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Abstract—We present a Conditional Random Fields based ap- Il. MATERIALS AND METHODOLOGY

proach for segmenting Intravascular Ultrasound (IVUS) images. . . .
The presented method uses a contextual discriminative grdgcal Ten IVUS pullbacks have been acquired at the University

model to deal with the presence of distortions and artifactsn ~Hospital German Trias i Pujol (Badalona, Spain). Longitadii
IVUS images, that turns the segmentation of interesting reigns cuts have been extracted from each sequence (0,45,90 and
into a difficult task. An accurate lumen segmentation on IVUS 135 degree) and lumen area has been segmented by two ex-
longitudinal images is achieved. perts. Common segmentation areas have been used as ground
truth. The DRF model requires a graphical representation
[. INTRODUCTION G = (S, E) of data, wheres indicates each block (node) of the

Th . FIVUS i is still raph andFE indicates interconnections among nodes (edges).
e accurate segmentation of  Images s still an opgiy- e 4ch cut, features are first extracted from the whole énag
problem. The presence of noise, distortions and artlfac{

fien a feature vectat; is assigned to each nodg € S b
caused by the guide-wire presence, the ring-down effect a,%; g - y

he shad duced b lcificati ke the d . sidering the median value of features for each block. As
.t € shade produced by calci ications make the detection; @ [7], a 10-dimensional observation vector is computed for
interesting tissues a difficult task. Physicians usuallgrev

2 . . ~~ each node.
come this difficulty by exploiting the contextual informari The set of extracted features represents a sequence

extrgpolatgd from the.image i'FseIf, thus considering qbat' — {x1,...,xy} of IVUS data observations in the

relationships among d|ffere_nt t_|ssues. In ordgr to take’c”pr‘,)graphical model. Hence, the conditional probability of its

of such contextual information in the automauc segmeniati| i< fieldy can be modeled as a DRE [1], [5] as

process, we propose to formulate the labeling process &f eac

point of the IVUS image as a conditioned probability prowde 1 M

by Conditional Random Fields models [1]. CRFs are in fact PYIX) = Z(X) Hd’i H Yij

discriminative sequential graphical models able to model a =1 JeEN:

conditional probability that takes into account the cohtex where (i,j) are indexes of nodes in the graph; is the

the observed domain. Several CRF models have been propaseighborhood of thé‘® node andZ(X) is a normalization

in literature in the last decade [2], [3], [4]. In particuléhe function. The termsy); and ¢;; are the node potential and

extension to 2D domain of CRF is defined Discriminativedge potential.

Random Fields (DRF) [5]. A common approach for modeling The novelty of the proposed approach consists in designing

neighborhood relationships in DRF consists in defining @e two potential functions by using generic margin classsfi

priori pairwise potential function. Given the difficulty offor segmenting IVUS images. Each potential function can be

segmenting IVUS data, relationships strictly based on dageen in fact as a classification problem, and a margin classifi

observation are required instead. For this reason, we peopean be used to solve it. A generic binary margin classifigis

a novel formulation of potential functions for DRF where therained to model the conditional probabilitfy|x). For each

transition event between adjacent states is consideredh asclassified data point with feature vectst a margin value

independent classification problem. Hence, an effectiv¢ am, = h,(x) is obtained. This margin value represents the

observation-related pairwise potential is achieved. distance, in the feature space, from the point to the detisio
Given the commonly large combination of possible statémundary. The idea is to convert the margin value into a

(K > 4) assumed by observation nodes, the pairwise potentmtential value for both node and edge potential definition.

formulation is turned into a multi-class problem. We usenthe In this sense, while the formulation of the node potential

the Error-Correcting Output Codes (ECOC) [6] frameworkerived from margin is quite immediate, the edge potential

to reduce the multi-class problem to a set of simple binargquires the definition of meta-classes. We can in fact define

problems. The proposed method is applied to the lumen segw meta-label) = (y; — 1)x/f+yj (“label trick” ) for each

mentation, providing a most accurate results when compaiggirwise transition and a new feature vecfor= f(x;,x)

with the standard state-of-the-art DRF formulation. for each pair of adjacent nodes. In this way, the probability



ECOC-DRF

Fig. 1. Lumen segmentation results in longitudinal IVUS gady using the ECOC-based proposed approach (top) compittethe standard state-of-the-art
approach (bottom)

TABLE | : . .
L UMEN SEGMENTATION RESULTS FORECOC-DRFAND DRF. DRF model in each considered performance parameters with

