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METHOD OF SEGMENTING ANATOMIC 
ENTITIES IN DIGITAL MEDICAL IMAGES 

RELATED APPLICATIONS 

[0001] This application claims priority to European Appli 
cation Nos. EP 05107903.6, ?led Aug. 30, 2005, and EP 
05107907.7, ?led Aug. 30, 2005, and also claims the bene?t 
of US. Provisional Application No. 60/715,878, ?led on 
Sep. 9, 2005, all three of Which are incorporated herein by 
reference in their entirety. 

FIELD OF THE INVENTION 

[0002] The present invention relates to a method of seg 
menting an entity in a digital image, more speci?cally an 
anatomic entity in a digital medical image. The segmenta 
tion process according to the present invention is based on 
the use of geometric and photometric models of an image. 

[0003] The method of the present invention can inter alia 
be used as a process of performing geometric measurements 
on digital images, more speci?cally on digital medical 
images. 

BACKGROUND OF THE INVENTION 

[0004] In radiological practice, geometric measurements 
are frequently used to aid diagnosis of abnormalities. In 
order to perform these measurements, key user points must 
be placed in an image, for example in an image displayed on 
a display device, on their corresponding anatomical land 
mark position. Measurements such as the distance betWeen 
tWo points, or the angulation betWeen lines are based on the 
position of these key user points. Furthermore, the geometry 
as a Whole may be assessed for normality or abnormality, 
involving an analysis of the complete shape. Hence there is 
a need to automate and objectify the extraction of quanti 
tative information that is embedded in a radiological image. 

[0005] An example of such a frequently performed mea 
surement is the computation of the cardiothoracic ratio 
(CTR) in thorax RX images (FIG. 6). This ratio is de?ned as 
the ratio of the transverse diameter of the heart, at the level 
of the apex, to the internal diameter of the thorax (ID), i.e. 
CTR=(MLD+MRD)/ID. 
[0006] The transverse diameter of the heart is composed of 
the maximum transverse diameter on the left side of the 
heart (MLD) and the maximum transverse diameter on the 
right side of the heart (MRD). Clearly, this de?nition entails 
that the radiologist searches along the inner border of the left 
and right ribcage boundary to locate the point pair needed to 
compute the internal diameter ID. This point pair must lie at 
the greatest internal diameter of the thorax. LikeWise, the 
left and right heart shadoW border must be searched to locate 
the points needed to compute the sum of MLD and MRD. 
More speci?cally, these points are situated most distant With 
respect to the midline of the spine. The process of border 
search requires that the radiologist is performing anatomy 
segmentation and locating the points (a total of four in this 
example) on the segmented anatomy. The segmentation step, 
in the case of CTR computation, amounts to delineating the 
lung ?elds. 

[0007] Many other measurements in digital images folloW 
a similar approach involving the segmentation (224,418) of 
the anatomic organ or entity onto Which segmented geom 
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etry the characteristic points (510) and measurement objects 
(512) are determined and ?nally measurements (514) are 
performed (FIG. 5). 
[0008] Referring to the example of cardiothoracic index 
calculation, to automatically position the required points, a 
method is needed to automatically segment the lung ?elds 
on a chest radiographic image. 

[0009] The segmentation problem can be approached in 
several Ways, depending on the application. Segmentation 
strategies evolved from loW-level strategies in the early 
years of computer vision to the more recent model-based 
strategies. 

[0010] LoW-level methods rely on local image operators 
separating pixels With different photometric characteristics 
and grouping of pixels With similar local photometric char 
acteristics. Examples of both classes are edge detection and 
region groWing. Despite the poor performance of these 
loW-level approaches, they are very popular in most com 
mercial image analysis tools. The main reasons are that they 
are simple to understand and to implement. For complex 
image data hoWever, such as present in medical images and 
exempli?ed by the content of a thorax image as described 
above, their usefulness is limited. 

[0011] More successful methods incorporate a priori 
knoWledge about the shape to be segmented and about the 
photometric or gray-level appearance of the object in the 
image. These methods, referred to as model-based methods 
are often based on template matching. A template is matched 
for instance by correlation or With generaliZed Hough trans 
form techniques. Unfortunately, the template matching is 
likely to fail in case of medical images. This is due to the 
large variability in shape and gray-level appearance that the 
anatomic object may exhibit. 

