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Department of Computer S ien e, The University of Warwi k.

ABSTRACT
This report onsiders the general problem of segmentation of Magneti Resonan e
Images. The nal obje tive is to orre tly assign a unique label or lass whi h represents an anatomi al stru ture to every pixel or voxel in a data set. The images analysed
des ribe a human knee s anned by Magneti Resonan e (MR). A brief des ription of
the anatomy of the knee and physi s of MR imaging is given. A review of image segmentation approa hes, fo using on multiresolution and texture segmentation, follows.
The rst segmentation te hnique implemented here is grey level thresholding, whi h is
later improved by adding two other des riptors of the images: standard deviation and a
moment from the o-o urren e matrix. Frequen y analysis through sub-band ltering
is proposed as a way to improve the des ription of the textural regions and boundaries
between anatomi al regions. Comparative results of the di erent te hniques are presented and nally on lusions and future work is proposed.
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1

INTRODUCTION

Medi al Imaging has seen a huge development in re ent years, in parti ular Magneti
Resonan e (MR) has been su essfully employed by physi ians in diagnosis, quanti ation and planning of surgery. New appli ations and te hniques for post-pro essing
are being developed onstantly and, at a ertain level, these new appli ations require
a pro ess of segmentation or lassi ation. This report presents the resear h done by
the author towards a semi-automated segmentation framework for MR data that aims
to integrate several methods for segmentation, and provide a way to sele t and use
the most adequate for a given problem. The experiments for the report have been
ondu ted on high resolution Magneti Resonan e images of the human knee joint.
MR Images of a human knee ontain many interesting stru tures: bone, artilage,
mus le, ligaments, and the images have the hara teristi s of non-uniform intensity,
well-de ned borders, di erent textures. Besides, knee surgery has be ome a ommon
operation. A ording to the Ameri an A ademy of Orthopaedi Surgeons [1℄, in the
United States during 1997 more than 5 million patients visited orthopaedi surgeons
with knee problems and 1.4 million were attended in hospital emergen y rooms. Of
these, about that 4 million were related to injuries and the rest to arthritis and other
disorders. By 2000, the number of ases had risen to more than 10 millions visits per
year whi h represents 26% of the ases treated by the orthopaedi surgeons surveyed
in [1℄. The treatment for the knee problems an range from physiotherapy, to visual
examination of the interior of the joint, or arthros opy, to total knee repla ement.
Imaging of the knee and other regions of the body an help physi ians in di erent ways: diagnosis, quanti ation or intervention. Diagnosis allows the physi ian to
observe the ondition of the patient without dire t intervention. In other ases, it
an prove the presen e of a spe i feature, a tumour, for instan e. Quanti ation is
on erned with measuring or quantifying a ertain stru ture; e.g. the size of a tumour
or the thi kness of a artilage. This an be used to determine a therapy and its effe tiveness after a ertain period of time. In ases of surgi al intervention, imaging
te hniques are used in planning and guidan e of the operation, with the obje tives of
redu ing osts and improving the out ome. An ultimate obje tive of the framework of
this work is to provide a symboli des ription of the input data, in luding geometry,
fun tion and abnormalities.
The report is organised as follows. Ba kground information about the anatomy
of the human knee, Magneti Resonan e imaging and imaging te hnologies and image
segmentation te hniques is in luded in se tion 2 with two important approa hes to
segmentation; multiple resolution and texture. Se tion 3 presents an analysis of the
data starting with the grey level des ription through histogram thresholding. Then,
two additional des riptors of the data are presented: varian e and o-o urren e des ription. Sub-band ltering is also analysed. Se tion 4 presents the omparative
results of segmentation with the di erent te hniques. Se tion 5 presents future work
that an be used to improve the present result. Finally, some on lusions are presented.
1
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2.1

BACKGROUND
Human Knee Joint

The knee joint ( gure 1) is the most ompli ated joint in the human body [10℄, and
it is inherently unstable. This ondition leads to several injuries and problems like
torn menis us, tendon rupture, and patellar or ru iate ligaments problems, among
many others. The knee arti ulation joins the femur, whi h has large medial and lateral
ondyles, with the tibia that has small and shallow ondyles. The ondyles of the
tibia are deepened by res ent shaped rims of bro artilage, also alled menis i. The
knee joint is surrounded by a brous apsule that en loses arti ulations between tibia,
femur, bula and the patella, a thin bone in front of the knee. The joint is strengthened
by several ligaments. At the sides, bular and tibial ollateral ligaments prevent side
to side movements and add strength while the leg is straight. In the front, the strength
is given by the tendon of quadri eps femoris and the patella. In the ba k, oblique
popliteal ligament prevent over extension. In the inner part, the ru iate ligaments,
anterior and posterior, limit the rotation and the forward and ba kward motion of the
tibia.
The knee joint has two natural movements of roll ba k and forth or the ordinary
exion - extension. This movement, in whi h the femoral ondyles roll over the menis i
starts with the mus les of thigh and alf tou hing at approximately 40Æ , up to 165Æ ,
almost full extent of the leg. From 165Æ to 180Æ with the foot rmly upon the ground,
the rolling eases and the femur rotates medially and glides ba kwards in a lo king
me hanism when the exion - extension of the leg is a omplished.
2.2

