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One physical sign of a person who has Alzheimer's is the diminution of the
area of the hippocampus and ventricles. A good quality magnetic resonance
imaging (MRI) will provide a high-quality image so that the doctor will
quickly analyze the abnormalities of the hippocampus and ventricle area.
However, for low-quality MRI, this is difficult to do. This condition will be a
significant problem for some regions in developing countries including
Indonesia, where many hospitals have only low-quality MRI, and many
hospitals do not have them at all. The primary purpose of this research is to
develop simple tools to analyze morphological characteristics in Alzheimer's
patients. In this paper, we focus only on coronal slice analysis. We will use
watershed method segmentation, because of this method able to segment the
boundaries automatically, so that parts of the hippocampus and ventricles can
be identified in an MRI image. Analysis of morphological characteristics is
also classified by age and gender. Then by referring to the value of the clinical

dementia rating (CDR), the process of identifying between images with
Alzheimer's disease (AD) and healthy models is done based on the
morphological analysis that has been done. The results show this method has
a better performance compared to the previously work.
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1. INTRODUCTION

Alzheimer's disease (AD) is a condition that is characterized by a decrease in memory, decreased the
ability to think and speak, and changes in behavior in patients due to disorders in the brain that are progressive
or slowly (AD) [1]. Currently, this disease is one of the most feared diseases, because this disease is a major
disaster that occurs in patients and their families, where the experience of patients who experience it is an
endless end until death arrives. AD diagnosis can be made by knowing other forms of dementia, but the
determination can only be made after post-mortem studies of brain tissue. This post-mortem study can be done
using magnetic resonance imaging (MRI). MRI examination aims to determine the morphological
characteristics (location, size, shape, extension, and others of pathological conditions). These objectives can
be obtained by assessing one or a combination of axial, sagittal, coronal or oblique cross-sectional images
depending on the location of the organ and possible pathology. Image processing is a process of processing an
image analysis that aims to improve the quality of the image so can be interpreted by humans or machines (in
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this case computers) easily [2]. Currently, many image processing applications are also widely applied in many
ways, one of which is the field of medical imaging.

Clinical dementia rating (CDR) is a numerical scale used to measure the severity of symptoms of
dementia based on the stage. CDR uses six cognitive and functional domains of performance to identify
possible cognitive impairments, namely: memory, orientation, assessment and problem solving, community
needs, home & hobbies, and personal care. There are 5 levels of dementia based on the CDR values, namely:
0 (normal), 0.5 (very mild dementia), 1 (mild dementia), 2 (moderate dementia), 3 (severe dementia) [3]. At
present, the severity of Alzheimer's refers to the use of the CDR scale, so that a person can be treated according
to the severity.

Currently, much research is discussing MRI image analysis about the identification of Alzheimer's.
Zubal [4] in his research developed duplication of 123 » I-P-CIT striatal V3 "in the case study of Parkinson's
disease and applied it to image processing technology. Yu [5] proposed a method of image quality analysis
approach that is modeled as a feature extraction expressed in a particular score value. Iannetti [6] used of a
protocol that could be used to quantify mitochondria clearly on human skin. Dai [7] developed a 4D extraction
tool for brain analysis specifically for adults to be able to analyze MRI images. He uses a deformable extraction
algorithm. Kalavathi [8] in his paper, he reviewed the methods available for overall skull analysis. Landau [9]
In his research, he standardized the methodology in the use of amyloid PET for Alzheimer's clinical trials. He
compared the retention of the compound B (PiB) pittsburgh super-radiotracer and two of the two amyloid
radiotracers soup 18 * F (florbetapir and flutemetamol) using two types of population models. Eskildsen [10]
he proposed a method for predicting the severity of Alzheimer's at a still low level by measuring cortical
thickness in MRI images. Zhang [11] he proposed the Alzheimer's detection method using displacement field
(DF) which can classify the brain with an AD and healthy brain. Robitaille [12] presented a new technique
called STandardization of Intensity (STI) which was used not only to adjust the histogram of the input image
into the standard but also to combine information on spatial network intensity. Liu [13] In his research, he
proposed a method of brain image segmentation algorithm that combines deformable forms and informative
features. Its primary function is to be able to segment with more considerable anatomical variations. Das [14]
proposed a method for testing the suitability of high field intensity—magnetic resonance imaging (HF-MRI) in
predicting longitudinal changes by comparing measured atrophy levels throughout the hippocampus area using
unbiased deformation-based morphometry (DBM). Verclytte [15] he implemented cortical-based surface
projections applied to patients with the early-level AD to improve the quality and visualization of image data.
Osadebey [16] proposed a method for extracting image features using grayscale and contrast features. Image
quality is estimated by measuring structural similarities between the right binary image pairs.
Gray [17] conducted an analysis of the incorporation of cross-sectional and longitudinal multi-region
fluorodeoxyglucose-positron emission tomography (FDG-PET) information for classification. Ortiz [18]
proposed a method for selecting regions of interest (ROI) in brain MRI images to make a diagnosis using vector
quantization techniques and statistical learning in patients with an AD. Khajehnejad [19] proposed a method
for diagnosing AD at an early stage by using label propagation of a manifold based on semi-supervised
learning. Huang [20] proposed longitudinal measurements of MRI brain images and hierarchical classification
methods in the classification of the AD to determine the severity of Alzheimer's.

