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ABSTRACT
Various automated and precise segmentation methods of

MR images exist for adult brain, but the segmentation of pre-
mature infant brain has been problematic. In this paper, a
novel segmentation method for MR images of premature in-
fant brain is proposed. The method utilizes a combination
of the watershed transform and bayesian segmentation tech-
niques. An image of intensity gradients is used as a source
for the watershed segmentation method. Watershed basins
are then combined according to various criteria to produce
a set of approximate segment images that can be used to mea-
sure the volume of the premature infant brain. The approx-
imate segmentation is then used as a priori information to
help bayesian segmentation according to the intensity distri-
butions of the gray matter, white matter and cerebrospinal
fluid segments of the brain. The method is compared to a
standard segmentation method developed for the brain. The
comparison is done for both adult and premature infant brain
images.

1. INTRODUCTION

Magnetic Resonance Imaging (MRI) a is 3D medical tomog-
raphy method that can be used for localization and identifica-
tion of anatomic structures from tissues. The method is based
on the nuclear magnetic resonance technique, which utilizes
magnetic fields of high energy. In MR imaging the patient is
placed inside a cylinder shaped MRI scanner, where the high
magnetic field affects the axes of magnetic spins of hydrogen
atoms in tissue so that the axes have the average position with
or against the high magnetic field. The spins are then flipped
with an electromagnetic radio frequency pulse sequence. Af-
ter the sequence, the spins return to the alignment of the high
magnetic field. The absorbed radio frequency energy is re-
leased back and the energy relaxation rate detected by the
scanner is used to construct the so-called T1 weighted MRI
image. The phase loss of neighbouring spins gives a second
relaxation signal T2. The neighbouring spins affect the loss
of the phase in spins that is detected by an MRI scanner and
is used for the construction of a T2 weighted MRI image.

Image segmentation is a fundamental step in the MR im-
age analysis. In the analysis of brain images, the image is
often segmented into three main regions, namely white mat-

ter (WM), gray matter (GM) and cerebrospinal fluid (CSF).
CSF is sometimes defined to contain all the regions that do
not belong to either GM or WM. Segmentation of MR im-
ages is useful, for example, as a pre-step for a large variety
of image processing techniques for brain images, such as nor-
malization and co-registration of images for comparative sta-
tistical analysis. In this particular study we are interested in
segmenting noisy brain data of premature infants. Premature
infant brain is a specially demanding object for MR imaging,
since the scanning time of children is usually shorter than
with adults for safety reasons, although no evidence exists
that MR scanning would be harmful for humans. As a down-
side, the short imaging time reduces the precision of the MR
images, which makes the segmentation more difficult. So far
the segmentation of the premature infant brain has not been
studied in large extent. In [5], part of premature infant brain
was segmented using semi-automatic technique utilizing im-
age intensity gradients.

Bayesian brain segmentation [2] is a method that uses a
priori information of GM, WM , and CSF to bias segmen-
tation in order to eliminate errors affected by noise in the
MR images. In the segmentation, a bayesian algorithm is
used to determine the three brain segments. For each seg-
ment, an a priori map is required. The map is based on mul-
tiple segmentation results done by human experts for normal
adults. However, currently no a priori information exists for
the premature infant brain. A reason for this is that there are
large spatial differences between children of different ages
such that it is rather difficult to combine multiple segmen-
tations performed by experts. In order to deal with noisy
images without existing a priori information, a combination
of watershed transform based segmentations of T1 and T2
weighted images is used to create an approximate segmenta-
tion. This segmentation is then used as a priori map in the
bayesian segmentation method to produce the final segmen-
tation. The main idea is thus to replace a priori information
with segmentation that is based on both spatial information
and intensity values. Watershed segmentation has been used
earlier in several brain segmentation studies, see for exam-
ple [11, 6, 8]. In addition to the bayesian and waterhed seg-
mentation, brains have been segmented using self organizing
maps utilizing T1 weighted, T2 weighted and proton density-
weighted scans of same patient [9, 10, 1].

