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ABSTRACT

We present a new wavelet-based strategy for autousrfeature extraction and segmentation of carstiactures in
dynamic ultrasound images. Image sequences sutjexie multidimensional (2D plus time) wavelet sfoirm yield a
large number of individual subbands, each codingpartial structural and motion information of thérasound
sequence. We exploited this fact to create an aisafyrategy for autonomous analysis of cardiaasdiund that builds
on shape- and motion specific wavelet subbanddiltsubband selection was in an automatic manrssdban subband
statistics. Such a collection of predefined subkaswresponds to the so-called footprint of thgdastructure and can
be used as a multidimensional multiscale filterdetect and localize the target structure in thgiwal ultrasound
sequence. Autonomous, unequivocal localization By autonomous algorithm is then done using a péeakng
algorithm, allowing to compare the findings withreference standard. Image segmentation is thenbb®assing
standard region growing operations. To test tlasifslity of this multiscale footprint algorithm,entried to localize,
enhance and segment the mitral valve autonomonsly2 non-selected clinical cardiac ultrasound saqes. Correct
autonomous localization by the algorithm was fdasibh 165 of 182 reconstructed ultrasound sequenesisag the
experienced echocardiographer as reference. Thissponds to a 91% accuracy of the proposed methodselected
clinical data. Thus, multidimensional multiscale wetket footprints allow successful autonomous dé&tactand
segmentation of the mitral valve with good accuratylynamic cardiac ultrasound sequences whicho#lrerwise
difficult to analyse due to their high noise level.
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1. INTRODUCTION

Ultrasound is one of the most widely used imagiraglatities in medicine because it is noninvasive,associated with
radiation exposure or potentially toxic contrastrg; in addition ultrasound machines are relatiidxpensive.

In opposite to computer tomography or magneticrasoe imaging, where image data are often “nicemvork with,
ultrasound image sequences pose a major challemgenfige segmentation and feature extraction, lsecthey are
characterized by a high speckle noise contentelargnsity changes within objects, and often ditiocoous contours.
Further analysis is complicated by the fact thgecis and noise may have similar scales, makinglsimoise filtering
approaches problematit®. Thus, ultrasound imaging has largely remainediedd fwhere subjective, at most
semiquantitative description is much more importdran objective and quantitative analysis, resgltin a high
dependence on observer expertise and intraobseariability.

The development of improved algorithms for sucaddsiage segmentation and feature detection inmhjmaltrasound
images is an important step in the long-term gbalubtomated objective and quantitative analysidysfamic ultrasound
images. While cardiac ultrasound is already a keyriiment to diagnose and monitor the most fregetimal disease of
the western world, i.e. heart disease, advancedamaocessing algorithms may even render this exame suited for
earlier, more objective diagnoses by reducing siivjéy of the exam.

In this paper we present a new wavelet-based gyrdte autonomous feature extraction and segmemtaif cardiac
structure in dynamic ultrasound images. In a #gberimental setting we chose the mitral valve (tiet valve of the
left heart ventricle) as target for detection big ttechnique. Experimentally, we tested the reliighdf the autonomous
detection and segmentation of the mitral valve88 honselected clinical cardiac ultrasound sequence



2. METHODOLOGY
Recently research in applied mathematics and sjgoakessing has led to the development of powerévelet methods
for multiscale representation and analysis of digria important difference of these new tools canegl to traditional
Fourier techniques is an improved capability fardioanalysis because the wavelet basis functions logal support.
Applied to medical ultrasound sequences the useastlets * allows to separate image content into a large rurob

individual subbands, each coding for specific stread information (Figure 1a) and motion charadies (Figure 1b) in
regard to scalg
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Figure 1. Example of an ultrasound image (left side) wavagtomposition and reconstruction of
individual subbandsa) 2D wavelet transform in space and individual retarction of subbands shows
structural image features retained in those suldhandlD wavelet transform and reconstruction in time
of the corresponding ultrasound sequence of tiggnadiimage shows motion ultrasound sequence

features retained in individual subbands. Note tthiatis a simplified description of our algorittdasign,
which combines decomposition in space and time.
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Wavelet packet decompositiGna modification of standard wavelet decompositisas used in a multiscale approach.
Whereas conventional wavelet analysis decomposkstloa lowpass subbands iteratively, wavelet packetnsform
also high pass subbands (Figure 2). Compared ypieat 2D wavelet image decomposition, this leadlsatnearly
fourfold increase in the number of subbands. Tleeepacket wavelet transform yields a huge libmafryndividual
subbands giving a high degree of freedom to selgubands that are shape- and motion-specific #taiget structure.
Because the dimension of the datasets in spacéraadxis is very different in ultrasound imagdg\t were subjected
to different decomposition depths of the wavelahs&form, what can easily be done due the sepayadilthe algorithm

in individual dimensions. Special care was givertht® handling of borders in wavelet decompositiog;used mirror
symmetry.

Figure 2. 2D packet wavelet decomposition and image recocisbn from

individual subbands of a single ultrasound imagateNhat only a three level 2D
packet wavelet decomposition is shown, whereasns@dgeomposition steps in space
and four decomposition steps in time were perforomtsecutively in our algorithm.