According to the definition of Alzheimer's, the method of diagnosis and studies described above, it
will become a problem that is quite important if the diagnosis will be made in a developing country such as
Indonesia. As already known, that the equipment used to detect Alzheimer's disease is one of them is MRI that
can visualize the anatomy of the human body, especially in parts of the human brain. Furthermore, the doctor
will analyze the results of the MRI image to determine the severity of dementia disease based on the
information contained in the database. So it can be said that the results of the diagnosis depend very much on
the results of the doctor's analysis. The doctor's analysis also depends on the quality of the existing MRI image.
The better the MRI machine, the better the quality of the image produced. However, unfortunately in some
images that have decreased in quality, for example, contain noise, the color is too contrasting, less sharp,
blurred, and so on. The image with poor quality becomes more difficult to interpret because the information
delivered is reduced. It happens a lot in images produced by MRI, especially low-resolution MRI. On the other
hand, almost all hospitals in Indonesia, including in the province of Central Java, only have low-resolution
MRIs, and the numbers are minimal, only in some hospitals [21]. Muneer [22] Muneer developed an IoT-based
health monitoring system that was sufficient to overcome the limitations of health facilities. W hen referring to
the problems faced by most hospitals in Indonesia, especially the availability of low-quality MRI machines, a
manual analysis will be hazardous and may lead to misdiagnosis. Besides referring to the limitations of human
resources, especially neuroscientists [21], a simple and accurate device is needed to automatically analyze the
MRI image results, especially in the hippocampus and ventricular regions as the primary support in the
diagnosis of Alzheimer type dementia. This research has a goal to develop an automatic, low-cost and
straightforward tool for analyzing hippocampus and ventricular characteristics in dementia patients by
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optimizing existing MRI images. Wibowo [23] used the gray level co-occurrence matrix in analyzing 3D
images in muscles. Widodo [24] applies the support vector machine method in recognizing lung disease.
Memon [25] applied the Median filter to remove noise in the microscopic image. Supriyanti [26] implemented
the histogram equalization method to normalize input images. However, in this paper, we emphasize the
discussion on coronal slice analysis only in exploring the morphological information in it. In our previous
research [27], we carried out the process of segmenting the coronal slice using the active contour method.
However, the results obtained seem to need to be improved again. So in this experiment, we tried to use the
watershed method. We tried using the watershed segmentation method because this method is one of the
segmentation methods that are widely used in medical images. This method is known as simple, efficient for
complex image segmentation, and can produce a complete division of the image into several regions even
though the image quality is not good.

2. RESEARCH METHOD
2.1. Data acquisition

The data used in this experiment is from the OASIS database which is publicly provided in the interest
of study and analysis. The baseline data consisted of cross-sectional datasets from aged 18 to 96 years and
diagnosed clinically with Alzheimer's with a very mild to moderate category [3, 28-31]. The overall
experiments conducted in this paper are shown in Figure 1. Based on Figure 1, the segmentation process is
carried out by the watershed method. Firstly, the reading of the digital image of the MRI of the coronal slice
brain will be processed. Furthermore, the image that has been read by the system will be changed in gray form,
and the brightness is adjusted using contrast stretching. Then the image cropping process to take specific region.
Then the cropped image is converted into a binary image. This binary image will be an input image in the
watershed segmentation process. After the watershed segmentation object is obtained, the extensive calculation
process of the hippocampus and ventricles is carried out in pixel units to determine the severity of Alzheimer's
based on the CDR value obtained from the OASIS fact sheet.

