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Skeletal age assessment is one of the important applications of hand radiography in the area of
pediatric radiology. Feature analysis of the carpal-bones can reveal the important information for
skeletal age assessment. The present work in this paper faces the problem of the detection of carpal
-bone features from X-ray image. A novel and effective segmentation technique is presented in
thiswork with carpal-boneimagefor skeletal age estimation. Carpal-bone segmentationisacritical
operation of the automati ¢ skeletal age assessment system. Thismethod consistsof two procedures.
First, the origina carpal-bone image is preprocessed via anisotropic diffusion filter. Then, the
carpal-bone image is segmented by region based level set method. The basic idea of the region
based level set method isto add aforce that takes into account the information within the regions
in order to add robustness and more efficiently separate homogeneous regions. Experiments are
carried out on X-ray images of carpal-bone. The experimental results show that incorporating
region statistical information into the level set method, an accurate and robust segmentation can
be achieved.

Keywords: carpal-bone radiograph, skeletal age (estimation), anisotropic diffusion filter, level set
method, region statistical information.

1. Introduction

Skeletal age assessment iswidely applied to the area of pediatric radiology. There are
two respected and widely-used methods for skeletal age assessment from hand wrist
radiographs: the Greulich—Pyle (GP) method [1] and the Tanner—Whitehouse (TW2)
method [2]. The doctors must observe the appearance and growth features of specific
bones, and hence an empirically derived score, to each bone. The scores are summed
up to give a net maturity rating, which, by reference to gender-dependent tables, may
be converted into a“bone age” or estimated height at adulthood. However, the results
of bone age assessment highly depend on the doctor’s expertise and experience.
Therefore, it is worthwhile to develop an automatic bone age assessment system to
assist the doctor in performing a more objective and accurate assessment. Bone age
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Fig. 1. X-ray image of ahand: a—original image, b — ROI of X-ray carpal-bone image.

assessment based on image processing can be divided into two phases. Phase one
cosists in phalangeal and carpal-bone image feature extraction. Phase two is bone age
assessment based onthefeatures. Features of the carpal-bones(seeFig. 1) areimportant
potential information for skeletal age assessment [3—6] in pediatric radiology. The
recognition and separation of individual carpal-bone from the image of the carpal
-bones is a very difficult task, we are faced with the presence of several overlapping
regions of interest (ROI), the presence of ROI having completely different degree of
calcification and overlapping with soft tissue, since different regions are of little gray
level variations and the borders of individual carpal-bones are hardly visible.

A major requirement of the task is an efficient method to segment carpal-bones.
Many techniquesare actually available[3, 4]. With the techniquesbased on “classical”
segmentation algorithms, such as region growing, edge detection, one usually cannot
obtain accurate results. The complexity of the skeletal structure in the hand and the
variability between different subjects makes it very difficult to realize an automatic
segmentation of the carpal-bones. The level set approach was introduced by OsHER
and SeTHIAN [7] in 1988. This method has recently become one of the most studied
techniques for medical image segmentation. Level sets are designed to handle
problemsinwhich the evolving interfaces can devel op sharp cornersand cusps, change
topology and become very complex. This method has been found to be well adapted
to our application, in particular because of this flexible initialization and its good
convergence performances compared to other methods. A number of recent works
[8-10] have sought to combine level set techniques with statistical approaches to
segmentation. Much of thiswork has been motivated by the earlier work of CHaN and
VEse [11] aswell as ZHu and YuiLLE [12]. Based on the Mumford-Shad segmentation,
Chan and Vese introduced in a series of papers a new type of active contour models
without gradient information. The curve evolution stopping termis actually afunction
that realizes the comparison of two image intensity termsinside the curve and outside
the curve with the average intensity terms inside and outside the curve, respectively.
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The main limitation of this model is that some objects cannot be detected only using
the region intensity information. ZHu and YuiLLE [12] have proposed a statistical
framework model of region competition which combines the geometrical features of
deformable models and the statistical nature of region growing. In this work, a new
level set method framework is proposed, which isbased on theimage region statistical
information. The main reason for this method was that the segmentation process takes
advantage of thelocal and global shapeinformation for pulling and pushing boundaries
to capture the topology in the level set framework based on partial differential
eguations (PDE). Moreover, this method can be extended to more than two regions.
In this paper, we present a novel and effective carpal-bone image segmentation
method. This method is able to extract a variety of carpal-bone features. In order to
improve the signal to noise ratio prior to segmentation the anisotropic non-linear
diffusion filtering of images is used. The principle is to smooth out noise locally by
diffusive flow while at the same time preventing the flow across object boundaries.
Thenwe usethe new region-based level set method to segment carpal-bonefrom digital
X-ray image. The experimental results show that incorporating region intensity
information into the level set framework, an accurate and robust segmentation can be
achieved.

