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ABSTRACT composition. Owing to the geometric information, the con-

We present the nonsubsampled contourlet transform and ittourlettransformachievesbetterresultsthan discretelst
€ present tn€ nonsubsampled contouriet transtorm a Yransform in image analysis applications such as denoising
application inimage enhancement. The nonsubsampled con-

) . . and texture retrieval [4]. Due to downsampling and upsam-
tourlet transform is built upon nonsubsampled pyramids and [4] piing b

S : : ... pling, the contourlet transform is shift-variant. However
pons_ubsampleq d|rect|on_a| f||terpan!<s and prowde:'s ashift shift-invariance is desirable in image analysis applasi
invariant directional multiresolution image represeiotat

- . such as edge detection, contour characterization, anceima
Existing methods for image enhancement cannot capture 9 ¢

. : ; .. enhancement [5].
the geometric information of images and tend to amplify .
. X . . In this paper, we present the nonsubsampled contourlet
noises when they are applied to noisy images since they,

cannot distinguish noises from weak edges. In contrast, thetcrg:gﬁrr;:t (t,r\lasncs::c—))r’rr\:m'll'ﬂ:eIigqg'f:lizvt?lrjliﬁnttj Vs;si[[c;r:a?(fefjhr?on-
nonsubsampled contourlet transform extracts the geomet- ] P

ric information of images, which can be used to distinguish subsampled filter banks to obtain a shift-invariant dixeai

. . multiresolution image representation. Based on the NSCT,
noises from weak edges. Experimental results show the pro- .

. we propose a new method for image enhancement. The
posed method achieves better enhancement results than a

X . rest of this paper is organized as follows. In Section 2, we
wavelet-based image enhancement method. present the construction of the NSCT. We apply the NSCT

to image enhancement in Section 3 and show experimental
1. INTRODUCTION results in Section 4. Finally, we make conclusions in Sec-
tion 5.
Image enhancement is widely used in medical and biolog-
ical imaging to improve the image quality. The purpose of
image enhancement is to enhance weak edges or weak fea- 2. CONSTRUCTION
tures in an image while keeping strong edges or features.
Traditional image enhancement methods such as unsharyVe briefly introduce the construction of the nonsubsam-
masking, split an image into different frequency subbands pled contourlet transform. For the filter design, we refer
and amplify the highpass subbands. More recent methodgeaders to [6]. The contourlet transform employs Laplacian
are based on the discrete wavelet transform in a multiscalepyramids for multiscale decomposition, and directional fil
framework and achieve better results [1, 2]. However, all ter banks (DFB) for directional decomposition. To achieve
existing methods decompose images in a separable fashiorthe shift-invariance, theonsubsampled contourlet transform
and thus cannot use the geometric information in the trans-is built upon nonsubsampled pyramids and nonsubsampled
form domain to distinguish weak edges from noises. There- DFB.
fore, they either amplify noises or introduce visible artif,
when they are applied to noisy images.
Recently Do and Vetterli proposed an efficient direc-

tional multiresolution image representation called the-co  The nonsubsampled pyramid is completely different from
tourlet transform [3]. The contourlet transform employs the counterpart of the contourlet transform, the Laplacian
Laplacian pyramids to achieve multiresolution decomposi- pyramid. The building block of the nonsubsampled pyra-
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2.1. Nonsubsampled Pyramids




perfect reconstruction condition is given as

Ho(z4)

Ho(2)Go(2) + Hi(2)G1(2) = L. Ho(2%) e 4
This condition is much easier to satisfy than the perfect re- Ho(2) ‘'
construction condition for critically sampled filter banks | g | | | 77 3
and thus allows better filters to be designed.
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Hi(z) Gi(z) Ui(z) Wi(z) Fig. 2. Iteration of two-channel nonsubsampled filter banks
@) (b) in the analysis part of a nonsubsampled pyramid. For

upsampled filters, only effective passbands within dotted
Fig. 1. Ideal frequency response of the building block of: pgoxes are shown.

(a) nonsubsampled pyramid; (b) nhonsubsampled DFB.

The ideal frequency response of the building block of
the nonsubsampled pyramid is given in Fig. 1(a). To achieve
the multiscale decomposition, we construct nonsubsampled
pyramids by iterated nonsubsampled filter banks. For the
next level, we upsample all filters Bin both dimensions.
Therefore, they also satisfy the perfect reconstruction co
dition. Note that filtering with the upsampled filtéf(z/)
has the same complexity as filtering witi(z) using the
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‘a trous’ algorithm. The cascading of the analysis part is Fig. 3. Frequency divisions of: (a) a nonsubsampled pyra-
shown in Fig. 2. The equivalent filters offath level cas-  mid given in Fig. 2. (b) a nonsubsampled DFB given in

cading nonsubsampled pyramid are given by Fig. 5.
Hi(z2 D[22 Ho(2%) 1<n<2F

H(z) = { 1n(_z1 I ) 1;1,»7:0 o(=") _ Zk ) Fig. 5. Then we obtain a four-direction frequency division
HJ:O 0(27) = as shown in Fig. 3(b). The higher level decompositions fol-

_ iy ) _ ) low the similar strategy, although they are more complex.
wherez’ stands forlz1, z;]. These filters achieve multires-  \ye refer readers to [6] for detalls.

olution analysis as shown in Fig. 3(a).

2.3. Nonsubsampled Contourlet Transform

2.2. Nonsubsampled Directional Filter Banks

] o ] ) The nonsubsampled contourlet transform combines nonsub-
The nonsubsampled DFB is a shift-invariant version of the sampled pyramids and nonsubsampled DFB’s as shown in
cri'Ficglly sampled DFB in the contourle_t transform. The Fig. 6. Nonsubsampled pyramids provide multiscale de-
building block of a nonsubsampled DFB is also a two-channetomposition and nonsubsampled DFB’s provide directional

nonsubsampled filter bank. However, the ideal frequency
response for a nonsubsampled DFB is different, as shown
in Fig. 1(b).