OASIS Image Database

Image Watershed
Pre-Processing Segmentation

Classification of healthy images Calculate the morphological
and AD images based on the - characteristics of the
CDR scale hippocampal and ventricular

regions

Figure 1. Block diagram of overall experiment

2.2. Image pre-processing

The pre-processing stage is done to get a better image than the initial image. This process is done
because to do watershed segmentation, an image with a better level of quality must be obtained concerning
lighting. The pre-processing stage includes contrast stretching. It is done to contrast the image more tenuous
than before, so that image lighting is better. Contrast stretching is one method of improving image quality. In
our previous reserch [32, 33] we did it. Image processing has a higher contrast value so that it can produce new
information. It is done by adding or reducing contrast so that the image is sharper than before [2]. It is
expected that contrast stretching can produce images that have proper lighting distribution so that the resulting
image is visible.

2.3. Watershed segmentation

The segmentation method used is the watershed method for segmenting the hippocampus and
ventricular areas. There are several types of watershed segmentation, namely watershed segmentation using
distance transformation, using gradients, and using marker-controlled [2]. In this research, we use watershed
segmentation using marker-controlled. This type of segmentation is used to control over-segmentation based
on the marker concept. What we do is create an internal marker that is inside each desired object and also an
external marker that contains the background. These two markers are then used to modify the gradient image.
To apply watershed marker-controlled segmentation begins by transforming watershed from gradient images
without other processes. Then we calculate the location of all regional minima in the image. The regional
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function of minima in gradient images is used to see why watershed functions produce many small catchment
basins. The regional minima can also be excessive. Then we calculate the number of "low spots" in the image.
Next is an external marker search. The approach is to mark the background with pixel search which is midway
between internal markers. To do this is to calculate watershed transformations from the transformation of the
marker's internal image distance. After internal and external markers have been obtained, then both are used to
modify the gradient image using a procedure called minima imposition. The imposition minima technique
modifies the grayscale image so that regional minima occurs only in the marked location.

2.4. Morphological characteristic calculation

The calculation of the area of ventricles and hippocampus is done by calculating the total number of
pixels that have a value of 1. The calculated image is binary so that when calculating area it is enough to
calculate the number of values that exist in the image matrices. The difference between the calculation of the
ventricular area and the hippocampus area is only the number of images calculated. If in the ventricular
detection system there is only one image calculated, then in the hippocampus detection system there are two
images. It is because of the hippocampus detection system of brain MRI images. It is separated between the
left viewer and the right viewer. The area values of the left and right hippocampus are searched and added
together respectively. The total summation result is the value of the brain's hippocampal MRI image.

2.5. Image classification

In our experiments, the identification stage in addition to calculating the area of the segmented
hippocampus object also identified the CDR value of the brain MRI image used. From this CDR value, it can
be seen the severity of a person's Alzheimer's. At the image classification stage, we use backpropagation
artificial neural networks (ANN). The training data used is the result of the calculation of the hippocampus and
ventricular area that has been carried out on all trial images. Then we determine the training target which is the
value of the CDR that is the target of identification. The architectural form of the backpropagation ANN used
in this study is 1-2-1 which consists of 1 input, two hidden layers, and one output.

3. RESULTS AND ANALYSIS

As explained in the subsection above, that in this pre-processing phase, we use contrast stretching to
get a better input image to be processed. A gray-scale image is a matrix arrangement that has intensity values
from 0 to 255. These values represent intensity values in specific rows and columns in the image. So that if
changes in value are made, the intensity of the image also changes. The contrast stretching algorithm used in
the research is shown in (1).

1
S—r, 0<r<ri
rl

(r-r1)x=(s2—-s1)

s=< sl1+ 21 (1)
(r-r2)*(255-s2)
s2 + (255-12)

The points (r1, s1) and points (12, s2) determine the form of transformation and can be set to determine
the level of spread of the gray level of the resulting image. If rl1 = sl and r2 = s2, then the transformation will
be in the form of a straight line which means there is no change in the gray level of the image produced. It is
generally assumed that r1 <12 and sl <s2 so that the function will produce a single value and the value will
always rise. In contrast, stretching algorithm that we use, the values of rl, r2, s1, and s2 have been determined
so that we do not need to set them manually. However, between the ventricular detection system and
hippocampus detection, the values of r1, 12, s1, and s2 are different. This is because, in their need for watershed
segmentation processes, both have differences in the level of image intensity. The values of r1, 12, s1, and s2
in the ventricular detection system are 0.24, 0.25, 0.33 and 0.35. While for Hippocampus detection systems are
0.35,0.37,0.39, and 0.41. The values of r1, r2, s1, and s2 that have been determined will form a transformation
line as shown in Figure 2.

