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Abstract
Liver magnetic resonance imaging (MRI) is of vital importance for computer-aided diagnosis and it is equally important
in liver surgery planning. In this paper, accurate contours of the liver in MRI images automatically for subsequent
adaptive radiation therapy can be extracted by the work. It is consisted of three components. Firstly, noise and artifacts
are removed from the MRI image by an edge-preserving filtering using total variation with L1 norm (TV-L1). Secondly,
the wavelet parameters are calculated at different levels of scale, and then the initial contour of the liver is obtained at
the appropriate scale. And finally the precise liver structure is extracted by the gradient vector flow (GVF) model
converging to the initial contour. The accuracy of the segmentation results are verified by comparing with the manually
ones. For clinical cases, the numerical results illustrates enough accuracy and robustness for medical environments. And
it also has a reasonable computational cost.
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1 Introduction

Recently, the study of liver images has been widely used in
clinical practice, and has become one of the important means
for doctors to carry out liver physiological function, medical
inspection items, pathological and anatomical research. Liver
border verification is a prerequisite for quantitative analysis
and diagnosis, and has important research value. At present,
Computed Tomography (CT) applied for liver segmentation
has been widely proposed. On the contrary, MRI image has
not been widely used for it, while the MRI image is powerful
imaging tool in helping liver segmentation. The segmentation of
a region of interest (ROI) in MRI images, such as a sensitive

structure or a tumor target volume, is an important task in ra-
diotherapy [1–3]. Compared to Computed Tomography (CT),
there is no X radiation for MRI. Imaging modalities like
Computed Tomography (CT) do not allow a noninvasive direct
visualization of the individual liver segments. Segment bound-
aries can only be approximated by the corresponding liver ves-
sels [4]. Importantly, MRI has multi-sequence capabilities (e.g.,
diffusion weighted imaging and perfusion weighted imaging).

In recent years, the need for efficient and robust seg-
mentation tools is increasing. Techniques include the use
of deformable model, sparse shape model [5], and image
registration [6]. However, the two limitations hinder the
segmentation. MRI is still subject to random noise, partial
volume effect and gray level bias field in the imaging
process [7]. The accuracy of the segmented contours
may be compromised. In addition, with the numbers of
images increasing, it becomes impractical to manually
segment the ROIs slice by slice. This requires the devel-
opment of new automated segmentation techniques or
schemes for MRI date segmentation.

To perform quantitative analysis using MRI images,
segmentation of structures such as the liver and tumor is
required. Traditional segmentation of MRI date is ex-
tremely tedious, time consuming, and suffers user vari-
ability. In this paper, we propose a novel method that
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the artifacts and noise are removed from the MRI image
by an edge-preserving filtering using TV-L1 model [8, 9].
Secondly calculate the wavelet parameters at different
levels of scale, and then find appropriate parameter for
testing to get initial liver region. At the last stage, the
liver structure is convergent by GVF model [10, 11].
The experimental results demonstrate a very promising
performance of the method which requires less of the
clinician’s time, and has enough accuracy and robustness
for medical environments.

The liver segmentation based GVF applied to the MRI
images can be described as follows. Firstly, the doctors
manually segment patient slice data to find out the liver
contour and construct the narrow band, as the template
image. Secondly, the operators extract another slice of
the same patient and preprocess the image to remove the
noise and eliminate the artifacts. Thirdly, the template
image contour is mapped to the target image by multi-
scale B spline registration to find the initial contour.
Finally, the narrow band is constructed again, and the
edge curve is further refined by GVF model, then the
precise contours can be got.

The main contribution of this paper can be summa-
rized as follows: (I) Segmentation method to auto-
propagate contours is proposed for MRI image. (II) A
multi-scale wavelet edge detection based on GVF method
is proposed. This framework can effectively avoid the
difficulties in liver image segmentation and alleviate the
affection of random noise, partial volume effect and gray
level bias field in the imaging process. Finally, it can
achieve better performance.

2 Methodology

2.1 Pre-Processing MRI Images by TV-L1 Model

The analysis and diagnosis of magnetic resonance imaging are
complex,the local lesion performed differently in different
models, it was black on MRI images, and on some other images
it was white. The difference depends not only on the inherent
characteristics of the tissue, but also on the imaging technology.
Furthermore, the inherent characteristics of tissue vary with the
magnetic field intensity of MRI scanner. Although MRI images
have many advantages, MRI is still affected by random noise,
local volume effect and gray bias field due to the limitation of
imaging conditions and technical constraints, therefore, the edges
and inflection points of objects in images are difficult to be
accurately defined. For a specially appointed image, the original
images are preprocessed in order to reduce the noise and enhance
the image contrast and fusion degree, as shown in Fig. 1.

Image is an important source of information.Most of abdom-
inal MRI images are noisy and the edges of objects are not clear
enough. MRI image process is still subject to random noise,
partial volume effects and the impact of gray bias field. Hence
the usual segmentation algorithms, leads to not only recognizing
main edges, but also extracting additional boundaries. To handle
this problem, we applied pre-processing stage to the input image
before applying the main segmentation stage. In this paper, the
artifacts and noise are removed from the MRI image by TV-L1.

