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ABSTRACT
Segmentation of bones from hand radiograph is an important step in automated bone age assessment
(ABAA) system. Main challenges in the segmentation of bones are the intensity inhomogeneity caused by
the irregular distribution of X-rays and the overlapping pixel intensities between the bone and soft tissue.
Hence, there is a need to develop a robust segmentation technique to tackle the problems associated with
the hand radiographs. This paper proposes a fully automatic technique for segmentation of phalanges
from left-hand radiograph for bone age assessment. The proposed technique is divided into five stages
which are pre-processing, extraction of Phalangeal region of interest, edge preservation, segmentation of
phalanges and post-processing. Quantitative and qualitative results of proposed segmentation technique
are evaluated and compared with other state-of-the-art segmentation methods. Qualitative results of
proposed segmentation technique are also validated by different medical experts. The segmentation
accuracy achieved by proposed segmentation technique is 94%. The proposed technique can be used
for development of fully ABAA of a person for better accuracy.
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1. Introduction

Radiography was the first non-invasive method used to study
the internal structure of our body and diagnose various types
of illness. It is simple and one of the most widely used imag-
ing methods. The advent of digital image processing methods
have boosted the field of diagnostic medicine and increased
the accuracy of results obtained. In past few decades, there has
been a growing interest in bone age determination by apply-
ing digital image processing techniques on hand radiographs.
Bone age assessment (BAA) is a procedure to predict the age
of a person whose age is unknown. It is a clinical procedure
which can also be used to measure the skeletal maturity (bone
age). Also, the discrepancy between chronological age and bone
age are used for diagnosing any abnormalities in the growth
of a child. The commonly used method in clinical practice is
matching the left-hand radiograph of the subject with atlas of
a left-hand radiograph, an example is the Greulich and Pyle
(1959) method (GP), which contains a reference set of normal
and standard left-hand radiograph images. Another procedure
is the Tanner and Whitehouse-3 (TW3) method, which is more
flexible and has been derived from a solid mathematical base. In
the TW3 method, a detailed analysis of every bone of left hand
is done, which further leads to assigning scores to each bone
and the sum of all scores assesses the bone age. In the work
of Tanner et al. (2001), maturity evidence is collected from 20
bones consisting of the combination of Radius, Ulna and Short
bones (RUS) and carpal bones which are evaluated separately
to give RUS score and Carpal score. Tanner and Whitehouse-
2 (TW2) method was preceded by TW3, wherein the scores
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were given using all 20 bones. GP method is outdated and is
based on human judgement, but preferred by pediatricians due
to ease of use over the complexity and time-consumed by the
TW3 bone assessment process. Automating the TW3 procedure
would reduce the complexity and give a second opinion to
radiologists and pediatricians while reducing the overall time
consumed in assessment.

However, automation of assessment process is obstructed by
the presence of non-uniformities in X-ray exposure on the hand
bones. This non-uniformexposure is inherent to the radiography
which is largely credited to the heel effect. The intensity inho-
mogeneity is a smoothly varying function of spatial location. The
relative brightness of an object placed for X-ray image acquisi-
tion is position dependent. According to Behiels et al. (2001) this
is due to the fact that image acquisition parameters that affect
intensity inhomogeneity differ due to the position of hand from
the recording device.

1.1. Motivation

An open document of United Nations Children’s Fund UNICEF
(2011), shows an estimation of 27 million births take place every
year in India. But the birth registration in country is 70%. Hence,
around30%which is approximately 8millionnewlyborn children
are not registered within one year of birth. This leads major
problems like difficulty in getting access to basic services and
protection, child labour, trafficking and child marriage. Accord-
ing to Census of India-2011 (2011), the birth registration is less
than 80% in 8 states and 2 union territories in India. The birth
registration is around 60% in other developing countries.
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Apart from birth registrations there are other applications of
BAA in social fields. Without a certified proof, the children are at
risk of underage recruitment into armed forces. There is a major
problem of early marriage in India before the legal age of 18
years. Children without an official identity proof are vulnerable
to judgement as an adult rather than child or juvenile in criminal
courts. Submission of fake documents for team selection of
under-16 and under-19 age groups for various sports events is
also prevalent inmany countries. Therefore, a fast, fairly accurate
and fully automatic age assessment system would be desirable.

In field of medicine BAA can be used to identify endocrino-
logical problems. According to Gilsanz and Ratib (2005) these
problems in youngsters are already evident in many develop-
ing and developed countries, varying in scale and intensity for
different age groups and sex. The main factors due to which
these endocrinological problems arise are the change in lifestyle
and eating habits of people. Thus, the above reasons give a
great motivation for developing a simple, fast, accurate and fully
automatic BAA system.

1.2. Original contributions

The automation of BAA procedure can be divided into four
major stages namely, region of interest (ROI) extraction, bone
segmentation, feature extraction and classification. In this paper,
we focus on first two stages of Automated Bone Age Assessment
(ABAA) which are, extraction of the phalangeal region and seg-
mentation of phalanges (short bones) ormore commonly known
as bones of the fingers. The main contributions of this paper are
as follows:

(1) We have developed a fully automated PROI extraction
method. It is fast, accurate and extracts all five phalangeal
regions at the same time. The process of extraction is
quite simple as it not based on any complex mathemat-
ical procedure and follows a simple hierarchical bone
localisation technique.

(2) We propose a fully automated segmentation technique
which uses a level set function to delineate the bones
from hand radiograph. Anisotropic diffusion is used be-
fore undergoing segmentation topreserve the edges and
help in segmentationprocess. Post-processing stage is in-
cluded to overcome the limitations of level set functions
andalso tackle the intensity inhomogeneity problem. The
proposed technique tackles the heel effect problem or
the bias field that is present in radiographs while seg-
menting the required bones which was not tackled for
hand radiographs by researchers.

(3) Wehave compared the segmentation results of proposed
techniquewithmany other state-of-the art segmentation
techniques which only few researchers had done before.
We have done quantitative analysis of the segmentation
results using various quality metrics. Such analysis has
not been done before in this area of BAA and hand bone
segmentation.

(4) With the help of medical experts, we created ground
truth images of the hand radiographs. Medical experts
also helped in rating the segmentation results and hence
proving the accuracy of work done by our technique.

This paper is organised as follows: Section 2 discusses the
previous work. In Section 3, we describe proposed fully auto-
matic ROI extraction and segmentation of phalanges from hand
radiographs. In Section 4, we discuss the experimental results
and compare the segmentation results of different techniques
with the proposed technique using standard quality metrics.
Finally, we conclude the work in Section 5.

2. Previous work

Numerous techniques for assessment of bone age have been
presented in the literature. Most of the research works deal with
the segmentation of certain areas in the hand radiograph and
further predicts the bone age. The poor accuracy in extraction
of region and segmentation may be caused by the absence of
robust pre-processing functions. Inhomogeneity in pixel inten-
sities also poses a major challenge in the segmentation process.
The first attempt to automate bone age assessment has been
done by Michael and Nelson (1989), which was called as HANDX
system. This proposed system was a semi-automated system,
where the accuracy was not reasonable. Manos et al. (1994) used
region growing and region merging techniques for segmenta-
tion of thebones. Sharif et al. (1994) used aderivative of Gaussian
(DoG) for pre-processing and segmentation by thresholding, but
the results were not promising.