Magneti

Resonan e Imaging and Imaging Te hnologies

Magneti Resonan e Imaging (MRI) is one of the several te hniques used for imaging
the Human Body. These te hniques fo us on obtaining images of di erent stru tures
of the human body with good a ura y, without the dire t surgi al intervention. Histori ally, the rst imaging te hnique is the X-rays dis overed by Rontgen in whi h a
lm re ords the attenuation presented by di erent tissues of the body at the exposure to ele tromagneti radiation of very high frequen y. The resulting image presents
shadows of the stru tures along the path of the rays.
Sin e the dis overy of X-rays, many di erent te hniques to obtain images from the
human body have been developed relying on the use of ele tromagneti radiation; mirowaves, gamma rays or infrared, sound waves, magneti elds, sub-atomi parti les,
or ele tron beams. Table 1 presents some imaging te hnologies ommonly used today
[31℄.
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Figure 1: A simpli ed view of a knee joint: anterior and posterior view of leg in
extension and anterior view of the leg in exion.
Magneti Resonan e Imaging is a powerful method of non-invasive imaging of the
interior or a living body for medi al diagnosti and other purposes [19℄. The underlying
prin iple of MRI is that the nu lei of ertain atoms have the property of spin and absorb
radio waves of a stri tly de ned frequen y when pla ed in a magneti eld. The atom of
hydrogen presents the magneti resonan e e e t, and is abundant in the human body
in mole ules of water. Most MRI is fo used on hydrogen, whi h onstitutes around
63% of the human body [15℄. However, other atoms not so abundant in the body, su h
as phosphorus or sodium an be used to form images.
 the nu lei align with or against the
When atoms are pla ed in a magneti eld B,
the eld (See gure 2 a, b). Then, a se ond eld, periodi at a ertain pre ession
frequen y of the atoms, for es them to os illate around the xed magneti eld ( ).
The nu lei have absorbed energy, and os illate at a frequen y proportional to the intensity of the magneti eld (d). This energy is then released (e) over a ertain period
of time in the pro ess of relaxation towards the original state of the atom. The time
of relaxation is spe i for the nature of the nu lei. During the return to their state of
equilibrium, the nu lei release the energy in form of waves. RF oils are pla ed around
the body that is being imaged, and register both the energy and the time of release and
from these data, the image is re onstru ted [19℄. The relaxation of the atoms to their
initial state is governed by two physi al nu lear pro esses related to the omponents of
the orientation, one parallel to the magneti eld that takes a time T1, and one perpen3

Film-s reen X-ray
Digital X-ray
Ultrasound
Magneti Resonan e Imaging
S intillation
Thermography
Ele tri al impedan e imaging
Opti al imaging
Ele tri al potential measurements
Positron Emission Tomography
Novel ultrasound
Elastography
Magneti
Resonan e Spe tros opy
Thermoa ousti Computed Tomography
Mi rowave imaging
Hall-e e t imaging
Magneto-mammography

Standard X- ray te hnique.
Digital version of X-ray te hnique.
Forms image by re e tion of MegaHertz frequen y sound
waves.
Forms images using radio emissions from nu lear spins.
Senses gamma-ray emission of radio a tive pharma eutials.
Seeks from infrared signature.
Maps impedan e with low-voltage signal.
Measures s attered near-infrared light.
Measures potentials at array of dete tors on skin.
Forms images using emission from annihilation of positrons
from radioa tive pharma euti als.
Compound imaging, 3-D and Doppler imaging.
Uses sound or MRI to infer me hani al properties of tissue.
Analyses tissue's hemi al makeup using radio emissions
from nu lear spins.
Generates short sound pulses using RF pulses and onstru ts 3-D images from them.
Uses s attered mi rowaves.
Pi ks up vibrations of harged parti les exposed to a magneti eld.
Senses magneti ontrast agents olle ted in tumours.

Sour e: IEEE Spe trum [31℄

Table 1: Imaging Te hnologies ommonly used for breast an er s reening and diagnosis.
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Figure 2: Nu lear Magneti Resonan e. (a) Nu lei in natural equilibrium (b) Nu lei
aligned with external magneti eld ( ) Os illation of nu lei due to periodi magneti
eld (d) Resonan e around dire tion of eld (e) Relaxation pro ess and release of
energy (f) Parallel and perpendi ular omponents of the magneti eld. Adapted from
[7℄
di ular to the eld in time T2 (f). These two parameters related with time, in addition
to the number of protons that have aligned and are releasing energy ontained in a
tissue, determine the intensity of the magneti resonan e image intensity. The ontrast
of the image will depend on the relation of these three parameters. If the number of
the protons is the only parameter onsidered, a Proton density (PD) image is obtained.
The resulting image for the MRI pro ess looks like an internal sli e or ut of the
body. It is similar to the output of a Computed Tomography (CT) image, but there
are substantial di eren es between them. CT uses X-rays, whi h are absorbed by the
bones, therefore, some regions surrounded by bone are better imaged by MRI than CT.
Feeney [14℄ onsiders that MRI is the best imaging te hnique for dete ting tumours
within the brain stem sin e bone does not obstru t the imaging. Table 2 presents some
advantages and disadvantages of MRI. For more information on this subje t Webb [13℄
has one Chapter for MRI, Hennel [19℄ is a good introdu tion and Hornak [20℄ is a
very omplete on-line referen e. La Re her he [7℄ has an introdu tory explanation of
magnetism. The Whole Brain Atlas [23℄ is an on-line atlas with T1, T2 and Proton
Density (PD) images of a human brain.
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Advantages

Non-ionising radiation. No known physiologi al side e e ts.
High soft-tissue ontrast. Di eren es between normal and abnormal tissues.
Any arbitrary sli e of organ an be imaged.
Visualisation of areas deep within bony stru tures; vertebral anal, skull and erebrospinal
uid.
Natural sour es of ontrast.
Good for angiography, imaging blood ow without atheters or ontrast agents.
3D imaging through omputer manipulation of su essive sli es.

Disadvantages

High ost of equipment.
Claustrophobia of patients.
Long imaging time.
Strong magneti eld; unsuitable for patients with metal implants espe ially pa e makers.
Images distorted by surgi al lamps, wire or surgi al stit hes.
Unable to image al ium; tissue al i ation an not be dete ted.
A ousti noise; high levels of noise during s anning.
Sour e: Hennel [19℄

