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    Abstract- This paper describes a simple approach for 

segmenting the hippocampus automatically from high-resolution 

9.4 Tesla MRI of postmortem samples. Large datasets of high-

resolution structural MR images are collected to quantitatively 

analyze the relationships between brain anatomy, disease 

progression, treatment regimens, and genetic influences upon 

brain structure..This method segments the hippocampus without 

any human intervention for few slices present in the anterior and 

the posterior position in the total volume. Experimental results 

using this method show a good agreement with the manuals 

segmented gold standard. 

 

 

    Index Terms- Hippocampus, amygdala, Alzheimer’s disease, 

neuropathology, morphometry, cornu ammonis, dentate gyrus. 

 

I. INTRODUCTION 

ippocampus is a component with complex structure and 

plays a vital role in the functioning of the brain. It’s primary 

function is related with encoding of episodic memory. It is also 

believed to play an important role in both encoding and retrieval 

of other types of long term memory. Hippocampal 

neuropathology is of vital interest in the study of dementia, 

epilepsy, schizophrenia and other neurological and psychiatric 

disorders. However, the complex anatomy of the hippocampus 

poses challenge to image-based computational morphometric 

techniques. The hippocampus is formed by two interlocking 

folded layers of neurons, the cornu ammonis (CA) and the 

dentate gyrus (DG). It is very difficult to distinguish the 

boundaries between hippocampal layers in clinical magnetic 

resonance image (MRI) modalities, since the voxel solution of ≈1 

mm3 (isotropic) is larger than the thickness of the DG. Therefore 

high-resolution 9.4 Tesla MRI of postmortem samples are used 

for processing. We develop a preliminary work to check whether 

a simple approach can segment the hippocampus in an MRI at 

least approximately in few slices. During past, few works on 

hippocampus segmentation were reported. In [1], a segmentation 

method based on the minimization of energy functional with 

intensity and prior terms, which are derived from manually 

labelled training images was proposed. The intensity energy is 

based on a statistical intensity model that is learned from the 

training images. The prior energy consists of a spatial and 

regularity term. The spatial prior is obtained from a probabilistic 

atlas created by registering the training images to the unlabelled 

target image, and deforming and averaging the training labels. 

The regularity prior energy encourages smooth segmentations. 

The resulting energy function is globally minimized using graph 

cuts.  

       In [2], a fully automatic method using probabilistic and 

anatomical priors for hippocampus segmentation has been 

proposed.  In this method the probabilistic information is derived 

from 16 young controls and anatomical knowledge is modeled 

with automatically detected landmarks. The results were 

evaluated by comparing it with manual segmentation on data 

from 16 young healthy controls, with a leave-one-out strategy, 

and 8 AD patients. The method was used to segment 29 patients 

with AD and 30 elderly normal subjects chosen at random from 

the ADNI (Alzheimer's Disease Neuroimaging Initiative) 

database.  

       In [3], The application of voxel-level three-dimensional 

registration to serial MRI is described. This fluid registration 

brain model determines deformation fields modeling brain 

change, which are consistent with a model describing a viscous 

fluid. In this method, first, suitable values for the viscosity-body-

force-ratio, α (0.01), and the number of iterations (300), were 

established and the convergence, repeatability, linearity, and 

accuracy are investigated by comparing the results with expert 

manual segmentation. The mean absolute volume difference 

between fluid and manual segmentation was 0.7%. Fluid 

registration has potential importance for tracking longitudinal 

structural changes in brain particularly in the context of the 

clinical trial where large number of subjects may have multiple 

MR scans. In [4-11] hippocampus subfield segmentation, size 

estimation and features are discussed. 

       In this paper we present an automated tool to segment the 

hippocampus from high-resolution 9.4 Tesla MRI of postmortem 

brain samples. Our method segments the hippocampus in few 

slices of the entire volume. The remaining part of the paper is 

organized as follows. In section II, we present the methods and 

the materials used. In section III, the results and discussion are 

given. Finally in section IV,  the conclusion is given. 

