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Abstract: Segmentation of medical images is challenging due to the poor image contrast and artifacts that result in missing tissue boundaries, i.e.
pixels inside the region have similar intensity. In this paper, we introduce a new automatic method for region growing capable to segment 2D/3D
Magnetic Resonance Images (MRI) and Computed Tomography (CT) which contain weak boundaries between different tissues. The proposed
method is used to extract reliable regions of an image to produce a computer aided design for 3D images. It includes an automatic threshold and is
based on estimating probability of pixel intensities of a given image. An automatic threshold is computed as a function of intensity and probability of
pixels. This makes the threshold to be flexible and can give large threshold when pixels have very similar intensities and small when they are on the
boundaries. The experimental results show that the proposed technique produces accurate and stable results.
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INTRODUCTION

Medical imaging includes conventional  projection
radiography, Computed Tomography (CT), Magnetic
Resonance Images (MRI) and ultrasound, MRI and CT images
provide 3D data. However, the amount of data is far too much
for manual analysis/ interpretation, and this has been one of
the biggest obstacles in the effective use of MRIs. Medical
image segmentation algorithms often face difficult challenges
such as poor image contrast, noise, and missing or diffuse
boundaries.

The segmentation of region is an important first step for
variety image related application and visualization tasks. Also,
segmentation of medical images is important since it provides
assistance for medical doctors to find out the diseases inside
the body without the surgery procedure, to reduce the image
reading time, to find the location of a lesion and to determine
an estimate of the probability of a disease.

Segmentation of brain MRIs into different tissue classes,
especially Gray Matter (GM), White Matter (WM), is an
important task. Brain MRIs have low contrast between some
different tissues. In many images, the problem of MRIs is the
low contrast between tissues. Therefore, previous works
[1,2,11,13,14,16-22] extracted these tissues as one tissue.

Brain MRIs with weak boundaries have very similar pixels
value around the boundaries so it is difficult to segment this
tissue by previous works. Region Growing (RG) method can
not specify the tissues segmentation with weak boundaries
because the growing of the region will not stop on the
boundaries and will add outside pixels of the tissue to the
organ.
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To solve this problem, we present an automatic RG technique
capable to segment tissues with weak boundaries. The
proposed RG method includes a threshold that can be varied
over the image and is computed as a function of probability of
image intensity to improve the regions cuts. The probability of
image pixels is used here to force the growing region to stop
to add pixels from the other tissues to the region, i.e. the
threshold is used when pixels have very similar intensities and
small when they are on the boundaries. The proposed method
is applied to MRIs and CT images to prove its efficiency. The
tested MRIs and CT images contain background and object
with one or more tissues with weak boundaries.

The rest of the paper is organized as follows. The related
works is discussed in section 2. Section 3 presents RG
technique. The proposed method is described in section 4. The
results obtained with both simulated brain and CT data are
presented in Section 5. Our conclusion is presented in section
6.

RELATED WORKS

There are many types of image segmentation techniques [1-
23], among them: histogram-based [6,10] and region-based
[4,19-23] techniques are most popular. Many researchers have
tried to solve threshold problem in histogram- and region-
based [1-23]. However, it is really difficult to find a general
threshold for all cases to determine the threshold value for
segmentation.

The histogram-based segmentation technique produces a
binary image based on the threshold value. The intensities of
object and background pixels tend to cluster into two sets in
the histogram with threshold between these two sets. The
histogram-based technique only considers the histogram of the
image without checking the spatial relationship among
connected pixels.
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The region-based segmentation technique segments an image
which has strong boundaries into several small regions,
followed by merge procedure using specific threshold. In both
segmentation techniques, if the threshold is not appropriate,
the contour of object will be destroyed. Ayman et al. [3]
presented RG technique for medical image segmentation and
obtained a good results for low noise level but for high noise
level the results was the same as in Del-Fresno et al.[4]. Wu et
al. [6] presented a top down region-based image segmentation
technique for medical images contain three major regions:
background and two tissues. This method can only segment
2D images and cannot segment 3D images or images which
contain more than two tissues. The technique in [12] handles
image segmentation using only region-based image features
with the assumption that only object and background exist in
the image.