[0012] Methods based on active contours, introduced by 
Kass et. al. (M. Kass, A. Witkin, and D. TerZopoulos, 
Snakes: active contour models, Int. J. Computer Vision, 
1(4):321-331, 1988) and level sets (I. A. Sethian, Level set 
methods and fast marching methods, Cambridge Univ. 
Press, Cambridge, UK. 1999) are able to cope With a larger 
shape variability, but are still unsuited for many medical 
segmentation tasks because little a priori knoWledge about 
the object to be segmented can be incorporated. Handcrafted 
parametric models overcome this problem, but are limited to 
a single application. 

[0013] In vieW of these shortcomings, it is obvious that 
there is need for a generic segmentation scheme that can be 
trained With examples in order to acquire knoWledge about 
the shape of the object to be segmented and the gray-level 
appearance of the object in the image. Active shape models 
(ASMs), introduced by Cootes and Taylor (T. F. Cootes, C. 
J. Taylor, D. Cooper, J. Graham, Active Shape Modelsi 
their training and applications, Computer V1S1OI1 and Image 
Understanding, 61(1):38-59, 1995) satisfy this de?nition of 
segmentation schemes. The shape model is given by the 
principal components of vectors of landmark points. The 
gray-level appearance model describes the statistics of the 
normaliZed ?rst derivative of pro?les centered at each 
landmark that run perpendicular to the object contour. The 
location of a landmark in a neW image is found by mini 
miZing the Mahalanobis distance betWeen the ?rst derivative 
pro?le and the distribution of the pro?le. This algorithm 
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starts from an initial estimate and performs a ?tting proce 
dure, Which is an alternation of landmark displacements and 
shape model ?tting. Similar approaches have been devised 
all employing a three-step procedure. First, they all use a 
shape model that ensures that plausible results are generated. 
Secondly, they use a gray-level appearance model to place 
the object at a location Where the gray-level pattern around 
the border or Within the object is similar to What is expected 
from the training examples. Finally, the algorithm ?ts the 
model by minimiZing some cost function. 

SUMMARY OF THE INVENTION 

[0014] The approach presented by active shape models is 
still faced With several limitations. 

[0015] A ?rst limitation is the need for an initial estimate, 
knoWn as the initial positioning problem. In some cases, an 
extensive search for a proper initial contour is needed in this 
framework. 

[0016] A second limitation lies in the alternate use of 
shape model and gray-level appearance model. Firstly, the 
segmentation estimate is updated using the gray-level 
appearance model. Secondly, the shape model is ?tted to the 
updated contour. Unfortunately the shape model is misled if 
the gray-level appearance model Wrongly locates a land 
mark. 

[0017] Some experiments With active shape model seg 
mentation schemes exhibited another problem. If the gray 
level appearance model for a speci?c landmark is used to 
?nd a better location for that landmark, it requires that the 
true landmark location lies inside the region the algorithm is 
exploring. In some cases the algorithm may search for a 
landmark in the region of another landmark. This means that 
the Wrong gray-level appearance model is used at the Wrong 
region, resulting in a poor segmentation. 

[0018] It is an object of the present invention to provide a 
method of segmenting an entity in a digital image, more 
speci?cally an anatomic entity in a digital medical image, 
that overcomes the problems of the prior art. 

[0019] The above-mentioned aspects are realiZed by a 
method as set out in claim 1. 

[0020] Speci?c features for preferred embodiments of the 
invention are set out in the dependent claims. 

[0021] Another aspect of this invention relates to a method 
of measuring an anatomic entity in a digital medical image 
as set out in the appending claims. 

[0022] In the folloWing the terms gray value model, gray 
value appearance model, gray level model, gray level 
appearance model and photometric model are used as syn 
onyms. 

[0023] LikeWise the terms shape model and geometric 
model are used as synonyms. 

[0024] The terms feature image and feature are also used 
as synonyms. 

[0025] The embodiments of the methods of the present 
invention are generally implemented in the form of a com 
puter program product adapted to carry out the method steps 
of the present invention When run on a computer. The 
computer program product is commonly stored in a com 
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puter readable carrier medium such as a DVD or a CD 
ROM. Alternatively the computer program product takes the 
form of an electric signal and can be communicated to a user 
through electronic communication. 

[0026] In EP A 1349098, Which is incorporated herein by 
this reference, a method is disclosed to automate the mea 
surements in digitally acquired medical images by grouping 
measurement objects and entities into a computerized mea 
surement scheme including a bi-directionally linked external 
graphical model and an internal informatics model. In a 
measurement session according to EP A 1349098, a mea 
surement scheme is retrieved from the computer and acti 
vated. Measurements are subsequently performed on the 
displayed image under guidance of the activated measure 
ment scheme. 