Pietka et al. (2001) proposed epiphyseal-metaphyseal region
of interest (EMROI) extraction technique, which also included a
good pre-processing unit. Pre-processing steps involved orien-
tation correction andbackground removal. EMROI extractionhas
been done by first detecting the phalangeal tip and then step
wedge function toextract thefingers. Later gradient functionhas
been used to mark the epiphyseal region. But the thresholding
was not good enough to separate out the spongy and the
bone tissue. Pietka et al. (2003) further developed an algorithm
using k-means clustering algorithm and Gibbs random fields for
segmentation. The drawbacks of this technique were that it was
slower compared to k-means segmentation and failed if noise
was present.

Park et al. (2007) developed amethod to extract the epiphysis
using horizontal profile. In this paper, first the background has
been removed using least squares algorithm and then boundary
tracing has been done. Later the central axis of each finger has
been estimated using 3rd order polynomial, because of which
even if the fingers were slightly curved, the central axis could be
estimated. Giordano et al. (2007) developed a semi-automated
system for skeletal bone age evaluation. This proposed method
was based on derivative of Gaussian (DoG) filtering and adaptive
thresholding for enhancement, but it was not feasible for low
contrast images. Liu et al. (2007) used particle swarm optimisa-
tion (PSO) for templatematching fromedge set. In this paper, the
hand radiograph image was treated with any edge detecting al-
gorithm and then PSO has been used formatching it to the edge
set. Lee and Kim (2008) proposed an EMROI extraction method
for the TW2 system in which the boundary was removed using
least squares algorithm and later long axis of each finger was
extracted. EMROI have been localised by studying the intensity
profile along the axis.

Chai et al. (2011) proposed to use gray-level co-occurrence
matrix along with k-means for segmentation of bones, but the
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results were very poor. Also Chai et al. (2013) used modified
histogramenhancement technique for pre-processing. The tech-
nique called as multi-objective beta-optimised bi-histogram
equalisation has been designedwhich usesmulti-objective opti-
misation technique for histogramequalisation.Hsieh et al. (2012)
have focused on phalangeal region of interest (PROI) extraction
using projection profile of the fingers and gamma parameter
enhancement has been done. Authors compared the results
with and without gamma enhancement for two popular seg-
mentation techniques namely k-means algorithm (KMS) andGVF
snakes.

Recently researchers Güraksin et al. (2016) have worked on
morphological operators for pre-processing, segmentation and
feature extraction. In this paper, authors have used support
vectormachines (SVM) for classification and their main work was
focused on carpal bones and radius bone only for an age group
of 0–6 years. Seok et al. (2016) have extracted 17 ROI’s altogether
from phalanges and radius, ulna bones and used multi-layered
fuzzy classifiers for classification. Spampinato et al. (2017) used
convolutional neural networks for classification applied directly
on the whole radiograph. Kashif et al. (2015) used Scale Invariant
Feature Transform (SIFT) feature extraction for BAA and later
Kashif et al. (2016) proved that SIFT is better than other feature
extraction techniques like BRISK, FREAK, etc. But the authors
use a semiautomatic procedure involving thresholding by Otsu
(1979) as the main segmentation technique.

There are some state-of-the-art segmentation techniques
which haven’t been used for phalangeal segmentation. In our
previous paper (Simu and Lal 2017), we have done a detailed
study of evolutionary and non-evolutionary segmentation tech-
niques on hand radiographs. In this paper, we have compared
recent state-of-the-art segmentation techniques and were ap-
plied on the whole hand. Out of those, two recent algorithms
in the field of image segmentation have been used for compar-
ison, which are Adaptively Regularised Kernel-based Fuzzy C-
means clustering (ARKFCM or AKFM) by Elazab et al. (2015) and
Biconvex Fuzzy Variation algorithm (BFV) by Gong et al. (2015).
The ARKFCM algorithm (AKFM) is a modified version of fuzzy C-
means algorithm, wherein an adaptive regularisation parameter
is used to enhance segmentation robustness. It also makes use
of weighted image and adopts the Gaussian radial basis function
for better accuracy. The BFV algorithm combines fuzzy logic
with Chan-Vese (CV) model. CV model given by Chan and Vese
(2001) belongs to the class of Partial Differential Equationmodel
equations for solving image segmentation problems. The major
problemswith CVmodel are convergence to local optima, highly
dependent on parameter selection, and computationally expen-
sive. The BFV algorithm overcomes these problems by efficiently
combining numerical remedy techniques. This, in turn, reduces
the computational costs and brings a lot of robustness to pa-
rameter settings. In order to improve the accuracy of automated
bone age assessment, a new ROI extraction method and im-
proved segmentation technique is proposed for segmentation
of hand radiographs.

In this paper, effective fully automatic technique for segmen-
tation of phalanges from hand radiograph is proposed. Through
extensive simulation results, it is clear that many of the existing
state-of-the-art segmentation methods fail to yields better seg-

Figure 1. Block diagram of the proposed fully automatic ROI extraction and
segmentation of phalanges.

mentation results. The proposed technique has been shown to
outperform the existing state-of-the-art segmentationmethods.

3. Proposed fully automatic segmentation technique

In this section, a detailed mathematical analysis of a proposed
fully automatic ROI extraction and segmentation of phalanges
from hand radiographs are presented. The proposed technique
for segmentationofphalanges consistsmainlyof fivemain stages
which are, (1) Pre-processing of the left-hand X-ray image, (2)
Extraction of the PROI, (3) Edge Preservation, (4) Segmentation of
the bones in PROI, (5) Post-processing of the segmented image.
The schematic diagram of the proposed technique is shown in
Figure 1.

The pre-processing stage involves noise removal and ready-
ing of hand radiograph for ROI extraction stage. Let the output
image after this stage be called as A. The next step is the extrac-
tion of PROI. Let the extracted image be B. Edge-preservation
operation is performed on extracted image using anisotropic
diffusion to give an output image C . The next stage is segmen-
tation of bones in PROI which gives image D. Segmented image
D is further post-processed and the end result is given in image
E . Due to the presence of non-uniformly distributed X-ray inten-
sities, segmentation step is followed by post-processing stage
to increase the segmentation accuracy. This stage also removes
any vestigial regions that might be present after segmentation
stage. Further, the detailed description of eachblock is described
as follows:

3.1. Pre-processing of hand radiograph

It is important to prepare the imagebeforewe start the extensive
procedure of extraction of PROI followed by segmentation. For
efficient and accurate ROI extraction from the radiograph of left
hand, it is subjected to Gaussian filtering as given by Gonzalez
andWoods (2004). The Gaussian filter removes the noise present
in the hand radiograph image to give resultant image A. The
filter has a Gaussian profile which is convolved with the image
and is given in Equation (1)

A(x , y) = I(x , y) ∗ L(x , y), (1)

where I(x , y) is the input radiograph image and Gaussian filter

is defined by L(x , y) = 1
2πσ 2 e

− x2+y2

2σ2 . In the above equation ∗
stands for convolution and σ is the standard deviation.
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3.2. PROI extraction

After studying the shape and structure of fingers, the extraction
of PROI is done with the help of morphological operators. The
steps are as follows:

(1) Multi-level Otsu (1979) thresholding to get the boundary
of hand.

