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Abstract

We describe and evaluate methods that create detailed vessel trees by linking vessels that have been segmented from magnetic
resonance angiograms (MRA). The tree-definition process can automatically exclude erroneous vessel segmentations. The parent–child
connectivity information provided by our vessel trees is important to both surgical planning and to guidance of endovascular procedures.
We evaluated the branch connection accuracy of our 3D vessel trees by asking two neuroradiologists to evaluate 140 parent–child
connections comprising seven vascular trees against 17 digital subtraction angiography (DSA) views. Each reviewer rated each connection
as (1) Correct, (2) Incorrect, (3) Partially correct (a minor error without clinical significance), or (4) Indeterminate. Analysis was
summarized for each evaluator by calculating 95% confidence intervals for both the proportion completely correct and the proportion
clinically acceptable (completely or partially correct). In order to protect the overall Type I error rate, alpha-splitting was done using a top
down strategy. We additionally evaluated segmentation completeness by examining each slice in 11 MRA datasets in order to determine
unlabeled vessels identifiable in cross-section following segmentation. Results indicate that only one vascular parent–child connection
was judged incorrect by both reviewers. MRA segmentations appeared complete within MRA resolution limits. We conclude that our
methods permit creation of detailed vascular trees from segmented 3D image data. We review the literature and compare other approaches
to our own. We provide examples of clinically useful visualizations enabled by our methodology and taken from a visualization program
now in clinical use.  2001 Elsevier Science B.V. All rights reserved.

Keywords: Magnetic resonance angiography; Digital subtraction angiography; Registration; Segmentation

1. Introduction carries a high risk of patient injury. Endovascular emboli-
zation is similarly risky, with major complications occur-

It would be helpful to both neurosurgeons and neuro- ring in 5–20% of patients (Purdy et al., 1990; Higashida et
radiologists to visualize intracerebral vessels in 3D with al., 1991; Kupersmith and Berenstein, 1993; Vinuela,
information about vascular parent–child relationships. The 1992).
treatment of skull base tumors is one of several areas in A large part of the problem is that treatment of such
which such descriptions would be useful. Open resection tumors requires interruption of their blood supplies. How-
of these lesions is often lengthy, difficult, bloody and ever, interruption of blood flow to normal brain may

produce stroke. As occlusion of a parent vessel will
deprive its children of blood, it is critical for the surgeon to
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Fig. 1. Vessel types. The black area in A–C represents a solid tumor. The cross indicates the proposed site of vessel occlusion. The arrow shows direction
of blood flow. (A) An artery supplying a tumor. (B) An artery that supplies a tumor but that also passes beyond it to supply normal brain. (C) An artery
that passes over a tumor but that, from some projection angles, may appear to pass through it.

No current imaging modality provides the required 3D 2.1. Segmentation
connectivity information. Digital subtraction angiography
(DSA), magnetic resonance angiography (MRA), and 3D- The MRA segmentation method was developed by Dr.
DSA are all greyscale images. Furthermore, projection Aylward (Aylward et al., 1996). Extraction of a vessel
images of the complex, plethoric intracerebral circulation involves three steps: definition of a seed point, automatic
contain so much projection overlap that it is difficult to extraction of an image intensity ridge representing the
determine child–parent associations. Without 3D vascular vessel’s central skeleton, and automatic determination of
connectivity information, it is impossible to simulate width at each skeleton point. The approach is applicable to
motion of a catheter through a vascular tree, to estimate extraction of tubular objects from any type of 3D image
collateral flow to an anatomical region, or to provide an data. For this report, we employed three-dimensional, time
automated description of vessels by the kind of categoriza- of flight MRA, which was performed in a Siemens 1.5 T
tion shown in Fig. 1. The creation of detailed, patient- Vision unit with a quadrature head coil. Off resonance
specific, 3D vascular trees would thus be of great value for (1500 Hz) magnetization transfer suppression (75 Hz) was
surgical planning, as it is often difficult to determine used to further suppress background stationary tissue.
intraoperatively whether a vessel entering a tumor posses- Images were acquired in the axial projection using 1 mm
ses child branches that pass through the tumor to supply contiguous partitions. MRA acquisition parameters in-
normal brain. Similarly, such trees would be of value for cluded repetition time: 38 ms; echo time: 7 ms; field of

2guidance of endovascular procedures, which require ma- view: 2003150 mm ; flip angle: 208; signal averages: 1;
nipulation of a catheter through a complex maze of vessels using a 1923256 matrix with superior venous presatura-