Table 2: Magneti Resonan e; advantages and disadvantages
2.3

Image Segmentation Te hniques

There are many algorithms and te hniques used to segment images. Pal [33℄ onsiders
segmenting as
a pro ess of partitioning an image into non-interse ting regions su h that
ea h region is homogeneous and the union of no two homogeneous regions
is homogeneous.
For medi al imaging, Kapur [22℄ is more spe i

regarding segmentation as

a labelling pro ess in whi h the obje tive is to assign to ea h voxel in an
image, a unique label whi h represents an anatomi al stru ture.
Segmentation is learly essential, important and yet a diÆ ult problem in image proessing. Suri [37℄ onsiders that the shape re overy of medi al organs is harder than
other omputer vision and imaging elds problems, be ause of large shape variability,
stru ture omplexity, artifa ts and limitation of body s anning methods. The numerous methods presented in the literature show that there is not one te hnique that an
segment every image. A brief review follows [33, 34℄.
Rosenfeld [34℄ ategorises segmentation te hniques into those whi h use statistial models that des ribe the pixels in and image and those with spatial models that
de ompose the image into regions. The rst use only grey level histograms or grey
level probability densities in di erent order models. The latter assumes that an image
6

is omposed of homogeneous regions and some knowledge of the regions: size, region
boundaries or number of regions is required.
Pal ategorises segmentation methods into: grey level thresholding, iterative

pixel lassi ation, surfa e based segmentation, segmentation of olour images, edge dete tion and methods based on fuzzy set theory.
One simple and popular segmentation te hnique is grey level thresholding, whi h

an be either based on global (all the image) or lo al information. In ea h s heme a
single or multiple thresholds for the grey levels an be assigned. The philosophy is
that pixels with a grey level  x belong to one region and the remaining pixels to
other region. In any ase the idea is to partition into regions, obje t=ba kground,
or obje ta =obje tb = : : : ba kground. The thresholding methods rely on the assumption
that the obje ts to segment are distin tive in their grey levels and use the histogram
information, thus ignoring spatial arrangement of pixels. Although in many ases good
results an be obtained, in the parti ular ase of MR images, the intensities of ertain
stru tures are often not uniform due to inhomogeneities of the magnets and therefore
simple thresholding an divide a single stru ture into di erent regions. Another matter
to onsider is the noise intrinsi to the images that an lead to a mis lassi ation. In
many ases the optimal sele tion of the threshold is not a trivial matter.
Another te hnique for segmentation is Iterative Pixel Classi ation. This methods rely on the spatial interrelation of the pixels with its neighbours. Markov Random
Fields (MRF), Gibbs Random Fields (GRF), probabilisti relaxation and neural networks methods onsider the features or hara teristi of a pixels as well as a ertain
neighbourhood of pixels. Energy fun tions, ompatibility measures or training of networks determine the lassi ation. In parti ular MRF [18, 25, 42℄ have been widely
used in the lassi ation of medi al images with good results.
Surfa e based segmentation onsiders that the image exhibits surfa e oheren e
and therefore any kind of image an be modelled as a noisy sample of eight surfa e
primitives: peak, pit, ridge, saddle, ridge, valley, saddle valley, at and minimal. These
te hniques are mostly related to range image segmentation and as MR images represent
histologi al uts or 2-D surfa es the te hniques may not be appli able.
Colour images ontain important information about the per eptual phenomenon
of olour related to the di erent wavelengths of visible ele tromagneti spe trum. In
many ases, the information is divided into three primary omponents Red, Green
and Blue or psy hologi al qualities hue, saturation and intensity. Prior knowledge of
the obje ts olour an lead to lassi ation of pixels but this is not always known.
Segmentation an be performed in the three di erent elds and the results merged
into one segmented image. Although MR images do not ontain olour information, a
set of T1, T2 and PD images obtained from the same knee at the same session, ould
provide information in three di erent ranges of intensity, and then a olour equivalent
algorithm ould be used.
Edge dete tion onsists in dete ting abrupt hanges in the grey level intensities
of the images and interpret them as edges of ertain obje ts. The edges are deter7

mined by lo al information and an over ome problems of non-uniformity mentioned
previously for MR images. There are many methods in the literature that use di erent approa hes, like parallel di erential operators su h as Roberts, Sobel and Prewitt
gradients or Lapla ian operator. The operators respond di erently to verti al, horizontal, or diagonal edges, orners, lines or isolated points. An important parameter to
onsider is noise immunity. Marr and Hildreth [29℄ propose the Lapla ian of Gaussian
as the best operator; it is di erential and it an be tuned at any s ale to dete t both
sharp and blurry edges. If the images are immersed in additive, white Gaussian noise,
and antisymmetri features, step or ramp edges, are to be dete ted, then Canny's algorithm [5℄ is a major ontribution to edge dete tion. To this date, his paper has more
than 500 s ienti itations [32℄. A ording to Canny, an edge dete tor should omply
with three riteria: good signal to noise ratio, good lo ality and small number of false
edges. The Canny method looks for lo al maxima of the gradient of intensity input
image. This gradient is approximated from onvolutional lters by the derivative of
a Gaussian lter. A double threshold is used to dete t strong and weak edges. Weak
edges are only in luded if they are onne ted to strong edges. These thresholds are
important in the determination of the edges. Figure 3 (b, ) show two results of
edge dete tion of a Magneti Resonan e image of a human knee. Some interesting
properties of the zero- rossings an be observed. On the lower stages, the number of
zero- rossings is very high as the noise of the image tends to reate zero- rossings. As
it is expe ted, as the stage rises, the number of rossings de rease. On the other hand,
as the level in reases, the shape an be ome slightly distorted. As the gure shows,
the zero- rossings alone are not suÆ ient to provide an a urate segmentation of the
image, but these zero- rossings ould be in orporated into the previous results to delimit the regions des ribed by texture or other methods. Edge dete tion is a te hnique
that an be used to omplement any MR image segmentation pro edure.
Finally, methods based on fuzzy set theory rely on the idea that impre ise
knowledge an be used to de ne an event. The un ertainties that an arise from
impre ise or in omplete information (su h as regions not perfe tly de ned) an be
handled by fuzzy set theory. Many algorithms have been proposed for fuzzy lustering,
fuzzy thresholding and fuzzy edge dete tion, and it may be interesting to apply some
of these for MR images.
Adaptive Segmentation is proposed by Wells [38℄ as a new method that over omes
problems of intensity based lassi ation by using the Expe tation Maximisation algorithm and knowledge of the tissue intensity and intensity inhomogeneities to orre t
and segment MR images. More re ently, Suri [37℄ divides the te hniques used for
2-D brain segmentation in: Unsupervised: Atlas based, Edge based, Probability
based, Cluster based, Texture based, Knowledge based, Neural Network based; and
Supervised: Parametri and Geometri . The author onsiders that the deformation
te hniques have had major su ess and proposes the fusion of geometri and fuzzy lustering as a ombination of the supervised and unsupervised methods as the so- alled
state-of-the art method. The fusion of parametri te hniques with other te hniques
8