σ 2
w(th) = ω1(th)σ

2
1 (th) + ω2(th)σ

2
2 (th) (2)

where ωi(th) stands for probabilities of two classes
(i = 1, 2) separated by a threshold th. In this paper Otsu
(1979), has shown thatminimising the intra class variance
σ 2
w(th) is same as maximising the inter-class variance

σ 2
b (th).

(2) Morphological erosion to smoothen the boundary of
hand. The erosion of input image A after thresholding
is done by structuring element S is given by equation:

A � S = x : Sx ⊂ A (3)

where⊂denotes subset.A�S ismade upof all the points
x for which the translation of S by x fits in A as given by
Dougherty and Lotufo (2003).

(3) Edge-off and area-opening function to remove any un-
necessary objects present in the image. Dougherty and
Lotufo (2003) define edge-off function as process of re-
moving anyobject that is connected to edgeof the image
and area opening function or area open filter removes an
object from the image, if it’s size is less than some value
ν, then

A ◦ (ν)n =
⋃

Q, area(Q) ≥ ν (4)

where A is the binary image and Q is the area of n-
connected component.

(4) Skeleton function and thinning operation to get the
skeleton of binary image. Skeleton of the binary image
is formed by centres of all the maximal discs. A maximal
disc is any disc such that there does not exist any other
disc within the image containing the given disc.

(5) Use region properties function to find bounding box,
orientation and area of all skeletons.

(6) Using the derived region properties draw a rectangular
box around the phalanges and crop the region to get the
PROI image B(x , y).

3.3. Edge preservation

Prior to the segmentation of bones in PROI, an anisotropic diffu-
sion has been applied for edge preservation. Perona and Malik
(1990) introducedanisotropic diffusion, also knownasnon-linear
anisotropic diffusion. Unlike other isotropic diffusion algorithms
used for noise removal, anisotropic diffusion algorithmpreserves
the edges while diffusing the noise. Assume B(x , y) is the input
image. Let G(x , y) be the diffusion function. The equation given
by Perona and Malik is:

δ(B(x , y, t))
δt

= div(G(x , y, t)∇(B(x , y, t))) (5)

where ∇(B) is the image gradient and t denotes time step. The
diffusion fuction depends on the image gradient magnitude
||∇(B)||. Hum (2013) states that, for larger gradient values the
diffusion is low and for smaller gradient values the diffusion is
high. The anisotropic diffusion preserves the edges by smooth-
ing the texture inside the object and sharpening the edges of the
object. Two diffusion functions have been proposed by Perona
and Malik (1990):

G(x , y, t) = exp

(
−
(∇(B(x , y, t))

λ

)2
)

(6)

G(x , y, t) = 1

1 +
( ||∇(B(x,y,t))||

λ

)1+a where a > 0 (7)

λ is a constant which is used to control the diffusion strength.
The first equation of anisotropic diffusion with λ value set to the
variance of the image has been considered in this study and the
output of this stage is image C(x , y).

3.4. Segmentation of bones in PROI

The segmentation of pre-processed PROI images has been car-
ried out using the level set concept given by Osher and Sethian
(1988) and then followed by post-processing operations. The
reason for selecting level set method for segmentation purpose
is that it follows shapes and curves very easily even the oneswith
holes or dents. It is very much suitable for capturing the shape
of bones which are touching each other. The detailed analysis of
segmentation of pre-processed PROI images is explored in this
section. Let pre-processed PROI image C which is extracted from
hand radiograph can be modelled by the following equation:

C = bZ + n (8)

where Z is the true image, b is the bias field due to heel effect and
n is the additive noise. True image Z is the depiction of physical
characteristics of hand. The image C is a function C : � → R
defined on the continuous domain �. The bias field is assumed
to be smoothly varying. The true image Z can be divided into N
different regions� = ∪N

i=1�. Each of this region takes a constant
value p1, p2, . . . pN .

Consider a centre point c of a circular area with radius r, c
belongs to �, Vc = {x : |x − c|< r}. If we divide � into N regions
�N

i=1, this will divide the circular area Vc ∩ �i as defined by Li et
al. (2011). From Equation (8) and the above formulation is given
in Equation (9):

C(x) = b(x)pi + n(x) for x belongs to Vc ∩ � (9)

The segmentation of bones can be achieved by minimising
the following energy function:

W(b, Z) =
∫

�

|C(x) − b(x)Z(x)|2dx (10)

which can be further written as:

W(b, p) =
∫

�

|C(x) − b(x)pi|2dx (11)
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Level set function defined by Osher and Sethian (1988) can
now be used to minimise this energy function as given by CV
model of Chan and Vese (2001).

F(b, p,φ) =
∫

�

|C(x) − b(x)p1|2 H(φ(x))dx

+
∫

�

|C(x) − b(x)p2|2 (1 − H(φ(x)))dx

+ μ

∫
�

|∇H(φ(x))|dx (12)

where H is the Heaviside function and φ is the level set function.
This level set function divides the image into two regions �1 =
{x : φ(x) < 0} and �2 = x : φ(x) > 0. The first two terms
in the Equation (12) are data fitting terms, whereas the last
term regularises the zero level contour as defined by Osher and
Sethian (1988). Therefore, the image segmentation is achieved
by finding the level set function φ, bias field b and the constants
p1 and p2 that minimise the energy function F .

Let ui denote the membership function for the regions �i .
If we want to divide the image into object and background we
define u1(φ) = H(φ) and u2(φ) = 1 − H(φ), where His the
Heaviside function. Now the energy function can be written as:

W(b, p,φ) =
∫

�

N∑
i=1

|C(x) − b(x)pi|2ui(φ(x))dx (13)

Now this energy term is used as data term in Equation (12) and
the equation is rewritten as:

F(b, p,φ) = W(b, p,φ) + μR(φ) (14)

where μ is the weight and R(φ) is the regularisation term which
is equal to

∫
�

|∇H(φ(x))|dx . The minimisation is achieved by
performing iterations, where in each iteration we fix any two
variables and minimise the Equation (14) with respect to the
third variable. By minimising this energy function with respect
to each of these variables b, p and φ, we can segment the bones
from PROI. The output image of segmentation stage is D(x , y)
which is the input for post-processing stage. The minimisation
steps are described as follows:

(1) Energy minimisation with respect to φ: For fixed values
of p and b the minimisation of F(b, p,φ) can be achieved
using gradient descent method.

∂φ

∂t
= − ∂F

∂φ
(15)

Using calculus of variations we have:

∂φ

∂t
= −δ(φ)(d1 − d2) + μδ(φ)div

( ∇(φ)

|∇(φ)|
)

(16)

where di = ∫ |C(x) − b(x)pi|2dx and i = 1, 2.
(2) Energyminimisation with respect to p: For fixed values of

φ and b, the optimised value of p can be denoted as:

p
′
i =

∫
bC(x)ui(φ(x))dx∫
b2ui(φ(x))dx

where i = 1, 2 (17)

(3) Energyminimisation with respect to b: For fixed values of
φ and p, the optimised value of b can be denoted as:

b
′ = C(x)[(p1u1(φ(x))) + (p2u1(φ(x)))]

[(p21u1(φ(x))) + (p22u1(φ(x)))] (18)

3.5. Post processing

This step is necessary for the procedure to extract accurate
information from the segmented bones because sometimes the
contours which are initialised by level set function to track the
bone edges might not behave in the required way. This is due to
either or both of the following reasons:

(1) It tracks the cancellous bone region along with the cor-
tical bone region. Cancellous bone is also known as the
trabecular bone which is soft osseous tissue that forms
the internal bone, whereas cortical/compact bone forms
the exterior part of bone.