Graph cut image segmentation techniques [8,13,16] used two
kinds of seed pixel as “object” and “background”, to provide
hard constraints for segmentation. In these techniques, we
need to put seeds pixel in each tissue which describe as
background, and these techniques describe each pixel in the
image to belong to object or belong to background.

Forouzanfar et al. [1] presented a study investigating the
potential of genetic algorithms and particle swarm
optimization to determine the optimum value of degree of
attraction. This technique can only segment 2D MRIs which
have a known number of tissues. Baillard et al. [15] used level
set approach to segment brain 3D MRIs but this level set
technique extracted brain from MRIs and can not extract WM
or GM from the same images.

REGION GROWING TECHNIQUE

RG is an approach to image segmentation in which
neighboring pixels are examined and added to a region class.
This technique used only a few seed pixels as “object”, and
described each pixel in the object to belong to the object or
belong to the edges of this object. RG [19-23] have the
threshold problem and can not segment images contain weak
boundaries.

The simple RG technique consists in merging neighboring
pixels P, of the pixel Py, inside the region, according to |I(Py) -
I(Py)|<T, where T is a fixed threshold and I(e) is the pixel
intensity value. This technique has two problems, 1) the
choice of the threshold and 2) this technique can lead to a
chaining effect especially for image with pixel intensity
changing gradually. The second problem can be solved by
using the homogeneity test f(l;;)=| lij-RA|< T, where RA is the
region average (the summation of pixels intensities over the
number of pixels inside the region).

This technique used different fixed threshold for each tissue in
the image. The fixed threshold cross the function f(l;;) in two
points (a < RA and b > RA see Figure 1) with the same distant
from RA, if T which is a linear function is not correct and
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small then pixels inside the tissue will be described as outside,
and if it big some pixels outside the tissue will be added to the
region specially when the tissue has weak boundaries.

RG technique iteratively merge similar pixels into sets or
merge sub-regions into larger regions in 3 main steps: (1)
choice of the seed pixels; (2) neighborhood analysis according
to a similarity rule, and (3) grow the seed regions by including
adjacent pixels that satisfy the similarity rule. The steps (1)
and (2) are repeated until there are no more adjacent pixels to
be included in a seed region. In the next section, we will solve
the choice of threshold problem.

T ackground Object
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Figure 1. The function f(l;;) with fixed threshold
THE PROPOSED TECHNIQUE

Weak Boundary:

In MRIs, intensity non-uniformity can affect computational
analysis of the image due to the variance in signal intensity. It
is manifested as smooth spatially varying signal intensity
across the image and caused by several factors including
inhomogeneous radiofrequency (RF) fields (caused by
distortion of the RF field by the object being scanned or non-
uniformity of the transmission field). The boundaries among
tissues become weak when RF and noise increase.

Furthermore, inside each tissue the pixels of the region have
very similar intensities and outside each tissue the pixels have
different intensities from inside the region. Also, the pixels on
the boundaries will have intensities between the intensities
inside and outside. The boundaries become strong if there is
big difference between the pixels inside and outside the
tissues, and become weak if the difference is small.

In both cases, the pixels intensities on the boundaries have
different values from inside and outside pixels intensities.
Furthermore, the numbers of pixels which have the same
intensity inside or outside the tissue(s) are much bigger than
the number of pixels on the boundaries. So, probabilities of
these pixels intensities in the tissue or in the other tissues have
higher value than pixels intensities on the boundaries.

The histogram-based technique used only the number of
pixels with the same intensities for segmentation. The region-
based technique used the connectivity between pixels without
using the number of pixels with the same intensities in the
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image. Our idea is to use probabilities (which related to pixels
number) to give large threshold for RG when pixels have
similar intensities and small when they are on the boundaries.

An Automatic Threshold:

In this section, we discuss in more details about the proposed
method. We present an automatic threshold method to identify
the pixels that have similar intensities. We will use pixel
intensity and probability of pixel intensity in RG technique to
extract only the tissue(s) which the user will choose. The
threshold will be calculated for each pixel inside the region by
using pixel intensity value I;; and probability of pixel intensity
Pr(liy).