(a)
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Figure 3: A MR image of a human knee (a) and the Canny edge dete tion with two
di erent thresholds (b, ).
is also proposed. From this arti le the idea of a ombination of te hniques is very
important in order to propose a new and powerful method.
2.4

Multiple Resolution

An amount of resear h has been ondu ted in multiple resolution or multiple s ale
analysis (for example [26℄). In Medi al Image Pro essing, as well as in many other
dis iplines, the signi an e or importan e of a ertain stru ture will depend on the s ale
or resolution at whi h it is being observed. Resolution an determine if the stru tures
in an image are ells, tissues, organs or limbs, it is a variation of the lassi al problem
of observing the tree or observing the forest. The pixels in the image de ne the level
of detail, and, in most ases, the neighbouring pixels are highly orrelated and then
some information is redundant. By averaging and smoothing the pixel values the image
pixels are de orrelated, and the spatial de nition is redu ed into a new oarser image.
By removing detail, further pro essing on the oarser images is simpli ed as oarser
images have generally less information. Noise present in the image is smoothed and
unne essary detail an be suppressed. One method of observing an image at multiple
s ales is by the onstru tion of a pyramid. As proposed by Burt and Adelson [3℄, a
Gaussian pyramid is onstru ted by su essive levels in whi h the pixels are weighted
and averaged up to the next level giving a low pass ltering e e t.
Let the original image I have dimensions for rows and olumns Nr  N . Let
L = 1; 2; : : : ; N and Lr = 1; 2; : : : ; Nr be the horizontal and verti al spatial domains,
and G = 1; 2; : : : ; Ng the set of grey tones. The image I an be represented the as a
fun tion that assigns a grey tone to ea h pair of oordinates:
Lr

 L ; I : Lr  L ! G
9

(1)

Let the original image I be onsidered as the bottom level of the Gaussian pyramid
The rst level, g1 is obtained through a low pass lter or redu tion of g0 . For every
level, the superior will be obtained then:

g0 .

= REDU CE (gk 1 )
(2)
Ea h node i; j of the higher level is a weighted average of the values of the lower
level within a 5  5 window w(m; n):
gk

X2 X2 w(m; n)g

(3)
k 1 (2i + m; 2j + n)
2 n= 2
The weights assigned to the nodes within the window are determined by a generating kernel de ned by the following onstraints:
gk (i; j )

=

m=

w(m; n)

= w^ (m)w^ (n)
2
w
^ (m) = 1
m= 2
w
^ (i) = w^ ( i)

X

(4)

whi h are satis ed when:
w
^ (0)

=a
1
w
^ ( 1) = w^(1) =
4
1 a
w
^ ( 2) = w^ (2) =
4 2

(5)

When a = 0:4 the kernel has a Gaussian-like shape. The e e t of the ltering will
redu e by half the number of nodes in the image.
The reverse of the fun tion REDU CE is EXP AN D whi h interpolates new node
values between given values. Let gk;n be the result of expanding n times gk . Then
= EXP AN D(gk;n 1 )
(6)
Ea h node i; j of the higher level is a weighted average of the values of the lower
level within a 5  5 window w(m; n):
gk;n

X2 X2 w(m; n)g

i

m j
;

n

)
(7)
2
2 n= 2
Figure 4 show a Gaussian pyramid onstru ted from a MR image of a human knee.
gk;n (i; j )

=4

m=

10

k;n

1( 2

Figure 4: Gaussian Pyramid onstru ted from a MRI of a Human Knee. Images
ontain 512x512, 256x256, 128x128, 64x64 and 32x32 pixels.
The Lapla ian pyramid is derived from the Gaussian pyramid and provides an
interesting des ription of the data with a lter e e t that an be used to obtain
edges through a zero- rossing dete tion. The Lapla ian is a sequen e of error images L0 ; L1 ; L2 ; : : : ; LN ea h being the di eren e between two levels of the Gaussian
Pyramid:
Lk

= gk

EXP AN D (gk+1 ) = gk

gk+1;1

(8)

As mentioned before, the Gaussian pyramid presents a low-pass ltering e e t over
the images. Ea h su essive stage of the pyramid is onstru ted by redu ing a previous
step. At ea h pixel, a weighted average of the neighbouring pixels is al ulated. By
subsampling, every su essive stage of the pyramid is omposed of less pixels. The
inverse pro edure of expansion generates an image with the same number of pixels as
the previous stage of the Gaussian pyramid with a blurred e e t. The di eren e of
two images redu ed and expanded up to a di erent stage of the pyramid orresponds
to a ertain level of the Lapla ian pyramid, whi h has an overall impression of a Band
Pass lter (see gure 5). The Lapla ian pyramid has a Gaussian histogram entred in
zero. Therefore, zero- rossings of the image an be obtain and represent edges of some
features.
Pyramids and other multiple resolution te hniques have been used in di erent image
segmentation, texture and lassi ation problems with good su ess (for example see
[2, 4, 6, 11, 21, 36, 39℄). The author believes that a multiple resolution approa h
an be useful in the medi al image segmentation problem and will further develop the
framework to use multiple resolution as a tool to be in luded.
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(a)

(b)

()

Figure 5: Three di erent levels of a Lapla ian Pyramid onstru ted from a MR image
sli e of a human knee.
2.5