(2) Due to intensity inhomogeneity and overlapping pixels
between bone and soft tissue, the tissue region also gets
identified as an object of interest.

(3) The level set function develops some irregularities during
its evolution as mentioned by Li et al. (2011).

To mitigate these errors, morphological operators have been
used in thepost-processingoperation. Thepost processing steps
are involved as follows:

(1) Image filling function alongwith erosion and dilation op-
erations. Thedilationof anybinary imageDby structuring
element S is given by Dougherty and Lotufo (2003):

D ⊕ S = (D′ � S∗)′ (19)

The dilation of D by S is done by rotating S around origin
to get S∗ and then D′ which is a complement of D is
eroded by S∗.

(2) Area opening function along with erosion and dilation
operations. The equations for these operations are given
in Equations (3), (4) and (19).

(3) Edge off function to remove any unnecessary objects or
other bone parts that might be present at the boundary
of PROI.

All the functions andoperatorsused inpreandpost-processing
operations are applied from morphology toolbox defined by
Dougherty and Lotufo (2003). The output image of this final
stage is E(x , y).

3.6. Implementation of proposed technique

The implementation steps of proposed fully automatic ROI ex-
traction and segmentation technique are given as follows:

(1) Noise removal: The first step is pre-processing, where
Gaussian low pass filtering has been used for noise re-
moval as given in Equation (1). The filter size is 3× 3 with
sigma value set to 5. Please note that hand radiographs
are not resized.

(2) Boundary extraction: The PROI extraction stage begins
with multi-level Otsu thresholding to extract the bound-
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ary of hand.Matlab functionmultithresh andmorphology
toolbox function mmthreshad are used to perform this
operation. Nowwehave abinary image after theprevious
step of thresholding. Smoothen the boundary of hand in
radiograph using erosion operation mmero as given in
the Equation (3). Structuring element used here is cross
with size 2. Please note that functions starting with mm
are morphology toolbox functions and rest are Matlab
functions.

(3) Superfluous object removal: Unnecessary objects
present in the image are removed usingmmedgeoff and
mmareaopen functions.

(4) PROI extraction: The skeleton of hand is extracted using
mmskelm, mmthin, mmendpoints functions and then la-
belled using bwlabel function. These labelled objects are
further processed using regionprops function to extract
information and then cropped to get the PROI from hand
radiograph.We used orientation option from regionprops
function to align the PROI’s vertically.

(5) Anisotropic Diffusion: Anisotropic diffusion algorithm
hasbeenused topreserve theedgespresent in the image.
Time step t in Equation (5) is set to 5 and the value of λ in
Equation (6) is made equal to variance of the image.

(6) Initialisation of level set function: Initialisation of level
set contour on the image has been done randomly. As
we found that contours initialised in a shape of box or
circle get trapped in a region and are not able to proceed
further. The Heaviside functionH used during implemen-
tation is the smoothed version of Heaviside function and
is defined as Osher and Sethian (1988):

Hν(x) = 1
2

[
1 + 2

π
arctan

( x
ν

)]
(20)

where ν = 1.
(7) Energy minimisation: For energy minimisation the

weight of regularisation term μ in Equation (14) is set
to any smaller value. We have found it to be best if it is
made equal to the standard deviation of the extracted
ROI image. Energy minimisation is achieved using the
equations (16), (17) and (18). The number of iterations is
set to 100.

(8) Post-processing: The functions used for post process-
ing are image filling function imfill and dialtion opera-
tionmmdil. Area-opening and edge-off functions may be
used to remove unnecessary bone parts present in the
ROI.

3.7. Illustration of proposed technique

In this section, we will illustrate the proposed technique in a
stepwise manner with the help of output images from each
stage. From the theory explained in Section 3, we can say that
theproposed technique is divided into stageswhichare, PROI ex-
traction, edge-preservation (Pre), segmentation (Seg) and post-
processing (Post) stages. We have illustrated the stage-wise re-
sults in Figures 2–6, which shows the implementation of pro-
posed technique on hand radiographs of ages 1, 5, 10, 12 and
16-year-oldperson, respectively. The visual results for pinky, ring,
middle, index and thumb fingers have been shown in Figures

2–6. Quantitative results of each stage have been evaluated
and compared in terms of quality metrics like PSNR, MSE, SSIM,
which are given in the Table 1. Results in Table 1 show consider-
able improvement in values of quality metrics after every stage.
Please note that the output image after an edge-preservation
stage is compared with PROI image where both are grayscale
images, whereas the output images of other two stages are com-
pared with ground truth image in which all images are binary.
It can be noticed that there was a considerable improvement at
each stage of proposed technique and the final output image
is similar to ground truth image. The advantages of proposed
technique are: (1) It is very effective and robust as it tackles in-
tensity inhomogeneityproblem inhand radiographs. (2) It clearly
delineates phalanges from hand radiographs of different ages
which make it easier for further assessment. (3) It successfully
removes all spurious regions and achieves higher segmentation
accuracy. The main drawback of proposed technique is that it
consumes more time compared to other state-of-the-art seg-
mentation techniques.

4. Experimental results and discussion

In this section, we have presented experimental results and
also discussed the performances of different segmentation tech-
niques on digital hand radiographs with age group 0-18 years.
The experimental results of proposed fully automatic segmenta-
tion technique is evaluated and compared with other state-of-
the-art segmentation techniques such as Otsu’s thresholding by
Otsu (1979), KMS by Hartigan and Wong (1979), k-means with
Gibb’s random fields (KGRF) by Pappas and Jayant (1988), PSO
based segmentation algorithm (PSO) by Eberhart and Kennedy
(1995), AKFM developed by Elazab et al. (2015) and BFV al-
gorithm (BFV) by Gong et al. (2015). The state-of-the-art seg-
mentation techniques considered for comparison are popular
and widely used on hand radiographs. The KGRF segmentation
technique has been used by many researchers in the field of
BAA like, Pietka et al. (2003), Gertych et al. (2007), Trist-Vega
and Arribas (2008) and Giordano et al. (2010), which was based
on adaptive clustering method coined in the paper of Pappas
and Jayant (1988). The PSO based segmentation algorithm was
also used by many researchers in this field like Liu et al. (2007)
and Thangam et al. (2012). In all state-of-the-art segmentation
techniques we include pre-processing and edge preservation
step as used in proposed segmentation technique. All simulation
results have been obtained on a 64-bit system with MATLAB
2015a software, having a 8 GB RAM and an Intel i7 processor
with clock speed of 3.6 GHz.