 

II. MATERIALS AND METHODS 

A. Materials used 

       The materials used for this work are obtained from the Penn 

Hippocampus Atlas[2](PHA). PHA is a resource consisting of 

segmented and normalized high-resolution postmortem MRI of 

the human hippocampus. The atlas is described by Yushkevich et 

al[2]. Out of 130 slices only 10 slices containing the 

hippocampus were selected. Further these 10 slices were cropped 

to a 90X60 pixels. These cropped slices are used as data set for 

our study. 

H 
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B. Methods 

       The proposed method is a generalized one for segmenting 

the hippocampus in the right side of the brain for the slices from 

Penn003R_01086 to Penn003R_01095. The flowchart of the 

proposed method is shown in Fig.2. This method consists of two 

stages. In the first stage a basic shape is constructed by analyzing 

the manually segmented results available in PHA. This basic 

shape is a common area formed by the intersection between the 

manually segmented hippocampus for the slices from 

Penn003R_01086 to Penn003R_01095. If Ai is the manually 

segmented hippocampus of the i
th

 slice, the priori shape model A 

for the slices 1 to n (here the i value ranges from 86 to 95) is 

given by 

  

                (1) 

 

       The basic shape for the right hippocampus for the slices 

from Penn003R_01086 to Penn003R_01095 thus obtained by the 

above process is shown in Fig 1(a). Any input slice (one among 

the slices from Penn003R_01086 to Penn003R_01095) is of the 

form shown in Fig 1(b).  If the input slice is one among the slices 

from Penn003R_01086 to Penn003R_01095 then it should 

contain the basic shape in the right side of the brain  in the above 

said position(marked in black) as shown in Fig.1(c),  which has 

been calculated from the analysis of manually segmented results 

available in PHA. So, the proposed method extracts this specific 

region (hereafter referred as minimal hippocampus, shown in 

Fig.1 (d) from the input slice and then analyses whether the 

extracted portion is hippocampus or not by computing the 

parameters mean, standard deviation, entropy and contrast.  

 

 
 

Fig.1 (a) Basic shape     (b) Original image  

(c) Basic shape superimposed on input image (d) Basic shape 

extracted from original image 

 

        The mean value T of the minimal hippocampus is computed 

as follows:  

 
                                                                                   (2) 

 

        where  A(i,j) is the intensity of the pixel at (i,j)
th

 position. 
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Fig. 2 Flowchart of the proposed method 

 

        The standard deviations of the minimal hippocampus x is 

computed as: 

,                                                  

(3) 

 

where, 

,                 (4) 

                                   

        xi is the ith pixel, N=m x n, is the total number of pixels, and 

i=1,2,…,N. 

 

        Entropy is a statistical measure of randomness that can be 

used to characterize the texture of the input image. Entropy E of 

the minimal hippocampus is defined as 

 

                    (5) 

        where p is the histogram counts of the pixels in the minimal 

hippocampus. 

 

        Contrast is a measure of the intensity contrast between a 

pixel and its neighbour over the whole image. The contrast C of 

the minimal hippocampus is  
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                                                        (6) 

 

        where A(i, j) is the intensity of pixel at (i, j)
th

 position. 

 

        The range of values of the above said features for the 

minimal hippocampus are derived from the manually segmented 

images available in PHA and are given in Table I.  

 

Table I. Features of Manually Segmented Hippocampus 

 

 

 

 

 

 

 

 

 

          In the second stage the test slices are taken for 

segmentation. For the input slice, the values of the features , σ, 

E and C are computed. These values are compared with the 

values given in Table I. If the computed values of  , σ, E and C 

lie in the range, then it is assumed that the input slice contains the 

hippocampus and considered for segmentation, otherwise it is 

discarded. The proposed method proceeds with the segmentation 

process with the valid input slice.  

          The valid slice is then enhanced so as to get clear 

boundaries. Enhancement helps the segmentation process 

comparatively easier. To enhance the image a median filter with 

the neighbourhood matrix is applied [2],[3]. Median filtering is a 

nonlinear operation often used to reduce "salt and pepper" noise. 