Texture

A ording to Sonka [35℄, the on ept of texture is intuitively obvious but is has been
diÆ ult for the Image Pro essing ommunity to give a satisfa tory de nition. Texture
relates to the surfa e or stru ture of an obje t and depends on the relation of ontiguous elements. Wilson and Spann [40℄ emphasise that textured regions are spatially
extended patterns based on more or less a urate repetition of some unit ell, the
origin of the term is related with the raft of weaving. Gonzalez [16℄ relates texture
to other on epts like smoothness, neness, oarseness, graininess, and des ribes the
three di erent approa hes for texture analysis: statisti al, stru tural and spe tral. The
statisti al methods rely on the moments of the grey level histogram; mean, standard
deviation, skewness, atness, et . These an give interesting information about the
image but have the drawba k that there is no information about the relative position
of the pixels.
Stru tural methods look for a basi pattern in the image, a texture element, and
then des ribe the region a ording to the repetition of the the pattern. The pattern
an be s aled, rotated, translated, or its grey levels in reased or de rease through an
aÆne transform. In many ases this is a very powerful tool, but many images do not
ontain a pattern that an be repeated. In ontrast, spe tral methods rely on the
Fourier transform of the image. Those images that present periodi stru tures are
ideal for these methods.
Sonka stresses that texture is s ale dependent, therefore a multi-s ale or multiresolution analysis of an image is required if texture is going to be analysed. There is
extensive resear h in texture analysis; Harali k [17℄ is a basi referen e for statisti al
and stru tural approa hes; MRF's are used by Cross and Jain [9℄ and Kervrann [25℄.
Keller [24℄ use Fra tal geometry to des ribe texture, multiresolution approa hes to
12

texture are used by [2, 21, 27℄.
Texture will be more and more important as the resolution of the MR or CT
equipment in reases. The urrent resolution already allows the texture of bone and
mus le to be easily seen. Further in reases in s anning resolution will reveal texture of
soft tissues in a similar way that mi ros opes sli es reveal texture of bones, artilages,
tendons or the skin. The textures en ountered in MR di er greatly from syntheti
textures, whi h tend to be stru tural and an be often be des ribed with textural
elements that repeat in ertain patterns. MR texture exhibits a degree of granularity,
randomness and, where the imaged tissue is brous like mus le, dire tionality. Thus, in
general, these textures an be hara terised best by statisti al and spe tral des riptors.

3

ANALYSIS OF THE DATA

The problem to be solved is to segment the human knee joint data into a set of nonoverlapping regions of homogeneity orresponding to di erent anatomi al stru tures.
In this pro ess, di erent lassi ation and segmentation te hniques will be analysed
and ompared to outline a suitable methodology.
The input data to this problem is a series of 87 sli es of 512 x 512 pixels ea h one.
The series of sli es onstitute a three dimensional volume of 512 x 512 x 87 volume
elements ea h with a ertain value of brightness that des ribe a human knee MR image.
Even at this stage, one an easily observe that the omputational burden is huge: we
will have to deal with more than 22 million voxels.
3.1

Grey level thresholding

A rst and simple approa h to segmentation of the data is to analyse the individual
values of brightness of the pixels. This approa h involves only the rst-order features of
a pixel [8℄ sin e the surrounding pixels (or voxels) are not onsidered to obtain higher
order features. As an example, a single sli e of the set is sele ted and displayed in
gure 6(a).
The grey level histogram for the image I ranges from 1 to 2787, being 1 bla k and
2787 white, and is de ned [41℄ as:
#f(k; l) 2 (Lr  L ) : I (k; l) = gg
;g 2 G
(9)
#fLr  L g
where # denotes the number of elements in the set. The histogram ( gure 6 (b))
is quite dense and although two lo al minima or valleys an be identi ed around the
values of 300 and 900 using these thresholds may not be enough for segmenting the
anatomi al stru tures of the image. It an be observed that the lower grey levels, those
below the threshold of 300 orrespond mainly to ba kground, whi h is highly noisy.
The pixels with intensities between 301 and 900 roughly orrespond to the region of
h(g )

=
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Figure 6: Human Knee Sli e MRI: (a) grey level image and (b) its orresponding
histogram.
mus le, but it in ludes parts of the skin, and the borders of other stru tures like bones
and tissue. The upper part of the femur ould be in luded into this region due to the
inhomogeneity of the magneti eld with whi h the image was a quired. Many of the
pixels in this grey level region orrespond to transitions from one region to another.
(The mus les of the thigh; Semimembranosus and Bi eps Femoris in the hamstring
region, do not appear as uniform as those in the alf; the Gastro nemius, and Soleus.)
The third lass of pixels with intensities between 901-2787 roughly orrespond to
bones - femur, tibia and patella are visible - and tissue - Infrapatellar Fat Pad, and
Suprapatellar Bursa. These tissues onsist of fat and serous material and have similar
grey levels as the bones. The most important problem onsists in Bone and Tissue
sharing the same range of grey levels in this MR Image. It is therefore ne essary to
develop a methodology to distinguish su essfully Bone and Tissue as grey level is not
enough.
Some observations about the image are important. In the upper right hand side of the
image, there is a dis ontinuity of the shape of the leg, and the very top of the image
is a solid region of pixels with intensity levels lower than 300. Although these regions
are not ba kground, the inhomogeneity of the magneti eld with whi h the image was
a quired auses the e e t of ba kground. This problem will not be addressed in this
paper. Some anatomi al stru tures like tendons, ligaments and menis i appear dark
in the T1 MRI images, and therefore will be onsidered as ba kground.
If the image were to be segmented using the grey level values of 300 and 900, the
result would yield 3 non-overlapping sets that are presented in gure 7. Roughly the
three sets ontain: ba kground for the levels 1-300, mus le for the levels 301-900 and
bone and tissue for 901-2787. It is now evident that bone and tissue require a di erent
set of des riptors in order to be di erentiated.
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(a)

(b)

()

Figure 7: Three lasses segmented by grey level thresholding: (a) Ba kground, (b)
Mus le and ( ) Bone/Tissue.

