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ABSTRACT

We introduce an automatic 3D multiscale automatgnsentation algorithm for delineating specific argén Magnetic
Resonance images (MRI). The algorithm can procegsral modalities simultaneously, and handle bstirépic and
anisotropic data in only linear time complexity.plitoduces a hierarchical decomposition of MRI scéhging this

segmentation process a rich set of features dasgrithe segments in terms of intensity, shape amation are
calculated, reflecting the formation of the hietacal decomposition. We show that this method calimdate the entire
uterus of the rat abdomen in 3D MR images utilizangombination of scanning protocols that jointthi@ve high

contrast between the uterus and other abdominahsrgnd between inner structures of the rat ut&uoth single and
multi-channel automatic segmentation demonstraih borrelation to a manual segmentation. Whileftloeis here is
on the rat uterus, the general approach can bédgplrecognition in 2D, 3D and multi-channel neadiimages
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INTRODUCTION

Identification of three-dimensional (3D) anatomistluctures is an essential problem in medical enagcessing. It is
a crucial step in the analysis of medical imagempsrting tasks such as diagnosis, visualizatiargntification,

registration, reconstruction, tracking and moree Tim in image segmentation is to partition the genanto its

constituent parts. The desired segmentation istgidtby the type of images dealt with, their mdgladnd anatomical
structures and by the task involved. It is posstblgerform manual delineation, however in case8@fand multi

spectral data this is extremely difficult. For exde) in the rat uterus model, the uterine hornseanbedded in the
abdomen in such a way that it is complicated tatifieeach plane of the crimped horns and diffaegatthem from the
intestines and ovaries. Additionally, performingmaal segmentation is time consuming and does net the required
accuracy and reproducibility demands. Indeed, whiégynetic resonance imaging (MRI) offers high spatsolution,

soft tissue contrast and multiple contrast mecmasishich can be simultaneously exploited to obtaitti-spectral 3D

digital data, MRI is also susceptible to artifasteh as partial volume effect (related to the dirgpatial resolution),
field inhomogeneity, chemical-shift, and motid®] posing significant difficulties on automatiegmentation.

Reviews of MRI segmentation approaches can be fauri@], [15], [18]). Here we briefly list some of the common
methods and their characteristics. Region-based eatgb-based segmentation techniques emphasizectiesfe
within-region similarities and between-region diffaces using appropriate features. Classical relggsed strategies
include region growing, region splitting, and smibtd merge algorithms. Low level region based atgeebased
techniques, which exploit only local informationr feach voxel and do not incorporate global shape undary
constraints are limited when dealing with automaiRl segmentation. Classification techniques uguadisign class
labels to voxels in the volume according to featuakies. Common classification techniques inclugedans, fuzzy c-
means, k-nearest neighbors (K-NN), clustering algors (2],[7]), decision treeg4], and artificial neural network
(ANN)[24]. Methods such as deformable models are paminet curves or surfaces which evolve towardsigsred
location through an energy minimization process €hergy function is based on external forces ddritom the data
(high gradient for instance) and internal forcdsitezl to the geometry of the contour itself (tyflicghe curvature).
This model was introduced by Kass et[&R], and recent surveys of these methods in medtitage analysis can be
found in (13],[14]). These techniques benefit from consideratibglobal prior knowledge about expected shape. Yet
their limitations come from their dependence otiatization and from the computation time requifed 3D, multi-
channel segmentation. Statistical models have bé&sn widely used for segmentation of MRI. Wellsak{22],



pioneered the expectation maximization (EM) segat@nt of MRI images. The approach modeled the Bitgrof

brain tissues by a Gaussian Mixture Model (GMM) dtedatively estimated the intensity inhomogenaityrection
(bias field) and classified intensity regions i thrain. This approach was extended by other studiénclude spatial
considerations utilizing a brain atld&%], [20], [21]).