3whose connections are often obscured on projection views. tion pulse. The voxel size was 0.7830.7831 mm .
The purpose of this paper is to describe and evaluate a
method of linking disconnected vessels segmented from 2.1.1. Seed points
MRA into vessel trees that possess vascular parent–child Extraction of each vessel begins with definition of a
connectivity information. Evaluation of the accuracy of the seed point on the image data. One method of supplying
created trees is done through comparison with sequences seed points is through user interaction. This approach is
of DSA images obtained from the same patient. No special useful in extraction of unusually wide vessels such as
image acquisition techniques are required. All programs aneurysms, or when a clinician wants to visualize only a
are cross-platform and run well on home PCs under subset of vessels. The extraction program presents the user
Windows (Bullitt et al., 1997a). Our methods are now in a set of MRA slices, and the user can click on a point
active clinical use, and a clinical paper illustrating clinical- within a vessel, simultaneously supplying a rough estimate
ly useful visualizations is in press (Bullitt et al., 2000). An of that vessel’s width.
overview of our approach and a preliminary evaluation of The number of seed points required depends on the
a single vessel tree were presented at IPMI ’99 (Bullitt et underlying anatomy, on the quality and volume of the
al., 1999a). MRA, and on the clinical problem of interest. For normal

patients, full extraction of a single carotid circulation
requires between 15 and 60 seed points. For patients with
huge vascular malformations supplied by both carotids and

2. Methods the vertebrobasilar circulation, hundreds of seed points
may be required. For aneurysm patients in which only

The approach involves (1) segmentation of vessels from local anatomy is of interest, five to six seed points may be
MRA data, (2) definition of vascular trees and (3) evalua- sufficient.
tion of results against DSA data obtained from the same More recently, we have begun to develop an alternative,
patient. fully automated method of supplying seed points that
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employs intensity windowing to provide such seeds. Of the 2.1.3. Width estimation
seven trees analyzed in this report, the first four were The width of the vessel is automatically estimated at
created from vessels extracted with manually supplied seed points along its central skeleton. The method takes advan-
points and two of the last three were created from a set of tage of the fact that vessels have nearly circular cross-
vessels whose seed points were automatically determined. sections. The width of a tube about a central skeleton point
The automated method is under evaluation, will be the is proportional to the scale that produces a maximal
topic of a future paper, and is not discussed further here. response from a cylindrical medialness measure. Earlier

Regardless of the method of seedpoint definition, the extraction methods employed a Laplacian of a Gaussian
program then queries if the identified point lies on or close kernel (LoG) (Aylward et al., 1996). However, Bryan
to an image intensity ridge. If the identified point does not Morse developed a medialness measure that is an improve-
lie close to an image intensity ridge or if the ridge is less ment over the LoG measure in that it only makes measure
than a voxel in length, the seed point is rejected. at concentric rings just inside of and just outside of the

radius being tested (Morse, 1994). As a result, Morse
medialness, compared to LoG, is faster and less sensitive2.1.2. Ridge tracking
to intensity variations within the object whose width isOnce a seed point is accepted, the method automatically
being tested. All extractions described in this report wereextracts the central skeleton of the indicated vessel.Vessels
performed using a version of the Morse medialnesscan be viewed as 3D tubular objects delineated from
measure.background by contrast differences. This combination of

Once a vessel is extracted, the program marks thegeometry and intensity means that blurring the image
extracted region so that later segmentation of anothercreates a central intensity ridge along each vessel. This
vessel will not include any territory already defined by theintensity ridge is extracted via the height ridge definition:
first. If segmentation of a later vessel attempts to extend
into already claimed territory, the segmentation stops.Define:

3I[R as the intensity atx[R ;
333H[R as the Hessian ofI at x;
3 2.2. MRA /DSA registrationv [R and a [R the eigenvectors and associated eigen-i i

values ofH wherea , a , a .1 2 3
Our methods of tree editing and evaluation compare the

3D tree to DSA data obtained from the same patient. WeThen for the program to classifyx as being on a ridge, it
therefore briefly describe our 3D/2D registration method.must be true that

Registration of segmented vessels with DSA is done as
2 2 1 / 2a /(a 1 a ) | , 2 0.5, (1) described by Liu et al. (1998). The 3D/2D registration2 1 2

process uses as primitives four to eight 2D curves ex-
v ?=I | 5 0 and v ?=I | 5 0. (2) tracted from the DSA and an equivalent number of 3D1 2

curves extracted from the MRA. The program then opti-
mizes a viewplane based disparity measure based on theEq. (1) states that the object’s cross-section as captured
iterative closest point paradigm between the DSAby the intensity curvature aboutx (i.e. the HessianH )
skeletons and the projections of the MRA skeletons. Whenshould be nearly symmetric and negative, corresponding to
compared to 3D/2D registration done by manual methods,a ridge rather than to a valley.
the approach is both faster and more accurate (Bullitt etFrom a single ridge starting point, the tracking process
al., 1999b).proceeds in both directions along a ridge to extract the