The regions of interest in these paper are the anatomi al regions of mus le, bone
and tissue as well as the ba kground. These regions were manually segmented from

the image 6 (a) and their orresponding prototypes are presented in image 8 (a).
The individual histograms of ea h of the regions are shown in gure 8 (b). As it
was expe ted, the grey levels of bone and tissue overlap ea h other. Ba kground and
mus le appear quite separately and with a Gaussian shape. The inhomogeneities of
the magneti eld distorts the upper part of the image and with it the histogram of
mus le, that would be more bell-shaped on the lower levels
3.2

Standard Deviation of the grey level

The standard deviation of a neighbourhood of pixels an provide di erent information
other than the grey level of the image. For this purpose, a neighbourhood is de ned.
The size of the neighbourhood an be important as it determines the s ale at whi h the
data is analysed, Sonka stresses that texture is s ale dependent, therefore a multi-s ale
or multiresolution analysis of an image is required if texture is going to be analysed.
The mean of the intensity of the grey levels in a neighbourhood of size (2x+1; 2y +1)
at oordinates (i; j ) is de ned by:

X X

y
x
1
I (i + m; j + n)
=
(2x + 1)(2y + 1) m= x n= y
and the standard deviation:
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Figure 8: (a) Four manually segmented regions: Ba kground, Mus le, Bone and Tissue,
and (b) their orresponding histograms.
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(2x + 1)(2y + 1)

Xx Xy [I (i + m; j + n)

℄2
(11)
1 m= x n= y
In order to determine an adequate size of the neighbourhood from whi h to obtain the standard deviation of the intensities of the pixels, the stages of the Gaussian
pyramid of gure 4 were analysed: the relative frequen ies of the intensity levels are
shown in gure 9. The level g0 of the pyramid is the original image and the relative
frequen ies follow those of the histogram of gure 6 (b). The results for level 1 still
show a similar shape with valleys around intensity levels of 300 and 900. Level 2 shows
a very di erent shape, the valley around 300 now shows two lo al minima at 200 and
400 and a lo al maximum around 300. This new feature is even more pronoun ed in
level 3. This level suggest that a neighbourhood of size 8 an yield interesting results.
With a neighbourhood of size 8  8 the standard deviation of the pixel intensities
of gure 6 was al ulated ( gure 10 (a)). It is interesting to observe that the
higher values of the standard deviation orrespond to the transition regions, roughly,
those values higher than 350 are lose to the edges of bones tissue and skin. Those
values lower than 350 orrespond to more homogeneous regions, and a ount for more
than 92% of the total elements. Thus, the 8% with values greater than 350 ould be
onsidered as transition regions between bone and mus le, bone and tissue or tissue
and ba kground.
3.3

The

o-o

urren e matrix

The o-o urren e matrix de nes the joint o urren es of grey tones (or ranges of tones)
and is onstru ted by analysing the grey levels of neighbouring pixels for a given image
I . Let the original image I with dimensions for rows and olumns Nr  N be quantised
to Ng grey levels. The o-o urren e matrix will be a symmetri Ng  Ng matrix that
will des ribe the number of o-o urren es of grey levels in a ertain orientation and a
ertain pixel distan e. The individual value of the unnormalised o-o urren e matrix
P (i; j ) will be determined by the grey levels i and j and the number of times that the
grey levels appear as neighbours in the original image within a distan e d and with an
orientation . For instan e for a matrix of distan e d = 1 and  = 135o :
P (i; j; 1; 135o )

= #f((k; l); (m; n)) 2 (Lr  L )  (Lr  L ) j
(k m = 1; l n = 1); I (k; l) = i; I (m; n) = j g

(12)

In other words, the matrix will be formed ounting the number of times that to
pixels with values i; j appear ontiguous in the dire tion down-right. From this matrix
di erent features like entropy, uniformity, maximum probability, ontrast, orrelation,
di eren e moment, inverse di eren e moment, orrelation an be al ulated [17℄ in the
following way:
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Figure 9: Relative frequen ies of grey levels for four di erent levels of the Gaussian
Pyramid presented in gure 4: (a) Level 1 (b) Level 2 ( ) Level 3 (d) Level 4.
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Figure 10: Des riptors of gure 6(a) al ulated over an 8  8 neighbourhood tessellation: (a) Values of Standard Deviation of the pixel intensities (b) Di eren e moment
of order 2 of the o-o urren e matrix.
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The o-o urren e matrix was al ulated for neighbourhoods of size 88 in the same
fashion as the standard deviations were al ulated. The grey levels were quantised to 8
levels or 3 quantising bits and the features of maximum probability, entropy, uniformity,
di eren e moment of order k and its inverse were al ulated. Of parti ular interest was
the di eren e moment of order 2 whi h is presented in gure 10 (b), be ause the values
for the tissue (Infrapatellar Fat Pad) appear to be di erent to the bone region.
The major disadvantage of the o-o urren e matrix is that its dimensions will
depend on the number of grey levels. In many ases, the grey levels are quantised
to redu e the omputational ost and information is lost inevitably. Otherwise, the
omputational burden is huge.
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Figure 11: Bhatta haryya distan e ases (a) di erent means with small varian es (b)
Similar means, di erent varian es.

3.4

Bhatta haryya distan e

In order to obtain a quantitative measure of how separable two lasses are, and therefore justify the use of the third des riptor, a distan e measure is required. In [8℄ the
Bhatta haryya distan e measure is presented as method to provide insight of the behaviour of two distributions. The varian e and mean of ea h lass are omputed to
al ulate a distan e in the following way:
B (i; j )

=

1 (  )2
1 1 i2 j2
lnf ( 2 + 2 + 2)g + f i2 j2 g
4 4 j i
4 i + j

where: B (i; j ) is the Bhatta haryya distan e between i
i
is the varian e of the i th lass, and
i
is the grey level of the i th lass.

th

and j

(18)
th

lasses,

The rst term of the distan e measure depends solely of the varian es of the distribution. If the varian es are equal this term will be zero, and it will grow as the
varian es are di erent. The se ond term, on the other hand will be zero if the means
are equal and is inversely proportional to the varian es. If the means are di erent, then
small varian es are desired to have a large distan e measure. On the other hand, if the
means are similar, the varian es should be signi antly di erent in order to separate
the lasses. Figure 11 represents this two ases.
With the values of mean and standard deviation of the four regions within the
regions of interest, the Bhatta haryya distan e was al ulated and the results are
presented in table 3.
The important result of the values of the Bhatta haryya distan e measure is the
small distan e between the tissue and the bone lass. It is therefore ne essary to inlude another des riptor to a hieve a proper segmentation of these two lasses.
To observe qualitatively the third des riptor, namely the di eren e moment of order
2, the s atter plots of the four sele ted regions were performed. The results of gure
12 (a) orresponding to the s atter plot between mean versus standard deviation are
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Ba kground
91 49
Mus le
696 140
Bone
1605 212
Tissue
1650 227

Ba kground Mus le Bone Tissue
0
4.36 12.51 11.70
4.36
0
3.25
3.26
12.51
3.25
0 0.0064
11.70
3.26 0.0064
0

Table 3: Mean and varian e values for lasses and Bhatta haryya distan e
500

10

450

9

♦
x

400

.o

Background
Muscle
Bone
Tissue

.