The values of r1, 12, s1, and s2 selected are obtained from the retesting process. After the experiment
using seven more sets of values r1, 12, s1, and s2 for ventricular detection systems and 13 more sets of values
rl, r2, s1, and s2 for the hippocampus detection system obtained a set of values that had the highest percentage
of success and performance high for both systems. The entire image tested, in reality, does not have a 100%
success percentage when segmented due to inaccurate contrast stretching. Although the predetermined values
of rl, r2, s1, and s2 have the highest success rates among others, they are still not 100% successful. Figure 3 is
an example of the results of contrast stretching using the exact values of rl, 12, sl, and s2 and watershed
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segmentation results in ventricular detection. While Figure 4 is an example of the results of using the values
rl, 12, s1, and s2 in the detection of the hippocampus.

0.8
0.6

04

0.2 0.4 0.6 0.5 1

¢
(a) (b)

r

Figure 2. Graph of contrast stretching transformation function of;
(a) ventricular detection system, (b) hippocampus detection system

Figure 4. Hippocampus detection; (a) original image, (b) contrast stretching results, (c) segmentation results

Referring to Figure 3 and Figure 4 it can be seen that the image after the contrast stretching process
has an even distribution of light compared to the original image. Segmentation used for ventricular detection
is a watershed segmentation method using a marker-controlled technique. To use this technique, we look for
gradient values from edge detection. The edge detection method used is Sobel edge detection. Then an internal
marker search was carried out to be able to process watershed segmentation on distance transformation from
the internal marker search results image. The results of the segmentation are used as external markers. This
technique results in regional minima occurring only in marked locations. The results of the watershed
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segmentation process are displayed in axes. The watershed segmentation process will produce an original
image with several watershed lines encircling several objects. This watershed line shows the object that was
successfully identified. In the ventricular detection system, the parameters of success of the image
segmentation stage are when the watershed line is successfully circling the ventricular object. After seeing a
watershed line encircling a ventricular object, cropping is done so that other objects that are also detected by
the watershed line are not taken for the next process. The next process is changing the segmented image to a
binary image. Figure 5 illustrates the stages of image segmentation in ventricular detection. Referring to
Figure 5 it can be seen that the results of watershed segmentation in the form of original images with the
addition of a watershed line on some objects have managed to get the desired object, namely ventricles. The
ventricular object is surrounded by a watershed line which becomes a reference that the object is successfully
segmented.

In the detection system of the hippocampus, the processed image has 2, so there are two orientations,
namely in the left viewer and right viewer. The hippocampus detection system is not used single edge detection.
To change the technique, we use morphological operations. Then filtering the original image using top-hat
transforms and bottom-hat transforms. Then we increase the gap between the existing objects by adding the
original image with the top-hat transforms image, then the results of the sum are reduced by the bottom-hat
transforms result image. This increase in gap also aims to maximize contrast. Then complementing the image
results of this increase in a gap. After this modification, the segmentation process has similarities in detecting
ventricles, namely internal marker searches. As in the case of ventricular detection, the detection of the
hippocampus will also produce an original image with several watershed lines encircling several objects.
However, unlike the watershed line on a ventricular detection system that is white, the watershed line on this
system is black. It is because the need for segmentation between ventricular and hippocampal objects is
different. Figure 6 shows the results of watershed segmentation in the detection of the hippocampus.

Figure 5. Results of ventricular detection segmentation stages; (a) segmentation results,
(b) results of cropping, and (c) form conversion to binary images

Figure 6. The results of the hippocampus detection segmentation stage; (a) the initial phase of segmentation,
(b) the stage of cropping, and (c) the conversion phase to binary
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Referring to Figure 6 it can be seen that when the image segmentation stage is executed the
hippocampus object is successfully identified on the black colored watershed line. There are also other objects
that are also identified. Therefore, there are other watershed lines. To calculate the area of the hippocampus,
then we did crop so that other objects do not participate in the area. At the identification stage, the image used
is the result of conversion to binary image segmentation results. The binary image then counts the area in pixel
size. After obtaining the image area, it can be identified whether the image is an image of a person with
Alzheimer's or not based on the CDR level. Figure 7 and Figure 8 shows a graph of the calculation of the
average ventricular and hippocampus area based on gender, age and CDR scale.

