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Abstract. The Graph Cuts method of interactive segmentation has become very
popular in recent years. This method performs at interactive sgeedsaller
images/volumes, but an unacceptable amount of storage and compuitatEn

is required for the large images/volumes common in medical applicatidves. T
banded graph cut (BGC) algorithm was proposed to drastically incteas®m-
putational speed of Graph Cuts, but is limited to the segmentation of largelish
objects. In this paper, we propose a modi cation of BGC that uses theniafo

tion from a Laplacian pyramid to include thin structures into the band. Toezef

we retain the computational ef ciency of BGC while providing quality segmen
tations on thin structures. We make quantitative and qualitative comparistins
BGC on images containing thin objects. Additionally, we show that the new pa-
rameter introduced in our modi cation provides a smooth transition fronCBG
to traditional graph cuts.

1 Introduction

The Graph Cuts method of interactive segmentatigrhps become very popular in
recent years due to its behavioral and theoretical prageriihis method performs at
interactive speeds for smaller images/volumes, but anoemable amount of compu-
tation time is required for the large images/volumes cominamedical applications.
Consequently, the Banded Graph Cuts algorithm (BGDWRs proposed in an attempt
to preserve the segmentation quality of Graph Cuts whilstaaly increasing the
computational speed. Although BGC performs well when thgremntation target is a
large, blob-like object, the segmentation quality breadwmwhen the image contains
thin structures. Since thin structures are ubiquitous idioz images (typically in the
form of vessels), the BGC algorithm must be modi ed in ordeapply to this problem
domain. We present a modi cation of the BGC algorithm thaggarves its computa-
tional advantages, but produces segmentations much dilmséraph Cuts when the
segmentation target contains thin structures. This meadian is based upon the use of
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a difference image when coarsening to identify thin strregahat may be included into
the band during the segmentation.

Graph Cuts has risen to become an extremely popular algofidhimage segmen-
tation (although we will employ the generic term “image” i paper, we intend this
term to be understood as pertaining to data volumes as Whl)Graph Cuts algorithm
inputs two user-de ned “seeds” (or seed groups) indicatamples of the foreground
object and the background. The algorithm then proceedsdahe max- ow/min-cut
between these seeds, viewing the image as a graph where#teguie associated with
nodes and the edges are weighted to re ect image gradieitteough standard max-
ow/min-cut routines [3] may be used for this computation, faster specialty alporg
for the domain of image segmentation have been develcedrt of the popularity of
the Graph Cuts algorithm also stems from the statisticaljpretation of the approach
as the minimization of a certain Markov Random Fielgh]. Additionally, the seg-
mentation results are straightforward to predict and fivieiito use since the algorithm
always nds the segmentation boundary at the location ofttirlé@mum cut (or surface,
under the interpretation of]).

The max- ow/min-cut algorithm introduced by/] makes a great computational
advance over the conventional methods for computing mawhan-cut. However, for
high-resolution images or medical volumes, the computatiburden is still too large
for the algorithm to operate at an interactive speed. Fomgie, it was reported in/]
that over six minutes were required to segment a medicahvelf size256 256 185
This large computational burden for the Graph Cuts algerigtompted the introduc-
tion of the BGC algorithm 4]. The goal of the BGC algorithm was to provide the
same cut (segmentation) of the native Graph Cuts algorithrimtbpoducing a multi-
level scheme for the computation. Although the BGC algaritls not guaranteed to
provide the minimum graph cut, it was convincingly shownzihthat the (near) mini-
mal graph cut was returned for practical problems in whiehsbgmentation target was
“blob-like”. However, the authors of/] state (and demonstrate) clearly that the BGC
algorithm is inappropriate for thin objects. Unfortungtehe medical imaging domain
frequently contains thin segmentation targets in the fofraecular structures. Despite
this limitation to “blob-like” segmentation targets, th&B algorithm produces compu-
tational speeds over an order of magnitude faster than tiatséned when employing
conventional Graph Cuts (i.e., using the algorithm4jfdn the full graph).

The BGC algorithm is not the only approach to increasing threpmutational ef -
ciency of Graph Cuts. The Lazy Snapping algorithm&}fderforms a presegmentation
grouping of the pixels using a watershed transfotirehd treats each watershed basin
as a supernode. Graph Cuts is then run on the graph of sugstnBg drastically re-
ducing the number of nodes in the graph, this approach gremtieases the speed of
Graph Cuts in practice. However, the computational savangsnore dif cult to predict
with this approach since the number of supernodes is highiige dependent. Addi-
tionally, the authors of this approach offer no charactgi@n of when to expect this
coarsening approach to succeed or fail to produce the sangéven by full-resolution
Graph Cuts.

