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Abstract In cortical bone, solid (Iamellar and interstitial)
matrix occupies space left over by porous microfeatures
such as Haversian canals, lacunae, and canaliculi-con-
taining clusters. In this work, pulse-coupled neural net-
works (PCNN) were used to automatically distinguish the
microfeatures present in histology slides of cortical bone.
The networks’ parameters were optimized using particle
swarm optimization (PSO). When forming the fitness func-
tions for the PSO, we considered the microfeatures’ geo-
metric attributes—namely, their size (based on measures
of elliptical perimeter or area), shape (based on measures
of compactness or the ratio of minor axis length to major
axis length), and a two-way combination of these two geo-
metric attributes. This hybrid PCNN-PSO method was fur-
ther enhanced for pulse evaluation by combination with yet
another method, adaptive threshold (AT), where the PCNN
algorithm is repeated until the best threshold is found cor-
responding to the maximum variance between two seg-
mented regions. Together, this framework of using PCNN—
PSO-AT constitutes, we believe, a novel framework in
biomedical imaging. Using this framework and extracting
microfeatures from only one training image, we success-
fully extracted microfeatures from other test images. The
high fidelity of all resultant segments was established using
quantitative metrics such as precision, specificity, and Dice
indices.
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Introduction

Segmentation of cortical bone images constitutes a chal-
lenge in medical image processing given the complexity
of bone hierarchical structure, at the heart of which lies
the osteon unit. Osteons constitute a repetitive structure
throughout the cortical bone. In this work we aimed to prop-
erly identify the constitutive microfeatures of the osteon
system via computer-based automated segmentation. At the
microscale, the cortical composite bone is made up mostly
of osteon units (concentric cylindrical system), at the center
of which lies the Haversian canal. These canals are sur-
rounded by concentric lamellae that are punctuated by small
pores called lacunae that are in turn connected to each other
via minute capillary channels called canaliculi. Osteon units
meet at what is known as “cement lines.” Figure 1 highlights
the salient microfeatures in the osteon architecture. Neigh-
boring the osteons and surrounded by them there are matrix
regions of ill-defined shapes called interstitial lamellae.

Automated bone image segmentation has been shown to
be efficient in different medical studies, examples of which
are as follows:

e Analyzing avascular necrosis [1, 2]

e Detecting microscopic bone features (e.g., osteons and
Haversian canals) [3, 4]

e Separating bone calcium phosphate (an important ingre-
dient of bone scaffolds) and soft tissue [5]

e Segmenting the vertebra using the volume data [6]

e Distinguishing normal cells from abnormal cells on the
basis of shape definition [7]
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e Detecting cancerous bone [8]

e Calculating cortical bone mineralization using segmen-
tation of osteons and interstitial tissue [9]

e Relating osteon geometry to age, sex, height, and
weight [10]

e Relating bone mineralization changes to age and sex
[11]

e Segmenting bone structures in anterior-posterior radio-
graphs on the basis of active shape models [12]

e Measuring cartilage tissue using shape-based segmenta-
tion for bones [13].

Hage and Hamade [14] performed segmentation via
color thresholding of bone images using the k-means clus-
tering method. Hage and Hamade [15] used artificial intel-
ligence and statistical parameters based on entropy and
energy to yield high-fidelity feature segmentation of digital
images of bone. There are reports in the literature of using
automatic segmentation methods (e.g., [16]) to deal with a
large number of cases with comparable accuracy. However,
in this work, we set an ambitious goal—namely, to auto-
mate the segmentation of bovine femur cortical bone digi-
tal optical images based on a single bone training image.
This is accomplished by a hybrid method based mainly on
a pulse-coupled neural network (PCNN).

The PCNN algorithm comprises several parameters that
need to be self-adapted. For this purpose, particle swarm
optimization (PSO) was used as a parameter optimizer for
the PCNN. A further enhancement is the use of the adap-
tive threshold (AT) method, where the PCNN algorithm is
repeated until the best threshold is found corresponding to
the maximum variance between two segmented regions.