7
Difference moment

standard deviation

350

300

250

200

6

5

4

150

3

100

2

50

1

0

♦ Background
x Muscle
o Bone
Tissue

8

0

200

400

600

800

1000
mean

1200

1400

1600

1800

2000

(a)

0

200

400

600

800

1000
mean

1200

1400

1600

1800

2000

(b)

Figure 12: S atter plots of the four sele ted se tions: ba kground, bone, tissue and
mus le (a) Mean - Standard Deviation, (b) Mean - Di eren e moment of order 2.
interesting, be ause even though the points are only a sample of the lasses, ba kground and mus le are easily di erentiable as the Bhatta haryya distan e indi ated.
Bone and tissue appear in the same region and are not easily di erentiable. In gure
12 (b), the bone appears to have a higher value of the di eren e moment of order 2,
than that of the tissue. There is still an overlap of the lasses, but many tissue points
(like those with mean lower than 1200 or lose to 1800) ould be now separable from
the bone. The values of ba kground and mus le are spread in a similar distribution to
bone, only tissue have lower values as it was previously seen in gure 10 (b).
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Figure 13: (a) Primitive tessellation operators and (b) Se ond orientation pyramid of
order 3 for frequen y domain tessellation used to analyse the frequen y domain ( )
Tree des ription of the regions of the pyramid.

3.5

A Sub-band Filtering Approa h

The frequen y domain presents another useful sour e of information even if the textures
to be analysed do not present a high degree of regularity or repetition. Wilson and
Spann [40℄ propose a set of operations that subdivide an image into smaller regions.
The quadrant operator, whi h divides the image into four quadrants, and the entresurround operator, whi h splits into an inner square region and a surrounding annulus,
are illustrated in gure 13. The dimension for the quadrants are Q1f1 : : : N2r ; 1 : : : N2 g,
Q2f1 : : : N2r ; N2 +1 : : : N2 g, Q3f N2r +1 : : : N2r ; 1 : : : N2 g, Q4f N2r +1 : : : N2r ; N2 +1 : : : N2 g,
and for the entre-surround f N2r +1 Nxr : : : N2r + Nxr ; N2 +1 Nx : : : N2 + Nx g, sfI g.
Where x determines the dimensions of the inner entre, if x = 41 , the width of the entre is one half of the original image. It will be assumed that Nr = 2a ; N = 2b so that
the results of the divisions are always integer values.
Combining the operators in diverse ombinations and order an yield di erent tessellations, as the well known Gaussian and Lapla ian Pyramids. For this work, the Se ond
Orientation Pyramid presented in gure 13(a) was sele ted for the tessellation of the
frequen y domain. The main hypothesis to be tested is that the di erent stru tures
to be segmented ontain di erent frequen ies and orientation, spe ially between tissue
and bone.
Wilson and Spann proposed the following steps to obtain the feature image omponents of a given image I :
1. Cal ulate the Fourier transform of the image I! = FfIg
2. Multiply the transformed image by a window fun tion (a Gaussian instead of a
f.p.s.s. will be used) orresponding to the j th region I! Gj
3. Inverse transform the data F 1 fI! Gj g
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Ea h region of the tessellation yields a result a ording to the previous pro edure,
the regions orresponding to the rst two levels of the pyramid, tessellations 2 to 14
are presented in gure 14 (a). The rst observation is the high pass nature of the
ba kground of the image in regions number 2, 3, 6 and 7. It was expe ted that the
ba kground would be mainly noise and therefore of high frequen y in nature. Region
8 is a low pass ltered I. The other regions, also of high frequen y, have their higher
intensities equally in bone, tissue and mus le, whi h might hara terise its texture in
other levels. In gure 14 (b) The fourth level of the pyramid, regions 23 to 35 are
presented. The higher intensities are now distributed among the di erent stru tures
depending on the frequen ies and orientation of ea h se tion.

4

COMPARATIVE RESULTS

With the obje tive of segmenting the three anatomi al stru tures, namely, mus le,
tissue and bone, as well as the ba kground of the image, the average values of the four
previously determined hand segmented regions were onsidered as initial onditions.
A K-means segmentation algorithm as des ribed in [30℄ and proposed by [28℄ was
implemented. In the rst ase, the des riptors: mean, standard deviation and di eren e
order moment of order 2 of the o-o urren e matrix were obtained for three di erent
s ales using tessellations of sizes 4  4, 8  8, and 16  16. The nine features were used
in a lassi ation. The lasses, as in the further lassi ations, are represented by the
following intensity values: 1 ba kground, 2 mus le, 3 bone, and 4 tissue. Figure 15
(a) presents the results. In gure 15 (b) the individual stru ture lasses are presented:
Transition, Mus le, Bone and Tissue. Two important observations should be noted.
First, the tissue region under the patella and next to the femur, that has the same
grey level intensity as the bones: femur, tibia and patella, is now separated into a
di erent lass. Se ond, the results appear in mosai s and not as sharp in the borders
of stru tures due to the tessellations used to al ulate the features. It is evident that
the upper region of the image is mis lassi ed due to the inhomogeneity of the magnet
during the MRI a quisition pro ess.
The frequen y sub-band ltering approa h yields similar results when lassifying
with k-means. The rst lassi ation was done with regions 1 to 7, the se ond with
region 2 to 14, the third with 2 to 21 without 8, and so on, adding 6 regions at ea h
level. The lassi ations for the rst ve levels were al ulated and gure 16 presents
the results for levels 1, 3, 5. The results are interesting, in the rst level of the pyramid,
there are not enough elements to learly distinguish bone and tissue, but as the levels
in rease, these regions be ome more uniform and smooth. On the other hand, the rst
lassi ation still keeps very ne details, like the artilage between the femur and the
infrapatellar pad.
In order to ompare numeri ally the di erent gures a simple error metri was
al ulated ounting the number of pixels that were orre tly lassi ed, a ording to
the hand segmented masks of gure 8 (a) and dividing them over the number of pixels
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(a)

