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Abstract
Magnetic Resonance Cholangiopancreatography (MRCP) images are used in the diagnosis and treatment planning of the
bile ducts and the liver. The ability to diagnose and treat such diseases in recent times has increased with greater importance
placed on the effective use of non-invasive medical imaging. However, MRCP images are often noisy (low signal-to-noise
ratio) and suffer from the influence of artifacts, partial volume and large inter-image variations. This paper evaluates the
suitability of several Multiscale Geometric Analysis (MGA) techniques, to improve the quality of the 2D MRCP images
and enhance the detection of the biliary structures within them. Tests results, evaluated subjectively to correspond with the
human visual perception, achieved promising results for contourlets, curvelets as well as a non-orthogonal wavelet noise
compensation implementation. The findings may contribute to assist in the development of automatic computer-aided
diagnosis systems for liver diseases affecting the bile ducts as well as in clinical diagnosis.
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Introduction
MRCP or magnetic resonance cholangiopancreatography is the
medical imaging modality used to visualize the pancreato-biliary
structures in the abdomen [1]. The structures, commonly called the
bile ducts or biliary tree, are responsible for the transportation of the
bile from the liver to the gallbladder for storage, and ultimately to the
small intestines where the bile is used in the digestion of fat-based
vitamins and minerals. The bile, is also responsible for the absorption
and removal of fat and oil-soluble waste products such as cholesterol
from the body. Thus, diseases affecting the bile ducts, directly or
indirectly (such as non-biliary liver diseases), often cause blockages
to parts of the biliary structure which restrict the flow and in turn
cause the build-up of bile and toxic waste matter in the liver and
body. This leads to pain, swelling, potential organ failure, poisoning,
malnutrition and various other complications.
MRCP is essentially a special sequence of MRI (magnetic
resonance imaging). A typical MRCP examination may be conducted
with or without a contrast medium, and consist of series of images
totaling over a hundred individual MRCP images [2]. These include
some MRI images in the axial and coronal or sagittal orientations
for locating the region of interest (ROI), thick slab and thin slice
MRCP images, all of which may be acquired using the T1- and/or
T2-weighted sequences. For more accurate diagnosis, thinner slices
would enable better visualization and reconstruction of the 3D
volume, but the image quality (in terms of signal-to-noise ratio or
SNR) deteriorates as the slice thickness is reduced. Even with thick
slab images, where the point volume as thick as 50mm is represented
as a single pixel in the 2D image, there is a significant amount of noise
present in the image. Furthermore, MRCP images are also susceptible

to acquisition artefacts, fat density of the patient, parameter settings,
influence of other diseases (e.g. those affecting the liver), liver tissue
and presence of other organs in the image (e.g. intestines, gallbladder,
stomach), non-optimal acquisition orientation (where parts of
the structure may be obstructed or misrepresented) and very large
dynamic range of shapes, dimensions and intensities representing the
various parts of the entire biliary tree.
MRCP images used in this study were acquired from a
collaborating medical institution and from other institutions through
the Internet. From observation (see later in the results section), there
is a significant amount of differences present in the various images.
Often, variations are not only observed for inter-hospital or interpatient images, but even in inter- and intra-series images of the
same patient. This is due to not just the anatomical disposition of
the patient (e.g. body fat), but also the various sequences, parameter
settings, series and orientations that a radiographer may use in order
to obtain the “best” images for the diagnosis by the radiologist. Thus,
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the normalization step via pre-processing is essential for MRCP
analysis and structure detection.
The problems listed above constitute the difficulties in developing
automatic computer systems for the detection and diagnosis using
MRCP images. The many classes of problems above require multistage processing in order to extract the relevant information and
overcome the weaknesses present in the images. This paper reports
on a study undertaken on the more fundamental aspect of those
stages, namely the preliminary pre-processing for image denoising
and enhancement of the biliary structures in the MRCP images.
The objective of this work is to identify the techniques that produce
good and reliable pre-processing for MRCP images, such that other
subsequent algorithms may be applied more successfully to aid in
the processing, detection and diagnosis of MRCP images either in
the clinical environment or through the development of a computeraided diagnosis (CAD) system for biliary diseases.