[0027] In this computerized method, a multitude of geo 
metric objects are mapped in the digital image onto Which 
other measurement objects and ?nally measurement entities 
(such as distances and angles) are based. The basic geomet 
ric objects are typically key user points, Which de?ne other 
geometric objects onto Which geometric measurements are 
based. The above identi?ed patent application does not 
disclose hoWever hoW the mapping may be elfectuated 
automatically Without the need of user positioning and 
manipulation of key measurement points. The method 
according to the present invention can be used to effectuate 
this mapping. 

[0028] According to the present invention, a segmentation 
method is provided Which comprises the construction of 
models of anatomic entities such as an organ or a structure 
in a medical image, Which models can be trained from 
examples so as to obtain knoWledge of the gray value 
appearance and knoWledge of the shape of the anatomic 
entity to be segmented. 

[0029] The gray value appearance model comprises the 
probability distribution of the gray value and a number of 
multiscale derivatives of gray values at a set of landmarks 
distributed over the anatomic outline. 

[0030] The shape model comprises the probability distri 
bution of each connection vector betWeen successive land 
marks along the outline of an anatomic entity. 

[0031] A discrete point-based object representation is 
introduced to describe the anatomic outline in a medical 
image. 

[0032] TWo strategies and associated systems for generat 
ing models and application of the models to segment actual 
images are disclosed. 

[0033] These strategies, although decomposing in build 
ing blocks With equal goals, construct and employ different 
photometric and geometric model knoWledge. 

[0034] First, a neW gray level appearance model is con 
structed from training images, encoding photometric knoWl 
edge at landmark positions. This step exploits intensity 
correlation in neighborhoods sampled around each land 
mark. 

[0035] Secondly, a shape model is constructed, encoding 
geometric knoWledge betWeen landmarks. This step exploits 
spatial correlation betWeen landmarks of the segmented 
objects. 
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[0036] In a segmentation step, photometric and geometric 
knowledge are jointly used to segment one or more anatomic 
contours on a neW image. 

[0037] The resulting segmentations may be used to derive 
the position of desired measurement points in the course of 
performing geometric measurements on an image. 

[0038] Measurement points can be de?ned in either a 
direct or an indirect Way. 

[0039] In the direct Way, the positions of the landmarks are 
used as individual measurement points. 

[0040] In the indirect Way, the landmarks resulting from 
the segmentation process are interconnected by a curve and 
characteristic points on this curve are de?ned as measure 

ment points. 

Gray Level Appearance Models 

[0041] The ?rst step in each modeling system constrains 
the geometric position of the landmark to lie on a linear path 
perpendicular to the present contour or a sparse grid cen 
tered on the landmark. The photometric pattern at a land 
mark point in an image is captured by a pro?le vector 
sampled in feature images based on image derivates 
extracted at a number of scales. The pro?le sampling may be 
along a linear path in the images or on a circular path around 
the landmark point. 

Feature Images 

[0042] When the photometric pattern is computed for all 
image points in the image, feature images are obtained, the 
siZe of Which is equal to that of the original image. Neigh 
borhood operations are typically employed to compute the 
feature images. The values of the features in the feature 
image for a speci?c point can be arranged in a feature vector. 
The computation of feature images typically comprise tWo 
steps: (a) a linear ?ltering step using a bank of convolution 
kernels and (b) a post-processing step involving the sub 
steps of a non-linear point operation combined With the 
computation of local image statistics. In step (b) one of the 
sub-steps may be performed alone. 

[0043] Different ?lters and different types of post-process 
ing lead to different types of feature images. For example, 
LaWs constructed 25 tWo-dimensional convolution kernels 
as the outer product of pairs of vectors resembling ideal 
feature pro?les such as Level, Edge, Spot, Wave and Ripple. 
The post-processing step comprises non-linear WindoWing 
in Which the absolute ?ltered values are averaged in larger 
WindoWs to obtain image texture energy measures. Unser 
used ?lter banks constructed as the outer product of vectors 
corresponding to Well-knoWn transforms like discrete sine 
(DST), discrete cosine (DCT), discrete even sine (DEST), 
discrete real even Fourier (DREFT), discrete real odd Fou 
rier (DROFT) transforms, and for post-processing the com 
putation of the channel variances. Finally, Gabor ?lter banks 
are constructed using symmetric or anti-symmetric Gabor 
?lters tuned to combinations of different spatial frequencies 
and different orientations, such that all outputs have equal 
frequency bandWidth. The non-linear point operation step 
may include thresholding in this case. 