©2007 EURASIP 1117



Report Documentation Page Form Approved
OMB No. 0704-0188

Public reporting burden for the collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources, gathering and
maintaining the data needed, and completing and reviewing the collection of information  Send comments regarding this burden estimate or any other aspect of this collection of information,
including suggestions for reducing this burden, to Washington Headquarters Services, Directorate for Information Operations and Reports, 1215 Jefferson Davis Highway, Suite 1204, Arlington
VA 22202-4302  Respondents should be aware that notwithstanding any other provision of law, no person shall be subject to a penalty for failing to comply with a collection of information if it
does not display a currently valid OMB control number  

1. REPORT DATE 
SEP 2007 

2. REPORT TYPE 
N/A 

3. DATES COVERED 
  -   

4. TITLE AND SUBTITLE 
Quantitation of the Premature Infant Brain Volume from MR Images
Using Watershed Transform and Bayesian Segmentation 

5a. CONTRACT NUMBER 

5b. GRANT NUMBER 

5c. PROGRAM ELEMENT NUMBER 

6. AUTHOR(S) 5d. PROJECT NUMBER 

5e. TASK NUMBER 

5f. WORK UNIT NUMBER 

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 
Department of Information Technology and Turku Centre for Computer
Science (TUCS), University of Turku FI-20014 Turku, Finland 

8. PERFORMING ORGANIZATION
REPORT NUMBER 

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSOR/MONITOR’S ACRONYM(S) 

11. SPONSOR/MONITOR’S REPORT 
NUMBER(S) 

12. DISTRIBUTION/AVAILABILITY STATEMENT 
Approved for public release, distribution unlimited 

13. SUPPLEMENTARY NOTES 
See also ADM002358. European Signal Processing conference (15th) (EUSIPCO 2007) Held in Poznan,
Poland on September 3-7, 2007. U.S. Government or Federal Purpose Rights License., The original
document contains color images. 

14. ABSTRACT 
Various automated and precise segmentation methods of MR images exist for adult brain, but the
segmentation of premature infant brain has been problematic. In this paper, a novel segmentation method
for MR images of premature infant brain is proposed. The method utilizes a combination of the watershed
transform and bayesian segmentation techniques. An image of intensity gradients is used as a source for
the watershed segmentation method. Watershed basins are then combined according to various criteria to
produce a set of approximate segment images that can be used to measure the volume of the premature
infant brain. The approximate segmentation is then used as a priori information to help bayesian
segmentation according to the intensity distributions of the gray matter, white matter and cerebrospinal
fluid segments of the brain. The method is compared to a standard segmentation method developed for the
brain. The comparison is done for both adult and premature infant brain images. 

15. SUBJECT TERMS 

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF 
ABSTRACT 

SAR 

18. NUMBER
OF PAGES 

5 

19a. NAME OF
RESPONSIBLE PERSON 

a  REPORT 
unclassified 

b  ABSTRACT 
unclassified 

c  THIS PAGE 
unclassified 

Standard Form 298 (Rev. 8-98) 
Prescribed by ANSI Std Z39-18 



This article has been organized as follows. The bayesian
brain segmentation method is shortly described in section 2.
The proposed segmentation method for the premature infant
brain images is presented in section 3. Experiments using the
proposed technique are reported in section 4 before conclu-
sions in section 5.

2. BAYESIAN SEGMENTATION METHOD FOR
ADULT BRAIN

SPM21 is currently a widely used software package for seg-
mentation of the images of the adult brain. SPM2 applies a
bayesian segmentation method by [2]. Predefined probabil-
ity maps for the three segments are included in SPM2. Each
voxel in the input image is represented by an intensity value
which is often in the interval [0..255]. The bayesian segmen-
tation method in SPM2 uses the Gaussian Mixture Model
(GMM) to cluster these intensity values in three clusters.
There are always three components pi(xjµi;σi) (i = 1;2;3)
in the mixture, one for each brain segment. The parameters
of the mixture model are computed by a standard expecta-
tion maximization (EM) algorithm. In the E-step of the EM
algorithm, the probability maps are used to compute the a
posteriori propabilities for each voxel in position t with in-
tensity x to belong to segment i (WM, GM, CSF).

P(ijx; t) =
pi (xjµi;σi) �πti

∑
3
j=1 [p j (xjµ j;σ j) �πt j]

(1)

where πti represents the a priori probability for voxel at posi-
tion t to belong to cluster i. µi and σi (i = 1; : : : ;3) are param-
eters of the Gaussians determined by the EM algorithm. The
a priori propabilities πti are obtained from the a priori maps.
The propability values bias the a posteriori values P(ijx; t).
The voxels that have similar propability values in a priori
map tend to be assigned into the same segment by the EM al-
gorithm. The maps are usually constructed so that neigbour-
ing voxels have similar propability values, which results in
dependency of the neighbouring voxels in the resulting seg-
mentation. For the premature infant brain no apriori maps
currently exist. In the next section, we consider the determi-
nation of the maps so that we could use the same algorithm
for the brain images of the premature infants, too.