Methods
The term pre-processing encompasses any preliminary processing
undertaken prior to the main task in achieving the set goal. Thus,
depending on the intended goal, the tasks required in the preprocessing stage may range from minor image setting to extensive
structure reconstruction and beyond. Image denoising typically
consists of three steps: converting the image into another domain
where the noise component is more obvious, thresholding the noise,
and finally taking the inverse transform to return the resulting image
into its original spatial domain. Wavelets [3], and the broader category
of Multiscale Geometric Analysis (MGA) tools [4], have been found
to be effective in distinguishing the data and noise components of the
image signals. The scope of this work will be limited to enhancing
of the MRCP images with the new generation high performance
wavelets, such that the noise present may be minimized and the
clarity of the significant bile duct structures maximized. This section
will describe the popular multiresolution techniques undertaken in
this work to evaluate their suitability for MRCP pre-processing.

Wavelets
Impulse noise or abnormal intensity pixels in an image can severely
affect the accuracy of many algorithms. One way of overcoming this
phenomenon is through analysis at various resolutions, often by then
performing generalization akin to lossy compression in eliminating
less significant information in the image, in order to emphasize the
more significant regions. The most popular multiresolution tool
is wavelets. There is much literature on the use of wavelets in noise
reduction such as wavelet thresholding in [5] and [6], and for medical
images such as ultrasound [7], and recently on MRI [8].

Multiscale Geometric Analysis (MGA)
Wavelets are localized and do well in one dimension - however,
due to their poor orientation selectivity, wavelets do not represent
higher-dimensional singularities effectively [9]. Directional wavelets
and MGA are customized to enhance areas of interest, without being
restricted to the horizontal and vertical directional limitations of
conventional wavelets. Examples of MGA include curvelets [10],
contourlets [11], ridgelets [10], the directional wavelet transform
[12], as well as hybrid wavelets and directional filter banks (HWD)
[13]. MGA have been applied successfully to various image processing
problems including image compression [14], image enhancement
[15], edge detection [16] and texture retrieval [17]. They are even used
for adaptive denoising in the scale-space technique [18].
Curvelet: The curvelet is a mathematical tool for realizing the
application of wavelets with “strong directional character in which
elements are highly anisotropic at fine scales, with effective support
shaped according to the parabolic scaling principle length2 ∝ width”
Logeswaran. Arch Inf Sci Technol 2016, 1(1):1-9

[9]. It may be represented by function (1) below:
−3
4

ψ a , b , θ ( X ) = a ψ ( Da Rθ ( x − b))

(1)

Where
a is the scale parameter (0 < a < 1),
b is the location,
θ is the orientation,
Rθ is a rotation by θ radians, and
Da is a parabolic scaling matrix satisfying

1
a
Da = 
0




0 

1  				

a

(2)

The admissible profile is given by

( x1 , x2 ) ∈  2 ,ψ ( x1 , x2 ) 		

(3)

Candès states that an important property for curvelets is to obey
the principle of harmonic analysis, such that it is possible to analyze
and reconstruct an arbitrary function f (x1, x2) as a superposition of
templates. It is possible to expand an arbitrary function f (x1, x2) as a
series of curvelets, much like an expansion in an orthonormal basis.
Curvelets are said to be ideal for objects that are characterized by
curve-punctuated smoothness - smoothness except for discontinuity
along a general curve with bounded curvature - such as images with
edges [9]. The curvelet transform has been used successfully in image
denoising in [19].
From the sample MRCP images, it is observed that many parts
of the bile ducts do display the above characteristics. As such, it is
believed that curvelets may be effective in reducing the influence of
the acquisition noise, overcoming parts of the low resolution images
and in detecting the structures of interest in the MRCP images.
Recently, curvelets have been used to identify colonic. The curvelet
implementation in this paper uses the library from CurveLab [20],
which implements the Fast Discrete Curvelet Transform.
Contourlet: Contourlets also known as pyramidal directional
filter bank, are multiresolution directional tight frames designed to
efficiently approximate images made of smooth regions separated
by smooth boundaries. They have a fast implementation based on
a Laplacian Pyramid decomposition followed by directional filter
banks applied on each band pass sub band. Details and proof of
the contourlet conception, as well as a comparison of wavelets vs.
contourlets can be found in [21]. In the paper, the authors mention
that from studies of the human visual system and natural image
statistics, the desired “wish list” for image representations should be
techniques that display the following characteristics: multiresolution
(approximation from coarse to fine levels), localization (basis elements
localized in spatial and frequency domains), critical sampling (basis
or frame with small redundancy), directionality (basis oriented in
various directions), and anisotropy (basis elements using elongated
shapes with various aspect ratios). Contourlets were created to satisfy
all five characteristics (cf. separable wavelets satisfy only the first three
characteristics). Contourlets are able to represent smooth contours
which appear very rectangular in separable wavelets.
Contourlets have been used in image denoising [22] and even
in image watermarking [23]. It has been shown to produce superior
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denoising results as compared to wavelets in [24] due to its ability
to preserve high gradient structures, minimizing statistical bias. The
implementation in this paper utilizes the Contourlet Toolbox [25].
Ridgelet: The ridgetlet transform achieves very compact
representation of linear singularities in images [26]. They rely on the
Radon transform, which is a powerful tool to find directions where
images present line features [26]. The continuous ridgelet transform
proposed by [27] is given as follows:

ϕ=
a
a ,b ,θ ( x )
Where

ϕ (t )

−1
.ϕ (( x1 cos θ + x2 sin θ − b) / a
2

(4)

a is the scale parameter,
θ is the orientation parameter
for the admissible condition

∫

2

ξ dξ < ∞ and ∫ ϕ (t )dt =0

(5)

and the forward transform is

R f (a, b, θ ) = ∫ ϕ

a ,b ,θ

( x) f ( x)dx

whilst the inverse transform is given by

f ( x) =

2π ∞

∞

∫ ∫ ∫R
0

∞

f

(a, b, θ )ϕa ,b ,θ ( x)

0

da dθ
db
a3
4π

(6)

(7)

The finite ridgelet transform (FRIT) is a discrete orthonormal
version of the ridgelet transform. It is based on the finite radon
transform (FRAT). FRIT, for a function f, can be written as [21]:

F RIT f [k , m] =
〈 F RAT f [k ,.], ω [.]〉
(k )
m

= ∑ ωm( k ) [l ]〈 f , ϕk ,l 〉
l∈Z p

= 〈 f,

∑ω

l∈Z P

Where

(9)

Where en(x) and on(x) are the real and binary parts of the complex
valued frequency component, respectively; I is the signal; and
M ne and M On are the even- and odd-symmetric wavelets at scale n. The
amplitude and phase of the transform at a scale are given as (10) and
(11), respectively

b is the location parameter,

2

As discussed previously, denoising requires image analysis
(usually by changing domains) and thresholding of the noise. This
non-orthogonal wavelet method analyzes the image by convolving
the signal with each of the quadrature pairs of wavelets. The responses
of each quadrature pair produce the response vector

[ e n ( x), on ( x) ] = [I( x) ∗ M en , I ( x) ∗ M 0n ]

is the smooth function,

ϕ (ξ )

is also tested in this paper for comparison. Unlike the conventional
wavelet denoising implementations, this implementation is reported
to preserve the phase information, which is vital to human perception.
The convolutions are done via the Fast Fourier Transform (FFT)
for speed. It also overcomes the common problem faced in typical
orthogonal and bi-orthogonal wavelet applications, which is in
determining the choice of wavelet to be used.

(k )
m

(8)

[l ] ϕk ,l 〉.

{ϕ } is the FRAT frame,
k ,l

k and l are points that make up a line such that Lk,l would be a
finite set of lines,
Zp is a finite field with modulo p operations. Zp2 would be a lattice.
According to [28], the FRIT is only suitable for images of
prime-pixels length. They have overcome this limitation through a
new digital implementation of ridgelet transform that is suitable
for images of dyadic length. In addition, the authors claim that not
only are the main properties of the finite ridgelet preserved in their
implementation, but the algorithm is also simplified.
A ridgelet kernel regression model has been proposed in [29]
and has been shown to be robust, competitive in execution time
and outperforms the support vector machine for a wide range of
multivariate functions. Ridgelet neural networks have also been
developed, such as the one based on the improved particle swarm
optimization in [30]. The implementation in this paper utilizes the
Ridgelet Toolbox [25].