The PSO fitness functions are developed on the basis of
geometric attributes of the microfeatures extracted from the
bone training image. The geometric attributes are metrics
related to size and shape (compactness) as well as com-
binations of these attributes. In the learning stage, it was

Cement line

. Canaliculi

Fig. 1 Details of the osteon showing the microconstituents of the
cortical bone: Haversian canal (red), lacunae (yellow), canaliculi clus-
ters (green), solid matrix (purple), and estimated cement line (pink)
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found sufficient to apply the PCNN-PSO-AT method to
a single histological bone image. For testing, the network
was applied to other, untaught test images of bone slices,
and high-fidelity segmented images were obtained. The
hybrid framework developed in this work is demonstrated
to be capable of distinguishing the salient microstructural
features within the osteon units—namely, Haversian canals,
lacunae, canaliculi clusters, and solid matrix (lamellar and
interstitial).

Materials and methods
Animals

Cortical (mid femur) bones were extracted from cows (both
about 2 years old; collected fresh from a butcher).

Pathology procedures and image acquisition

The bone samples were immersed in formalin solution for
3 days for softening and fixation, and were than immersed
in a Surgipath decalcifying solution (less than 15 wt %
hydrochloric acid, less than 5 wt % ethylenediaminetet-
raacetic acid disodium salt) for 3 days. From the decalci-
fied bone, a 2-mm-thick cortex was processed in a Leica
model 300 machine, where it was dehydrated and paraffin
protected. This was followed by bone slicing the next day
using a rotary microtome (model 340 E, Thermo Scien-
tific Microm). Finally, bone slices were rehydrated using
hot water. For better visualization, slices were exposed to
hematoxylin and eosin staining solutions. Finally, opti-
cal images of slices were acquired using an Olympus
BX-41 M LED optical microscope at x20 magnification
using an Olympus SC30 digital microscope camera (based
on a 3.3-megapixel CCD chip with a CMOS color sensor).
One such resulting image is shown in Fig. 2.

Solid
matrix

Fig. 2 Image of bone microstructures captured at x20 magnification
taken with an Olympus SC 30 camera. The arrows point at examples
of bone microconstituents. Solid matrix (lamellar and interstitial)
occupies space left over by porous microfeatures such as Haversian
canals, lacunae, and canaliculi-containing clusters



J Bone Miner Metab (2016) 34:251-265

253

Methods
PCNN-PSO-AT framework

The ultimate aim of this hybrid method is to obtain seg-
mented images of high quality based on feature-specific
(mainly geometric) attributes and using only one training
image. To that end, we had to automatically obtain an opti-
mized set of seven PCNN parameters that would be capable
of extracting high-fidelity segmented images from a num-
ber of test microscope images. Specifically, the framework
based on using a combination of three separate methods
typically used separately for image segmentation—namely,
PCNN-PSO-AT—is outlined here. Geometric attributes
of the desired features were used for the fitness functions.
The framework developed is summarized schematically
in Fig. 3, where the medical image processing technique
in the initial step is used, specifically image segmentation
of segment bovine cortical bone images into their micro-
features based on physical attributes via thresholding and
optimization and automation achieved using artificial
intelligence.

In the following sections, we give a brief synopsis of
each of these three methods, followed by a brief explana-
tion of the sequence at which the methods are triggered.

Pulse-coupled neural networks

A PCNN is a novel network that is used in many image
processing applications, such as noise removal for gray
[17] and color [18] images, image segmentation [19-22],
image smoothing [23], and image enhancement [20, 24]. In
addition it was successfully explored in many applications
such as car plate number detection [25], face recognition
[26], and object detection [27].