TV-L1 is a very powerful tool to enhance the boundaries
and the image contrast in medical images. It is possible to
significantly reduce noise and improve edge information,
making them more suitable for edge detection. Darbon’s anal-
ysis [12] of the discrete TV-L1 model is used as a contrast
invariant filter. Using this algorithm we know that the TV-L1
model is able to separate image features according to their
scales, where the scale is analytically defined by the multi-
scale analysis. For a given target image, the first pre-
processing can remove noise and enhance the image contrast
and degree of integration as shown in Fig. 2.

The TV-L1model (1) acts on the simple 2-dimensional image

f ¼ b1Br 0ð Þ ð1Þ
which has intensity b > 0 at all points (m1,m2) inside the
disk Br 0ð Þ ¼ m1;m2ð Þ : m2

1 þ m2
2≤r2

� �
and intensity 0 ev-

erywhere else.

Figure 1 Image smoothing denoising processing. a The original MRI
image of liver; b The MRI image of liver after pre-processing.

Figure 2 Image pre-processing. a Original image; b change gray values; c TV-L1 model process; d enhance contrast.
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Chan and Esedoglu showed that for this f, solving (2) gives

u*λ

0 if 0 < λ <
2

r
;

b for any b∈ 0; 1½ � if λ ¼ 2

r
;

f if λ >
2

r
;

8>>>><
>>>>:

ð2Þ

In general the TV-L1 solution is unique. In the case of the
above disk, if λ = 2/r, problem (2) has a very small infinite.
Small-scale λ is corresponding to the high-frequency signal,
and large-scale λ corresponding to the low-frequency signal.
The TV-L1 energy of a function f can be expressed as an inte-
gral of the geometry energies of the superlevel sets of f, i.e.,(3)

E n; λ; fð Þ ¼ ∫∞−∞EG L n;μð Þ;λ; L f ;μð Þð Þdμ ð3Þ

Formula (3), known as the layer cake formula [13], can be

combined with coarea formula ∫j ∇ n j ¼ ∫∞−∞Per L n;μð Þð Þdμ
with the formula ∫j n− f j dx ¼ ∫∞−∞j L n;μð ÞΔL f ;μð Þj dμ.

2.2 Multi-Scale Wavelet Edge Detection

Multi-scale analysis is a property of the wavelet transform and a
signal on a range of different levels of decomposition analysis
space [14]. Small-scale is corresponding to the high-frequency
signal with high temporal resolution, and large-scale correspond-
ing to the low-frequency signal with domain high resolution.
Actually, the image is limited on some scales using wavelet
decomposition, and Fig. 3 shows the wavelet edge extraction at
different scales. The wavelet transform decomposes the image
into two parts: the low frequency information and high frequency
information. The low-frequency information of the frame image

accounts for most of all the information, and the details of the
high-frequency image information, such as the edge and the
noise, a small portion of the total information. This is a one-
dimensional decomposition of the image [15]. On the basis of
the one-dimensional information, the high frequency part is
decomposed further into two parts: low frequency and high fre-
quency. In the two-dimensional case, a two-dimensional φ(x, y)
and three-dimensional scaling wavelet functionφ1(x, y), φ2(x,
y), φ3(x, y) are employed. Each is a product of one-
dimensional scaling functions and corresponding wavelet func-
tion, resulting in a separable scaling functionφ(x, y) =φ(x)ϕ(y),
i.e. the direction of the sensitive separable wavelet function:

φ1 x; yð Þ ¼ φ xð Þφ yð Þ
φ2 x; yð Þ ¼ φ xð Þφ yð Þ
φ3 x; yð Þ ¼ φ xð Þφ yð Þ

ð4Þ

φ1(x, y) represents a measure of the gray-scale variation in
the horizontal direction, φ2(x, y) represents a measure of the
gray-scale variation in the vertical direction, φ3(x, y) represents
a measure of the gray-scale variation in the diagonal direction.

Multi-scale analysis is a property of the wavelet transform and
a signal on a range of different levels of decomposition analysis
space. Small-scale λ is corresponding to the high-frequency sig-
nal with high temporal resolution, and large-scale λ correspond-
ing to the low-frequency signal with domain high resolution.

2.3 GVF Model Guidance Convergence

The initial contour is obtained by wavelet transform, but the
edge is rough and the liver is extremely complex shapes. Due
to some particularly deep depressions on MRI images, this
paper selected edge convergence GVF model [16–18]. GVF

Figure 3 Liver shape extracted by different scale parameter λ. (λ = 0.8, 0.6, 0.4, 0.2 from (a) to (d)).