A= AccuracY, DR = DETECTIONRATE; FR, = FaLse PosITivERATE.  a difference in detection rate of around 12% (see Table 1).
Furthermore, the lowr'P, value is due to the use of ad-hoc

v 1560802% 76’5;;;@ features descriptors for the specific problem, that alloe th
DR | 74.39% | 62.43% ECOC-DRF to correctly define state transition, thus resglti
P | 026% | 0.3% in a highly precise blood area border definition (see Fig.1),

while letting some undetected isolated nodes inside tha. are
The smoothness constraint is imposed by DRF instead, thus
p(]%) can be modeled as a combination of margin classifiegyoducing a continuous blood area definition, at the cost of
and the proposed approach is still applicable. Since thefsetdetection error in the border. For this reason, the ECOC-DRF
possible states transition @5{ > 4), at least 4 meta-labels aremodel is extremely suitable for the automatic lumen dedecti
required, defining a multi-class problem. For this reasoa, wn IVUS images.
use the Error-Correcting Output Codes (ECOC) [6] framework

. ; _ IV. DISCUSSION AND CONCLUSIONS
to reduce the multi-class problem to a set of simple binary

problems. The set of margins represents then a point in the* InOV?fI' mgthod fobrl defin;‘ng pbotential functic:jns fﬁr DRFh q
ECOC space and expresses the similarity of each observafignclassification problems has been presented. The metho

to one of the classes; in the specific lumen segmentation ca@?beds the capability of powerful discriminative margiass|
the classes ar€lumen, not — lumen}. In order to compute sifiers to model complex dependencies among features in both

the similarity, each margin value is scaled inte-& < ;1 < 1 node_ and edge potentials, while requi_ring a fas_t and easy
range. Then, by the decoding process, a distance vecter trammg process. Furthermore, a novel_|nterpretat.|ontafes
idy, ..., dxc] between the margin codewojicand eachk:'” row t_ransmon event as a meta—gl_ass is p.rowded,_ allowing fiecef
of the ECOC matrix is computed, whete< di < dynq, and tively model real state transitions. This technique dertrates

s iS @ known value depending on the coding and decodiﬁ outperform standard state-of-the-art DRF method in the

techniques. The conversion from distance to potentialeval men segmentation p.roblem. Finally, it is eas!ly extenelaadx_)
is done by means of the functiofi,(d) — e, wherea multi-class segmentation problem as well, being thus klgta

is a problem-specific parameter. Finally, both node and ed ebe applied to even more complex segmentation problems

potential can be defined asy(y;,x;) = e *~dwix) and ! IVUS.
Vij (yi, yj, X) = e~*edWiv5%)  where the distances are now REFERENCES
eXpresse_d as fu_nctlon of the feature v_ector and label ofa dﬁ‘j J. Lafferty, A. Mccallum, and F. Pereira, “Conditionahndom fields:
observation; as in DRF [5], [3] we define hete= |x; — x;]|. Probabilistic models for segmenting and labeling sequetae,” in
The DRF model resulting from this approach is named ECOC- CML, 2001, pp. 282-289. _ _
DRE [2] C. H. Lee, R. Greiner, and M. Schmidt., “Support vectondam fields
: for spatial classication,PKDD, pp. 121-132, 2005.
[3] S. V. N. Vishwanathan, N. N. Schraudolph, M. W. SchmidideK. P.
[1l. RESULTS Murphy, “Accelerated training of conditional random fieltith stochas-

. tic gradient methods,” ifCML '06, 2006, pp. 969-976.
The performance of the ECOC-DRF applled to the lum L. Ladicky, C. Russell, P. Kohli, and P. H. Torr, “Assotie hierarchical

segmentation are compared with DRF [5], [3]. The margin crfs for object class image segmentatiolGCV, 2009.

classifier used for ECOC-DRF is AdaBoost [8] with Decisioff! S: Kumar and M. Hebert, “Discriminafive fields for modui spatial
St K| - traini t h b tdependenCIes in natural images,”ANIPS 2003.
umps as weak learner; training parameters have been ng] & G.Dietterich and G.Bakiri, “Solving multiclass leang problems via

T = 50 rounds, OneVsOne coding and Attenuated Euclidean error-correcting output codesJAIR vol. 2, pp. 263-286, 1995.

Distance decoding. DRF has been trained by Stochastic G[|7zi-!‘:|-E C'Omp"do- waﬁ,l’ E Ffma”dez'NOffet“?S' J. Mag_“lf‘a’r-t Radeva,
. . . COC random ftields f1or lumen segmentation In radial arteqysise-

Fjlent Desgent (SGD) as descrlbed in [3]. _In both cases the quences.MICCAI, vol. 5762, pp. 869-876, 2009.

inference is performed by Belief Propagation (BP) (nlter i8] R.Schapire, “The boosting approach to machine learniigoverview,”

1000). It is worth noting that ECOC-DRF outperforms the MSRI 2001.