This paper describes a general framework for autetnsegmentation of MRI. Our fast, 3D segmentaétyorithm
produces a full hierarchy of segments, expresseahliyregular pyramid, in only a linear time conyilg. Unlike other
approaches which are based mainly on intensity ésature, our approach includes a thorough mulgssat of
measurements, computed and used throughout theegégfion process, and characterizing the resutiggnents. The
enlarged feature set supports enhanced analysitheofdetected structures and allows incorporationsdtial,
neighborhood and geometric considerations intostgmentation process, enabling detection of varamsomical
structures at different scales. We applied the @ggr to the analysis of in vivo MR images of theut@rus. The rat
uterus is a commonly used model for hormonal ragulaesearch. However, due to its 3D complex stmgcmanual
uterus segmentation is highly time consuming. Cqueatly, only a limited number of in vivo uterineR¥studies in
experimental animals have been conducted. Curreming experiments usually involve sacrificing #imals and
extracting uterine tissue§l(Q], [23]). Developing non-invasive imaging techniquesmonitor the uterus in vivo can
allow spatial and temporal follow up on the samienah model and enhance precision as well as regibity. While
numerous segmentation approaches have been applied analysis of the human brain, we are notlfamiith any
automatic segmentation algorithm applied to thect&n of the rat uterus in MRI. In the presentgrape focus on a
detailed description of the segmentation methodfutére work will describe in more detail their useanalyze time
courses of functional and molecular imaging of ingtissue.

METHODS

This study extends the Segmentation by Weightedrégagion (SWA) algorithm[8], [16], [17]), developed for 2D
natural images, in order to perform segmentatiomrofaligned set of MR images by a multiscale 3Dtkullannel
approach (also referred to as multi-modal, mulgjesnce, or multi-spectral). In this section we egwvithe original
SWA algorithm along with our modifications. Giver3® MRI, we construct a graph in which every voieh node
and neighboring voxels are connected by an edgeeiyht is associated with each edge reflecting dinalarity
between the corresponding voxels. Subsets of tdesim the graph which approximately minimize anmaized-cut-
like measure may indicate the segments in the imBgdéind the minimal cuts in the graph, the grapin be coarsened
through a recursive process of weighted aggregaderived from algebraic multi-grid (AM@)] coarsening
procedures. This coarsening process induces a pyrstnucture over the image. At each coarse staeetare about
half as many nodes as in the next finer scale. dlwemrse nodes, which represent aggregates of syodel not
necessarily lie on a grid. Segments that are distrom their surroundings emerge as salient ngaeskly connected
to others) in their corresponding scale. The fuzzin (weighted relation) relations of the aggregatdiow the
algorithm to avoid wrong local decisions and toegesegments based on a global saliency measure.

1. Graph Terminology

Given a 3D MRI data set, a 6-connected gr&ph (V,W) is constructed from the 3D image as follows. Eagkeli is
represented by a graph nagdeoV = {1,2, ... N} whereN is the number of voxels. A Weighqj is associated with each
pair of neighboring voxels. The 6-connected gragifsfor every nodetwo additional neighbors from the neighboring
slices, unlike the 2D approach which analyzes etich separately by a 4-neighbor graph. The Weigptreflects the
contrast between the two neighboring voxedadj. For example in the single channel case it is tdated as:

(1) i e ‘Ii Ii‘

where |, and IJ. denote the intensities of the two neighboring ¥ ®xand is a positive constant (=10 in our

experiments).
Our way to evaluate segments is based on a nomdatiat-like measure, which is defined as followgelfy segment

S Vs associated with a state vector u;,u, ,Uy ,representing the assignments of voxels to a segine
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which sums the weights along the boundarie$S divided by its internal weights. Segments thatdygmall values of
S are considered salient. In matrix notation can be written as
T
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where L is the Laplacian matrix derived from W. r@bjective is to find segments S characterized bynall value of
S . For that end we construct a coarse version ofjtaph. This coarse version is constructed sowleatan use

salient segments in the coarse graph to predi@ngadegments in the fine graph using only locdtdations. This
coarsening process is repeated recursively, cartstgua full pyramid structure. Each node at evargle represents an

aggregateof voxels. EaclsegmentS, which is a salient aggregate (i.e.,S is low) emerges as a single node at a
certain coarsening step.
The coarsening procedure proceeds recursivelylmsvi Starting from the given grapﬁ[o] G, we recursively

coarsen the cut minimization problem, creatingguseace of decreasing size grap(BéO], ,G[k] . At each scale we

seek for nodes with low , representing salient aggregates. As in the geAM& setting, the construction of a coarse
graph from a given one is divided into three stafiest a subset of the fine nodes is chosen teesas theseedsof the
aggregates (the latter being the nodes of the eagnaph), then the rules for interpolation are wheiteed, thereby
establishing the fraction of each non-seed nodenigahg to each aggregate, and finally the weigtitshe edges
between the coarse nodes is calculated.