PCNN are widely used for image segmentation, and
enhancements coupled to the algorithm were applied—for

The Medical image

processing methods
are trying to mimic the
human processing

An important link
in image
processing is:

of medical
images

main purpose is to
the
segmentation via

artificial intelligence &
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The goal in this work

isto ment bovine
(cow) femur cortical
bone using

Fig. 3 The pulse-coupled neural network (PCNN)-particle swarm
optimization (PSO)—adaptive threshold framework

example, threshold adaptation, optimization—in order to
properly identify and self-adapt the PCNN parameters. A
simple PCNN model with AT time constant was applied
to image segmentation, and simulations proved its perfor-
mance [22]. A genetic algorithm to select the set of PCNN
coefficients was applied which allowed a PCNN to be
trained, which renders the method useful for applications
[28]. An accurate and robust model for image segmentation
using PSO to detect the optimal parameters for a PCNN
proved its effectiveness [29]. The realization of intelli-
gent Otsu image segmentation based on the optimization
method of an immune algorithm resulted in effective self-
adaptive determination of parameters [23].

PCNN are used instead of traditional neural networks
for several reasons: standard neural networks are sensi-
tive to geometric transformations, whereas PCNN are not,
standard neural networks have problems setting the optimal
structure, whereas PCNN have a fixed structure, and stand-
ard neural networks are time-consuming owing to learning
and its associated problems (e.g., overlearning, local mini-
mum of error), in contrast to PCNN.

The neuron in the PCNN model contains two input com-
partments: the feeding and the linking. The structure of the
network is illustrated in the flowchart in Fig. 4 (see [30] for
more details).

The PCNN functions by using seven parameters:

e  and oy influence the decay of the exponentials

e o, and Vj: adjust the firing frequency

e V. and V|: normalizing coefficients which adjust the
magnitudes and prevent saturation

e [: coefficient which affects the linking between the two
compartments

The feeding receives an external stimulus (S) as well as
a local stimulus (Y). The linking receives a local stimulus.
These compartments are linked via a linking coefficient
to create a voltage U, that is then compared with a local
dynamic threshold 6, and an output (0 or 1) is extracted and
then the dynamic threshold value increases via the potential

Surrounding
Neurons

Dendritictree

Linking modulation

Pulse generator

Fig. 4 Pulse-coupled neural network scheme showing the linking
and feeding compartments, their linkage, and the output firing [30]

@ Springer



254

J Bone Miner Metab (2016) 34:251-265

coefficients V, Vi, and V,, but then decreases via the decay
coefficients o , o, and o until the neuron fires again and a
binary pulse image is created [30].

Particle swarm optimization

The decay, potential, and linking coefficients can alter
the pulse firing enormously. Thus optimization is a must
to detect the proper parameters to obtain the targeted
pulses.

The PSO simulates the social behavior of birds in a flock
describing a population with particles assigned randomized
velocity [31-33]. The PSO algorithm is initialized with
random particles and then converges by updating genera-
tions. A fitness function measures the performance of each
particle if its value is near the global optimum, i.e., how
close the particle is from the global optimum. This fitness
function f contains the geometric attributes of the bone
microconstituents.

Each particle, i, flies through an n—dimensional search
space, R, and has the following information associated
with it [32, 33]:

e x;: the current position of the ith particle (x vector)

e p;: the personal best position of the ith particle (p vec-
tor)

e v;: the current velocity of the ith particle (v vector)

When the particle flies over the best position, then it has
reached the best position for this particle .

Then the personal best position of particle i at a time
step ¢ is updated as follows [32, 33]:

i D) = fpi)
p"’+1)‘{x,~<r+1> iff(xl-<t+1>><f<pi<r>>} M

Gbest is the position of the global best particle:

gbest € {p1(1),p2(1),....pm ()}
= min{f (p1().fP2(), .. ..f Pm(®))}

The velocity updates are calculated as a linear combina-
tion of position and velocity vectors. Thus, the velocity and
position of particle i are updated as follows:

vi(t + 1) = wv;(t) + clrl(p;(t) — x;(t) + c2r2(gbest — x; (1))
xi(t+ 1) =x;(t) +vit+1)

@
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where w is the inertia weight, ¢, and c, are the acceleration
constants, r; and r, are random numbers in the range [0,1],
and v; must be in the range [—v 1, where V,,, is the
maximum velocity.