Referring to Figure 8 information is obtained regarding the average hippocampal area by gender,
CDR, and age class. In the average hippocampal area by gender, the average hippocampal area of women is
smaller than that of men. The average hippocampal area based on CDR shows that the higher the CDR value,
the smaller the hippocampus area. It is by the theory that the higher the CDR value, the smaller the
hippocampus. Therefore, the reduction of the hippocampus is one sign of Alzheimer's disease. On the average
hippocampus area based on age class, it can be seen that the older a person is, the smaller the hippocampus is.
This is following the existing theory that the lower the human age, the higher the likelihood of dementia.
Furthermore, after the areca of the hippocampus of the brain, MRI image was calculated, the stage of
identification of the CDR value was carried out. CDR value is used in determining the level of dementia.
Determination of CDR value is done using artificial neural networks.
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Figure 7. Graph of the average ventricular area by gender, age and scale of CDR
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Figure 8. Graph of the average hippocampus area by gender, age and scale of CDR

The architectural form of the backpropagation ANN used in this study is 1-2-1 which consists of 1
input, two hidden layers, and one output. In this experiment, we use the binary sigmoid activation function in
the hidden layer and the linear activation function at the output layer. While the training function uses the
gradient descent method. The weight value used is random. Table 1 shows the results of identifying CDR
values for brain MRI images that were used as test data in this experiment.

Table 1 it can be seen that the process of identifying CDR has satisfactory performance. From 40 test

data, the system can recognize CDR values accurately for 39 images. Following are the performance
calculation:

39
70 X 100% = 97,5%
As we stated in the subsection above, that our previous research tried to use the active contour method to

segment the hippocampus and ventricular areas to calculate the area. Comparison of identification results is
shown in Table 2.
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Table 1. Results of identification of CDR values

NO 1D MALE/FEMALE Age CDR Identification Result
1 OAS1 0001 MR1 F 74 0 0
2 OAS1 0002 MR1 F 55 0 0
3 OAS1 0011 MRI F 52 0 0
4 OAS1 0019 MRI F 89 0 0
5 OAS1_0020_MRI1 F 48 0 0
6  OASI1 0026 MRI F 58 0 0
7  OASI 0030 MRI1 F 65 0 0
8  OASI 0033 MRI1 F 80 0 0
9  OASI 0044 MRI F 47 0 0
10 OAS1 0058 MR1 F 46 0 0
11 OASI 0010 MRI M 74 0 0
12 OAS1 0018 MR1 M 39 0 0
13 OASI1 0034 MRI1 M 51 0 0
14  OASI1 0065 MRI1 M 90 0 0
15 OAS1 0069 MR1 M 33 0 0
16 OAS1 0074 MRI M 43 0 0
17 OAS1 0110 MRI M 84 0 0
18 OAS1 0114 MR1 M 62 0 0
19 OAS1 0130 MR1 M 68 0 0
20 OASI 0135 MRI M 64 0 0
21 OASI1 0035 MR1 F 84 1 1
22 OAS1 0052 MR1 F 78 1 1
23 OASI1 0053 MR1 F 33 1 1
24 OASI1 0056 MR1 F 72 1 1
25 OASI1 0067 MR1 F 71 1 1
26 OAS1 0184 MRI1 F 65 1 1
27  OASI1 0269 MR1 F 72 1 1
28 OAS1 0316 MR1 F 72 1 1
29  OASI1 0382 MRI1 F 67 1 1
30  OAS1 0031 MRI1 M 38 1 1
31 OAS1 0134 MR1 M 80 1 1
32 OAS1 0223 MRI1 M 84 1 1
33 OAS1 0268 MRI1 M 78 1 1
34 OAS1 0399 MRI M 78 1 1
35  OAS1 0405 MRI M 77 1 1
36  OAS1 0424 MRI1 M 75 1 1
37  OAS1 0430 MRI M 71 1 1
38  OAS1 0452 MRI M 75 1 1
39  OAS1 0308 MRI1 F 78 2 2
40  OASI 0351 MRI1 M 86 2 1

Table 2. Performance comparison between segmentation of active contour method and watershed method

No Method Performance
1 Active Contour 93.75%
2 Watershed 97.5%

4. CONCLUSION

Contrast values are influencing Segmentation using the watershed method. Watershed line that
appears after the watershed segmentation process is run indicates an object that has been successfully
segmented by separating the segmentation area using lines. The average hippocampus area of the MRI image
of the brain of dementia patients is smaller than that of the MRI image of a healthy person's brain. The average
hippocampus area of the MRI image of the human brain over 50 years is smaller than those under 50 years.
The results of watershed segmentation of ventricles and hippocampus do not have 100% accuracy or
performance regarding detecting the actual shape, but already have a reasonably good accuracy or performance
compared to the active contour method we have done before. For further research, it is expected to be able to
find the volume of the hippocampus and ventricular by watershed segmentation method so that it can be used
as another reference to determine the level of dementia.
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