
Journal of Korea Multimedia Society Vol. 17, No. 5, May 2014(pp. 566-572)

http://dx.doi.org/10.9717/kmms.2014.17.5.566

Semi-automated Approach to Hippocampus Segmentation

Using Snake from Brain MRI
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ABSTRACT

The hippocampus has been known as one of the most important structure related to many neurological

disorders, such as Alzheimer’s disease. This paper presents the snake model to segment hippocampus

from brain MRI. The snake model or active contour model is widely used in medical image processing

fields, especially image segmentation they look onto nearby edge, localizing them accurately. We applied

a snake model on brain MRI. Then we compared our results with an active shape approach. The results

show that hippocampus was successfully segmented by the snake model.
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1. INTRODUCTION

The development of medical imaging tech-

nologies in last three decades has grown and enor-

mously increased its important in the diagnosis of

diseases [1]. The original snake model was in-

troduced by Kass et al. [2], which defines a curve

within an image evolving through internal force

from the inside of the curve and external force

computed from the image data and segmenting the

targeted object.

The hippocampus is an important structure of

the human limbic system, which plays an essential

role in learning and memory processing. In partic-

ular, researchers have shown that abnormalities in

the volume and architecture of the hippocampus

are associated with a number of neurological and

psychiatric illnesses, including mild cognitive im-

pairment (MCI) [3-4], Alzheimer’s disease [5-7],

epilepsy [8], and schizophrenia [9-11].

Since the early 1990’s, MRI has been used to

produce accurate hippocampal volume measure-

ments by separating hippocampal structures not

only from the surrounding white matter (WM), but

also from contiguous areas of gray matter (GM)

[11-12].

The hippocampus is a small GM structure that

is adjacent to other GM structures e.g., amygdala,

parahippocampal gyrus [13]. This specialty of the

hippocampus means that in brain MRI, the hippo-

campus has relatively low contrast and no dis-

tinguishable boundaries along significant portions

of its surface [12]. Fig. 1 shows the position and

intensity of hippocampus in sagittal MRI.

To this date, three different approaches have

been proposed for hippocampus segmentation:

manual, fully automatic, and semi-automatic seg-

mentation methods.
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Fig. 1. Position and intensity of hippocampus in sagittal 

MRI.
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Fig. 2. A closed active contour model.

In manual segmentation, an expert rater identi-

fies and labels the hippocampus on each slice of

brain MRI set. This method requires extensive hu-

man interaction and considerable training, and in-

tra-rater reliability may be difficult to achieve.

A fully automatic method is ideal, but the seg-

mentation of the hippocampi with conventional

methods, such as edge tracking, thresholding, or

region growing, is not reliable, due to the small

size, low contrast, and apparent discontinuity of the

edges of the hippocampus. Webb et al. [14] pro-

posed for automatic segmentation involves warp-

ing of an atlas to the individual brain MRI.

However, when the internal object is relatively

small and its shape is highly variable, as it is the

case for the hippocampus, this approach may not

generate an accurate result, due to its sensitivity

to the imperfections involved with the registration

and warping steps.

Semi-automatic methods may provide a more

realistic approach for hippocampus segmentation

because they combine the automatic techniques

with a priori knowledge of the hippocampal loca-

tion, anatomical boundaries and shape [13]. We ap-

ply a semi-automatic snake model for the accurate

hippocampus segmentation.

The remainder of this paper is organized as

follows. We explain the snake model in section 2.

Section 3 provides implementation details and

compares results of the snake model and the active

shape approach. In section 4, we state our

conclusion.

2. SNAKE MODEL

A snake is a parametric contour that deforms

over a series of iterations by time steps. Therefore

each element x along the contour depends on two

parameters:

),( tsxx =
where s is space (curve) parameter and usually
varies between 0 and 1, t is time (iteration)
parameter.

The total energy of the model snakeE is given by

the sum of the energy for the individual snake ele-

ments:

dssxEE elementsnake ò=
1

0

))(( (1)

The integral notation used in equation(1) implies

an open-ended snake; however, joining the first

and last elements makes the snake into a closed

loop as shown in Fig. 2.
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Over a series of time steps the snake moves into

alignment with the nearest edge. The contour is

influenced by internal and external constraints, and

by image forces. Internal constraints give the mod-

el tension and stiffness. External constraints come

from initialization procedures. Image energy is

used to drive the model towards edges. Equation

(1) can be rewritten in terms of three basic energy

functions:

dsxEdsxEdsxEE imageexternalernalsnake òòò ++=
1

0

1

0

1

0
int )()()(

The internal, external energy functions and im-

age energy are discussed next.

2.1 Internal Energy

The following equation describes the internal

energy of a snake element:

2

2
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This energy contains a first-order term con-

trolled by )(sa , and a second-order term controlled

by (s)b . The first-order term makes the snake act

like a rubber band representing tension; the sec-

ond-order term makes it resist bending by produc-

ing stiffness in [15] and [16].