It should be noted that image distortion errors maytube’s full extent. Extracted point ordering is maintained to
preclude perfect 3D/2D registration. Although we useproduce a sampled representation of a single, continuous
phantoms to correct for DSA pincushion errors and for thetube. Diagrams illustrating ridge definition are available in
machine-specific errors of our MR machine, we cannot(Aylward et al., 1996).
correct for MR geometrical distortions in the region of anOne common concern about this approach is its ability
air–tissue interface. Vessels extracted from such regions ofto pass branch points, i.e. singularities at which the
the MR are deformed, and cannot be perfectly registeredeigenvectors of the Hessian become ill defined/may rotate,
with DSA. However, the current study does not requirethus producing ambiguity of the tangent and normal
perfect registration, but only that the registration bedirections. However, rotation of the eigenvectors will only
sufficiently good to allow a user to associate the projectionoccur at branch points if the ridges of two or more of the
of each 3D vessel with its DSA counterpart. This paperbranches have the same height. This situation is rare in
contains multiple figures of 3D vessel skeletons projectedmedical images. As a result, a single seed extracts a vessel
upon DSA data. As shown by these images, there is littlethat usually tracks past multiple branch points and courses
difficulty in associating appropriately paired vessel projec-through many dozen (and, for lengthy vessels that dip and
tions despite imperfect registration.curve, sometimes over 100) voxels.
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2.3. Definition of vascular trees and identification of distance between a pair of vessels is thus calculated by
branchpoints defining the minimum distance between each orphan

vessel’s two endpoints and the closest point along the
The output of the segmentation program is a set of proposed parent’s skeleton curve, and the minimum dis-

disconnected, directed, 3D skeleton curves with an associ- tance between the unattached end of the proposed parent
ated radius at each point. In order to create meaningful and the closest point along the proposed child. Each of the
vascular trees it is necessary to link these vessels together, three possible connections thus involves at least one vessel
to define branchpoint connections, and to eliminate extra- endpoint. This ‘distance’ between the vessel pair is then
neous segmented ‘vessels’ actually representing noise. We corrected to allow for the radii of both parent and child. As
have developed an automated post-processing method that discussed later, our segmentations are generally complete.
performs these three tasks. When the radii of the parent and child vessels are taken

Before discussing the tree definition algorithm, it is into account, the distance between each true parent and
necessary to make several points about the individual child is usually about one voxel.
vessels produced by the segmentation program. The cost function also examines the image intensity data

First, although each segmented vessel has a direction, for evidence of connection. As the gap between parent and
this direction is determined by the extraction process and child is generally in the order of a voxel, the connection
may not correctly model the direction of blood flow. It is can be represented as a straight cylinder. A line is drawn
therefore necessary for the tree-definition process to re- on the image between the proposed connection points, and
verse the direction of some vessels and, in the case of the average image intensity of this line is calculated, as is
some ‘Y’ connections, to break a child vessel into two the average image intensity of a set of concentric cylinders
parts (Bullitt et al., 1999a). constructed around this line, with the inner cylinder

Second, MRA datasets are noisy. For our images, possessing a radius just larger than that of the proposed
typically acquired with a voxel size of 0.830.831.0 mm, child. The two image intensity values are then expressed as
vessels with diameters of 1 mm or less are very faint in the a ratio, with a low value indicating a high likelihood of
image data and are difficult to discriminate from noise. As connection as higher image intensity is expected along the
endovascular procedures may involve catheterization of 1 connecting line than in the background.
mm vessels, it is necessary to include even these small The final cost of any proposed connection is a composite
vessels in the final tree. However, any intensity-based of the two numerical values’ ‘distance’ (measured in
extraction method attempting to include small, faint ves- centimeters) and ‘image intensity ratio’ (a dimensionless
sels will also extract noise. In addition, our automated number). How best to combine and weight these two
extraction method may pick up noise in the skull, orbits parameters is unclear. We have experimented with a variety
and skull base, as well as unwanted vessels belonging to of weighting functions and have concluded only that, while
the external carotid circulation and pathological lesions of both parameters are important, the ‘image intensity ratio’
high image intensity. should be weighted at least as strongly as ‘distance’. For