2. X-ray car pal-bone images preprocessing

X-ray can take carpal-boneimages. Dueto variousfactors, theseimagesarein general
poor in contrast, and image features in the cross sectional part are often obscured and
degraded by artifacts. In order to obtain accurate and reliable feature information we
applied image preprocessing to remove artifacts and degradations such as blurring and
noise. For this reason we apply an anisotropic diffusion filter that smoothes noisy
regions in the image while respecting edge boundaries. The principle isto smooth out
noiselocally by diffusiveflow while at the sametime preventing the flow across object
boundaries.

Anisotropic diffusion filter was proposed by PErona and MALIk [13]. Thefiltered
image is modeled as the solution to the anisotropic diffusion equation

a—'(aﬁ’—t) - div(G(p, b Vi(pb) )

where I(p, t) isthe image intensity at position p and timet, VI isthe spatial gradient,
d;! isthe temporal derivative and G(p, t) is the conductance parameter. For G = 1 the
the diffusionislinear, which has been shown to be equivalent to smoothing the image
withafamily of Gaussianfilter kernelswhose scale evolvestotimet. Peronaand Malik
provided a solution to the problem, the resulting filter being based on the following
equation:
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Fig. 2. Anisotropic smoothing of carpal-bones image: original carpal-bone image (a), anisotropic
smoothing results (b).

where | fj isthepixel value at position (i, j) at thetimet, the coefficient 4 € [0, 0.25],

theterms V are the finite differences calculated on a 4-connected neighborhood, and
t t t t . ..
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The diffusion coefficient G(p, t) then adaptively controls the diffusion strength,
smoothing the image within a moderately continuous region while not smoothing
across sharp discontinuities. The diffusion process achieves piecewise smoothing
while preserving the relevant image edges. The conductivity model suggested in [14]

isused in our experiments, thus:
Vi(p
G(p,t) = exp(— ” |£ )”j- )

The parameter k determinesthelocal behavior of thefilter: smoothingif || VI || < k and
edge sharpening if V1| > k.

Edge-preserving smoothing prior to subsequent analysis yielded more robust
results. Figures 2a and 2b show the original carpal-bone image and the anisotropic
smoothing results, respectively.

3. Level set method model

The level set method was devised by OsHER and SETHIAN [7]. The main idea in the
level set method is to describe a closed curve 7" in the image plane as the zero level
set of a higher dimensional function ¢(x, t) in R%3. The value of function ¢ at some
point x is defined by

p(x,t=0) = +d (4)
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where d is the distance from x to /7(t = 0), and the sign is chosen whether the point x
liesoutside or inside theinitial hypersurface /(t = 0). Inthismanner, " isrepresented
by the zero level set I'(t) = {xe R2|¢(x t) = 0} of thelevel setfunctlon and the
initial function ¢(x, t = 0) with the property that 77(0) = {x e R |o(x,t = 0) = 0}.
The evolution of ¢(x, t) can be modelled as:

%?+F||V¢|| =0 with g(xt=0). ©)

The speed function F plays the major role in the evolution process. The speed
function F depends on factors like the image gradient. A common choice for F is:

= P(1)(1-£k) (6)

where 0 < e< 1isaconstant, | isthe image intensity and k is the curvature obtained
from divergence of the gradient of the normal vector to the front; curvature k can be
defined as:

Z_2 + 2
K = divbgm _ Py ¢X¢y¢x3y/2 Ny o

(62+4))

Theterm P(1) is an image-dependent halting criterion calculated as:

P(1) = exp(-VG, 1) ®)

where VG - | denotes the image convolved with a Gaussian smoothing filter whose
characteristic width is o. This halting criterion allows the modelling to stop at high
image gradient by reducing the speed function to zero, thus aligning it to the object
boundary.

Giventheinitial value, the problem can be solved by means of difference operators
inafixed grid via

n+1

A Ath[max(F 0)V +m|n(F”,O)V_] ©)
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wheren |sthe|teratlvet|me histhegrid step, Atisthetime step, F;; isthe speed value
of pixel (i, ), ¢” isthe level value of pixel (i, J)attlmenandwhere

1
2
v = {max(Di_jX@ 0)° +min(D;*¢, 0)° + max(D;Y ¢, 0)” + min(D;) g, 0)}
(10
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Thisimplementation allowsthefunction ¢ to automatically follow topol ogical changes
and corners during evolution.