To obtain finer directional decomposition, we iterate non-
subsampled DFB’s. For the next level, we upsample all fil-
ters by a quincunx matrix given by

a-(; 1)

The frequency responses of two upsampled filters are given
in Fig. 4 and the cascading of the analysis part is shown in

Uo(2) Up(29Q)
A=
-— _®_- = —1

Ui(z) U1 (29)

Fig. 4. Upsampling filters by a quincunx matr3.



Uo(2) Uo(29Q) edges, weak edges, and noises. First, the strong edges corre
1 spond to those pixels with big-value coefficients in all sub-
4‘7 bands. Second, the weak edges correspond to those pixels
L 2 with big-value coefficients in some directional subbands bu
Uh(z9) small-value coefficients in other directional subbandimit
Uo(29) the same scale. Finally, the noises correspond to those pix-
r 3 els with small-value coefficients in all subbands. Based on
this observation, we can classify pixels into three catiegor
L 4 by analyzing the distribution of their coefficients in diféat
Ui(2) Uh(29) subbands. One simple way is to compute the mean (denoted

by mean) and the maximum (denoted byax) magnitude
Fig. 5. The analysis part of an iterated nonsubsampled di- Of the coefficients for each pixel, and then classify it by

rectional filter bank. strong edge  if mean > co
weak edge  if mean < co,max > co Q)

decomposition. This scheme can be iterated repeatedly on noise if mean < co,max < co

the lowpass subband outputs of nonsubsampled pyramids. wherec is a parameter ranging fromto 5, ando is the
noise standard deviation of the subbands at a specific level.

o’ woy () We first estimate the noise variance of the input image with
the robust median operator [7] and then compute the noise
variance of each subband [8].

w1 The goal ofimage enhancement is to amplify weak edges

. and to suppress noises. To this end, we modify the NSCT

coefficients according to the category of each pixel by a

— 1 L o

Multiscale Directional i i i imi
Decon:posmon Decom;osition (s ) nonlinear mapping function (similar to [9])
(@) () x strong edge pixels
y(r) = ¢ max((f7)", 1)z, weakedge pixels, (2)
Fig. 6. The nonsubsampled contourlet transform: (a) Block 0 noise pixels

_diagram. First, a nonsubsampled_ pyramid split the input \yhere the inputr is the original coefficient, antl < p < 1
into a lowpass subband and a highpass subband. TheRs the amplifying ratio. This function keeps the coefficient
a nonsubsampled DFB decomposes the highpass subbangk strong edges, amplifies the coefficients of weak edges,
into several directional subbands. The scheme isiterated r 54 zeros the coefficients of noises.
peatedly on the lowpass subband. (b) Resulting frequency  \ve summarize our enhancement method using the NSCT
division, where the number of directions is increased with j, the following algorithm:
frequency.
q 4 1. Compute the NSCT of the input image frlevels.

2. Estimate the noise standard deviation of the input im-
3. IMAGE ENHANCEMENT ALGORITHM age.

s . . 3. For each level DFB,
Existing image enhancement methods amplify noises when

they amplify weak edges since they cannot distinguish soise (a) Estimate the noise variance.

from weak edges. In the frequency domain, both weak (b) Compute the threshold and the amplifying ratio.
edges and noises lead to low-value coefficients. The non- (c) At each pixel, compute the mean and the max-
subsampled contourlet transform provides not only mustire imum magnitude of all directional subbands at
olution analysis, but also geometric and directional repre this level, and classify it by (1) into strong edges,
sentation. Since weak edges are geometric structures whil weak edges, or noises.

noises are not, we can use this geometric representation to
distinguish them.

The NSCT is shift-invariant such that each pixel of the
transform subbands corresponds to that of the original im-
age in the same location. Therefore, we gather the geomet-
ric information pixel by pixel from the NSCT coefficients. 4. Reconstruct the enhanced image from the modified
We observe that there are three classes of pixels: strong NSCT coefficients.

(d) For each directional subband, use the nonlin-
ear mapping function given in (2) to modify the
NSCT coefficients according to the classifica-
tion.



4. NUMERICAL EXPERIMENTS

We compare the enhancement results by the proposed algo-

rithm with those by the undecimated wavelet transform. In
the experiments, we choose= 4 andp = 0.3. In the first

experiment, the input is a standard clean image as shown

in Fig. 7. We observe that our proposed algorithm does a
better job in enhancing the weak edges in the textures. In
the second experiment, the input is a noisy optical coher-

ence tomography image as shown in Fig. 8. We observe that
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Fig. 7. (a) Original “Barbara” image. (b) Enhanced by the

undecimated wavelet transform. (c) Enhanced by the non-
subsampled contourlet transform.

5. CONCLUSION

We present the nonsubsampled contourlet transform con-

structed by iterated nonsubsampled filter banks. Thistrans
form provides shift-invariant directional multiresoloiti im-
age representation. We propose a new algorithm for im-

age enhancement using the nonsubsampled contourlet trans-

form. Experimental results show that the proposed algo-
rithm achieves better enhancement results than the undeci
mated wavelet transform.
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Fig. 8. (a) Original optical coherence tomography im-
age, provided by Professor Boppart’s Biophotonics Imag-
ing Laboratory at the University of lllinois at Urbana-
Champaign. (b) Enhanced by the undecimated wavelet
transform. (c) Enhanced by the nonsubsampled contourlet
transform.



