edges.
Where

,

,

=

is the non-like component with γ=2

,

(10)

For the non-line-like component, power-law transform where non-like component boundaries and the local
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contrast are suppressed and the line-likeness of the non-line-like component will be further decreased.
Fig. 3 Manipulation of Decomposed Textures

The above figure shows the manipulated Coarse components 2.a and 2.b, Contrast components 2.c and 2.d,
Directionality components 2.e and 2.f, Line-like components 2.g and 2.h.
V. RECOMBINATION OF MANIPULATED COMPONENTS
After manipulating every component to enhance its own properties, the components are re-combined into a final
texture enhanced image. The Manipulated Components Coarse, Contrast, Directionality and Line-likeness are
Recombined (added) to obtain the Enhanced Image.

Fig. 4. a. Original Image b. Enhanced Image
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The Proposed method is applied to real world images and synthetic images to enhance the different textures
more precisely. The other Test image results are as shown in the figure-5

Fig 5. Other test image results: first row indicates the original images, second row indicates the enhanced
images
VI. EXPERIMENTS AND ANALYSIS
The proposed method is tested and evaluated on synthetic textural images and real-world images containing
different textures. The synthetic images are synthesized by combining textures from the Berkeley Segmentation
database [3] and the SIPI texture database [4].
The performance of the proposed method is measured by comparing the results from different texture-based
segmentation methods applied to the textures modified by different methods. The following texture-enhanced
methods are used as comparators:
1) Unsharp masking [8] (UM) which enhances texture by emphasizing its high frequency contents;
2) Shock filtering [14] (SHK), which smooths along the coherent texture flow orientations and reduces

diffusivity at non-coherent structures, which enhances texture details.
The comparator methods were selected to measure the performance of the manipulation of the texture
components proposed in this paper, we also use the MCA with proposed dictionaries but no manipulation of the
components prior to recombination (MCA-NM) as another comparator to demonstrate the manipulations are
central to the success our method. Image segmentation tests were carried out as follows:
Textures were extracted from the 15×15 neighborhood of every pixel of each original test image, and each
enhanced test image from different enhancement method tocreate feature maps, they were segmented using
mean-shift segmentation method and theaccuracy of test images was computed by using the metric:
C = S(x,y)-I(x,y)/N

(11)

where S denotes the segmented image, I represents the Original image,and N is the total number of the pixels in
the image.
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The segmentation accuracy of the test images before and after enhancement was compared to evaluate the effect
of different texture enhancement methods on segmentation accuracy.

Fig. 5. Comparison of Proposed method with previous methods
After texture enhancement by unsharp masking (UM), shock filtering (SHK), and the proposed method
(proposed). The shock filter can enhance the texture edges well but it breaks some smooth regions. The unsharp
masking can enhance the texture, especially the local contrast very well, but it creates unwanted edge effects at
the same time. Moreover, all these methods process the image as a single “texture” component, all the different
textures in the image are enhanced to the same extent. Conversely, the proposed method can enhance different
textures to different extents because it separates the textures into components representing different visual
characteristics and modifies them in different ways. As a result, the proposed texture enhancement method
results in higher segmentation accuracy than other enhancement methods.
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VII. CONCLUSION
We proposed to decompose the texture image using the MCA method according to different texture
characteristics: coarseness, contrast, directionality, and line-likeness. For every morphological component, we
proposed transformations to enhance the characteristic captured by that component. The experimental results
showed that the proposed texture enhancement method successfully enhanced the difference between textures
with respect to the chosen texture characteristics while better preserving their visual appearance compared to
other methods which led to improved texture-based segmentation results.
REFERENCES
[1]

[2]
[3]
[4]
[5]
[6]
[7]
[8]
[9]
[10]
[11]
[12]
[13]
[14]

J. Chi and M. Eramian, "Enhancement of Textural Differences Based on Morphological Component Analysis," in
IEEE Transactions on Image Processing, vol. 24, no. 9, pp. 2671-2684, Sept. 2015.
doi: 10.1109/TIP.2015.2427514
J. Bobin, J.-L. Starck, J. M. Fadili, Y. Moudden, and D. L. Donoho, “Morphological Component Analysis: An
Adaptive Thresholding Strategy,” IEEE Trans. Image Process. Vol. 16, No. 11, Pp. 2675–2681, Nov. 2007.
The Berkeley Segmentation Datasetand Benchmark. [Online].Available:
http://www.eecs.berkeley.edu/Research/Projects/CS/vision/bsds/BSDS300/html/dataset/images.html
The USC-SIPI Image Database. [Online]. Available:http://sipi.usc.edu/database/database.php?volume=textures.html.
D. L. Donoho and I. M. Johnstone, “Adapting to unknown smoothness via wavelet shrinkage,” J. Amer. Statist.
Assoc., vol. 90, no. 432, pp. 1200–1224, 1995.
T. Huang, G. Yang, and G. Tang, “A fast two-dimensional median filtering algorithm,” IEEE Trans. Acoust., Speech,
Signal Process., vol. 27, no. 1, pp. 13–18, Feb. 1979.
S. M. Pizer et al., “Adaptive histogram equalization and its variations,” Comput. Vis., Graph, Image Process, vol. 39,
no. 3, pp. 355–368, Sep. 1987.
A. Polesel, G. Ramponi, and V. J. Mathews, “Image enhancement via adaptive unsharp masking,” IEEE Trans. Image
Process., vol. 9, no. 3, pp. 505–510, Mar. 2000.
A. Buades, B. Coll, and J.-M. Morel, “A non-local algorithm for image denoising,” in Proc. IEEE Comput. Soc. Conf.
Comput. Vis. Pattern Recognit. (CVPR), vol. 2. Jun. 2005, pp. 60–65.
A. K. Jain, Fundamentals of Digital Image Processing. Englewood Cliffs, NJ, USA: Prentice-Hall, 1989.
S. D. Pathak, D. R. Haynor, and Y. Kim, “Edge-guided boundary delineation in prostate ultrasound images,” IEEE
Trans. Med. Imag., vol. 19, no. 12, pp. 1211–1219, Dec. 2000.
H. Tamura, S. Mori, and T. Yamawaki, “Textural features corresponding to visual perception,” IEEE Trans. Syst.,
Man, Cybern., vol. 8, no. 6, pp. 460–473, Jun. 1978.
X. H. Wang, R. S. H. Istepanian, and Y. H. Song, “Microarray image enhancement by denoising using stationary
wavelet transform,” IEEE Trans. Nanobiosci., vol. 2, no. 4, pp. 184–189, Dec. 2003.
J. Weickert, “Coherence-enhancing shock filters,” in Pattern Recognition (Lecture Notes in Computer Science), vol.
2781, B. Michaelis and G. Krell, Eds. Berlin, Germany: Springer-Verlag, 2003, pp. 1–8.

236

Asma Shaik, Dr. G. Mamatha