4.1. Image database

The database used for the experimentation has been acquired
from an online website, http://www.ipilab.org/BAAweb/. The
images on this website have been collected from Children’s
Hospital Los Angeles, USA (Gertych et al. 2007). The manual
segmentation or ground truth imageswere constructedwith the
help of medical experts from Goa Medical College,
Bambolim, Goa, India for analysis of obtained segmentation
results.
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Figure 2. Output images from each stage of the proposed technique on hand radiograph of 1 year old person [5173.jpg].
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Figure 3. Output images from each stage of the proposed technique on hand radiograph of 5 year old person [7143.jpg].
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Figure 4. Output images from each stage of the proposed technique on hand radiograph of 10 year old person [5113.jpg].
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Figure 5. Output images from each stage of the proposed technique on hand radiograph of 12 year old person [5322.jpg].
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Figure 6. Output images from each stage of the proposed technique on hand radiograph of 16 year old person [5257.jpg].
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Figure 7. Segmentation results of different algorithms on hand radiograph taken from 1 year old person [5173.jpg].
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Figure 8. Segmentation results of different algorithms on hand radiograph taken from 3 year old person [6102.jpg].
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Figure 9. Segmentation results of different algorithms on hand radiograph taken from 5 year old person [7143.jpg].
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Figure 10. Segmentation results of different algorithms on hand radiograph taken from 7 year old person [5154.jpg].
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Figure 11. Segmentation results of different algorithms on hand radiograph taken from 9 year old person [5125.jpg].
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Figure 12. Segmentation results of different algorithms on hand radiograph taken from 10 year old person [5113.jpg].
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Figure 13. Segmentation results of different algorithms on hand radiograph taken from 12 year old person [5322.jpg].
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Figure 14. Segmentation results of different algorithms on hand radiograph taken from 14 year old person [5237.jpg].
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Figure 15. Segmentation results of different algorithms on hand radiograph taken from 16 year old person [5257.jpg].
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Figure 16. Segmentation results of different algorithms on hand radiograph taken from 18 year old person [6145.jpg].
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Figure 17. Boxplots of segmentation techniques against various quality metrics for PROI.

4.2. Performancemetrics

The quantitative and qualitative results of proposed
segmentation technique (PT) and other state-of-the-art segmen-
tation techniques such as Otsu’s thresholding by Otsu (1979),
KMS by Hartigan and Wong (1979), KGRF by Pappas and Jayant
(1988), PSO based segmentation algorithm (PSO) by Eberhart
and Kennedy (1995), AKFM by Elazab et al. (2015) and BFV al-
gorithm (BFV) by Gong et al. (2015) are evaluated on digital
hand radiographs and presented in this section. To evaluate the
performance of proposed technique (PT), improvement at each
stage is checked using quality metrics like PSNR, MSE and SSIM
which are given in Equations (22), (21) and (23), respectively. To
judge the robustness of proposed technique with other state-
of-the-art segmentation techniques mentioned earlier, we use
various quality metrics such as Structure similarity index (SSIM),
Jaccard Similarity Index (JSI), Dice, Accuracy (ACC), Geometric
Mean (GM) and Matthews Correlation Coefficient (MCC) are the
automatic choice for the researchers in thefieldofmedical image
segmentation. The mathematical expressions for PSNR and MSE
are as follows:

MSE = 1
MN

M∑
i=1

N∑
j=1

(S − G)2 (21)

where S stands for segmented image and G for ground truth
image.

PSNR(dB) = 10 ∗ log10

(
2552

MSE

)
(22)

SSIM is given by equation:

SSIM(S,G) = (2μSμG + λ1)(2σSG + λ2)

(μ2
S + μ2

G + λ1)(σ
2
S + σ 2

G + λ2)
(23)

μS , σS are themeanandvarianceof segmented imageandμG , σG
are the mean and variance of ground truth image. σSG is the
covariance and λ1, λ2 are small constants to stabilise the denom-
inator. The numerical value of SSIM lies between 0 and 1. The
proximity of SSIM value closer to 1, better is the segmentation
technique.
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Table 1. PSNR, MSE, SSIM performance comparison of results after each stage of the proposed technique on hand radiographs of ages 1, 5, 10, 12 and 16-year old person.

Image PROI QM Edge preservation Segmentation Post-processing

1 year, [5173.jpg]

Pinky
PSNR 19.977 45.592 65.079
MSE 653.660 1.794 0.020
SSIM 0.914 0.812 0.999

Ring
PSNR 19.117 45.840 65.142
MSE 796.786 1.695 0.020
SSIM 0.907 0.825 0.999

Middle
PSNR 19.830 47.787 61.864
MSE 676.210 1.082 0.042
SSIM 0.897 0.880 0.996

Index
PSNR 21.807 45.944 64.269
MSE 428.892 1.655 0.024
SSIM 0.943 0.831 0.998

Thumb
PSNR 20.772 47.787 65.115
MSE 544.356 1.082 0.020
SSIM 0.933 0.875 0.999

5 year, [7143.jpg]

Pinky
PSNR 18.901 47.235 64.306
MSE 837.579 1.229 0.024
SSIM 0.931 0.864 0.998

Ring
PSNR 20.112 47.384 62.571
MSE 633.642 1.188 0.036
SSIM 0.939 0.870 0.997

Middle
PSNR 19.311 46.583 58.957
MSE 762.000 1.428 0.083
SSIM 0.940 0.852 0.991

Index
PSNR 20.006 46.780 62.516
MSE 649.314 1.365 0.036
SSIM 0.946 0.854 0.997

Thumb
PSNR 20.780 46.148 63.495
MSE 543.346 1.579 0.029
SSIM 0.936 0.838 0.997

10 year, [5113.jpg]

Pinky
PSNR 19.085 46.240 62.606
MSE 802.816 1.546 0.036
SSIM 0.848 0.838 0.997

Ring
PSNR 24.133 46.730 63.070
MSE 251.062 1.381 0.032
SSIM 0.849 0.855 0.997

Middle
PSNR 23.000 46.904 61.824
MSE 325.894 1.326 0.043
SSIM 0.869 0.860 0.997

Index
PSNR 25.790 46.403 64.823
MSE 171.436 1.489 0.021
SSIM 0.864 0.845 0.998

Thumb
PSNR 21.172 46.470 64.218
MSE 496.485 1.466 0.025
SSIM 0.861 0.849 0.998

12 year, [5322.jpg]

Pinky
PSNR 21.281 46.364 63.123
MSE 484.132 1.502 0.032
SSIM 0.981 0.839 0.997

Ring
PSNR 25.696 46.517 59.749
MSE 175.160 1.450 0.069
SSIM 0.986 0.847 0.993

Middle
PSNR 24.497 46.557 59.367
MSE 230.855 1.437 0.075
SSIM 0.987 0.850 0.992

Index
PSNR 28.104 46.319 62.066
MSE 100.612 1.518 0.040
SSIM 0.991 0.840 0.996

Thumb
PSNR 27.765 46.476 63.033
MSE 108.782 1.464 0.032
SSIM 0.981 0.848 0.997

16 years, [5257.jpg]

Pinky
PSNR 21.16 47.088 62.601
MSE 497.145 1.272 0.036
SSIM 0.887 0.877 0.997

Ring
PSNR 22.573 47.537 61.874
MSE 359.611 1.147 0.042
SSIM 0.919 0.877 0.996

Middle
PSNR 20.563 47.663 61.835
MSE 571.167 1.114 0.043
SSIM 0.973 0.880 0.996

(Continued)
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Table 1. (Continued).

Image PROI QM Edge preservation Segmentation Post-processing

Index
PSNR 24.310 46.969 63.972
MSE 241.055 1.307 0.026
SSIM 0.956 0.859 0.998

Thumb
PSNR 21.657 47.133 60.181
MSE 444.010 1.258 0.062
SSIM 0.905 0.868 0.994

Table 2. Simulation parameters and their values used by various techniques.

