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Abstract- Recently, the global population ageing problem is becoming more and more important, and brain degeneration 
disease is the major disease pattern for ageing people. For detecting brain disease, magnetic resonance (MR) imaging is one 
of most advanced medical imaging methods. Further, automatic and semi-automatic brain MR images segmentation has been 
commonly used in medical image processing and classification. There are two major drawbacks in segmentation methods: 
(1) automatic segmentation is limited to the treatment of some certain types of images, (2) single segmentation method has 
its disadvantage and restriction on segmentation. In order to overcome the drawbacks, this study proposed a hybrid semi-
automatic segmentation method which includes three stages: (1) the regions of interest of brain were segmented out by 
segmentation algorithm, (2) deconstruct and calculate the feature value by using wavelet transform, and (3) use classification 
algorithm to classify images into normal and abnormal brain images. Finally, the experimental results show that the 
proposed method is superior to the listing methods.  
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I. INTRODUCTION 
 
In nowadays, healthcare technology is rapid growth 
and mortality decline. More and more people live 
longer in the world and the ageing population has 
become a serious problem. The major disease pattern 
has also changed to “delayed degenerative diseases” 
for older people. People start gradually to concern 
about the degenerative brain disease, such as 
Alzheimer's disease (AD) and mild cognitive 
impairment (MCI) diseases. In November 2012, the 
newest research indicates Alzheimer's disease may 
find the omen of the onset in young people, it used 
magnetic resonance imaging (MRI) to help research.  
Magnetic resonance imaging (MRI) is one of most 
advanced methods for medical imaging and detection, 
its operation mode is different from the general 
medical imaging such as X-ray, Radioisotope and 
computed tomography (CT). MRI does not have to 
use radiation, and utilizes the principle of the 
magnetic field, radio waves, resonance, etc. Because 
there are 75% water molecules in human tissues, and 
the hydrogen atoms have flexibility and the strong 
signal in nuclear magnetic resonance, people 
regarded it as a first choice for the imaging elements. 
In addition, there are three advantages in MRI: (1) 
excellent imaging resolution to the soft tissues; (2) 
non-invasive; and (3) non-radioactive. Therefore MRI 
has become a popular brain imaging technique now. 
Based on the advantages mentioned above, MR 
images will be used in this proposed method. 
Image segmentation is an important pre-processing 
step for classification, the purpose of image 
segmentation is the separation of the desired elements 
with the elements that have the same properties in a 
set from the other elements of the image. Generally, 
the medical images are segmented by specialists, with 
different specialists, the segmentation results will be 

different based on their past experiences and training 
process. In addition, manual segmentation is time and 
manpower consuming, even if the same image, the 
result generated by the same specialist’s judgment 
may be differences because of their mental condition. 
For the problems mentioned above, many kinds of 
automatic and semi-automatic segmentation methods 
have been developed by researchers to response the 
requirement in medical image processing. Automatic 
segmentation method does not need any human 
interaction and it is time-saving in the process. 
However, there are some restrictions on the automatic 
segmentation, the automatic segmentation could be 
utilized two main types for different applications: (1) 
a specific type of image; (2) the general types of 
images. In contrast to the automatic segmentation 
methods, the merit of semi-automatic segmentation 
could be applied the same segmentation method in 
any image, without restrictions on the image types. 
By using MRI to detect brain disease, we can see that 
the gray-level values of abnormal brain tissues are 
quite different in the normal ones on volume and 
intensities. Further, the different features in different 
brain images will increase the complexity of the 
segmentation. Therefore, how to find out the 
interested area of the images is a challenging task, 
and it is a critical step for feature selection and 
classification.  
The most frequently used techniques in medical 
image segmentation can be classified into five 
categories: region-based method, thresholding based 
method, edge-based method, classification-based 
method, and hybrid techniques. However, the first 
four methods have their shortage as follows. (1) In 
region-based method, the application of any region 
growing process can lead to three kinds of errors: (a) 
a boundary is not an edge and there are no edges 
nearby; (b) a boundary corresponds to an edge but it 
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does not coincide with it; (c) there exist edges with no 
boundaries near them. (2) In thresholding-based 
method, these techniques neglect all the spatial 
relationship information of the images, they are 
inefficient for images that blur at object boundaries, 
or for multiple image component segmentation. (3) In 
edge-based method, the derivative nature of this 
approach makes them extremely sensitive image 
noise level. Significant amount of processing is 
required to remove noisy edges. (4) In classification-
based method, the performance of the classification-
based segmentation strictly depends on inputs of the 
classifier and training parameters.  
Recently, many studies focus on hybrid techniques, 
because researcher finds that the hybrid techniques 
which integrate the results of boundary detection and 
region growing are expected to provide more accurate 
segmentation of images. 
As mentioned above, there are two drawbacks in 
these segmentation methods: (1) the automatic 
segmentation is restricted in specific contours; and 
(2) single segmentation method has its own 
insurmountable disadvantage. In order to reconcile 
the drawbacks above, this paper proposed a semi-
automatic segmentation method to improve the 
restriction in the automatic segmentation and increase 
the accuracy of classification. i.e., we used the 
concept of hybrid techniques and combined different 
segmentation methods to enhance the segmentation 
performance. 
 