4. Region statistical feature based level set method

However, gradient information has no meaning for very noisy and low contrasted
images. Besides, high gradients do not necessarily indicate a relevant boundary
between the structure to be segmented and its background. The key ideawasto utilize
the region intensity information inside and outside the structure to be segmented. The
pixel in the neighborhood of the segmenting structure was responsible for creating
a pull/push force on the propagating front.

4.1. Imageregion prior models descriptors

We consider a deformable model, which consists of a partition of the image domain
into three subsets. object and background and their common boundary (shown in
Fig. 3)

Q=0 00 . vC. (14)

In many cases, not only the observed measurements along the contour but also the
gray-levels inside and outside the object contain information, for instance when
the average gray-level inside the object is very different from the average gray-level
outside the object.

The goal is to segment the domain £2 of a given image into two “homogeneous’
regions separated by the contour C. The region inside the contour (2, represents the
object region. The region outside the contour £2,, corresponds to the background
region. We partition the image pixels {(i, j) € £} into two groups separated by the
contour C. Our objective then is to process the observed image gray values I(x, y) in
order to estimate the partitions Ry and Rg

(xy) = { R(lg) if xe object (15)

R(lg) if  x¢ object
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QOUI

Fig. 3. lllustration of the contour (C), theregioninsidethe
contour (£2,,) and the region outside the contour (£2y).

where R(l ;) represents the object region structure and R(I g) represents the background
region structure; 15 and Ig represent the object and background pixel values,
respectively.

As discussed in [15], the maximum likelihood estimation of the target shape can
be obtained by maximizing the likelihood

PR(HIN = p({R(Ip), R(g)}H (16)

where R(l ) and R(Ig) arethe set of pixelsinside and outside the contour, respectively,
and are specified by (X, y). Let us consider the case where the image 1(x, y) could be
the Gaussian distribution. Assuming that this probability density function is
homogeneous, we can write:

2
plI(x y)] = exp[—“(x’ y)z_ : ] (17)
21 o 20

where ¢ and ¢ are the mean and the variance of the image region. In this work, it is
assumed that the intensity distribution over the imageisbimodal, i.e., the object to be
segmented and its background. So, we can get the probability function of the object
and background as follows:

oY) = ke y) —tto)’ as)
o N2T Og 20'2O ’
1 (1%, ) — ttg)°
(X, y) = ——exp| ——————— 19
Pel’t Y ﬂaB p[ 202 ] 19

where po(X, ) and pg(X, y) denotethelikehood of intensity inside and outside the object
(o Mg, 0'20 and aé are, respectively, themean and the variance of theimageintensity).

Here we make the assumption of image I(x, y), in which object and background
areindependently drawn from aGaussian mixturedistribution, respectively. According
to the Bayes rule the probabilities of thisregion depend only on their observation data
set given as:
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PRI = pIRUDP(IE) = [T Pox¥) J] Psxy)
(x.¥) € Ralo) (x¥) € R(lg) (20)

where p(l|R(l5)) and p(l|R(Ig)) are the posteriori probabilities for the object and
background region. The maximization of the aposteriori segmentation probability (19)
is equivalent to the minimization of the following region energy function:

2

~(1(% Y) - t1o)°
Erxy) = Y { i o —Iogﬂob}

(xy)€ Ry 200
2
—(1(%, y) — tp)
+ Z { zﬂB —IogA/ZnO'B}. (22)
20g
(X% Y) e Rg

The corresponding parameters (¢, , o;) of the image pixel from inside and outside
contour C are estimated using maximum likelihood (ML) algorithm [15].

A 1
fe = 5 10y (22)
Xer
and
~ 1 ~
O'r2 = NZ I(X, y)z—,urz. (23)

Xer

4.2. Energy functional

Here, we combine the region statistical information estimate with curvature-based
regularization penalizing the length of curve. A minimal length penalty is adapted to
regularize such an evolution process [16] since small sacrifices regarding the data
consistency term minimization will allow the smoothing of the main contours and
shrinking of the small contours until they vanish. In the 2-D case, this penalty is
expressed through the following criterion:

L =24 §ds (24)
C

where j;ds isthelength of the curve and A isascalar parameter. In order to regularize

the coﬁtour, we add a length term to the region energy term (21). Thus, the
segmentation problem is then the solution to the variation problem of finding
the partition image region that minimizes the following energy function:
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E, = Ex(X y)+L = Eg(xy) +4 SBds (25)

where E,, is the total energy, Egx(x, y) is the region energy, i{)ds is the contour
smoothing term.