Coarse seedsThe construction of the set of seeds C, and itsppemment denoted by F, is guided by the principk th
each F-node should be "strongly coupled" to C. dlueve this objective we start with an empty seh€hce F=V, and

sequentially transfer nodes from F to C until b# remainingi F satisfy e i v where is a
parameter (in our experiments=0.2).
Interpolation: we define for each node F a coarse neighborhooM, ] C, i 0.001. Let I(j) be the

index in the coarse graph of the node that reptesbe aggregate around the seed whose index #inthecale is |.
The classical AMG interpolation matrix P of sizefNxhere n=|C| is defined by

— 3% for i F,j N,
kN ik
() R
1 for i C,j i
otherwise

It satisfiesu PU whereU U;,U, U
belong to thd-th aggregate.

. Is the coarse level state vectBy. represents the likelihood oto



The coarse problem:Following theweighted aggregation schemg3], the edge connecting two coarse aggregates p
and q is assigned with the weight:

P

( 6) coarse P #

pq kp ki
k1

Namely thecoupling weight between a pair of coarse aggregates is the weighte of the coupling weights between
their subaggregates. Attaching the scale supetscriﬁB[S] Vi ,W[S] . Equation (6) means

wts Py UpEst - yhere PEY s the interpolation matrixP from V¥ to V5!, Note that since

ut*%  PUPBY the relation (4) inductively implies that simileaxpression approximates at all scales.

During the weighted aggregation scheme the alguorittomputes 3D internal statistics of aggregatedledta
aggregative properties which will be used to evaluate similarities betweaneighboring aggregates and which will also
be available for further analysis at the end of sdekgmentation process. Namely, for each aggregateerging at a
certain scale s, we calculate a set of aggregativperties. An aggregative property can be expdeasea weighted
average over the aggregatef a property that has first appeared at a scaléherer S. The scalesis termed the
aggregate scale and the saale called the property scale. The interpolatiortricas (Eq. (5)) are used recursively to

accumulate quantities for the aggregates properiegach scale the similarity matrixW!® | inherited from finer
aggregate scales (Eqg. (6)), is modified to accdantthe similarities arising from the set of aggge properties
obtained from multiple property scales. Specifigaiin the present work the segmentation processrjpocated
aggregative properties that describe average iityensriance of average intensity and shape ptasespecified by
applying principal component analysis to the comace matrix of the aggregate. However, additionatistical
properties are computed throughout the segmentéioall the aggregates and are therefore availtdyl¢he uterus
segment analysis.

The performance of the algorithm is O(N), linear tile number of voxels. On each scale of the pyramid

ON?® O N/2S operations are performed, so that the complefigne bottom up process is O(N).

2. 3D segmentation of anisotropic data
MRI data is usually anisotropic, less verticallgobed (e.g. 0.5, thickness compared to 047 by 0.2%,, in-plane

resolution). Therefore, starting witls? the coarsening process is initially performed omy2D (e.g. in each
horizontal plane) rather than 3D. Except that theighted aggregation scheme is applied to all theplowgs.
Consequently the between—plane couplings are ophjated by Eq. 6, but have no other effect on thgain
segmentation. Thus, nodes from different slicesimiteally (in the first coarsening stages) not eegated together
although they may be "strongly coupled". This imeantil a scale is reached where the horizonsthdtes between
nodes are comparable to the vertical ones, upomenthe full 3D process starts.

For instance, in our experiments ti'% grid refers to data with 0,5 slice thickness versus 0.£.40.27, in-slice
resolution; Every coarsening step of the SWA atpani typically reduces the number of nodes by aofaof 2.5-3.
Consequently, if we apply the algorithm to a 2[@elithe distance between neighboring nodes irca ghows at every
level by a 2.5- 3 factor on average, so two coarsening steps a®edeto bring the inner- and inter-slice distartoes
be roughly equal.