II. PROPOSED METHOD 
 
2.1. Proposed algorithm 
The detailed algorithm could be introduced step by 
step in the following. 
 
Step 1: Input the brain MRI 
This step employed the open MR images from The 
Whole Brain Atlas (Harvard medical school website 
(http://www.med.harvard.edu/aanlib/home.html)) as 
experiment datasets to illustrate the proposed method. 
The dataset website contained variety anatomical 
information, curriculum and MR images on brain 
diseases. This study has collected normal brain T1-
weighted MR images and four degenerative diseases 
T1 weight MR image dataset: mild Alzheimer's 
disease, mild Alzheimer's visual agnosia, cerebral 
calcification, and Pick's disease. This step used 
Matlab software package as image segmentation 
tools, firstly inputs the T1-weighted MR images 
datasets, then the image was converted from RGB 
(red, green, and blue) to grayscale. 
 
Step 2: Enhance the image edges 
In step 1, the images have been converted to 
grayscale image, and then this step used 
morphological dilation method to strengthen the 
image edges. The enhanced image was shown in Fig 
1. 

 
Fig. 1. The strengthened image edges by morphological dilation 

operation. 
 
Step 3: Create an images mask by binarization  
This step used the Otus algorithm  to select the 
threshold value from images, and the selected 
threshold value was used in the binarization 
parameter for creating mask.  Then this step filled the 
mask to become a complete image mask. 
 
Step 4: Enhance the mask edges 
From step 3, initial mask was created, this step used 
morphological erosion to remove noise, and further 
enhanced the mask edge to obtain the final mask as 
Fig 2. 
 

 
Fig. 2. The enhanced mask by morphological erosion 

 
Step 5: Select images by expert’s mask 
Firstly the radiologist provides three expert’s mask, 
the three expert’s masks have been registered the area 
of brain MR images. Secondly this step automatically 
picks up the images of datasets (enhanced mask of 
dataset by Step 4) by expert’s mask, the expert’s 
mask was proportional enlarged, and the width is 
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equal to the mask of dataset. Thirdly, the pixels of 
difference area were calculated between the expert’s 
mask and the enhanced mask of dataset, and the other 
two expert’s mask was repeated by same process. 
Fourthly, the average pixel was calculated among 
three expert’s masks and the enhanced masks of 
dataset. After experiment and inspection, this step 
find that if the average pixel is smaller than ten 
pixels, the images of dataset will be selected 
automatically and used in segmentation of ROI. 
Step 6: Obtain the region of interest 
This step multiplied mask using original image in 
pixel by pixel to filter original image and gets ROI. 
The segmented ROI was shown in 3. 

 
Fig. 3. The segmented ROI image 

 
Step 7: Wavelet packet decomposition  
This step utilized bior2.2 wavelet filter to decompose 
the segmented ROI. The depth refers to the wavelet 
packet transform of the tree hierarchy; it determines 
the wavelet packet filter coefficients. This study used 
depth d = 1, d = 2 to implement wavelet packet 
decomposition as Fig 4(a) and (b). The depth of 1 
will generate four coefficients. The depth of 2 
generates 16 coefficients. This study used 20 
coefficients from depth d=1 and d=2. 
 