The PSO parameters are as follows: fitness functions,
which are defined in this work on the basis of the geometric
attributes of the features; the dimension of particle set to be

max?> Vmax
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Fig. 5 Pulse-coupled neural network (PCNN)—particle swarm opti-
mization (PSO)-adaptive threshold (AT) sequence

7 (since the PCNN requires seven parameters); population
size chosen between 20 and 50; inertia factor initialized
randomly; and terminal condition of the algorithm. The
weights W and M are chosen to be inversely proportional to
the squared distance between the pixels [34], leading to the
following weight matrix:

05 1 05
W = 1 0 1
05 1 05

Adaptive threshold

The AT is used in many applications for denoising images
[35, 36] and for segmentation [37-39], and is defined in
many methods, among them between-class variance devel-
oped by Otsu [40] and used in this work.

The between-class variance criterion is combined with
the PCNN-PSO image segmentation method, which is
a method developed by Otsu [40]. A nonparametric and
unsupervised method of automatic threshold selection for
picture segmentation is presented on the basis of analyzing
the least squares method. It is a convenient way to select
the threshold.

The best threshold T is determined when the variance
between two segmented regions has the maximum value.

Framework sequence

The PCNN-PSO algorithm is launched and the between-
class variance between the target (the ignited neuron at each
PCNN’s iteration) and the background (the corresponding
pixel of the nonignited neuron) is calculated. These steps
are repeated until the best threshold T is reached [41]. The
optimized parameters are obtained and can be used to seg-
ment other images of the same type on the basis of the fit-
ness function. This sequencing is described schematically
in Fig. 5; the main tool is PCNN combined with optimiza-
tion and AT.
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Table 1 Pulse-coupled neural o o o v, v, v, B

network parameters for the

elhl?tt)ical size (perimeter) Lacunae —0.34 —0.42 —0.55 —0.19 —0.66 0.58 —0.43

attribute Haversian canals 0.78 0.61 076  —0.55 015  —0.10 0.23
Canaliculi clusters —0.16 0.31 0.58 0.36 0.70 0.49 0.31

Results Subtracting the original image from these three pulses pro-

Image segmentation based on geometric attributes

A hematoxylin and eosin image was used as a reference image
for extracting the features. It was manually segmented using the
method developed by the authors in [14]. The “regionprops,”
a function in the image processing toolbox of MATLAB® and
that computes various properties of the individual objects in
each segmented image, was found to be suitable to calculate
the optimization fitness function for producing the binary pulse
images output of the PCNN. Two methods based on geometric
attributes associated with the shape of the microfeatures were
tried next: one is based on size (based on the elliptical perimeter
or area) and one is based on shape (compactness or ratio of the
minor axis length to the major axis length). Each attribute was
calculated for the manually segmented image (training image)
and was used as a target for the method introduced earlier.

Size attributes
Size based on the elliptical perimeter

Assuming an elliptical feature shape, the perimeter of
the ellipse (in pixels) is defined on the basis of the Euler
approximation [42, 43] as follows:

Perimeter = v/ (2(a? + b?)) 4)

where a and b represent the semiaxes of the ellipse calculated
using the “major/minor axis length” property of the region-
props function in the image processing toolbox of MATLAB®.
Equation 4 represents the perimeter to be calculated for each
object in the segmented image for the bone microconstituents
obtained from the training image. The mean of these values
for each of the three microconstituents of the bone was calcu-
lated from the training image and was set as the target for the
PCNN-PSO algorithm. When the pulses are fired, the mean of
the perimeters of the objects in the image is compared with the
target mean. When the mean of a binary pulse image is near
the mean calculated for one microfeature, given as the target
in the fitness function of the algorithm, the iteration stops.
Table 1 lists the optimized PCNN parameters that resulted in
output segments such as those shown in Fig. 6.

For each of five different images based on the elliptical
size (perimeter) attribute, Fig. 6 displays three resultant
pulses: lacunae, Haversian canals, and canaliculi clusters.

duced the pulse for the solid matrix.