Parameters Otsu KMS KGRF PSO AKFM BFV PT

Number of thresholds 2
Number of clusters 3 3 3 3
Number of iterations 30 150 200 100
Clique potential 0.5
Local filtering median gaussian gaussian
Local window size 3 10 3
Population 150
Inertial weight 1.2
Weight 1 0.8 1
Weight 2 0.8 1
Min velocity −5
Max velocity 5
Lower bound of position 1
Upper bound of position 256
Constant positive integer 2
Time step 0.1 0.1
Heavyside weight 1

JSI and Dice similarity as mentioned by Simu and Lal (2017) is
used for performance analysis:

JSI = |S ∩ G|
|S ∪ G| (24)

Dice = 2
|S ∩ G|
|S + G| (25)

Dice coefficient is also called as the F1 score. Jaccard coefficient
and Dice coefficient look similar but they are not same. Both are
used to measure the similarity index but Dice does not satisfy
the triangle inequality. The numerical values of both coefficients
lie between 0 and 1. The proximity of JSI and Dice values closer
to 1, better is the segmentation technique.

Accuracy (ACC) as used by Simu and Lal (2017) gives in-
formation about the ratio of the pixels contained within the
segmented region achieved by the test algorithmwith the pixels
of the manually segmented region. The segmentation accuracy
is defined as,

ACC = tp + tn
tp + fp + tn + fn

(26)

where tp = true positive, tn = true negative, fp = false positive
and fn = false negative. The numerical value of ACC lies between
0 and 1, where 0 corresponds to failed segmentation and 1
corresponds to best segmentation accuracy.

The geometric mean (GM) given by Orlando et al. (2017) is
calculated as:

GM =
√

tptn
(tp + fn)(tn + fp)

(27)

The numerical value of GM lies between 0 and 1. The proximity
of GM value closer to 1, better is the segmentation technique.

The mathematical equation for MCC as used by Orlando et al.
(2017) is given as:

MCC = (tptn) − (fpfn)√
(tp + fp)(tp + fn)(tn + fp)(tn + fn)

(28)

MCC is considered as a balanced measure as it can be used also
when the classes vary in sizes. The MCC value varies between -1
and+1.Where+1means aperfect segmentation and -1 indicates
complete fallout between segmented and ground truth images.

4.3. Segmentation results

The hand radiograph is divided into three regions namely back-
ground, the soft tissue region and the bones. Hence the parame-
ter values of segmentation techniques used are set accordingly.
Otsu’s thresholding is done using two levels to separate the
three regions while other techniques like KMS, KGRF and PSO-
based segmentation algorithm (PSO) have a number of classes
set to three for segmentation. Table 2 shows the parameters
used for simulation of these segmentation techniques and their
values. The first four techniques namely Otsu, KMS, KGRF and
PSO have been implemented in the field of hand bone seg-
mentation earlier by Kashif et al. (2015), Pietka et al. (2003),
Trist-Vega and Arribas (2008) and Liu et al. (2007), respectively.
AKFM is a recent fuzzy based clustering algorithm which was
implemented on brain tissues by Elazab et al. (2015), has been
included for comparison. BFV algorithm (BFV) developed by
Gong et al. (2015) is a recent fuzzy based level set algorithm,
which is also included for comparison. Please note that all hand
radiographs used for comparison have also been subjected to
anisotropic diffusion as pre-processing step before application
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Table 3. Performance comparison of different segmentation techniques on PROI.

Image QM Otsu KMS KGRF PSO AKFM BFV PT

1 year [5173.jpg]

SSIM 0.650 0.965 0.966 0.967 0.967 0.965 0.998
JSI 0.274 0.468 0.462 0.461 0.415 0.491 0.912
DICE 0.213 0.634 0.629 0.628 0.580 0.655 0.954
ACC 0.386 0.734 0.731 0.731 0.708 0.745 0.956
GM 0.575 0.760 0.767 0.764 0.767 0.801 0.955
MCC 0.198 0.475 0.483 0.478 0.482 0.547 0.913

3 years [6102.jpg]

SSIM 0.681 0.978 0.977 0.977 0.978 0.970 0.994
JSI 0.287 0.603 0.595 0.593 0.595 0.549 0.833
DICE 0.231 0.748 0.741 0.740 0.741 0.703 0.904
ACC 0.403 0.802 0.798 0.796 0.798 0.774 0.916
GM 0.586 0.832 0.832 0.831 0.831 0.828 0.925
MCC 0.212 0.630 0.629 0.626 0.632 0.606 0.842

5 years [7143.jpg]

SSIM 0.676 0.969 0.969 0.970 0.968 0.969 0.996
JSI 0.317 0.436 0.529 0.525 0.417 0.548 0.881
DICE 0.245 0.594 0.690 0.686 0.569 0.706 0.936
ACC 0.403 0.718 0.764 0.762 0.709 0.774 0.941
GM 0.582 0.660 0.791 0.784 0.672 0.774 0.941
MCC 0.217 0.375 0.543 0.532 0.406 0.820 0.882

7 years [5154.jpg]

SSIM 0.673 0.975 0.975 0.975 0.975 0.966 0.998
JSI 0.315 0.592 0.588 0.586 0.588 0.536 0.912
DICE 0.243 0.741 0.738 0.746 0.738 0.697 0.954
ACC 0.401 0.796 0.794 0.793 0.794 0.768 0.956
GM 0.581 0.824 0.826 0.825 0.827 0.825 0.957
MCC 0.216 0.615 0.618 0.615 0.618 0.600 0.913

9 years [5125.jpg]

SSIM 0.973 0.974 0.973 0.975 0.973 0.970 0.997
JSI 0.574 0.554 0.574 0.569 0.497 0.572 0.903
DICE 0.726 0.707 0.726 0.722 0.649 0.726 0.949
ACC 0.787 0.777 0.787 0.784 0.749 0.786 0.951
GM 0.804 0.777 0.810 0.801 0.726 0.835 0.950
MCC 0.579 0.541 0.587 0.573 0.481 0.629 0.905

10 years [7076.jpg]

SSIM 0.700 0.975 0.977 0.977 0.976 0.971 0.997
JSI 0.314 0.506 0.595 0.590 0.575 0.575 0.901
DICE 0.253 0.653 0.743 0.739 0.725 0.728 0.948
ACC 0.415 0.753 0.798 0.795 0.788 0.788 0.951
GM 0.592 0.747 0.817 0.812 0.824 0.837 0.951
MCC 0.226 0.512 0.606 0.596 0.617 0.632 0.904

12 years [5322.jpg]

SSIM 0.697 0.978 0.978 0.979 0.978 0.968 0.995
JSI 0.309 0.617 0.615 0.615 0.616 0.549 0.852
DICE 0.249 0.758 0.757 0.757 0.757 0.707 0.919
ACC 0.413 0.809 0.808 0.808 0.808 0.775 0.926
GM 0.591 0.822 0.828 0.827 0.823 0.830 0.925
MCC 0.223 0.622 0.628 0.628 0.621 0.614 0.851

14 years [5237.jpg]

SSIM 0.705 0.976 0.976 0.976 0.976 0.971 0.996
JSI 0.302 0.575 0.581 0.577 0.524 0.563 0.858
DICE 0.248 0.726 0.731 0.728 0.679 0.717 0.924
ACC 0.417 0.787 0.791 0.789 0.762 0.782 0.929
GM 0.595 0.748 0.813 0.806 0.791 0.832 0.928
MCC 0.224 0.506 0.594 0.583 0.575 0.620 0.859