 
Fig. 4. Wavelet packet decomposition (a) depth=1, (b) depth=2 
 
Step 8: Extract attribute 
In this step, wavelet packet features were selected and 
calculated. This step selected the feature value based 

on Avci  method, and used the statistical value as 
input parameter to classify images. Then the extracted 
eight features include: mean value, median value, 
maximum value, minimum value, range value, mode 
value, standard deviation, and mean absolute value. 
For example, the mean value was calculated by the 
average of 20 coefficients of wavelet packet 
decomposition, similarly, the others feature was 
computed from 20 coefficients. 
 
Step 9: Classify images 
In this step, three different classifiers are employed, 
the eight features extracted in step 8 as input 
attributes, then SVM (Support vector machine), 
CART (Classification and regression trees) (Breiman 
and Friedman 1984) and SMO (Sequential minimal 
optimization) (John 1998) are used to compare with 
the proposed method in accuracy. 
 
III. EXPERIMENT AND RESULTS 
 
3.1. Whole Brain Atlas dataset experiment results 
In this section, the open MR images from The Whole 
Brain Atlas (Harvard medical school website 
(http://med.harvard.edu/AANLIB/) is employed as 
experiment dataset. There are 77 T1-weighted images 
(63 abnormal and 14 normal) in this dataset. All 
images are segmented and the ROI is obtained. Eight 
features are extracted by wavelet packet extraction 
coefficients. In classification step, proposed method 
selects SVM classification algorithm to validate and 
compare with other classification algorithms. 
For verification, 2/3 images are used as the training 
datasets, and the rest (1/3 images) are selected for 
testing. This paper repeats the experiments ten times 
in different sampling, and the results are shown in  
Table 1. For comparison, this section uses SVM 
(Support vector machine), CART (Classification and 
regression trees) (Breiman and Friedman 1984) and 
SMO (Sequential minimal optimization) (John 1998) 
as comparative method for classifying normal and 
abnormal brain images. From Table 1, we can see 
that SVM (polynomial) method outperformances the 
listing methods in segmented images and original 
images.  

 
Table 1 The results of different classifier for open MR images 

 
Note: The cell values are accuracy and standard deviations (in 

parentheses) 
 
3.2. Findings 
From Table 1, the performance of different 
classification methods, there are some findings for 
this study as follows. 
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1. The accuracy performance for different 
classification method   
In  
Table 1, SVM is superior to the listing methods in 
The Whole Brain Atlas dataset, Therefore, SVM is fit 
to apply to classify Alzheimer's disease (AD) and 
mild cognitive impairment (MCI) diseases, and is not 
suitable to classify hybrid dataset (assemble different 
kind of brain disease). 
 
2. Segmented MR image 
From experiments as  
Table 1, we can find that segmented MR images have 
better accuracy in SVM, and CART generates better 
accuracy in without segmented MR images. Due to 
CART is not at all affected by the outliers, 
collinearities, heteroskedasticity, and distributional 
error structures, and the region hospital dataset has 
many noise. Therefore, the CART method is very fit 
to no segmented datasets, and SVM method is more 
appropriate to segmented datasets.  
 
CONCLUSIONS 
 
Brain diseases have gained significant attention 
nowadays. The issues about how to assist medical 
staffs in medical diagnosis and identifying diseases 
type are getting more and more important, which is 
worth to explore. The effect of MRI scanning 
technology for the soft tissues is better than the other 
medical detection techniques, and brain MR images 
are usually selected as the experiment materials in 
related brain disease detection research. This study 
has proposed a novel image processing method which 
combines automatic selecting MR images with semi-
automatic segmentation and automatic classification. 
The results indicate that the proposed method has 
improved the classification accuracy. The proposed 
automatically selected image method is a simple and 
feasible method, which can reduce time-consume and 
cost for radiologist. Further, the proposed method can 
improve the quality of medical care, and there are two 
advantages: (a) For medical personnel: assisting 
medical staff to conduct the recognition of brain 
diseases and reduce their workload; and (b) For 
patients: to be appropriate diagnosis and treatment for 
helthcare. In future work, the expert’s mask to 
automatically select images is a simple concept, the 
concept can be applied to other fields. Moreover, 
there are some feasible directions for expanding this 
study as follows: (1) apply other classification 
method to verify the proposed method; (2) use other 
datasets such as abdomen, bone and breast to further 
validate proposed method; and (3) utilize more 
features to enhance proposed method. 
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