A median filter is more effective to simultaneously reduce noise 

and preserve edges. Each output pixel contains the median value 

in the m x n neighbourhood around the corresponding pixel in 

the input image. The next step is to make the hippocampus 

prominent by using bottom hat filtering. For this, a flat, disk-

shaped structuring element (SE) is created, with the radius R. R 

must be a nonnegative integer.  

          In our method the radius R=20. The disk-shaped 

structuring element is approximated by a sequence of N periodic-

line structuring elements. When N equals 0, no approximation is 

used, and the structuring element members consist of all pixels 

whose centers are no greater than R away from the origin. Here 

the N value is 4. Radial decomposition of the image is done 

using SE. The radial decomposition of a disc Dr of radius r is 

replaced by a cascade Nε {2,3,…,∞} line structuring elements as 

given by:  

 

Dr ≈ Lα1kα1 Θ Lα2kα2 Θ …… Θ LαNkαN  (7) 

 

where kα is the length of the linear structuring element, α is the 

orientation. 

 

αi =iπ/n,nε{2,3, …..∞}     (8)  

kα=round(k*0.5*max(|cosα|,|sinα|)+0.5)*2+1.      (9) 

 

          If k is replaced by the real number rπ/n, then kαi can be 

found from   (9).  Eqn(1) produces a square when n=2, hexagon 

when n=3 and octagon when n=4. The decomposed image is then 

binarized using a block mean threshold (T).  If A (i, j) denotes 

the intensity of pixel at (i, j), in a block of m x n pixels, then the 

threshold value T of the block is calculated as: 

 

 

        

                (10) 

 

 

The binary image G is obtained as: 

 

         (11)           

          The resultant binary image G is then used for edge 

detection. The proposed method uses the Canny edge detection 

method. The resultant image is then labeled inorder to extract the 

region of interest (ROI). We use the labeling procedure given by 

Milan Sonkar[12]. This labeling process results in a matrix L, of 

the same size as the binary image, containing labels for the 

connected objects in the binary image. From the labeled 

connected component (CC) image the label for the hippocampus 

(HC) is detected and the hippocampus is retrieved using the 

identified label. Since the middle portion of the hippocampus 

contains a dark tissue, the intensity is dark and so a hole found in 

the middle and the edge is not a closed one. In order to construct 

a complete mask for the hippocampus, the hole in the identified 

component is filled. A hole is a set of background pixels that 

cannot be reached by filling in the background from the edge of 

the image. As a final step the hippocampus in the block is 

segmented using the mask. 

 

          The resultant images of the above processes for the ten mid 

slices are shown in Fig. 3.  

 

Original image Manual 

segmentation 

Proposed 

method 

segmentation 

 
 

 

   



International Journal of Scientific and Research Publications, Volume 2, Issue 9, September 2012               5 

ISSN 2250-3153  

www.ijsrp.org 

   

   

   

   

   

   

   

  
 

 

         Fig.3 Segmented Hippocampus from 10 slices. In each row 

the top row contains the original slices, middle row shows the 

manually segmented images and bottom row shows the mask 

obtained by the proposed method. 

 

III. RESULTS AND DISCUSSIONS 

        We carried out experiments by applying our method on a 

stack of 20 slices obtained from the data base in PHA[2] which 

contains 130 slices for 3 right and 2 left hippocampus. The 

results obtained for 10 slices of right side brain containing 

hippocampus is shown in Fig.3. This set contains hand 

segmented gold standard. For quantitative analysis we computed 

the false positive rate(FPR), false negative rate(FNR), 

sensitivity(S), specificity(Sp), Jaccard coefficient(J) and Dice 

coefficient(D) which are calculated as follows. 