We use a post-processing program not only to define all vessel trees discussed in this paper we therefore, and
branchpoints and to identify parent–child connections, but admittedly heuristically, added the two values together. If
also to automatically exclude noise. The approach is based the final composite number is low, there is a high
upon a variant of the minimum spanning tree algorithm. probability of vessel connection.
The user first selects one or more roots by clicking on a Both the maximum allowable distance and maximum
vessel in a projection image. The program will then allowable intensity ratio can be set interactively. Con-
automatically define a vessel tree by progressively attach- nections that require either larger distances or larger
ing children to the connected base, using the cost function intensity ratios are rejected. All vessel trees discussed in
outlined below. End-to-end ‘I’ connections are permitted, this paper were created using a maximum allowable
as are ‘Y’ connections (bifurcations) that involve at least connection distance of 0.3 cm (approximately three vox-
one vessel endpoint. As each child is added, its direction of els), and a maximum allowable intensity ratio of 0.7.
flow is corrected as necessary. ‘X’ connections (trifurca-
tions) are not permitted as the intracerebral vasculature2.4. Editing vascular trees
does not contain trifurcations. This exclusion results in
automatic elimination of almost all noise as such con- The intracranial arterial supply normally consists of
nections must not only meet the minimum requirements of three circulations: the posterior and the two carotid circula-
the cost function but must also involve a piece of noise tions. These circulations are normally interconnected at the
with an endpoint very close to the proposed parent. Such base of the skull through the Circle of Willis. Flow
situations are rare. direction within the Circle of Willis is variable from

The cost function for adding a proposed child is based patient to patient, however.
both upon Euclidean distance and the image intensity data. Our methods of segmentation are based upon geometry
As previously noted, trifurcations are not permitted. The alone. As a result, we do not know flow direction in the
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Fig. 2. Steps in tree definition following automatic vessel extraction. (A) Surface rendered AP projection of vessels automatically extracted from an MRA
of a patient with a large blood clot. The segmentation includes noise and vessels in the scalp and dura (vertical arrow). The clot has also been segmented
(horizontal arrow). (B) Projection of the skeletons of the extracted objects upon a registered DSA. Arrows point to the same ‘sheet’ of noise and to theclot
shown in A. (C) The vessels that remain following tree definition with the right carotid as root. The noise and blood clot are gone but connections remain
to the left carotid circulation (arrow). (D) Results following manual editing. The left carotid subtree has been removed by a single ‘point and click’, as has
one anterior cerebral artery and its descendants. (E) DSA without superimposed vessel skeleton projections. (F) ‘Pseudoangiographic’ projectionof the
vessels whose skeletons are shown in D. The tree contains 15 branches, each extracted by one seed point.

Circle of Willis. The tree program therefore contains a set The editing feature and the use of DSA data are optional.
of ‘point and click’ editing tools that can be used, in If desired, the user can simply identify arterial roots and
combination with information obtained from DSA, to request that trees be created, resulting in a user interaction
exclude subtrees or to redefine the parent of any tree or time of a few seconds. If editing is desired to redefine
subtree. Fig. 2 illustrates the steps involved in creating a connections in the Circle of Willis, the processing time
vascular tree using additional DSA data. In brief, these will be increased by 5 min or so.
steps include:
(a) Segmentation of vessels from MRA. The segmentation

2.5. Evaluation
will contain noise (Fig. 2(A)).

(b) Registration of the segmented vessels with a DSA
We have evaluated our methods in three ways. The first

(Fig. 2(B)).
two approaches involve comparison of vessel trees with

(c) Identification of one or more roots followed by auto-
DSA data. The third provides an estimate of the complete-

mated tree definition. This step will also automatically
ness of the segmentation method.

exclude the large majority of extraneous ‘vessels’
actually representing noise (Fig. 2(C)).

(d) ‘Point and click’ removal of undesired trees, such as 2.5.1. Qualitative comparison of vessel trees with DSA
the contralateral carotid circulation. As vascular trees images
have now been defined, a tree or subtree that may One can obtain a qualititative measure of the accuracy
contain dozens of vessels can be removed by a single of our vessel trees by registering each vessel tree with a
mouseclick (Fig. 2(D)). DSA obtained from the same patient, and then projecting
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the tree using a ‘pseudoangiographic’ projection. A quick- at least one view and does not appear incorrect or
ly rendered approximation of a DSA view can be created partially correct on any view,
by projecting each 3D vessel skeleton point, calculating 2. ‘?’: Projection overlap makes it impossible to determine
the width of the projected point, and drawing a filled circle if the connection is correct or incorrect on any view,
of image intensity ‘x’, such that the final intensity of any 3. ‘Incorrect’: The connection is clearly incorrect on at
pixel within that circle is the sum of ‘x’ and a proportion least one view, resulting in a clinically significant error,
of that pixel’s intensity before the circle was added. As is and
true for DSA images during the arterial fill sequence, the 4. ‘Partially correct’: The connection is not incorrect but
final image will then define larger vessels as brighter and at least one view shows a minor error not of clinical
will exhibit increased image intensity at sites of crossing. significance (e.g. the connection point is slightly dis-
Fig. 2(F) provides an example of a pseudoangiographic placed on the correct parent).
projection. The results include evaluation of 140 parent–child con-

A side-by-side comparison of the original DSA with the nections comprising seven different, non-overlapping ves-
pseudoangiographic projection of a vessel tree provides a sel trees and evaluated against a total of 17 different DSA
subjective comparison of the accuracy and completeness of views obtained from three patients. Some of these 17
our vessel trees. Such comparison also provides a sensitive views (viewing angles) allowed selection of more than one
means of evaluating the width determinations made by the image in the associated DSA fill sequence. Three trees had
segmentation program, since small errors in width esti- the left carotid as root, two trees had the right carotid as
mates are magnified on projection. root, and two trees had a vertebral or basilar artery as root.