[0044] Other image characteristics may be measured using 
feature images based on multi-resolution Wavelets ?lters, 
rank-value ?lters or adaptive ?lters. 
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[0045] Feature images based on locally orderless images 
(LOI’s) The image structure around an anatomical landmark 
in a medical image exhibits a typical gray-level pattern. In 
the present invention, this structure is captured in a number 
N of mathematical features as outlined in the sequel. The 
concept of using feature images to build a gray-level appear 
ance model Was introduced earlier in B. Van Ginneken et al., 
Active shape model segmentation With optimal features, 
IEEE Trans. on Medical Imaging, 2l(8):924-933, 2002, 
based on so-called locally orderless images (LOI’s) pre 
sented by J. J. Koenderink and A. J. Vandoom, The structure 
of locally orderless images, Int. J. of Computer Vision, 
3l(2):l59-168, 1999. 

[0046] A Taylor expansion can be used to approximate a 
gray-level function f around a point of interest, i.e. a 
landmark, at position x0, by a polynomial of order K. The 
coef?cients of each term are given by the derivatives f6) at 
x0: 

[0047] All information in this function approximation is 
contained in the derivatives f0). Similarly, the image can be 
described by an image ?lter bank containing the derivatives 
of the original image (L,LX,Ly,LXX,Lyy,LXy, . . . ). Each 
derivative image may further be computed at a number of 
blurring or inner scales 0. The feature images are ?nally 
obtained by computing the post-processing step as local 
image statistics of each derivate image. The local image 
statistics comprise a number of moments of the local histo 
gram in a WindoW With Width 0t around each location x0. In 
a speci?c embodiment the ?rst and second histogram 
moments, all derivatives up to second-order (L,LX,Ly,LXX, 
Lyy,LXy) and 5 inner scales (o=0.5,l,2,4,8 pixels) are com 
puted, amounting to a total of N=2><6><5=60 feature images. 
The WindoW scale to compute the histogram is in accordance 
to the inner scale, i.e. 0t=2o. 

[0048] The limitation of using the derivatives in the roW 
and column directly (i.e. x resp. y) in the feature vector is the 
lack of invariance With respect to translation and rotation 
(i.e. Euclidean Transformations). Unless the images are 
anti-rotated into a standard orientation, these operators can 
only be trained on examples that have the same orientation. 
Cartesian differential invariants (CDI) describe the differ 
ential structure of an image independently of the chosen 
Cartesian coordinate system; hence the anti-rotation step can 
be omitted. The construction of CDI’s from Gaussian dif 
ferential operators Was described in L. M. J. Florack et al., 
Scale and the differential structure of images, Image and 
Vision Computing, Vol. 10 (6):376-388, 1992. The folloW 
ing are CDI’s using derivatives up to second order: (L,LXX+ 
Lyy,L2X+L2y,L2XLXX+2LXyLXLy+L2yLyy,L2XX+2L2Xy+L2yy). 
Again, at each pixel location, feature images are constructed 
using these operators at number of inner scales 0 and 
computing the ?rst tWo moments of the locally orderless 
histograms in WindoWs of extent 0t, With 0t linked to the 
inner scale, e.g. 0t=2o. These operators are independent to 
Euclidean transformations of image geometry, but still 
depend on the choice of the scale parameter (I. 
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[0049] Pro?le and Feature Similarity Measurement 

[0050] The gray level appearance model is built on the 
basis of a mean pro?le and variance-covariance matrix, and 
exploits intensity correlation betWeen points of the pro?le, 
as explained next. The intensity at a pro?le is characterized 
by the intensity feature vector as outlined above. 