We propose a modi cation of the BGC algorithm that allows floe accurate seg-
mentation (relative to full-resolution Graph Cuts) of tlubjects while preserving the



computational advantages of BGC. The modi cation is borthefobservation that thin
structures are lost as a result of the coarsening operatimivied in BGC. Therefore,
we employ the idea of a Laplacian pyramit]] to recover this lost information and
extend the band such that high-threshold pixels are induldethis manner, the addi-
tional computational burden is slight but thin structures @covered. The extra com-
putational burden comes only from considering a small nurobadditional pixels in
the band and by computation of the Laplacian pyramid, whie&dnnot be computed
explicitly and therefore requires simply an additionakkm-time pass over the image.

This paper is organized as follows: Sectidgives details of the method and im-
plementation, SectioB gives results compared to BGC and full-resolution GraptsCut
Finally, Sectiord offers concluding statements.

2 Method

We begin by rst introducing the graph structures used i tdgorithm. Let(P;1) be
an N-D image on a nite discrete s with values inRN and a mapping from this
set to a value (p) in some value space. In this paper, we assumel that | which is
the base image. For an imagewe can construct the associated undirected weighted
graphG = (V;E; W) consisting of nodes (vertices)2 V, edgese 2 E and non-
negative weightsv 2 W with a speci ed neighborhood structure. In our setting,heac
node is identi ed with one pixel and a 4-connected (6-coneed dimension 3) lattice
structure of edges is assumed. For a set of im&g€s ;1Xg, a separate graph is
constructed for each level, producing a set of grag®$= (V% E%;W0); Gk =
(VK EX; WK)g.

We begin by reviewing the BGC algorithm of][in more detail before proceed-
ing to the proposed modi cations via a Laplacian pyramidr &o input imagel °, the
BGC algorithm produces an image pyramidl}; ;1% g for a predetermined num-
ber of levels,K , via downsampling by a factor of two in each dimension, iatkd
here by the downsampling operatién( ), e.g.,I* = D 19 . The Graph Cuts algo-
rithm of [4] is then applied to the coarsest-level imag#é, to produce a minimum cut
on the coarse level that assigns pixels to sets represefaiaground,F X \VANS
and backgroundBX VK, such thatFX [ BX = VK andFK \ BX = ;.
Let @K be the boundary of the foreground segmentation de ne@#&§ = fv, 2
FX 1joy; 2 BX !stijjvi vjjj 1g, wherejj jj is taken to represent a Euclidean
distance of the node (pixel) coordinates. This coarse-esgmentation boundary is
then upsampled to levéK 1), indicated by the upsampling operatith( ), e.g.,
@K 1= U @F . This upsampled segmentation boundary is modi ed by ditati
the segmentation boundary by a distadde include a “band” of unsegmented pixels.
The BGC approach then proceeds to treat the inside of the &dsfioreground seeds
and the outside of the band as background seeds and compggafth cut inside the
band. Formally, this may be described by forming three sktsodes on the coarse
level, FK * fFK L.gKk 1 pgK 1.k 1 yK 1 whereFK 1!is the set of
foreground nodes on the interior of the baBd, ! is the set of background nodes out-
side the band an@X ! is the set of nodes inside the band (the “questionable” Hodes
Foragivend, Q€ ' = fv, 2 VK 1joy; 2 U@K) sit:jjvi vjji dg. Note



that the (coarsened) locations of the seed pixels are nkoerea to belong to the ques-
tionable seQX. The BGC then performs a second max- ow/min-cut computato
X 1 wherethe nodesiRK ! are treated as source seeds and the nod@¥ in* are
treated as background seeds. This operation is then cedtiouhe next level until the
ne-resolution level is reached and a ne-level segmeitaiis obtained.

The Laplacian pyramid introduced by Burt and Adelsan][preserves the ne-
level detail by storing a second imadgeX, de ned asSk = I¥ U D 1k . This
subtraction image preserves the ne details at ldvebscured by the downsampling
and upsampling operations. Since this image preserveqithdetails, we may employ
these values to introduce additional nodes into the banda@ BSpeci cally, we intro-
duce a threshold,, and modify the de nition ofQ¥ given above for the “band nodes”
to stateQX 1= fv; 2 VK 1jSK 1(y) g[ QX ! andthenremove all the nodes
in QX ! which are not in the same connected component with the @ligandQX 1.
HereSK(v;) is taken to indicate the magnitude of the subtraction imagede (pixel)
vi. The parameter may be interpreted as an “interpolation” parameter betwhen
BGC algorithm ( = 1 ) and the standard Graph Cuts algorithm=0). In Section3
we show that an setting much closer to BGC preserves the speed advantageis of
approach but setting< 1 allows the recovery of thin structures previously missed in
the BGC algorithm. We note that the ima§@eed not be computed or stored explicitly,
since for each pixel, we can compute the associated Laplaeailae online in constant
time.