Geometric analyses of the output pulses were performed
and are reported herein. A comparison of the size attributes
obtained for each pulse is summarized in Table 2, which
lists the mean perimeter (size) values (in pixels) showing
both the target values and the values obtained for the first
resultant image. The values obtained for the test images
were quite close to those calculated for the training images.
Obviously, Haversian canals are much larger than lacunae,
which are, in turn, larger than the canaliculi clusters. These
results are testament to the robustness of the PSO.

The perimeter statistics for features in the resulting segments
of image 1 (used as an example of typical results) are listed in
Table 2: the values are reported in pixels and in micrometers.
Histograms of perimeter values for each region in the image
and for all microfeatures obtained are plotted in Fig. 7.

Areas of the ellipses

In addition to calculating the perimeter, the areas of the
ellipses were calculated to further corroborate the results
as listed in Table 3, where the target areas and the values
obtained for the first resultant segment based on the follow-
ing formula are shown:

A =mab (5)

where a and b are the semiaxes of the ellipse.

Since the resultant segments were relatively similar to
those obtained for the size attribute in Fig. 6, we have not
included those images.

The area statistics of features in the resulting segments
of image 1 are given in Table 3. It can be seen in Table 3
that the maximum area obtained for the canaliculi clusters
is quite large because this segmentation method was able
to segregate the microfeatures of canaliculi but not that per-
fectly, and instead it detected clusters of those canaliculi. In
addition, histograms of the area values for each region in the
image for each microfeature obtained are plotted in Fig. 8.

Shape attributes
Compactness (shape deviation from circularity) attribute

Compactness is a basic, unitless geometric measure of
a shape that is independent of scale and rotation. In other

@ Springer
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Fig. 6 Resultant pulses from the elliptical size (perimeter) attribute
Table 2 Perimeter (size) statistics for the resultant segments of image 1 in Fig. 6
Target mean  Average size Minimum size Maximum size Size standard Number of

size (pixel)

obtained for
segments of

obtained for
segments of

obtained for
segments of

deviation obtained
for segments of

regions for
segments of

image 1 image 1 image 1 image 1 image 1
pixel pm pixel wm pixel wm pixel pm
Haversian canals ~ 311.8178 287.5623 82.0568 177.0481 46.5913 488.6787 128.5989 103.0254 27.1118 12
Lacunae 37.3936 39.034 9.8404  10.8828  2.8639 165.7410  43.6158  31.0245 8.1643 477
Canalicui clusters ~ 18.0974 16.8224  4.7624 90.2486 24338 1463021  38.5003  16.9878  4.4704 7239

words, it is a dimensionless numerical quantity represent-
ing the degree to which a shape is compact. Compactness
values were calculated using the following basic formula
[44, 45]:

C, = (©)

=1,

@ Springer

For a circle the compactness is equal to 47 (approximately
12.56), so the closer the calculated compactness is to this
value, the more likely the shape is to be circular. The filled
area, A, and perimeter, p, of each microfeature region in the
training image were calculated using the image processing
toolbox function regionprops of MATLAB®. The compact-
ness values for each feature type in the image were calculated,
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Fig. 7 Histograms of perimeter values for the resultant segments of image 1 in Fig. 6