Results were analyzed statistically by calculating the
95% confidence interval for each reviewer both for the

2.5.2. Quantitative evaluation of parent–child proportion of parent–child connections entirely correct and
connections for the proportion of vessels meeting the demands of

We quantitatively evaluated the accuracy of 140 parent– clinical utility (correct or partially correct). Each tree was
child connections in seven vascular trees by asking two viewed as independent of all other trees. For each review-
neuroradiologists (K.S. and S.M.) to independently evalu- er’s analysis of each tree, any connection judged as
ate each 3D parent–child connection against the DSA indeterminate from the available DSA data was eliminated
information available for that patient. A third reviewer from that analysis. In order to protect the overall Type I
additionally evaluated the first vessel tree, but then left our error rate, alpha-splitting was done using a top down
institution and so was not available for later evaluations. strategy. With a total of seven trees each reviewed twice,
For reasons of statistical completeness, we consider only there were a total of 14 tree-specific confidence intervals,
the seven pairs of evaluations done by the same two which we computed at the nominal level of 0.05/145
reviewers. The reviewer who provided a third evaluation of 0.0036.
the first tree judged no connection as incorrect.

At our hospital, each DSA series consists of a timed 2.5.3. Completeness of segmentation
sequence of images obtained from the same point of view. As previously noted, it is desirable to define vessel trees
From each DSA series, one to two images were selected that contain even the smallest vessels discernible from
that best showed the arterial fill phase. The selected images MRA. It is therefore important to assess segmentation
were then grouped by patient and by the circulation shown. completeness.
We use the term ‘view’ to indicate a timed sequence of We have evaluated the completeness of segmentation
images taken from the same angle. through manual inspection of MRA slice data. During

Each neuroradiologist was asked to evaluate the correct- vessel extraction, the segmentation program colors each
ness of each parent–child connection by using a program extracted tube and thus distinguishes segmented objects
that projected the skeleton of a vessel tree upon each DSA from the greyscale MRA slices. Bright curvilinear lines
view of that circulation. Each vessel tree was compared to that remain uncolored in the MRA slice data are presumab-
DSAs taken from two to four angles of view, with one to ly unextracted vessels. One of us (E.B.) manually seg-
two images in the fill sequence available for each view. mented 11 MRA datasets, providing seed points for every
The user could step through each parent–child connection bright (or even slightly bright) pixel not yet included in the
one at a time, and could step through each available DSA segmentation and that the user thought might possibly
image. The program would display only that child, its belong to an as yet unextracted vessel. The segmentation
parent, and the connection between the two each in a program’s refusal to accept such seed points can be viewed
different color and as superimposed upon each DSA. Each as indicative of program failure. An analysis of such
reviewer was asked to rate each connection by a four point failures can define where the segmentation program ap-
scale: pears to succeed and to define conditions under which it
1. ‘Correct’: The proposed connection is clearly correct on may fail.
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Fig. 3. Qualitative comparison of a vessel tree with an associated DSA image. The patient has a fusiform middle cerebral artery aneurysm. The arrow in
each frame points to the aneurysm. The most distal branches are not included since the MRA did not cover the entire head. (A) DSA. (B)
Pseudoangiographic projection of the vessel tree. This tree was built from 54 seed points.

3. Results 3.2. Evaluation of parent–child connections

3.1. Qualitative comparison of vessel trees with DSA It is difficult for even expert neuroradiologists to define
images parent–child connections from projection views. This

difficulty is mirrored by the different responses of the two
Fig. 2 shows a pseudoangiographic projection of a neuroradiologists. Although each radiologist faulted or

vessel tree adjacent to a DSA image of the same circula- questioned several of the 140 connections, only one
tion. Note that the vessel widths are largely correct in the parent–child connection was mutually agreed by both
vessel tree projection even though this patient has a blood radiologists to be incorrect. Table 1 shows the connection
clot immediately adjacent to the anterior cerebral group ID numbers by tree that each radiologist felt to be
(Fig. 2(A)), making segmentation potentially difficult. incorrect, partially correct or indeterminate.