Comparing our former purely 2D segmentation withr ourrent 3D segmentation reveals that the infoionafrom
neighboring slices is vital for accurate segmeatgtiespecially in the case of the rat uterus hohas consist of
elongated structures which are only partially ideld in every slice. The 3D approach significanttypioves the
detection of the entire uterus, since the real aggree of structures is three dimensional.

3. Multi-Channel segmentation

One of the unique characteristics of MRI is thetipld methods to produce contrast between diffetisaties or organs
in the image. To incorporate several channels ¢d,d&e graph structure is modified so that everrye(a voxel

intensity, or an aggregative property) is replaogd vector of entries (each corresponding to fmdiht channel). The
initialization step is modified to consider theensity contrast in all channels, and the differestis of aggregative



features for every channel are all used to modié/douplings at coarser levels. Our preliminaryltesshow that the
combination of several channels in the segmentatimtess can lead to superior results which uswally not be
achieved by considering just one channel.
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Figure 1: lllustration of the segmentation pyramidrarchy. The pyramid is constructed from finalsdo coarse scale based on the

multi-channel 3D input data (e.g, T1, T2, PD chdsine

Figure 2: An example of a central coronal slicettaf abdominal cavity: The right uterus horn imaggd(a) T2w and (b) PDw
protocols. The red and yellow arrows point to thd@metrial and the myometrial tissue respectivelyoth channels. Part of the
intestine organ is circled (green).

EXPERIMENTS

1. MR image acquisition:
The MR experiments were performed in femaeariectomized, LEW/NHSD rats (6-8 month). Watebihition [5]

was artificially induced by subcutaneous (s.c.pétipn in the periscapular region of 17estradiol (50 gr/kg BW)
dissolved in sesame oil, 24 hours before the ewxpmaris. In all the MRI experiments, rats were arettbd by



inhalation of 1.5% Isoflurane in an O2:N20 (3:7)xtare, applied through a nose. All animal proceduvesre
approved by the Weizmann Institute's Animal Carmt E@ee Committee.
MR images were acquired with a 4.7T/30cm bore Biosgpectrometer (Bruker, Germany), equipped witH aadio
frequency coil with an inner diameter of 7.5 cmr@wl MR images tilted in 10 approximately coveritg whole
abdominal cavity. The spatial resolution for alfjsences was 0.27x0.27x0.5Mrmasing a matrix of 256x256x15. Fat
suppression was applied in all protocols by apgharf0 degree Gauss shaped preparation pulse 706 Hsonance
(SW of 600 Hz) followed by a dephasing gradiente Photocols used as channels for the automatic esegtion were:
1. T2 weighted (T2w) 2D Rapid Acquisitions with Refeed echoes (RARHEL1] with TE/TR of 47.2/3200 ms,
a rare factor of 4 and an acquisition time of 3.min
2. Proton density weighted (PDw), 2st low-angle shot gradient echo with TE/TR of/80® ms, 30° flip
angle, and an acquisition time of 3 min.

2. Single and multi channel segmentation experiment:

Single channel 3D segmentation was performed onTie and PDw channels separately and multi-channel
segmentation was performed by combining both cHankégure 2 presents the right uterus horn imamed2w and
PDw protocols. The figure demonstrates the diffeobiaracteristics of the two protocols in detectimg inner structure

of the rat uterus. The image shows that the raustkorn is composed of two anatomical layers nigemetrium and
the endometrium, which correspond to the outeriandr layers of the horn respectively. The T2w sege distinctly
enabled delineating the endometrium (Figure 2.a) #re PDw sequence allowed capturing the entireuste
endometrium and myometrium. However, the lattejusace results in low contrast between the utends the
intestine (Figure 2.b). Based on these MR protopodperties we designed an experiment that enalde¢d manually
and automatically perform uterus segmentation.