Figure 4 Coincidence rate of
different scales of parameter λ. a
Parameter λ of different scales of
the coincidence rate distribution.
b The curve fitting of scale
parameter λ.
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guide the convergence process is the process of finding the
minimum point of the energy function, starting from the initial
position of the artificial definition, deformed at decreasing
energy function algorithm driven until it reaches the edge of
the target. Define the value of the gradient vector field is
obtained by minimizing the energy function to measureV(x,
y) = (u(x, y), v(x, y)). Energy function equation is as follows:

ε ¼ μ∫ μ2
x þ μ2

y þ ν2x þ υ2y

� �
þ j ∇f j 2 j V−∇f j 2dxdy ð5Þ

From the view of numerical evaluation, there are some
shortcomings in the GVF model. Firstly, the evolved curves
or surfaces need to be embedded into another high dimension-
al layer, and it is very complicated and very cumbersome
steps. Secondly, the GVF model will soon deviate from the
signed distance function in the process of evolution and need
to initialize the contour line frequently, however, the initiali-
zation is a very time-consuming process.

To remedy the defect, in this paper, we proposed amethod to
construct the GVF model under the guidance of narrowband
construction, and the computation is controlled in the neighbor-
hood of the contour curve, so that not only can reduce the
amount of calculation, but also retain the advantages of GVF
topology. A narrow bandwidth of 2D is constructed on the
contour curve extracted based on the wavelet edge analysis.

The specific algorithm is described as follows:

(1) MRI image pre-processing, artificial segmentation,
building narrow band;

(2) Finding the control points based on multi-scale features,
and the initial contour of liver is found by B spline map-
ping, and then constructing the narrow band again;

(3) Setting the narrow point close to the boundary point as
the observation point;

(4) Fixed a boundary point; and then obtained the curve
equation of the non-boundary points in the narrow band
at the next moment according to the GVF deformation
model, until the curve evolves to the observation point;

(5) The GVF model eventually converges to all the bound-
ary points in the narrow band.

3 Results and Discussion

3.1 Experimental Configuration

We introduce Dice Similarity Index (DSI) coefficient for fur-
ther quantitative analysis [19–23]. DSI coefficient is a mea-
sure of automatic segmentation and manual segmentation in
line with the degree of quantized coefficients, which is typi-
cally used to assess the similarity of the results of the computer
division and medical experts with extensive experience in
providing image segmentation data sets. DSI higher coeffi-
cient closer illustrated with hand-cut, split more accurate seg-
mentation results if DSI coefficient greater than 70% is con-
sidered to manual segmentation results with better consisten-
cy. Its formula can be expressed as (6)

D E; Fð Þ ¼ 2� j E∩F j= j E j þ j F jð Þ � 100% ð6Þ

where E represents the medical experts hand-cut image, F
represents the results of image segmentation algorithm,
∣ ∣ E∩ F ∣represents the two images overlap represents the
number of pixels, ∣ E ∣ and ∣ F ∣ represent the number of
pixels in each of the two images. As shown in Fig. 4, MRI
images by calculating the automatic liver segmentation results
DSI coefficient can reach 89.39% when λ = 0.497, it can be
regarded as an effective segmentation.

3.2 Experimental Analysis

3.2.1 Contrast Analysis

The method proposed in this paper is simple in operation and
can be used in automatic segmentation. Sparse matrix model,Figure 5 Comparison of test data segmentation accuracy.

Table 1 Comparison of the segmentation accuracy between sparse
shape model and our method.

method sparse shape model our method

Accuracy (%) 70.4012 72.6518

Figure 6 Edge detection chart. a The initial contour is extracted by
wavelet edge detection based on TV-LI. b The liver structure is
obtained by the GVF model convergence.
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often need to build the probability map, so that the edge is
expressed as a sparse equation, not targeted and very long
time. The comparison of the segmentation accuracy based
on sparse method and the method of this paper is as Table 1.

Fifteen sets of test data were selected, and compared with
the clinical data of the experts to verify the correction of the
picture, to verify the effectiveness of the proposed method in
this paper. Segmentation contrast accuracy as shown in Fig. 5.

3.2.2 Clinical Application

We can get the ROI through the three steps, as shown in Fig. 6,
this method requires less of the clinician’s time, has enough
accuracy and robustness for medical environments, and has a
reasonable computational cost. Firstly, the original image is
pre-treated by TV model, and the contrast of image is en-
hanced, and an initial contour is obtained. Secondly, the opti-
mal parameters of the scale are calculated, and the image is
decomposed under the best parameters, so as to compensate
for the missing details in the pre-processing. Eventually, the
liver structures is convergent by GVF model.

The method proposed in this paper is applied to the clinical
segmentation of the region of interest, as shown in Fig. 7.

4 Conclusion

In this work we have developed a segmentation method to
auto-propagate contours for MRI image. This paper processes
MRI images by TV-L1model and a multi-scale wavelet edge
detection based on GVF method. The fast establishment of
narrow band and the convergence of GVF model in narrow
band are based on the minimization of the energy function
value of the gradient vector field. Near the narrow band, the
NBR-GVF model converges to the minimum state of energy

more quickly and accurately, enhances the adaptability of the
segmentation, and reduces the number of iterations of GVF.
Compared with sparse shape model approaches, the proposed
method shows enough accuracy and robustness for medical
environments, and has a reasonable computational cost.
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