We define threshold function T as a nonlinear function, this
function will cut and cross f(l;;) at least in one pixel intensity.
T will cut f(l;;) in backward pixel intensity (I;; < RA) and in
forward pixel intensity (l;; > RA) when we extracted bright
and very dark tissues respectively. We suppose that

F(, ) =[; —RA<TC .Pr( ). @

Since the boundaries become weaker when RF and noise
levels increasing, so threshold value should be smaller on
boundaries pixels than threshold in non-boundaries pixels. To
extract a tissue with weak boundaries, the region will be
stopped growing in the first pixel outside the tissue(s). We
define the threshold function as follows:

T(r“i,j),|i,j}T1(|i,j)T2ér(|i,j)j05|i,j51, (2)
where

~ 127 .. <6
T4 = i b 3)
l‘l,]/ (1_Ii.j)2a IIYJ >9’

Tz"r(li,j)::eﬂa B=-p Iog(’r(li,j)jl. (4)

and @ occur outside the choosing tissue(s).

We used different MRIs to calculate ,31 and found
that & — }~ takes very small value in very dark tissue and

this value increases when we extract dark tissue, and increases
more when we extract bright tissue. So, we put [ 7] [J;;*
where [],7. In the same way, we put [ [] [z1;)"* when we
segment white tissue.

T function is fixed for all pixels in the image which have the
same intensity since it has also the same Pr(l; ;). This function
will provide us two values, bigger intensity than RA and
smaller one. But we only use nearest one of them to RA as the
threshold for homogeneity test.

The Algorithm:

Our Method will be as follows:
a. Start our algorithm from the seed(s) pixel(s) which
the user select,
b. Add the neighbors of seed pixel to region candidate
list and
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c. Calculate T, and T, from Eq.(3) and Eq.(4), substitute
them in Eq.(2) for the pixel intensity value which has
minimum f(l;;), and if this pixel satisfy Eq.(1) add it
to the region and put it as new seed.

The steps (ii) and (iii) will be repeated until the pixel intensity
value which has minimum f(l;;) with its threshold dose not
satisfy Eq.(1), since all pixels in the region candidate list after
this pixel will not also satisfy Eq.(1).

f% H il
J

2D neighbors

3D neighbors

Figure 2. Pixel and its neighbors for 2D and 3D

The pixels neighbors in 2D and 3D are 4 or 8 pixels and 6 or
26 pixels respectively as shown in Figure 2. In the next
section, we will present the results obtained by our method.

EXPERIMENTAL RESULTS

The experiments were performed with several data sets using
MATLAB. We apply the proposed technique to T1-weighted
MRI phantom with slice thickness of 1mm, generated at
various noise levels and spatial intensity non-uniformity (RF)
levels [25]. We generate various inhomogeneities and
boundary weakness by controlling noise and RF respectively.
We use 4 and 6 neighbors for 2D and 3D respectively. In our
algorithm, we set the parameters [1;=[1,=3.2 and [1,=2.2.

To demonstrate the advantage of the proposed over the others
techniques in terms of accuracy, we use average overlap
metric (AOM) [24] as a metric to evaluate the performance of
image segmentation algorithms. The AOM is computed as
follows:

AOM(A, B)=2|A M BJ|/(|A+|B]),

Where A represents the set of results obtained by the proposed
technique and B represents the set of the ground truth data.
These metrics reach a value of 1.0 for results that are very
similar and is near 0.0 when they share no similarly classified
voxels.

Segmentation of Brain MRIs:

We applied our technique to segment MRIs from BrainWeb
phantom data [25] generated at various noise levels (0%, 1%,
3%, 5%, 7%, and 9%) and spatial RF levels (0%, 20%, and
40%). We generate various inhomogeneities and boundary
weakness by controlling noise and RF respectively. For 2D
and 3D we used 4 and 6 pixels neighbors respectively.

Figure 3 shows original slice#62 with noise level 3% and RF
level 20% obtained from BrainWeb [25], ground truth of this
slice and segmentation results of WM and GM respectively
with [1;=01,=3.2 and [1;=2.2. Figure 4 shows segmentation
results of WM by using the proposed technique using

3
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BrainWeb [25] with noise levels 1% and 9% and RF levels
0%, 20% and 40%.