3. A PRIORI MAPS FOR PREMATURE INFANTS

Since no a priori map was available for premature infant
brains, other means to generate this information was used.
The full process from an MR image to a WM segment image
is shown in Fig. 2. T1 and T2 weighted images are first seg-
mented with the watershed segmentation algorithm by [13]
using a second order gradient image to define the borders of
the watershed regions.

First, the gradient image is calculated for each voxel by
using the Sobel operator. The operation is applied to the T1
and T2 weighted images of the patient in order to find borders
between the gray matter and the white matter. The average
image of the two gradient images is then used for the wa-
tershed segmentation. Optionally, bias correction [3] can be
applied to T1 and T2 weighted images as a pre-step in order
to improve the efficiency of the GMM clustering.

1available at www.fil.ion.ucl.ac.uk/spm/spm2.html

In order to guarantee that all the segments are homoge-
nous, the segments with high standard deviation are splitted
into two segments until the deviation of each segment is be-
low a user specified constant value. The standard deviation is
calculated for regions according to the intensity values of the
T1 weighted image. In our experiments we have observed
that the segmentation result is not very sensitive to the selec-
tion of this threshold value. In addition, there is also a fixed
minimum size for all the segments. A segment is divided
into two subsegments as follows. First, the two points with
the largest Euclidean distance in the segment are determined.
The two new subsegments are determined using these two
extreme points: in the next step, the distance between each
voxel of the segment and the two points is computed and each
voxel is assigned to the subsegment represented by the near-
est extreme point. Because a segment must be connected,
this procedure may also result in more than two segments if
the shape of the original segment is non-convex, see Fig 1.

Figure 1: Division of a watershed segment into two subseg-
ments. The subsegment nearest to point p1 is divided into
segments A1 and A2.

After region splitting the clustering of the median inten-
sity values of the regions is carried out. The medians are
clustered using GMM into three segments: WM, GM, and
CSF. The centroids of the three clusters are initialized by us-
ing the k-means clustering algorithm. The median values
of the clusters are considered to be normally distributed in
each cluster. The k-means algorithm is first used as a pre-
step to define an initial approximate clustering. Next, the
resulting approximate brain regions are averaged with Gaus-
sian kernel in order to create smooth probability maps which
are then used as a priori information with the T1 weighted
image in bayesian segmentation method. The watershed seg-
ments of T1 and T2 weighted images are clustered separately
and combined together into an approximate segmentation by
summing the corresponding probability values of the clus-
tering results for the T1 and T2 weighted images. The T2
weighted results are weighted by correlation values between
the corresponding segments in order to enchance segments
where the two clustering results agree. We have observed
that if CSF is smoothed like the other two segments, parts of
the GM are included in the CSF. Therefore we smooth the
CSF segment less than GM and WM segments.

4. EXPERIMENTS

In order to validate the segmentation results, the proposed
method was tested against the segmentation tool of the SPM2
software package. In addition, MR image sets of ten prema-
ture infants were segmented and compared to expert mea-
surements.
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Figure 2: Procedure for watershed based MR segmentation
using T1 and T2 weighted MR images of the same patient.

4.1 Comparison to well-known segmentation technique
for adult brain

A data set consisting of images of 8 normal adults, scanned
with Philips Intera 1.5T MRI scanner, were segmented with
our program (referred as W-B) and SPM2, see for example
Fig.3. An accustomary brain extraction algorithm [12] was
used as a pre-step for our method along with bias correction
[3] with SPM2 software package when required. The im-
age matrix sizes were between 256x256x55 and 256x256x89
voxels in the image sets. Voxel sizes were correspondingly
between 1mm x 1mm x 1mm and 1mm x 1mm x 2.5mm in
each MR image. In segmentation, different parameters were
used for weighting the apriori maps and the map smoothing
kernel size when producing GM, WM and CSF segments.

The non-brain segment was obtained by the brain ex-
traction pre-step. A comparison was carried out with 8
segmented adult brain MR images and confusion matrices
against the corresponding SPM2 segmentation were calcu-
lated for each patient. The combined confusion matrix is
shown in Table 1 where the values represent proportions
of the brain gray matter (GM), white matter (WM), cere-
brospinal fluid (CSF) and nonbrain segments that were as-
signed to corresponding segments with SPM2 method.