16 years [5257.jpg]

SSIM 0.804 0.969 0.973 0.972 0.975 0.978 0.996
JSI 0.370 0.413 0.475 0.446 0.586 0.671 0.893
DICE 0.347 0.575 0.632 0.610 0.728 0.800 0.943
ACC 0.496 0.706 0.738 0.723 0.793 0.835 0.946
GM 0.647 0.676 0.687 0.666 0.790 0.861 0.946
MCC 0.296 0.469 0.483 0.463 0.597 0.697 0.893

18 years [6145.jpg]

SSIM 0.714 0.985 0.986 0.987 0.986 0.981 0.998
JSI 0.379 0.694 0.742 0.766 0.711 0.706 0.938
DICE 0.294 0.816 0.850 0.866 0.826 0.828 0.968
ACC 0.431 0.847 0.871 0.883 0.855 0.853 0.969
GM 0.596 0.871 0.874 0.891 0.889 0.879 0.969
MCC 0.247 0.752 0.753 0.772 0.774 0.738 0.938

of the various segmentation techniques for fair comparison with
PT.

The quantitative performance analysis of proposed fully auto-
matic segmentation technique and other state-of-the-art tech-
niques are obtained for PROI images at ages 1 [5173.j-pg], 3
[6102.jpg], 5 [7143.jpg], 7 [5154.jpg], 9 [5125.jpg], 10 [5113.jpg],
12 [5322.jpg], 14 [5237.jpg], 16 [5257.jpg] and 18 [6145.jpg] are
given in Table 3. The results of additional 9 images are added

in the supplementary materials. In Table 3 the results shown are
the average values of all 5 fingers i.e. pinky, ring, middle, index
and thumb. From Table 3 it is clear that proposed segmentation
technique achieved better quantitativemetrics such as SSIM, JSI,
Dice, ACC, GM and MCC as compared to other state-of-the-art
techniques.

The qualitative results of proposed fully automatic segmen-
tation technique and other state-of-the-art techniques are given
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Table 4. Statistical values of various quality metrics against segmentation techniques.

QM Statistic Otsu KMS KGRF PSO AKFM BFV PT

SSIM

MIN 0.650 0.961 0.964 0.965 0.965 0.958 0.994
MAX 0.983 0.985 0.986 0.987 0.986 0.981 0.999
MEAN 0.844 0.974 0.974 0.975 0.974 0.969 0.997
MEDIAN 0.964 0.975 0.975 0.976 0.975 0.969 0.997
SDEV 0.139 0.006 0.005 0.005 0.005 0.005 0.001

JSI

MIN 0.274 0.390 0.423 0.416 0.395 0.435 0.833
MAX 0.669 0.694 0.742 0.766 0.711 0.711 0.938
MEAN 0.440 0.540 0.561 0.556 0.532 0.548 0.895
MEDIAN 0.425 0.554 0.581 0.577 0.524 0.548 0.903
SDEV 0.130 0.091 0.079 0.085 0.087 0.073 0.026

DICE

MIN 0.213 0.551 0.589 0.581 0.553 0.602 0.904
MAX 0.799 0.816 0.850 0.866 0.826 0.830 0.968
MEAN 0.492 0.691 0.711 0.708 0.683 0.703 0.944
MEDIAN 0.589 0.707 0.731 0.728 0.679 0.703 0.949
SDEV 0.228 0.080 0.065 0.071 0.077 0.060 0.015

ACC

MIN 0.386 0.695 0.712 0.708 0.697 0.718 0.916
MAX 0.834 0.847 0.871 0.883 0.855 0.855 0.969
MEAN 0.606 0.770 0.780 0.778 0.767 0.774 0.948
MEDIAN 0.712 0.777 0.791 0.789 0.762 0.774 0.951
SDEV 0.181 0.045 0.039 0.043 0.044 0.037 0.013

GM

MIN 0.575 0.660 0.687 0.666 0.660 0.741 0.925
MAX 0.846 0.871 0.874 0.891 0.889 0.879 0.969
MEAN 0.699 0.775 0.800 0.794 0.780 0.822 0.947
MEDIAN 0.731 0.789 0.813 0.806 0.790 0.825 0.951
SDEV 0.104 0.061 0.041 0.049 0.057 0.031 0.012

MCC

MIN 0.198 0.363 0.440 0.412 0.347 0.436 0.842
MAX 0.674 0.752 0.753 0.772 0.774 0.820 0.938
MEAN 0.401 0.544 0.576 0.567 0.549 0.614 0.897
MEDIAN 0.431 0.541 0.594 0.583 0.575 0.606 0.905
SDEV 0.174 0.105 0.078 0.087 0.103 0.082 0.025

Note: The bold values represent best results.

Table 5. Computation time required for each of the segmentation techniques (seconds).

Images Otsu KMS KGRF PSO AKFM BFV PT

1 year [5173.jpg] 0.542 0.567 0.702 2.315 4.416 1.667 9.479
3 years [6102.jpg] 0.576 1.563 0.956 4.116 9.632 3.047 33.406
5 years [7143.jpg] 0.597 0.618 1.077 2.438 6.338 2.237 35.652
7 years [5154.jpg] 0.614 0.962 1.337 4.406 12.962 3.938 31.100
9 years [5125.jpg] 0.594 0.719 1.367 2.567 9.543 3.418 33.749
10 years [5133.jpg] 0.643 1.089 1.622 4.636 16.187 4.704 31.250
12 years [5322.jpg] 0.736 0.831 1.717 2.733 11.791 4.313 47.967
14 years [5237.jpg] 0.950 1.420 2.594 5.033 27.104 7.451 70.572
16 years [5257.jpg] 0.742 0.877 2.092 2.809 13.374 4.952 55.022
18 years [6145.jpg] 0.743 1.324 2.128 4.840 24.629 6.781 84.590

in Figures 7–16 for ages 1, 3, 5, 7, 9, 10, 12, 14, 16 and 18,
respectively. Ground truth images (GT) have also been included
for comparison in Figures 7–16. The qualitative results of other
images are provided in supplementary materials in Figures S.5
to S.13 for ages under 1, 2, 4, 6, 8, 11, 13, 15 and 17,
respectively.

Box-plot has been used to compare all the segmentation
techniques with respect to various quality metrics and is shown
in Figure 17, wherein the sample size is 10 (number of images).
The interquartile range (IQR) is denoted by box and whiskers
denoted by line with breaks defines the range. The whisker
length is increased to engulf outliers into the range of data.
The median is denoted by a line in the IQR which is skewed
in some cases due to the sample being skewed positively or
negatively.

From the box-plot shown in Figure 17, it can be noticed
that proposed segmentation technique has less variation com-
pared to other techniques and also achieves higher segmen-
tation accuracy in terms of all the quality metrics. The SSIM

boxplot against various techniques shown in Figure 17(a)
indicates that Otsu’s thresholding performs poorly compared
to other techniques. The SSIM values of other techniques are
above 0.95 but proposed technique has values around 0.99.
The boxplot of JSI shown in Figure 17(b) shows proposed tech-
nique takes the value around 0.9 and supersedes other state-of-
the-art techniques. Similarly in all other boxplots i.e. Figures
17(c)–(f) theproposed techniquehashigherqualitymetric values
against other state-of-the-art techniques (approximately 0.95).
The visual comparisonof segmentation results of proposed tech-
nique and other state-of-the-art segmentation techniques are
given from Figures 7–16. It can be noticed from Figures 7–17
and Figures S.5 to S.13 from the supplementary materials, that
proposed segmentation technique (PT) gives better segmenta-
tion results as compared to other state-of-the-art techniques.
In Table 4, statistical values such as minimum (MIN), maximum
(MAX), mean, median and standard deviation (SDEV) of vari-
ous quality metrics against segmentation techniques have been
presented.