Non-orthogonal wavelet denoising
A non-orthogonal wavelet-based denosing implementation by [3]
Logeswaran. Arch Inf Sci Technol 2016, 1(1):1-9

en ( x) 2 + on ( x) 2

=
An ( x)

		

(10)

Φ n ( x) =
a tan 2(on ( x), en ( x)) 		

(11)

For thresholding, the magnitude of response vectors would follow
the Rayleigh distribution with a scale parameter of σ g , and given as

R( x) = σx2 e
g

−∞ 2
			
2σ g2

(12)

Taking the mean and variance of the distribution as (13) and (14),
respectively, the threshold (T) is given by (15) with k in the range of
2-3

µr = σ

σ r2 =

π

					

(13)

4 −π 2
σ g 				
2

(14)

g

2

T= µr + kσ r 				

(15)

For robust estimation of the mean and amplitude measures above,
the median of the Rayleigh distribution may be used, as explained
in [3]. Thus, the threshold value is determined automatically and
robustly for the input image.

Results and Discussion
The purpose of this work is to examine the performance of
popular MGA pre-processing techniques applied for image noise
reduction and enhancement of the ROI (i.e. the biliary structures) of
the MRCP images. As described in the Introduction section, there are
many issues with the clarity of MRCP images. Through experimental
studies in the application of the various methods on the test samples,
the results obtained are described in this section. The prescribed
default settings of the respective toolboxes and code adapted from
the demonstration files are used in this work in order to provide
comparisons on the “native” performance of the algorithms. Once the
actual target applications are known, the parameters may be tweaked
accordingly.
In order to analyze the performance, the tests conducted are
categorized into various sets. The first set of results, as given in table 1, is
for the images with a significant amount of noise influence, either due
to the acquisition or background tissue. From the table, it is observed
that the performance of the different methods varied significantly.
This was expected due to the nature of the MRCP images and the
suitability of the techniques based on specific characteristics. The
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Wavelet

Non-orthogonal

Ridgelet

Contourlet

Curvelet

Original

Test Images

Table 1: Results of denoising of test MRCP images with obvious background tissue.
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(a) Original MRCP image and enlarged area

(b) Curvelet

(c) Contourlet

(d) Ridgelet

(e) Non-orthogonal
wavelet

Figure 1: Enlarged area of background tissue in a test MRCP image pre-processed with the different techniques.

(a) Original image and enlarged area

(b) Curvelet

(c) Contourlet

(d) Ridgelet

(e) Non-orthogonal
wavelet

Figure 2: Enlarged area of curved objects in a test MRCP image pre-processed with the different techniques.

ridgelet technique produced an almost exact reconstruction of
the source image with no perceivable denoising for the MRCP test
images. The contourlet effected some minimal smoothing of the
texture, as observed in background tissue area (at the bottom left of all
Logeswaran. Arch Inf Sci Technol 2016, 1(1):1-9

images and at the bottom right of the third test image). See figure 1 for
a sample of the enlarged area and corresponding results. The curvelet
achieved more perceivable smoothing and denoising on all the
images. It successfully removed the impulse-like noise and smoothens
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the salt-and-pepper texture-type noise of the background tissue. This
method of smoothing, however, does not necessarily improve the
human visual perception and may defeat any consequent texturebased detection schemes. The automatic threshold determined by the
non-orthogonal wavelet technique was significantly higher than those
used by the MGA schemes, thus removing more noise. Inadvertently,
the technique also removed some of the fine lower intensity biliary
structures in the images.

As the MGA employed were based mainly on parabolic
directional filters, the second test set was for images displaying more
curve-like features, as given in table 2. From the results in the table as
well as the enlarged parts of the significant curved area of the image
in figure 2, it is seen that the ridgelet again produced an almost perfect
reconstruction with little or no denoising. The contourlet’s slight
smoothing was beneficial in this test case as it improved the continuity
in the fine biliary branches in the images, as well as improved the

Non-orthogonal
Wavelet

Ridgelet

Contourlet

Curvelet

Original

Test Images

Table 2: Results of denoising of test MRCP images with circular features.
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consistency and texture of the circular objects (e.g. gallbladder). This
would improve the subsequent structure detection processes. The
curvelet’s heavier smoothing also achieved a similar effect, as these
test images were not hindered by much background tissue influence.
However, the edges in heavy smoothing are less defined and may

adversely affect edge-detection algorithms. The non-orthogonal noise
compensation wavelet implementation highlights the ROI, as well as
allows for their edges to be featured more prominently. However,
upon examining the fine biliary branches, it is observed that the
integrity of the branches has been compromised as the connectivity