RESULTS

To evaluate the algorithm performance, manual setgtien was performed for both channels separa@@antitative
comparison based on common measy&gd9],[24]) for spatial overlap are presented in Tabi 1,

s RIR 2|s RIR s

0.91+0.04 0.88+0.01

Endometrial segmentation basedsimgle-
channel T2w

Table 1: Validation results for segmentation of éhdometriuntissue in the rat uterus. Automatic segmentationigS
compared with ground truth manual reference (Rgrayed over 4 uteral structures.

s RIR 2|s RIR IS

0.95+0.01 0.57+0.14

Myometrial and Endometriglegmentation
based on single-channel PDw
Myometrial and Endometrigegmentation
based on Multi-channel

0.91+0.03 0.76+0.02

Table 2: Validation results for single and multadmel segmentation of the entire rat uterus. Aut@mnsagmentation
(S) is compared with ground truth manual refergiije averaged over 4 uteral structures.

Single Channel SegmentationAs expected, due to the water imbibition effdot segmentation of the T2w data
achieved accurate results for the endometrialaisguile the myometrial tissue could not be difféimed (Table 1,
Figure3). The segmentation based on the PDw data aldrievad poor results due to low contrast betweerutheus
and intestine (Table 2, Figure 4 A-C). Segmentagixacution , with our non optimal implementatioor, 200x200x15
voxels took 40 sec on a standard P4 3GHz PC.



Figure 3: Comparison of manual (green) and autanfatagenta) segmentation results for the endonmettissue. The
results presented on a set of 2D slices (A-D vétdrdorsal), were obtained with a single chanriahvBpproach.
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Figure 4: Segmentation by single and multi-chaapgiroaches for the entire uterus displayed on a B@enal slice (A,D). Single-
channel results on PDw show how part of the intesig added to the ROI at levels 7,8 (B,C). Whilethe multi-channel approach
the two subpart of the right horn are formed ates6éE) and at scale 7(F) they connect to succiygsfetect the entire uterus.

Figure 5: 3D view of multi channel segmentatiorutssof the entire uterus: (a) automatic and (bhoah



Multi-Channel Segmentation: The multi-channel segmented ROI calculated ushgy combined T2w and PDw
images yielded an ROI covering most of the utenlame regardless of the inner structure of the ©igkigure 5). The
T2 weighted image served as a backbone for the esatgition, while the data derived from the PD imegferred to the
peripheral details (Figure 4, D-F). The executiametfor segmentation of both channels was 60 sec.

Consequently, applying the multi-channel approazhthiese channels increased the detection of thee eutierus
compared to the single channel segmentation. Thaati@n results presented in Table 1,2 show tlgh lsiccuracy rates
obtained by the automatic segmentation in detedittter the entire uterus by the multi-channel apph or just the
endometrium layer by the single T2w channel apgrodde similarity measure (second column in Tabl2) 1

corresponds to kappa statistics where a valu&7 is considered as a good agreenj2s.

DISCUSSION

We present a novel 3D automatic segmentation dkgorapplied for the accurate detection of the @atoucture. The
segmentation algorithm is an unsupervised, multsedgorithm that can be applied to anisotropicadand enables
integration of unlimited MR pulse sequences withaamstraint on the scan protocol. Quantitativedatlon results
show the high accuracy of the automatic segmemtaiionpared with the manual delineation, in bothrthali-channel
segmentation of the entire uterus, and the sing@el T2w segmentation of the only endometriureday

A number of additional modifications based on higbel knowledge of the uteral structure could imgrehe overall
performance of the approach. For example, the itfgorcan easily incorporate knowledge of the expaatterus
shape, using the already computed aggregative giepde.g. length, width, orientation) to modityet similarities
between neighboring aggregates. This can assiglidhgated subparts of the uterus horns with wefihéd orientation
to merge together and to improve detection ratso/Adome post processing morphology rules basedherptior
knowledge of anatomy and the different channelp@ries can be employed at the end of the proessctease
precision. Future work will test the usefulnesswéh modifications.

Finally, the presented approach, originally devetbfor segmentation of MR human brain imadg&l can be
generalized to other structures and tasks. Thelg@vent of non-invasive imaging techniques to namétnatomical
structures may allow temporal follow up on the saminal and enhance accuracy, reproducibility #fidiency. We
show that combining the 3D information from diffetdMRI pulse sequences is very useful for improwimg accuracy
of the segmentation. The approach produces a iedaitchy of segments in time that is linear in tegaset size and
shows low sensitivity to some MRI artifacts, makihgractical for various medical image segmentagxperiments.
Such an algorithm may also be useful for segmemtaif MR angiography and virtual colonoscopy.
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