Table 3 Area statistics for the resultant segments of image 1 in Fig. 6

Target Average area Minimum area Maximum area Area standard Number of
area obtained for obtained for obtained for segments deviation obtained regions for
(pixel’)  segments of image 1  segments of image 1  of image 1 for segments of segments of
image 1 image 1
pixel? pwm? pixel? pm? pixel? pwm? pixel? pwm?
Haversian canals 8137 8178.1000 566.3394 2551.9000 176.7209 18,645.0000 1291.1798 5241 362.9431 12
Lacunae 152.9288  151.2390 10.4734 4.1888 0.2901  2134.6000 147.8226 252.3010 17.4720 477
Canaliculi clusters 32.4754 31.8257 2.2040 8.1680 0.5656  2470.0000 171.0493 113.9283 7.8895 7239
Haversian canals Lacunae Canaliculi clusters
Histogram of the ellipse area for the Haversian of image1 Histogram of the ellipse area for the Lacunae of image1 His!ogrqw of _thg t_all_lp_s_el areq fo_r the _analicvuli.cl.u_s?gl_'_s of ifnage1
g ¢ 2o
% : E_g' E’m)
g 5 5
5 06 z Z 00
Nea(Piers:) logarinhm‘ii scale Area (P':elsz) logan’lhr:i: scale ° Area ‘(Jp;x9153) |°gamhr:1uic scale °
Fig. 8 Area for all regions in the resultant segments of image 1 in Fig. 6
Table 4 Compactness (shape) statistics for the resultant segments of image 1 in Fig. 6
Target Average compactness Minimum compactness Maximum compactness Compactness Number of
mean obtained for seg- obtained for segments  obtained for segments  standard deviation  regions for
compactness ments of image 1 of image 1 of image 1 obtained for seg- segments of
ments of image 1 image 1
Haversian canals  18.2801 18.0069 16.3335 20.7583 1.4501 12
Lacunae 19.6957 19.0584 12.6611 20.0001 1.8992 477
Canaliculi clusters 28.4784 28.1918 12.6356 41.6402 5.2551 7239
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Fig. 9 Compactness values for the resultant segments of imagel in Fig. 6

Table S Ratio (shape) statistics for the resultant segments of image 1 in Fig. 6

Target Average ratio Minimum ratio Maximum ratio Ratio standard Number of
ratio obtained for obtained for obtained for deviation obtained regions for
segments of segments of segments for segments segments of
image 1 image 1 of image 1 of image 1 image 1
Haversian canals 0.8202 0.8165 0.4601 0.9353 0.1366 12
Lacunae 0.6999 0.5878 0.1 1 0.2695 477
Canaliculi clusters 0.5201 0.5046 0.0721 1 0.1995 7239
Haversian canals Lacunae Canaliculi clusters

Histogram of ratio Min/Maj for the Haversian of image1
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Fig. 10 Ratio of minor axis length to major axis length for all regions in the resultant segments of image 1 in Fig. 6

and the mean value for each feature type was assigned as the
target for the algorithm. Geometric analyses of the output
results of the framework were performed, and the results are
reported in Table 4, which lists the values obtained for the first
binary pulse. From the values in Table 4, the Haversian canals
appear to be more circular than the canaliculi clusters, which
can be seen by eye in the images. The values for the Haver-
sian canals in Table 4 are fairly close to the ideal values associ-
ated with a circle, whereas those for the canaliculi clusters are
representative of long and thin canals (as the name suggests).
Lacunae appear to be shaped somewhere in between.

Since the resultant segments were almost the same as
those obtained for the size attribute in Fig. 6, we have not
included those images.

@ Springer

The compactness statistics of features in the resulting
segments of image 1 are reported in Table 4. Histograms
of the compactness values for each region in the image for
each microfeature obtained are plotted in Fig. 9.

Ratio of the lengths of the elliptical minor and major axes
The findings reported earlier were further corroborated by
calculating the ratio of the lengths of the minor axis and the
major axis on the basis of the following equation:

Ratio = 4
=7 )

where a and b are the semiaxes of the ellipse.
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Table 6 Pulse-coupled neural o o @, % v, v, B
network parameters for the
Comgmaﬁon of size and shape Lacunae 0.21 0.72 0.25 —0.17 021 —0.38 —0.34
attributes Haversian canals 036  —061 —0.91 —0.43 0.03 042  —1.37
Canaliculi clusters —-0.15 0.62 0.40 0.24 —0.05 —0.43 —0.50
Original Haversian canals Lacunae Canaliculi clusters Solid Matrix
1
2
3
4
5

Fig. 11 Resultant pulses for the combination of the size and shape attributes

Since the resultant segments were almost the same as
those obtained for the size attribute in Fig. 6, we have not
included those images.