Wavelet

Non-orthogonal

Ridgelet

Contourlet

Curvelet

Original

Test Images

Table 3: Results of denoising of test MRCP images with minimal background tissue.
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is lost. Such a consequence may defeat localized image processing
operations [1].
Finally, some thick slab MRCP images with almost no background
influence were tested, as given in table 3. Although the performance
characteristics described in the earlier two tests are present, they are
not readily noticeable in this test set as the images lack fine structures
and have good contrast between the ROI and the background.
Ideally, the structure on the left (i.e. intestines) should be removed
as it is not part of the bile ducts, but the limitation of an intensitybased greyscale image makes such a task impossible without further
processing. Achieving such goals requires multi-level processing
and structure identification, such as the segment-growing algorithm
described in [2].
From the results of the various test sets, we can conclude that
the decision on the most effective denoising technique for the
MRCP images depends very much on the subsequent processing.
The decision relies on knowledge of the anatomy as well as of the
image processing techniques and range of coefficients that may be
manipulated. The default common coefficients values chosen by the
toolbox developers were used in this work as it would be a fair method
of evaluating the schemes at their “optimal” settings. Trial and error,
as well as detailed image and algorithm analysis would provide better
outcomes than those presented here, but that is out of the scope of
this work which serves as a preliminary exploration of the application
of the popular MGA for denoising MRCP images without a specific
target application.
Overall, the ridglet implementation performed badly as its
thresholding ability was very poor for the noisy MRCP images. Its
performance may be improved by manually setting the threshold
value prior to the inverse transform. The contourlet provided
sufficient denoising to eliminate minor influences of noise, aiding
in improved structure detection. Such a technique would be the
most practical for general-purpose denoising of MRCP images. The
curvelet allowed for heavy smoothing, which is useful for establishing
continuity in fine structures but reduces the prominence of edges.
Unfortunately, it tends to compromise textural information and as
such limits the range of applicable subsequent processing schemes.
Finally, the non-orthogonal wavelet for noise compensation was
effective in eliminating almost all the non-ROI noise (i.e. background
tissue). It is useful as pre-processing for automatic identification of
significant biliary structures, which is usually the case in the presence
of diseases and for computer-aided diagnosis systems for biliary
diseases [31], but is a liability for manual diagnosis as much structural
information provided by the finer structures are lost.
The scope of the comparison in this work is limited to the visual
results. This paper does not present technical metrics measurements,
for example the calculation of SNR or root mean squared (RMS)
error, as such metrics can bias the medical evaluation due to the
mismatch between the human visual system and the technical metrics,
as proven in [32]. The use of such metrics for greyscale images and
their relevance to the human perception has also been criticized in
[3,33,34]. As the result of this work is intended as pre-processing and
enhancement of medical MRCP images to be used in diagnosis where
decisions are made based on the visual interpretation, the results are
presented accordingly without the bias of further technical results.

Conclusion
This paper has undertaken a preliminary survey of common
MGA and explored their performance on a medical imaging
modality, namely MRCP, which has become the defacto imaging
modality for the diagnosis of diseases affecting the bile ducts and in
the workup prior to liver surgery. Wavelets have long been shown to
perform well in image denoising and compression tasks, but suffer
from limited orientations. MGA have been introduced to overcome
Logeswaran. Arch Inf Sci Technol 2016, 1(1):1-9

this problem, thus fulfilling the five characteristics expected of
the human visual system and natural image statistics, namely,
multiresolution, critical sampling, localization, directionality and
anisotropy. Of this new generation of wavelets, the most common are
curvelets, contourlets and ridgelets, which have been tested on in this
work. Additional testing with a non-orthogonal wavelet developed
for noise compensation has also been undertaken. The results show
varying success rates and are applicable depending on the subsequent
processing. Of particular interest for further analysis would be the
contourlets for general-purpose denoising and the non-orthogonal
wavelet for automatic disease detection.
In addition to the tested MGA, there exist other classes of MGA.
These include beamlet, starlet, wedgelet [35], bandlet [36], brushlet
[37], steerable wavelets [38], HWD [13], shearlet [39] and others.
Some of these are described in [40] and further evaluation with
these may also been explored in future to determine other possible
denoising algorithms for MRCP images, where literature is scarce.
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