Agreement of our method with the SPM2 in the GM-WM
region was found to be excellent. Differences in the non-
brain area were mainly due to the preprosessing step of brain
extraction and will be assessed in the future work. Segments
of one patient (see Fig. 3) were also compared slice by slice
to the corresponding results with the SPM2. Agreement be-
tween the methods was good in the WM and CSF segments.
The largest deviations between the methods for the GM seg-
ment were in the bottom slices, see Fig. 4. Here positive val-
ues denote additional voxels with the proposed method and
negative values missing voxels, correspondingly.

Figure 3: An example of segmentation of an MR image of
an adult (on the left). In the first row: T1 weighted MR im-
ages divided into GM, WM and CSF segments with SPM2
software. In the second row: corresponding segmentation
with the proposed method. In the third row: difference be-
tween the segmentations. Slice numbering is from bottom to
upwards.

Figure 4: Difference between the proposed method and
SPM2 segmentations in 80 slices of an image of an adult
brain. The proportions in the figure are relative to the num-
ber of voxels in the corresponding slice.
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Table 1: The results of the proposed method compared to
segmentation using SPM2 software. Agreement of segmen-
tations is shown on diagonal. All the numbers are averages
over the 8 images.

SPM2
GM WM CSF non�

brain
GM 96.5 22.0 0.6 1.4

proposed WM 0.7 75.1 0.0 1.4
method CSF 2.8 1.3 98.7 44.5

non�brain 0.0 1.6 0.6 52.8

4.2 Comparison against measurements by an expert
In addition, ten MR images of premature infants were seg-
mented. The full segmentation process took approximately
10 minutes for each image using laptop PC with 1.8 GHz
processor. The premature infant image matrix sizes were be-
tween 256x256x20 and 256x256x22 voxels and voxel sizes
were 0.78mm x 0.78mm x 4.4mm.

The resulting CSF and whole brain volumes were mea-
sured and compared against reference segmentation method
(SPM2) and the expert measurement, see Fig. 5. At this
point, no accurate manual segmentation results by an expert
exist. However, ten measuments by an expert were available
and used in the comparison of the results (one of original 11
images was discarded from test because of large abnormal-
ity). In Fig. 5, two of the brain volume measurements with
the proposed method agreed with the results from an expert.
However, both of the evaluated methods failed with one im-
age. For the proposed method this is probably due to ten-
dency of the algorithm to bias CSF over GM segment. The
volumes of the CSF segment were in alignment with expert
measurements. Generally, agreements with the expert mea-
surements were measured with proportions to each expert
volume measurement, see Table 2. In the GM-WM region
both evaluated methods were generally close to expert mea-
surement. The mean proportion value with SPM2 method in
CSF region shows overestimation in that region. There was
large deviation in proportional values, especially in CSF re-
gion with SPM2 method. Solutions to decrease deviations
from expert measurements are left to future work.

Table 2: Agreements of segmented volumes against expert
measurements with premature infant MR images. The val-
ues represent the mean values of volume proportions to cor-
responding expert measurement in the GM-WM and CSF re-
gions.

GM-WM CSF
SPM2 96.6�6.9 124.8�52.4

proposed method 97.8�13.4 94.7�28.4

5. DISCUSSION & CONCLUSION

A novel brain segmentation algorithm was proposed. The
algorithm utilizes GMM clustering of watershed segments
for creation of a priori maps that are not otherwise avail-

Figure 5: CSF segmentation of the three premature infant
MR images. Image slices from left to right: T1 weighted MR
image, T2 weighted image, brain segment (GM+WM) and
CSF segment. The shown segments are results of watershed-
bayesian segmentation method. Volumes of the segments
are shown below the corresponding segment images. W-B:
watershed-bayesian segmentation method; SPM2: Method
included in SPM2 software package; expert: manual volume
measurements by an expert.

©2007 EURASIP 1120



able for the bayesian segmentation. The principle is to use
spatial border definitions acquired with watershed segmen-
tation and clustering of these watershed segments when ap-
plying accustomary bayesian segmentation. The method was
evaluated against SPM2 software segmentation with 8 adult
subjects and brain volume measurements of ten premature
infants against expert opinion.
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