Fig. 3 shows a different vessel tree, defined from a For statistical analysis, any connection a reviewer
patient with a fusiform middle cerebral artery aneurysm. viewed as indeterminate was removed from that reviewer’s
The aneurysm was manually extracted from the MRA. All database. In the analysis in which partially correct con-
other vessels were automatically extracted. Note the level nections (connections exhibiting an error of no clinical
of vascular detail and the range of widths represented. significance) were viewed as fully incorrect, reviewer A

Table 1
aConnection ID numbers by tree and radiologist for each connection judged to be incorrect (IC), partially correct (PC), or indeterminate (?)

Tree 1 Tree 2 Tree 3 Tree 4 Tree 5 Tree 6 Tree 7

No. vessels 25 23 22 24 15 23 15

Type L carotid L carotid Basilar R carotid L carotid R carotid Basilar

IC – – 9 – 9, 10 9, 12 22 – 15 – – – 9 –
PC – – – 7 – 13 – – 9 – – – – –
? 12, 21 6 – 14 3 – 18 – – 15 – 21 – –

a The IDs given by reviewer 1 are shown on the left of each cell, those given by reviewer 2 on the right. Only one connection (ID 9 within tree 3) was
agreed by both reviewers as incorrect.
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Table 2 image analysis methods (Kwan et al., 1999), does not
Agreement between radiologists and agreement between each radiologistcover validation of vascular segmentation.aand our program

In the absence of an absolute standard of ‘truth’, we
Reviewer 1 asked two radiologists to independently review our find-
Correct IC/PC ings against the available DSA data for each patient. Under

these conditions it would be desirable to show that ourReviewer 2 Correct 124 4
program agreed as well with either radiologist as the twoIC/PC 4 1

a radiologists agreed with each other. Formal statisticalAny connection made by our program and viewed as indeterminate
comparison is not possible, as such analysis would requireby at least one radiologist is excluded from analysis. Any connection

made by our program and viewed as partially correct by any radiologist each radiologist to create trees of his own – a formidably
was classified as fully incorrect. The results show that 124 connections difficult and time-consuming task from complex in-
were agreed as correct by both radiologists when compared to our tracerebral vascular data. However, Table 2 presents the
program. One connection made by our program was viewed as incorrect

agreement /disagreement between radiologists and betweenby both radiologists. Each radiologist additionally faulted four con-
each radiologist and our program. In this table, anynections, each of which was viewed as fully correct by the other

radiologist. connection viewed by either one of the radiologists as
indeterminate was eliminated from analysis. For the re-

judged 94.9% to be correct with a 95% CI of (89.7, 97.9) maining connections, both radiologists agreed that 124
and reviewer B judged 97.1% to be correct with a 95% CI connections shown by our program were correct, each
of (92.6, 99.2). In the ‘clinically acceptable’ analysis in radiologist judged a different four connections to be either
which partially correct connections were judged as correct, incorrect or partially correct (with the other radiologist
reviewer A judged 95.6% to be clinically acceptable to judging the same four connections to be fully correct), and
produce a 95% confidence interval of (90.6, 98.4), and only one connection made by the program was judged by
reviewer B judged 98.5% to be acceptable to produce a both radiologists to be mistaken.
95% confidence interval of (94.8, 99.8). These findings
suggest that our results, while sometimes faulted by either3.3. Completeness of segmentation
radiologist, can achieve a high level of accuracy.

It should be noted, however, that although we have Several hundred ‘vessels’, most of which represented
taken the radiologists’ responses as a ‘goldish standard’ of noise, were manually extracted from each of 11 MRAs
truth, the two radiologists often did not agree. There is, in during a test in which the user attempted to click on any
fact, no absolute standard of truth. We know of no even slightly bright pixel that might represent an as yet
sufficiently complex phantom upon which to test our unsegmented vessel. Fig. 4 shows a randomly chosen,
methods, and the elegant MNI Brain-web approach, which typical MR section in which the user had attempted to
generates realistic MR images for purposes of validating extract all possible vessels from one side of the head.

Fig. 4. Manual MRA segmentation. A user has attempted to extract anything that might possibly be a vessel from one side of the head. (A) Typical MRA
section. (B) The same section with extracted regions shown in white. Note that all objects that are clearly vessels have been appropriately defined.
Additional objects that might be small vessels but are probably noise have also been defined.
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There were two situations in which attempted segmenta- (Alperin et al., 1994; Masutani et al., 1995; Tek and
tion of a tubular structure failed. The first is that of Kimia, 1995; Chapman et al., 1997; Feldmar et al., 1997;
segmentation in the top or bottom MRA slice. The Wilson and Noble, 1997). Manual methods are too labor-
segmentation protocol seeks a 3D, image intensity ridge intensive for routine use. Gerig et al. provide more
and there is insufficient bounding data to support a ridge at complete MRA segmentations and also suggest graph
the data boundary points. As a result of this analysis, we description of the vasculature (Gerig et al., 1993; Szekely
have therefore implemented a new data boundary handling et al., 1993, 1994; Sato et al., 1998), but the results have
method that extends the recorded data using dim replica- not been validated and the number of vessels included in
tions of the boundary slices (dimness increases as a their trees appears sparse. A recent collaborative effort
function of the distance from the boundary slice). In this between MIT, Harvard, INRIA, and Cermics extracts
manner, enough data is provided to extract vessels that run vessels from phase contrast MRA using geodesic active
along the boundary slices. contours (Lorigo et al., 1999). The extractions shown