2.1 Wavelet “footprints”

Moving cardiac structures have a specific motiottgga and a defined shape. When subjected to adimuénsional

(2D plus time) wavelet transform, this yields highdpecific “footprints” in the wavelet domain. Basen this

observation we created an environment for autonsnaoalysis of cardiac ultrasound.

To test the feasibility of our algorithm we chobe tnitral valve as target structure. The mitralvgads the inlet valve of
the left main cardiac chamber is a moving struct&apid motion occurs two to three times within tiesart cycle

corresponding to time scale of about 50 to 200 Wave thickness is about two to three millimetersd dateral

dimensions are in centimeter range. The orientaifdhe valve was perpendicular to the ultrasouesinin.

2.2 Filter construction

In the first experimental setting we tried to idgnthe characteristic wavelet footprint of thegat structure to the filter
bank so that we could build a universal multidimenal multiscale filter to detect and segement thigal valve
autonomously. Therefore we analyzed four indepeneem sequences.

Image size in space was 256 times 240 pixel (8awit) there were on average 25 frames for a compkde cyle.
Seven wavelet packet decomposition levels wereopedd in space, while in the time dimension, 4 dgoosition
levels was performed. The subbands of the libragewhen reconstructed separately for individuah@ration of their
contribution to the target structure. For all restomcted subbands the sinus-to-noise ratio andygriercomparison to
the region of interest of the target structure weleulated.

In order to build the target-specific “footprintitér, subband selection was done in an automasiomar based on pixel
statistics. Those subbands which preserved mogtheokenergy of the target structure with an accépt&NR were
chosen by thresholding. Due to the orthogonalitythd used wavelet bases selected subbands coutdrbkined
arbitrarily.

2.3 Autonomous Analysis

In the following experimental setting we used tlewly created footprint filter in 182 non-selectdihical cardiac
ultrasound sequences to test the applicability matidbility of our algorithm. Unequivocal localizah of the target
structure by the autonomous algorithm was perforimgdising a peak finding algorithm, allowing cornipan of the
findings with a reference standard. Image segmentatas then performed using standard region grgwirerations.
As gold standard for the correct location of thérahivalve in the cardiac ultrasound sequencesevidgalization was
performed by an experienced echocardiographer.

In addition the “footprint” was also used for shagpeecific image enhancement that is useful fohentisual analysis.



4. RESULTS

The use of target specific wavelet footprints ledsignificant enhancement of the predefined strecin every

reconstructed ultrasound sequence and significautppressed noise and non related cardiac strecageshown in
pixel statistics of a mitral valve region of intste&ersus non-related image regions (p < 0.05Tsst).

Correct autonomous localization by the algorithns wahieved in 165 of 182 reconstructed ultraso@ggiences, using
the experienced echocardiographer as reference. cbnresponds to a 91% accuracy of the proposeboaeit the

same time, the algorithm inherently led to markeslective image enhancement specific for predefstadctures as
shown in the figure 3. This, in turn, permits rbl@automatic image segmentation in this high-noisging modality.
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Figure 3. Original frame of dynamic ultrasound sequence)(thping early systole. Use of the multididimensibn
multiscale wavelet footprint algorithm led to enbament of the mitral valve and suppression of metated cardiac
structures (lower left) and localisation (cross ksaof the mitral valve by the autonomous algorittiower middle).
Automatic segmentation of the mitral valve (lowight) corresponds well to the true extent of thwvedtop).



5. LIMITATIONS

Although prior knowledge about the structure oénett is not necessarily needed to design mulésoalltidimensional
filters, there is an intrinsic variability of dimsions in normal and especially in diseased orgHirthe tested sample
differ markedly from the data used to construct fiiers, this may lead to a failure to detect 8tmicture of interest.
However, this proved not to be a major problemundinical test dataset.

In the current implementation, the algorithm idl ensitive to rotational misalignment. We arereuatly about to
improve this point by adding rotational image rémgition to our overall strategy.

Computational requirements for multidimensional elav analysis with segmentation and feature extmadh large
datasets might be a point of concern. Using cufPéhhardware, computation times of about 60 secohssrved in our
experiments for datasets of a size of ~2 MB appeay reasonable. Because wavelets can be compnt€N)

operations, increasing size of datasets and uaifggher number of dimensions is less a concernpeoed to
alternative strategies as e.g. FFT.

6. CONCLUSION

This paper presents an algorithm for autonomousgyémsegmentation and feature detection in movingasgund
images. Multidimensional multiscale wavelet footpsi allow successful autonomous feature detectidnsagmentation
with good accuracy in dynamic cardiac ultrasourgisaces which are otherwise difficult to analyse tlutheir high
noise level.

Remarkably, in the large number of image sequebested, this algorithm was highly successful inedéon of a
feature of interest (the mitral valve) and was dblautonomously localize this object in a largepganrtion of all tested
image despite the known limitations of ultrasoumaging.

User independent objective and quantitative anglgbidynamic ultrasound images is an important adean dynamic
cardiovascular ultrasound, a field where subjectatemost semiquantitative description is still th@minant analysis
strategy.

Future extensions of the present work include appbn to a broader range of target objects lodkedn ultrasound
images, both in medicine and in other fields. Trethud appears equally applicable in other imagiodatities where it
may complement conventional methods.
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