COMPUTER METHODS IN BIOMECHANICS AND BIOMEDICAL ENGINEERING: IMAGING & VISUALIZATION 87



Table 6. Ratings given by medical experts to the segmentation results of PROI for our proposed technique.

Age (years) Finger Expert-1 Expert-2 Expert-3 Expert-4 Average Rating Overall average

01

Pinky 5 5 5 5 5

4.4
Ring 5 5 5 5 5
Middle 3 4 3 4 3.5
Index 3 4 4 3 3.5
Thumb 5 5 5 5 5

03

Pinky 3 3 4 3 3.25

4.4
Ring 4 3 4 4 3.75
Middle 5 5 5 5 5
Index 5 5 5 5 5
Thumb 5 5 5 5 5

05

Pinky 4 4 4 4 4

3.3
Ring 4 4 4 4 4
Middle 3 3 3 3 3
Index 2 3 3 3 2.75
Thumb 2 3 3 3 2.75

07

Pinky 5 5 5 5 5

4.45
Ring 4 5 5 5 4.75
Middle 5 3 4 4 4
Index 4 3 4 3 3.5
Thumb 5 5 5 5 5

09

Pinky 4 4 5 5 4.5

4.7
Ring 4 4 5 5 4.5
Middle 4 4 5 5 4.5
Index 5 5 5 5 5
Thumb 5 5 5 5 5

10

Pinky 5 2 4 3 3.5

4.25
Ring 4 4 4 4 4
Middle 4 4 4 5 4.25
Index 5 4 5 4 4.5
Thumb 5 5 5 5 5

12

Pinky 3 4 4 3 3.5

3.6
Ring 3 3 3 4 3.25
Middle 3 4 4 3 3.5
Index 3 3 3 4 3.25
Thumb 4 4 5 5 4.5

14

Pinky 3 3 4 3 3.25

3.85
Ring 2 3 4 4 3.25
Middle 5 4 5 4 4.5
Index 4 4 5 4 4.25
Thumb 2 4 5 5 4

16

Pinky 4 4 4 4 4

4.45
Ring 4 4 5 5 4.5
Middle 4 4 4 4 4
Index 5 5 5 5 5
Thumb 5 4 5 5 4.75

18

Pinky 5 5 5 5 5

5
Ring 5 5 5 5 5
Middle 5 5 5 5 5
Index 5 5 5 5 5
Thumb 5 5 5 5 5

4.4. Computational cost

The time taken by various segmentation techniques are pre-
sented in the Table 5. The computational time recorded in the
table is average time of five PROI’s of each hand radiograph.
The time calculated is total time taken by anisotropic diffusion
and segmentation technique. Anisotropic diffusion has been
used as pre-processing technique on PROI’s for all segmenta-
tion techniques compared. From the Table 5, we can see that
computational cost of proposed technique is more as compared
to other state-of-the-art segmentation techniques. The compu-
tational cost for proposed technique is two to three times more
than ARKFCM technique, but roughly takes 10 times more time
than other segmentation techniques. Even if the time taken by
proposed technique is more compared to other techniques it
supersedes themwith respect to the segmentation accuracy that

is achieved. In ABAA, for further analysis which includes feature
extraction and classification stages, a higher segmentation accu-
racy is of utmost importance.

4.5. Segmentation accuracy

The quality metrics JSI, Dice, ACC andMCC give vital information
about the segmentation accuracy of proposed fully automatic
segmentation technique. From the quantitative analysis as given
in the Table 6 we can see that the proposed technique performs
far better thanother segmentation techniques. The ratings given
by different medical experts are given in the Table 6. Each of the
segmented results obtained using proposed technique has been
rated between 1–5 with value 1 being very poor, 2 – poor, 3 –
average, 4 – good, 5 – excellent. The medical experts have com-
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pared the segmented imageobtainedusingproposed technique
with ground truth image and original hand radiograph image
visually and given the ratings. In Table 6, we can see thatmedical
experts have rated 4 or 5 to the segmentation results indicating
that the outcome is fair enough. In cases where the values are 3
or below theproposed techniquehas not been accurate enough.
The reason for this is the low radiation intensity used for children
at a younger age as given in Behiels et al. (2001).

4.6. Major findings

The major findings of this research work are as follows:

(1) Proposed fully automatic PROI extraction method for
phalanges fromhand radiographs is simple, fast, accurate
and it extracts all 5 phalangeal regions at the same time.

(2) Proposed fully automatic segmentation technique has
been able to tackle the heel effect problem or the inten-
sity inhomogeneity due to bias field that was present in
the hand radiograph.

(3) Proposed segmentation technique has been able to pro-
vide very good quantitative and qualitative segmenta-
tion results, but it takes a little more processing time as
compared to other existing segmentation techniques.

5. Conclusion

The proposed fully automatic technique presented in this paper
has been very effective and robust for segmentation of pha-
langes from hand radiographs. All techniques used for com-
parison including the proposed technique have been validated
on database as mentioned previously with an age group of
0–18 years. The database included under-exposed as well as
over-exposed radiographic images. The proposed segmentation
technique provided an approximate segmentation accuracy of
94%. The mean values of various quality metrics used like SSIM,
JSI, Dice, ACC, GM and MCC are 0.997, 0.895, 0.944, 0.948, 0.947
and 0.897, respectively.

The proposed fully automatic ROI extraction developed was
fast and accurate with no extraction error. The automatic ROI
extraction was independent of hand placement and orienta-
tion. Also, it is simple and takes a negligible amount of time.
Experimental results demonstrated that proposed segmentation
technique provided better quantitative and qualitative results as
compared to other existing segmentation techniques. The seg-
mentation results have been also verified by different medical
experts. The overall average rating given by all the medical ex-
perts are above the average value of 3. Advantages of proposed
technique were that it was very effective and robust. Few errors
in the segmentation using proposed technique persist, which
we aim to tackle in the feature extraction stage. The medical
experts have given a lower rating to these segmentation results
which are radiographs of young people. The hand radiographs
of young people were obtained with exposure to less radiation
due to medical norms, hence the clarity of the image is affected.
Another drawback of proposed technique is that computational
cost required is more among all compared techniques. But in
the field of medical image processing and analysis time taken
around aminute is negligible concern and utmost importance is
given to the accuracy of results which we have achieved. In TW3

assessment 3 fingers and radius-ulna bones are used for evalu-
ating the bone age. We aim to use all five fingers for achieving
higher accuracy. Nevertheless, the proposed technique being
robust can be applied for automated bone age assessment of a
person whose age is unknown.

The future work in automated bone age assessment pro-
cedure is designing an effective feature extraction and robust
classification technique, by which we can negate the errors of
segmentation such that it does not affect the overall bone score
and give a very precise estimation of age.
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