The second situation occurs when two vessels course illustrate only a few arteries, mix veins and arteries
immediately adjacent to each other. MRA resolution is indiscriminately, and contain a great deal of noise. No
limited by voxel size. If the MRA representation of two approach is suggested to segregate veins from arteries or
adjacent vessels merges the two into a single, contiguous either from noise. Another recent attempt by another
group of pixels, the two vessels cannot be segmented excellent group is that of Wiro Niessen and Max Viergever
independently. This problem occurred for the paired (Frangi et al., 1999; Niessen et al., 1999). This approach
anterior cerebral arteries in at least one focal location in requires an initial specification of both ends of a vessel and
several patients, and was fixed by manual editing prior to delineation of vessel walls via a marching-cubes technique.
review by the radiologists. The process requires much more time, user-interaction, and

With these two exceptions, the segmentation protocol specialized expertise than our own. It also will not work
appeared to be exquisitely sensitive to the detection of for voxel-width vessels whose walls cannot be defined via
tubular objects. No reasonable object identified by the user marching cubes.
failed to be accepted by the segmentation program. Addi- Alternative approaches have also not yet met the needs
tional true vessels, difficult for the user to discern, were we intend to fill. Model-based reconstruction of 3D vessels
reliably extracted, probably by extension of a 3D vessel from a small number of fluoroscopic images has been
initially identified on a different slice. A specific example successful for the simple coronary circulation, but is not
is the anterior communicating artery, which is adjacent to possible in the highly complex and variable intracerebral
the noisy skull base and contains turbulent flow. Seg- circulation in which projection overlap in the absence of a
mentation of even this difficult vessel was performed prior 3D model makes curve association difficult. Various
without difficulty in all 11 cases. With the exception of methods to associate 2D curves under these conditions
‘merged’ vessels produced by limited MRA resolution, we have met with only partial success (Rubin and Sayre,
therefore believe that the segmentation protocol can re- 1978; Henri et al., 1990; Delaere et al., 1991; Bahner et al.,
liably extract even the very small, faint vessels that 1993a,b; Henri and Peters, 1996a,b; Bullitt et al.,
approach the limit of MR resolution and for which a user 1997b,c,d; Smets, 1990). Commercially available pro-
can manually define at least one point in MRA slice data. grams to reconstruct 3D vessels from a sequence of

narrowly apposed DSA views do not provide parent–child
information. Stereoscopic DSA imaging is used by a few
institutions and works well for some applications (Peters et

4. Discussion al., 1996). However, viewing angles are limited to those
obtained during angiography, individual subtrees cannot be

The rapid rise of interventional neuroradiology has removed to reduce obscuration, vessels cannot be imaged
underlined the need for individualized 3D maps of the along with a 3D object such as a tumor, and special glasses
intracranial vasculature. As interventionalists may catheter- make the approach impractical during microscopic surgery.
ize vessels as small as 1 mm in diameter, clinical utility Our approach has none of these limitations.
demands a graph description that includes even the small-
est vessels discernible from MRA. This paper describes 4.1. Limitations of our approach
creation of vascular trees from segmented MRA data.

A number of different groups have described MRA We believe that our approach can provide critical
segmentation. Although the described methods may be information for clinical planning and surgical guidance in
applicable to other clinical problems, none of the proposed ways not heretofore available. Nevertheless, our meth-
methods appears to provide the kind of detailed vascular odology contains limitations. A potential disadvantage of
trees required by our applications. Most previously de- our segmentation protocol is that it provides geometrical
scribed segmentation methods have produced only a few information alone. We have not attempted to employ
vessels, and graph description has not been attempted phase-contrast MRA, as such image acquisition requires a