(b)
Figure 14: Two separate levels of the Se ond Orientation Pyramid, ea h ontaining 13
Regions: (a) rst two levels of the Se ond Orientation Pyramid, regions 2 to 14, (b)
third and fourth level, regions 23 to 35. .
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(a)

(b)

Figure 15: K-means lassi ation of MR image of a human knee based on 9 parameters:
mean, standard deviation and di eren e order moment of order 3 of the o-o urren e
matrix of three tessellations of size 4  4, 8  8 and 16  16. (a) Four lasses represented
by intensity values: 1 - ba kground, 2 - mus le, 3 - bone and 4 - tissue. (b) Four lasses
individually presented.

(a)

(b)

()

Figure 16: K-means lassi ation of MR image of a human knee based on frequen y and
orientation regions from (a) First level of the Se ond Orientation Pyramid (b) Se ond
level of the Se ond Orientation Pyramid ( ) Third level of the Se ond Orientation
Pyramid.
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Figure 17: Error ratio omparison between Frequen y domain sub-band ltering and
Spatial domain features, o-o urren e matrix, varian e and mean.
mis lassi ed.

Pn #f(k; l) 2 (Lr  L ) j (k; l) 2 Ci \ (k; l) 2 Mig
P
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#f(k; l) 2 (Lr  L ) j (k; l) 2 Ci \ (k; l) 2 M g
i=1

i

(19)

where: e is the error ratio of orre tly lassi ed and miss lassi ed pixels,
n the number of lasses, in this ase n = 4,
Ci the i th lass,
Mi the i th Mask, and
Mi the omplement of the i th Mask.
The error ratio for the rst vel levels of the Pyramid was ompared against the error
ratio of the results for the o-o urren e matrix method. Figure 17 presents this
omparison. The maximum error ratio orresponds to the third level of the pyramid,
and from this level, the pyramid method is better than teh o-o uren e method.

5

FUTURE WORK

In the previous se tions two lassi ation s hemes were performed over one single
MR image of a human knee. It an be observed that the segmentation of medi al
images into anatomi al stru tures is not an easy task that an be ta kled by one
simple algorithm. In many ases, the spe i
lini al problem at hand may de ne the
proper approa h. Careful analysis of the data, resear h of the urrent methods and
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(a)

(b)

()

Figure 18: T1, T2 and PD MR Images of a human knee.
te hniques and extensive experiments will have to be arried out in order to propose a
robust exible framework for segmentation of MR data.
In order to develop a more robust segmentation framework several improvements
are required. Some of them ould be the ombination of:



Corre tion or ompensation of the inhomogeneities of the magneti
image.





Use of multispe tral information in the di erent weighting methods of MRI

eld in the

Use of Gradient (Edge) information.
Analysis of the data in the frequen y domain.

It is very important that a orre tion or ompensation for the inhomogeneities of
the magnet an be obtained. Wells [38℄ propose a method of orre tion of the magneti
eld while obtaining the segmentation of the images through adaptive segmentation.
Dawant [12℄ proposes other methods for orre tion of a bias eld that depend on several
hand pi ked points over the image. Both methods should be analysed to obtain a better
result.
Another improvement is to in orporate the di erent ontrast sequen es that are
possible with Magneti Resonan e Imaging pro ess. A single tissue an appear quite
di erently in T1, T2 and PD images. Figure 18 show examples of these three weighting
methods. While the artilage region that surrounds the ondyles appears dark in the
T1 image, is looks bright in the T2 image. The bone that appears bright in the T1
image appears dark in the PD image. Three parallel sets of T1, T2 and Proton Density
images of the same region with the same a quisition parameters would be required to
pro ess them as it is done in olour segmentation.
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6

CONCLUSIONS

In this work a human knee image a quired through Magneti Resonan e was analysed
and segmented. First the histogram was analysed and used for a simple lassi ation
by thresholding. Then, by the use of three des riptors of the data, namely, intensity, standard deviation and a di eren e order moment of the o-o urren e matrix.
The segmentation was improved and ve lasses ould be distinguished: ba kground,
mus le, bone and tissue and a transition lass with a ertain degree of su ess.
The rst on lusion of the present work is that the task of segmentation of Magneti Resonan e Images is not straightforward. The task is even more ompli ated sin e
anatomi al stru tures are not regular having variable and omplex shapes, non-periodi
textures, and artifa ts and inhomogeneities due to the a quisition of the images. Even
if the magnet inhomogeneities are orre ted, the proper sele tion of a series of des riptors of the data that an di erentiate su essfully the anatomi al stru tures is
non-trivial. So far, intensity, standard deviation, o-o urren e matrix and frequen y
domain orientation have been onsidered to be of use in the des ription of the data.
The in orporation of edges and texture to determine \what" is \where" also presents
a further development that ould be very useful. The edge information obtained
through the zero- rossing ould help to determine the pre ise boundary lo ation between two lasses.
Di erent lassi ation s hemes must be studied to determine the best for the given
tasks. Here only K-means was onsidered, but others like Expe tation Maximisation
ould be used. Wells [38℄ proposed a lassi ation method that takes into a ount
inhomogeneities of magneti eld and determines a \bias" map while doing the lassiation in orporating into the image model ould prove fruitful.
The results presented in this report onsist solely of two dimension images. The
extension to three dimensions ould be done easily in some ases, but in others, is less
obvious or pra ti al. Texture in three dimensions is an interesting and important area
of resear h whi h we hope to study further.
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