If the other terms were not applied the contour

will keep shrinking to a single point. The changing

weights )(sa and (s)b control the relative im-

portance of the tension and stiffness terms. If we

set (s)b to zero meaning that the second order is

continuous will the model to have a corner.

2.3 External Energy

The external energy of snake model discussed

by Xu and Prince in [17], it is responsible for put-

ting the snake near the desired local minimum [2],

the initialization procedures are used to manage

both of the attraction and repulsion forces which

control the active contour models to or from the

desired features. The external energy term repre-

senting the attraction is:

2)( xikxEexternal -=

An attraction force similar to spring force is

generated between a snake element and a point i
in an image. This energy is minimal when ix = ,

and it takes the value of kwhen 1±=- xi . The

external energy function which represents the re-

pulsion show in next equation:

2)(
xi
kxEexternal
-

=

This repulsion energy we can say it is like a vol-

cano pushing out of one local minimum into anoth-

er, when ix = we get maximum energy. The re-

pulsion term must be stopped as 0®- xi .

2.3 Image (Potential) Energy

There are three different potential energies P

produced by the processing of the image ),( yxI re-

sults a force that is used to control snakes towards

the features of interest. These energy attract

snakes to lines, edges and terminations shown in

(2), (3) and (4) respectively. The total potential en-

ergy can be expressed as a weighted combination

of these three functions:

termtermedgeedgelinelineimage EwEwEwEP ++==
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3. EXPERIMENTAL RESULTS

The brain images were acquired using an

Achieva Philips 3.0T MR imaging scanner from
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(a) Original image I (b) Snake segmentation
result

(c) Original image II (d) Snake segmentation
result

(e) Original image III (f) Snake segmentation
result

(g) Original image IV (h) Snake segmentation
result

Fig. 3. First column: original images; Second column: the 

segmentation results of Snake.

Haeundae Paik Hospital in Busan, Korea. The sub-

jects were 27 years old normal male.

In Fig. 3, the first column shows the test images,

which area T1-weighted grayscale DICOM image

with a 256*256 resolution. The second column

shows the results of hippocampus segmentation

using the snake model. The initial points are placed

around the hippocampus boundary manually by the

user and the hippocampus can be segmented

accurately. The initialization can be placed far from

the hippocampus, if there is no fake edges interrupt

between initialization and hippocampus boundary.

The segmentation result of snake model depends

on several weight energy parameters. In our ex-

periment we set them as follows:

∙ The tension controls the first derivative term

of contour,
410)( -=sa

∙ The stiffness controls the second derivative

term of contour, 0.2(s) =b

∙ The weighting factor for intensity, edge and

terminate based on potential terms, 0=linew ,

5=edgew , 0=termw

The number of iterations were controlled the

segmentation accuracy.

In the Fig. 4, the first column shows the ground

truth for validation of segmentation results, hippo-

campus regions of subjects were manually drawn

by ITKSNAP 1.6 [18]. The second column shows

the binary images of snake model results and the

third column shows the binary images results of

the active shape approach segmentation [19].

The percentage accuracy evaluation of snake

model segmentation is acquired by using Jaccard

coefficient measurement in [20]. Jaccard coefficient

can be computed based on the number of elements

in the intersection set divided by the number of el-

ements in the union set. The segmentation is

matched to the manually provided ground truth ac-

cording to the equation (5).

%100),( ´
È
Ç

=
BA
BA

BAP (5)

where ),( BAP represents the segmentation accu-

racy in percentage, A and B represent the binary

images of ground truth and segmentation result of

target hippocampus respectively.

The results show that the snake model works

well, the segmentation accuracy is higher and also

faster when compared to the active shape approach

as it is shown in the Table 1.

3. CONCLUSION

In this paper, we applied the snake model to seg-

ment hippocampus from brain MR images, which
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(a) Ground truth image I (b) Snake segmentation result (c) Active shape segmentation result

(d) Ground truth image II (e) Snake segmentation result (f) Active shape segmentation result

(g) Ground truth image III (h) Snake segmentation result (i) Active shape segmentation result

(j) Ground truth image IV (k) Snake segmentation result (l) Active shape segmentation result

Fig. 4. The first column: the ground truth of the hippocampus, Second column: result of snake model, third column: 

the result of active shape approach.

Table 1 The segmentation accuracy and the elapsed time of snake model and active shape approach

Accuracy of segmentation (%) Elapsed time (sec)

Snake Active shape Snake Active shape

Original image I 91.51 71.28 19 60

Original image II 85.83 79.05 26 57

Original image III 85.05 74.31 24 55

Original image IV 80.02 73.49 21 56

were provided from Haeundae Paik Hospital in

Busan, Korea. We compared our segmentation re-

sults with the results of active shape approach by

referring to the ground truth of the hippocampus.

The Jaccard coefficient measurement was used to

evaluate segmentation accuracy. Our results were
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more accurate and faster than the active shape

model. However, the snake model still needs to be

optimized and also the ground truth of the hippo-

campus should be segmented by the expert.
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