4.3. Level set implementation

In order to minimize the above energy, now alevel set function [7] isintroduced. Let
¢:42 — R bethe level set function with ¢(x) > 0if xe £2;,and ¢(x) <0 if X e 2.
The zero level line of ¢ is the boundary between the two regions. Then, from the
previous description, we can deduce the evol ution of the curve contour that will evolve
towards a minimum of the energy function E,, defined in (25). According to (5), we
find the following evolution equation:

%? +FIVgl = 0. (26)

Thus, this leads to the following curve evolution PDE:
2 2
(X Y) —ug)  (H(XY) — )

J 1
5?+ E[Iog(aé)—log(o-é)+ 5 + > —AK V| =
%o Op

(27)

where A1 is a parameter that modifies the influence of regularization, where k is the
curve at the boundary of the region, and it is computed as the divergence of the unit
normal function to the curve:

- divl Y2
k dlv[lvcblj' (28)

In the case of time independent region statistical descriptors, the speed function F
that minimizes the energy functional is consequently given by:

(% Y) — o) (1% y) — ptg)°
F- %[Iog(o%)—log(aé)+( Skl Ho) , (X y)2 “) | e @9

0o Op

Thefirst termisaregion likelihood ratio test, which compares the hypotheses that the
observed image intensity at a given point on the curve contour belongs to the object
region or background region based on the current estimates. The second term is the
curve length penalty.
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5. Experimental results

In this section, we examine the performance of image segmentation method described
in the previous sections. Several experiments have been done to examine the
performance of level set method for carpal-bones image segmentation. Carpal-bones
image segmentation is important for skeletal age assessment. The first stage refers to
modelling stage where the observed histogram is approximated using Gaussian
mixture model. This analysis denotes the region statistics. Then the segmentation
process is performed by employing the region-based level set model. The region
boundary is determined using a probability module by searching for local
discontinuities on the statistical space that is associated with the image feature. The
model deals automatically with changes of topology. The curve evolution equation
allows any point on a closed curve segment to evolve according to the region force
determined by the intensity of the original image. The corresponding numerical
algorithm used is summarized as follows:

Fig. 4. Segmentation of two overlapping carpal-bone features (a) original image (b) initial contour (c)
segmented by the level set method.

Fig. 5. Carpal-bone contour feature extraction (a) original image (b) initial contour (c) segmented by the
level set method.
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1) according to the region to be segmented, make initial curve contour;

2) according the each separated region, using ML estimate its mean and variance;

3) compute the speed function F using the estimated object region and background
statistical information;

4) make the level set function evolve according to the new speed function F to
obtain a new contour;

5) repeat steps 2) to 5) until the curve contour is converged.

However, different regions are of little gray-level variations and the borders of
individual carpal-bones are hardly visible. In this experiment, our aim is to extract
the boundary of shapes characterized by a gray-level intensity different from the
surroundings. Figure4 illustrates an important aspect about this segmentation
technique. Two carpal-bones that overlap each other are shown. Most other
segmentation methods are based on the assumption that a pixel can belong to one and
only one object. Using the level set method no such limitations apply and two
overlapping objects can be both perfectly segmented. Figure 4a is the original carpal
-bone image, Fig. 4b shows the initial curve contour, Fig. 4c shows the final
segmentation results.

The extraction of other carpal-bone shape features is shown in Fig. 5. Figure 5a
shows the original image, Fig. 5b shows the initial contour, Fig. 5c shows the
segmentation result.

Experimental results show that incorporating region statistical information into the
level set framework, an accurate and robust X-ray carpal-bone segmentation can be
achieved.

6. Conclusions

In this paper, a region based level set approach to carpal-bone segmentation from
digital X-ray imagesis proposed. The novel method developed can correctly extract
the carpal-bone feature from X-ray image. The anisotropic diffusion filter can
effectively reduce noise from X-ray image without deteriorating the actual bone
boundaries. The complexity of the skeletal structure in the hand and the variability
between different subjects makesit very difficult to realize an automatic segmentation
of the bones. The level set method provides a powerful framework for carpal-bone
image segmentation. The experiments are carried out on images of carpal-bone and
the results are very promising. This method could be extended and applied to other
bone structures as well as to other images.
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