 

The Jaccard coefficient(Jaccard, 1912) is given by: 

 

J (A, B) =   (12) 

 

The Dice coefficient (D) (Zijdenbos et al., 1994) is given by 

 

D (A, B) =  (13) 

 

where A and  B are two data sets. The value J as well as D varies 

from 0 for completer disagreement to 1 for complete agreement, 

between A and B. The coefficients J and D are related by 

(Shattuck et al., 2001): 

 

D=    (14) 

 

        The quantitative evaluation based on sensitivity (S), 

specificity (Sp) and predictive accuracy (PA), given in equations 

(7), (8) and (9), are computed gold standard and the respective 

portions produced by the proposed methods. These parameters 

are used to measure the performance of an algorithm against the 

manual extraction. The sensitivity (S) is the percentage of ROI 

voxels recognized by an algorithm and specificity (Sp) is the 

percentage of non-ROI voxels recognized by an algorithm. S and 

Sp are computed using the True Positive (TP), False Positive 

(FP), True Negative (TN) and False Negative (FN) values 

extracted by an algorithm and are given by: 

 

          (15) 

                    (16) 

 

        The predictive accuracy (PA) is the percentage of both ROI 

and non-ROI regions recognized by the proposed methods. TP 

and FP are the total number of pixels correctly and incorrectly 

classified as ROI by the automated algorithm. TN and FN are 

defined as the total pixels correctly and incorrectly classified as 

non-ROI tissue by an automated algorithm. 
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        Finally, false positive rate (FPR) and false negative rate 

(FNR), to measure the misclassification done by an algorithm are 

computed. FPR is the number of voxels incorrectly classified as 

ROI by the automated algorithm divided by manually segmented 

ROI and is given by: 

 

 

                                                          

(18) 

          

FNR is the number of voxels incorrectly classified as non-

ROI by the automated algorithm divided by manually segmented 

ROI and is given by: 

 

 

                (19) 

 

 

        The FPR gives the degree of under segmentation and FNR 

the degree of over segmentation. The computed values of J, D, S, 

Sp, PA, FPR and FNR are given in Table 2 

 

 

Table II. Computed Values of J,  D, S, Sp, PA, FPR and FNR. 

S.No. Slice Metric  

Jaccard 

J 

Dice 

D 

Sensitivity 

S 

Specificity 

Sp 

Predictive accuracy 

PA 

FPR FNR 

1 Penn003R_01086  

 
0.8843 

 

0.9385 0.9021 

 

0.9992 

 

99.5375 

 

0.0202 

 

0.0979 

2 Penn003R_01087  

 
0.8059 

 

0.8925 0.9021 

 

0.9953 

 

99.1833 0.1193 

 

0.0979 

3 Penn003R_01088  

 
0.8025 0.8904 0.8354 

 

0.9984 99.2403 

 

0.0410 

 

0.1646 

 

4 Penn003R_01089  

 
0.8519 

 

0.9200 0.8930 0.9982 

 

99.4403 

 

0.0481 

 

0.1070 

5 Penn003R_01090  

 
0.8519 0.9200 0.8930 

 

0.9982 

 

99.4403 

 

0.0481 0.1070 

 

6 Penn003R_01091  

 
0.8126 

 

0.8966 0.9292 

 

0.9949 

 

99.2639 

 

0.1436 0.0708 

7 Penn003R_01092  

 
0.8493 

 

0.9185 0.9050 

 

 

0.9977 

 

99.4486 

 

0.0655 0.0950 

8 Penn003R_01093  

 
0.8463 

 

0.9167 0.9201 

 

 

0.9970 99.4361 0.0873 

 

0.0799 

 

9 Penn003R_01094  

 

0.8318 

 

0.9081 0.9226 0.9964 

 

99.3972 

 

0.1092 0.0774 

10 Penn003R_01095  

 
0.8370 0.9112 0.9133 

 

 

0.9971 

 

 

99.4444 

 

0.0912 

 

0.0867 

 

 
 

          From Table 2 we note that the predictive accuracy in shape compared to the manual segmentation is 99% 
 
 

IV. CONCLUSION 

        In this paper we have proposed a semi-automatic, 

knowledge based technique for segmenting the hippocampus 

from the PHA[2]. However, this method requires a training set 

from which the approximate shape of hippocampus is to be 

estimated. Further work is in progress to isolate the slices 

containing the hippocampus from the entire volume and extract 

the hippocampus. 
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