166 E. Bullitt et al. / Medical Image Analysis 5 (2001) 157–169

minimum of four scans, thus making acquisition time too does not cover a sufficient volume, the tops of vascular
lengthy for routine clinical use and patient motion proble- curves will be truncated. In such cases the graph descrip-
matic. Instead, we have applied our methods to time-of- tion will either fail to include the distal, disconnected curve
flight MRA, a fast vascular imaging protocol in wide- piece or, worse, will falsely connect the distal curve piece
spread clinical use, but one that does not provide flow to a neighboring, unrelated vessel (Bullitt et al., 1999a).
information directly. As a result, we do not know flow A second cause of missing data is that, as previously
direction in the Circle of Willis without incorporating noted, the resolution of MRA is limited. If two vessels
additional DSA information. One automated solution may course closely together their profiles may merge on MRA
be to use the width information of segmented data, since slice data, making it impossible to define two separate
arterial flow is normally directed from wider arteries into vessels. We are currently dealing with this problem by
narrower ones. manual editing, which is sometimes required to accurately

A limitation inherent to any method of determining define the paired anterior cerebral arteries. A long-term,
nodal connections is that missing data may produce automated solution might involve either a knowledge-
connectivity errors. There are at least three reasons why based segmentation approach in regions of known difficul-
our segmentations may contain gaps. First, if the MRA ty, or the use of higher resolution 3D image data.

Fig. 5. Vessel trees and endovascular surgery. (A) DSA of a patient with a glomus tumor (arrow). (B) Skeletons of a vessel tree projected on the DSA. This
tree contains 32 branches, each derived from a seed point. Note the difficulty of determining parent–child relationships on projection. (C) Subtree arising
from the internal carotid. The internal carotid is partially encased by tumor and sends branches to it, but passes through the tumor to supply the intracranial
vasculature. (D) Subtree comprised of the ascending pharyngeal and occipital artery and child branches. The ascending pharyngeal artery supplies the
tumor directly.
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A third potential source of missing data is that MRA tion method itself. First, our segmentation method is
may not visualize vessels with slow or turbulent flow. We capable of tracking an individual vessel for long distances.
have not, to date, encountered this problem as our seg- Second, the extractions do not appear to jump from one
mentation method appears to recognize tubular objects vessel into another or to extend for noticeable distances
with great sensitivity. into patches of noise. Third, the segmentation of each

Another limitation of our approach is that, for some vessel is close to complete, so that in the majority of cases
types of surgical planning, the amount of detail provided the parental and child connection points are within a voxel
by MRA may be insufficient. The current study analyzes of each other. This feature makes it possible to enforce
only the accuracy of nodal connections and the presence of tight connectivity requirements during tree definition and
extraneous data. It does not address the issue of missing to deal reasonably effectively with the problem of spurious
vessels except as such vessels influence the accuracy of vessels produced by noise.
nodal connection. Our methods are applicable to any type Another advantage of our approach is that there are no
of 3D data, however. As the new technique of 3D-DSA special image acquisition requirements. The 3D images
improves and/or as MR resolution increases, more 3D employed in this report were all routine, time-of-flight
vascular detail should become available and our methods MRA sequences previously obtained for clinical use. Our
will still apply. Images of our methods as applied to high approach is equally applicable to computed tomographic
resolution datasets are available elsewhere (Bullitt et al., angiography (CTA) and to 3D DSA.
2001). A third advantage of our methodology is that it is not

Finally, it would be preferable if our methods were fully computationally expensive. As a result, no specialized
automatic. At present, minimal user interaction is required hardware is required. All programs are cross-platform, and
except during the manual definition of seed points. Sup- run well under Windows on a 433-MHz laptop PC. As a
plying these seed points may take as little as 1–5 min (to consequence, surgical planning can be done in the office or
define the Circle of Willis and additional relevant branches at home. Figs. 5 and 6 illustrate two different visualiza-
in an aneurysm patient), but may also require as much as tions of a glomus tumor and its associated vasculature.
90 min (to define a plethoric AVM involving most of the These figures provide examples of the kind of utility we
head). However, as stated under Methods, we are actively can provide for both surgical planning and endovascular
developing methods of fully automated vessel extraction embolization. In Fig. 5, the skeletons of 3D vascular trees
that we hope should reduce the total user time to a few are shown superimposed upon a DSA obtained during
seconds if no manual editing is planned, and to a few embolization of a glomus tumor. A 3D graph description
minutes if optional editing is desired. of segmented MRA vessels could be used to define

endovascular routes through the complex maze of overlap-
4.2. Advantages of our approach ping shadows seen on projection view, without the need

for acquiring multiple DSA image sequences. Fig. 6 is an
Despite these limitations, our approach has several image taken from our surgical planning program, and

advantages, many of which are inherent to the segmenta- illustrates the same tumor displayed with vascular subtrees

Fig. 6. Vessel trees and surgical planning. The vessels are the same as shown in Fig. 5. The tumor margins have been approximated by defining a sphere in
the MR data. A volume rendering of this region is shown in combination with the color-coded vessel tree. Arrows point to the supplying arteries: the large
arrow points to the internal carotid and the smaller arrow to the ascending pharyngeal artery. The tumor and vessels can be interactively visualized from
any angle of view.
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