Also assignment of nodes as foreground or background isgethrioo. Since the
band may disconnedt® andBX , the nal FX ' andBK ! are taken as the con-
nected components containing foreground and backgrowassespectively.

Figurel illustrates the entire process. An initial circle with twort attached struc-
tures (e.g., representing an idealized organ fed with blesdels) is to be segmented
using the indicated seeds. This image is coarsened and segiméut the “vessels”
are not properly segmented due to the coarsening process Mgisampling, the band
(indicated by a gray crosshatch) is augmented by the pixetsimng threshold (indi-
cated by the black crosshatch). Now, when the segmentatjperformed the “vessels”
will be included. Figure2 gives an example of the process for a real image, with its
corresponding subtraction image.

In accordance with4], our graph on aIZI levels was taken as a 4-connected lattice

(i 1)

with weights given byw;; = exp 53— . We de ne the upsampling and down-

sampling functions ablp(l) =" (I w) andDown(l) = (#1) w. Herew is a

Gaussian Iterwith =1:0, denotes convolution, arld # operators are de ned as:
R ) =125 2)

#(;5) )= I(biéc; bjéc)

3 Results

The validation of our augmented BGC algorithm addressefottmving questions:



Fig. 1. Overview of the algorithm. An initial circle with two thin &iched structures
(e.g., vessels) is to be segmented using the foreground gesd) and background
seeds (blue). First, the image/seeds are coarsened, duiog the thin structures are
lost. The segmentation is then performed on the coarse. [€hel resulting segmen-
tation is then upsampled and the original BGC band is congp(itelicated by the

gray crosshatched area). In our approach, this band is atgthéo include the thin

structures (indicated by the black crosshatched area)waslfby pixels with a large

magnitude in the difference image of the Laplacian pyramid.

1. Does our augmentation of BGC perfogualitativelybetter on images containing
thin structures (with respect to full-resolution GC)?

2. Does our augmentation of BGC perfoguantitativelybetter on images containing
thin structures (with respect to full-resolution GC)?

3. What is the tradeoff of speed/accuracy obtained by sdtiffeyent values of ?

The experiments were performed for both 2D and 3D data.

Figure 3 and Figure4 address the issue of qualitative comparison for 2D and 3D
data respectively. In Figurg two images containing vascular structures were given
foreground/background seeds such that a full-resoluti@npBduces good segmen-
tations. The images were then segmented using BGC and onvesuigd BGC using
three levels. As indicated by the authors of BGC, the algorits unable to accurately
nd small/thin structures, especially when the structuaes distant from the seed loca-
tions. In contrast, our augmented BGC recovers the futhgmn GC segmentations at
speeds only marginally decreased from than the high-pegoce BGC. Both images
had resolutiorb12 512 The same experiment was performed in 3D on an aorta and
a left atrium segmentation target, with volungss6 224 32and124 184 185
respectively. In both cases, the augmented BGC was abledwaethe full resolution
GC solution exactly, even though additional levels weralyse., another coarsening
step was applied before running GC).

A quantitative analysis of the augmented BGC was combindil avi investigation
into the role of the new parameter. We began with a set of six number of 2D im-



(a) Original image (b) Subtraction imagéc) Unaugmented bandd) Augmented band

Fig. 2. Construction of a segmentation band. (a) The original intagee segmented
(seeds not shown). (b) The subtraction (Laplacian pyraimidge obtained from up-
sampling the downsampled image and subtracting it from tiggnal. Note that thin

(high frequency) structures are strongly representedTite) unmodi ed band result-
ing from an upsampled segmentation. (d) The segmentatiem gifter augmenting the
band with the high-magnitude values in the subtraction en@g.

ages containing vessels or other elongated structuresdm inage, suf cient seeds
were given to the full resolution GC algorithm in order to gwae a quality segmen-
tation of the elongated target. For each image, the segti@mntaas then performed
using BGC with 2—3 levels and augmented BGC using 3 levels. Tharameter was
then varied between Grax S and the speed/memory was tracked with respect to the
segmentation accuracy. The segmentation accuracy wasutednwith respect to full
resolution Graph Cuts by histogram intersection. Figlishows the mean values with
an error bar indicating one standard deviation in both sipeehory and accuracy. In
these plots, the three dots corresponding to BGC indicateisie of zero coarse levels
(i.e., full-resolution GC) and one or two coarse levels. Tqualities of the augmented
Graph Cuts are portrayed in Figusel) The parameter provides a smooth transition
from the BGC algorithm to full-resolution GC, 2) By setting:lose to zero, large gains
can be made over BGC in accuracy, for mild costs in speed/mermbis experiment
was repeated a second time for an aorta volume illustratédgiare 4.Although the
increases in accuracy appear less drastic than in the 2D ttésés simply because
the number of voxels involved in the elongated pieces is gemgll compared to the
total number of voxels in the object. However, as shown irufggl, the qualitative
difference in accuracy is signi cant. Note that the augneeBGC with = 0 requires
more time than the full resolution Graph Cuts, since thesmang, etc. become wasted,
time-consuming, operations in this case. Similarly, aeotxperiment was performed
on a set of three left atrium datasets. Although the sizebefiata volumes were the
same, the volume of the left atrium in each case was differedtherefore the memory
consumption and time elapsed were normalized to unity. i1 ¢hse, the bars show
one standard deviation in the corresponding axis. The gatiwé improvement in ac-
curacy may seem slight, due to the fact that the inside oftlhearalso high Laplacian
values. To remedy this problem, the Laplacian band may keeébto stay outside of
the foreground region.