[0051] In order to compare a pro?le With another pro?le, 
it is necessary to knoW hoW each point in the pro?le relates 
to any other point, and to measure the extent by Which the 
value of a certain point of the pro?le varies from the mean 
With respect to any of the other points. This statistical 
relationship is captured by the covariance measure, Which is 
alWays computed betWeen 2 points (or the features at those 
points). If the covariance is measured betWeen the feature 
value of a point and itself, the variance is obtained. When the 
pro?le includes k points at either side of the contour, for a 
total of 2k+l points, (2k+l)k number of relationships exists. 
The covariance betWeen a pair of points from the pro?le tells 
the Way hoW a ?rst value of the pair varies With respect to 
the second. When the covariance is large and positive, it 
indicates that When the ?rst point’s feature value increases, 
so does the second in a proportional Way. When the cova 
riance is large and negative, it indicates that When the ?rst 
point’s feature value increases, the second decreases in a 
proportional Way. When the covariance is Zero, it means that 
there is no systematic coupling in the feature values, i.e. they 
are independent of each other. All variance-covariance pairs 
can be arranged in a covariance matrix S, Which is sym 
metrical about the main diagonal. The covariance matrix 
thus captures all structural dependencies betWeen feature 
value pairs in the pro?le. In practice, the covariance matrix 
is built from learning samples, in this case a collection of 
pro?les at a number of landmarks and a number of intensity 
features in a set of training images. 

[0052] The covariance relates to hoW distance is calcu 
lated in higher dimensional space, i.e. the space of the 2k+l 
points in a given pro?le, to compute the distance betWeen a 
current pro?le and a model pro?le. When the pro?les Would 
only comprise a single point With value x, the pro?les could 
be compared With the model point value x for similarity just 
by subtracting the values of the current pro?le point and 
model pro?le point and taking the absolute value, i.e. d=]x— 
x]. When the pro?les Would comprise tWo points, the dis 
tance betWeen the 2-vector x and the model 2-vector x could 
be computed as the Euclidean distance in the plane, i.e. 

Euclidean distance Weighs all directions equally. HoWever, 
When the variables x1 and x2 have unequal standard devia 
tions 01 resp. 02, the contours of iso-distance lines are 
ellipses With major axes parallel to the coordinate axes. The 
differences may be Weighted With the inverse of the standard 
deviation, resulting in the Weighted Euclidean distance 

161-31 2 162-32 2 
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The matrix W contains the inverse of the variances of the 
variables, i.e. 

Intensity levels of pixels close to each other as in the case of 
linear or circular pro?les Will be heavily correlated When 
they belong to an identical anatomical region With smoothly 
varying intensity levels. When pixel pairs are considered 
belonging to different tissues, the correlation may be 
inversely proportional. In either case, imaging noise and 
unimportant anatomical variation introduces a non-Zero 
variance for the intensity level of the pixel itself. 

[0053] Hence, if the variables are also correlated and have 
different variances, the inverse of the covariance matrix 
must be inserted, yielding the so-called Mahalanobis dis 
tance 

[0054] The Mahalanobis distance Weights the distance of 
a multi-dimensional data point x from its mean x such that 
observations that are on the same multivariate normal den 
sity contour Will have the same distance dm. These Mahal 
anobis iso-distance contours take the form of ellipses in 
two-dimensional space, and ellipsoids in three-dimensional 
space. Obviously, the number of points in the pro?le 2k+l 
is normally much higher than three, in Which case the 
iso-distance loci take the form of hyper-ellipsoids in multi 
dimensional space. 

[0055] The gray level appearance model is obtained from 
a training image set, and includes for each landmark in a 
mean pro?le and a covariance matrix for each of the 
features. The total of stored models is thus proportional to 
the number of landmarks and the number of features. 

Shape Models 

[0056] The positional correlation betWeen landmarks 
along the contour is taken into account in a shape modelling 
step. Because segmentation of anatomic structures With 
relatively deterministic shape is aimed at, knoWledge 
regarding the shape must preferably encode the determinis 
tic component, along With relevant anatomical variation, and 
further preferably ignore irrelevant shape details. 

[0057] TWo embodiments are outlined to take into account 
positional correlation. The ?rst is based on a global approach 
involving the use of all landmark positions simultaneously; 
the second employs a local approach, modelling the spatial 
disposition of successive landmarks. 

PCA Analysis and Fitting 

[0058] In the ?rst embodiment, a variance-covariance 
matrix of landmark coordinate positions is constructed from 
manually placed landmarks in a set of aligned training 
images. Each diagonal entry in the variance-covariance 
matrix represents the variance of the coordinate values of the 
landmarks. The non-diagonal entries represent the co-vari 
ance of pairs of landmark coordinate values, i.e. it expresses 
hoW the coordinates of tWo landmarks vary With respect to 
each other. The variation may systematically be in equal 






