Figure 5 shows brain MRIs from BrainWeb [25] with RF 20%
and noise level 3%, from slice#61 to slice#72, the first row
show original slices and second row shows 3D segmentation
results. Figure 6 shows the 3D reconstruction of WM and GM
segmentation 3D MRIs from BrainWeb [25], the original
slices are 181x 181x 217 voxels. a) and d) show the ground
truth surface of WM and GM respectively, ¢) and e) show
Ayman et al.[3] surface of WM and GM respectively, c) and
f) show our method surface of WM and GM respectively.

Segmentation of CT images:

We also applied our technique to segment CT images from
DicomWeb [26]. Figure 7 shows 3D CT images from
slice#151 to slice#160, the first row shows original slices and
second row shows 3D segmentation results. Figure 8 shows
the 3D reconstruction surgical repair of facial deformity, the
original slices are 512 x 512 x 361 voxels.

Accuracy and Comparison:

Table 1 shows AOM of WM using our technique for the
BrainWeb data set [25] at various noise and RF levels, these
results show that our algorithm is very robust to noise and
intensity homogeneities and inhomogeneities. According to
Zijdenbos [24] statement that AOM > 0.7 indicates excellent
agreement; our technique has desired performance in cortical
segmentation. The best AOM are achieved for low noise and
RF levels, for which values of AOM higher than 0.97.

Table 2 shows AOM of WM using different techniques for the
BrainWeb data. In this Table, we compare our method with
Ayman et al.[3], Del-Fresno et al.[4] and Yu et al.[7]
techniques. In particular, although the segmentation quality
logically deteriorates in the presence of noise and variations in
intensity, the robustness of the present technique is highly
satisfactory even comparing with the results of other
segmentation techniques [3, 4, 7].

Table 1. AOM for segmentations of WM on simulated T1-weighted MRIs data
[25] in different noise and RF levels.

|N0ise/RF| | 0 | | 20% | | 40%

0% 0.97 0.97 0.96
1% 0.97 0.97 0.96
3% 0.96 0.96 0.95
5% 0.95 0.94 0.93
7% 0.93 0.94 0.92
9% 0.92 0.91 0.89

Table 2. AOM for WM using the BrainWeb [25].

Noise 3% 9%
RF 0% 40% 0% 40%
Our method 0.96 0.95 0.92 0.89
Ayman et al.[3] 0.95 0.94 0.91 0.87
Del-Fresno et al.[4] 0.94 0.89 0.91 0.87
Yuetal.[7] 0.90 0.90 0.88 0.88

Figure 3. Results for brain MRIs, from BrainWeb [25], a) is original slice#62
with RF 20% and noise level 3%; b) is ground truth, and c) is the
segmentation result of WM and GM from a) slice by our technique after using
median filtering.

Figure 4. Segmentation of WM from slice#62. Columns 1 to column 3 are RF
levels (0%, 20%, and 40%) respectively, row 1 and row 2 are noise levels 1%
and 9% respectively.

Figure 5. Original slices in first row and 3D Segmentation results of WM in second row, from BrainWeb [25] with RF 20% and noise level 3%, from slice#61 to slice#72.
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Figure 6. Results for 3D brain MRIs. a) to c) are WM surfaces and d) to f) are GM surfaces of ground truth, Ayman et al.[3] and results obtained by our technique after
using median filtering respectively.

CONCLUSIONS

A new RG technique is proposed for segmenting MRIs with
noise levels (0%, 1%, 3%, 5%, 7%, and 9%) and RF levels
(0%, 20%, and 40%) and CT images which contain weak
boundaries by proposing an automatic threshold. The
proposed method has several advantages compared with
previous segmentation strategies. One of the most important
improvements is generating an automatic threshold for
different volumes. We used a few seeds to identify the
regions. Furthermore, we used the probability of pixels
intensities of MRIs and CT images to extract tissue(s) in 2D
and 3D images.

The growing process incorporates information of the local
neighborhood and global probability of pixels intensities of
each voxel in the region.

The technique was tested on the segmentation of complex 18
anatomical 3D structures from a standard synthetic phantom,
and one CT scans. These test images showed that
segmentation results are much closed to ground truth, the
segmentation of white matter show excellent performances,
the average exceeding 94%. We will be able to segment real
images which have noise levels from 0% to 9% and RF levels
from 0% to 40%.
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