(a) Original image (b) Graph Cut (c) BGC (d) Augmented BGC

(e) Original image (f) Graph Cut (g) BGC (h) Augmented BGC

Fig. 3. Qualitative comparison of BGC and augmented BGC (with respe full-
resolution GC) on two 2D images contained elongated strestija,e) Original images.
(b,f) Full-resolution Graph Cuts segmentation. (c,g) Bah@Graph Cuts solution with
three levels — Note that many elongated structures are riecity segmented. (d,h)
Augmented Banded Graph Cut solution with three levels. $aigtion is much closer
to the full-resolution Graph Cuts solution, at a cost venselto the much faster BGC
algorithm.

4 Conclusion

The Graph Cuts algorithm has become a very popular algoiitlietent years for inter-
active segmentation. However, the speed/memory restmghf this approach prevents
its interactive use on many modern medical datasets, dueeto size. For this pur-
pose, the Banded Graph Cuts algorithm was introduced teoiaiéethe speed/memory
concerns while largely providing the same segmentatiomegslard Graph Cuts. How-
ever, the BGC algorithm is unable to accurately handle setatien tasks involving
elongated structures, which are very common in medical setation tasks. In this
paper we introduced the Augmented Band Graph Cuts apprbatpreserves the pos-
itive speed/memory qualities of BGC, while allowing for accarate result when the
segmentation task involves elongated structures. Spalty,cthe difference informa-
tion from a (simulated) Laplacian pyramid is used to add sosegmentation band at
subsequent levels in order to place elongated structutéswihe space of considered
segmentations for the ne level Graph Cuts.

Our proposal to augment Banded Graph Cuts with informatiomfa (simulated)
Laplacian pyramid was studied from the standpoint of qati¢ and quantitative im-
provement and the role of the introducecparameter. These studies were carried out



on both 2D and 3D datasets containing segmentation targéisaw elongated ob-
ject. The studies concluded that it was possible to obtaamly¢he same increase in
speed/memory as was determined by the BGC algorithm, birntdtsineously achieve
a segmentation much closer to the full-resolution GraptsCTliterefore, we can con-
clude that the Banded Graph Cuts algorithm should alwaysansaugmented band,
since the computational increase is negligible, while tmigacy increase is signi cant
when elongated structures are present in the image.
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(@) FullGC (b) BGC result (c) Augmented BGC

(d) FullGC (e) BGC Result (f) Augmented BGC

Fig. 4. Qualitative comparison of the full resolution Graph Cuts BGC algorithm

and the augmented BGC algorithm on volumetric data comtgiain aorta (top row)
and a left atrium (bottom row). (a,d) The full resolution @haCuts result, requiring
10s and 300Mb of memory (a) and 40s/700Mb (d). (b,e) BandegpisCuts results
with the same seeding using one coarse level, requiringBHi3b) and 8s/86Mb (e).
(c,f) Augmented Banded Graph Cuts results using two coavstd, requiring 3s/33Mb
(c) and 15s/216Mb (f). For a small increase in computatimetbver standard BGC (but
still much less than standard GC), our augmented BGC ofésglts qualitatively the
same as standard GC, even in the presence of elongatedistgict
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Fig. 5. Memory/time and accuracy tradeoff plots. The horizontal @ertical error bars
represent one standard deviation in the corresponding laxadl plots, the red line in-
dicates the Banded Graph Cuts approach with three pointsspmnding to two coarse
levels, one coarse level and zero coarse levels (i.e., dgblution Graph Cuts). The
green line indicates the performance of the augmented Ba@Gdaph Cuts approach
with three levels, using an parameter from OmaxS. These trials indicate that the
time/memory savings of the Banded Graph Cuts are nearhepred, while achiev-
ing a much higher level of accuracy (with respect to the fefialution Graph Cuts).
Additionally, the parameter is revealed as providing a smooth transitionésivthe
Banded Graph Cuts and the full resolution Graph Cuts alyoist