Geometric analyses of the output results of the frame-
work were performed, and the results are reported in
Table 5. The closer the value of this ratio is to unity, the
more circular is the object. It was found that Haversian
canals are more likely to be circular given the values listed
in the second column of Table 5 ranging from a low of

0.5201 for canaliculi clusters to a high of 0.8202 (close to
1) for Haversian canals. On the other hand, the canaliculi
clusters are elongated skinny canals (as the name indicates)
as indicated by the values ranging from 0.49 to 0.5201
in the third row of Table 5. Lacunae appear to be shaped
somewhere in between.

Since the resultant segments were relatively similar to
those obtained for the size attribute in Fig. 6, we have not
included those images.
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Table 7 Combination attributes statistics for the resultant segments of image 1 in Fig. 11

Average size obtained ~ Minimum size obtained Maximum size Size standard deviation Number of
for segments of for segments of obtained for segments obtained for segments  regions for
image 1 image 1 of image 1 of image 1 segments
- - - - of image 1
pixel wm pixel pm pixel pm pixel pm
Haversian canals 312.2271 82.1645 1753394  46.4168  4885.5524 1285.664 102.28 26.9182 12
Lacunae 36.9255 9.7171 10.8954 2.8672 166.3254 43.76959 30.7656  8.0962 441
Canaliculi clusters 17.1202 4.5052 3.9904 1.0501 138.841 36.5367 13.1545  3.4169 14,244
Average area Minimum area Maximum area Area standard deviation Number of

obtained for segments

obtained for segments

obtained for segments

obtained for segments

regions for

of image 1 of image 1 of image 1 of image 1 segments of
image 1
pixel2 pwm? pixel2 pm pixel2 pwm? pixel2 pwm? €
Haversian canals 8140.0213  563.7024 2493.9986 172.7112 18,901 1308.908 5188.6 359.3143 12
Lacunae 153.2665 10.6138 9.4321 0.6532  2507.2103 173.6261 238.8909 6.5434 441
Canaliculi clusters 32.7590 2.2685 1 0.0692  1834.9000 127.0657  87.0664 6.0294 14,244

Average compactness
obtained for segments
of image 1

Minimum compactness Maximum compactness

obtained for segments
of image 1

obtained for segments
of image 1

Compactness standard
deviation obtained for
segments of image 1

Number of regions for
segments of image 1

Haversian canals 18.1954 17.0512
Lacunae 19.6957 13.896
Canaliculi clusters 27.9273 12.6187

21.2234 1.1504 12
19.9985 1.0701 441
41.9652 4.8275 14,244

Average ratio obtained
for segments

Minimum ratio
obtained for segments

Maximum ratio
obtained for segments

Ratio standard
deviation obtained for

Number of regions for
segments of image 1

of image 1 of image 1 of image 1 segments of image 1
Haversian canals 0.8192 0.4674 0.9845 0.1358 12
Lacunae 0.7023 0.1225 1 0.2219 441
Canaliculi clusters 0.5166 0.0676 1 0.1416 14,244

The minor axis length to major axis length ratio statis-
tics of features in the resulting segments of image 1 are
reported in Table 5. In addition, histograms of the ratios for
each region in the image for each microfeature obtained are
plotted in Fig. 10.

Combination of size and shape attributes

To further enhance the resultant pulses, a combination of
size (perimeter) and shape (compactness) was introduced.
The fitness function is a combination of the two fitness
functions given in Egs. 4 and 6, and thus the segmentation
process must now satisfy a more complex combined fitness
function that gives equal weight to the perimeter target as
well as the compactness target.

Equivalent behavior was identified when using differ-
ent shape and size combinations such as perimeter and
ratio, or area and compactness, or area and ratio. Nev-
ertheless, the best performance was achieved using the
combination of perimeter and compactness. The enhanced
PCNN parameters due to this combination are summa-
rized in Table 6.

@ Springer

Figure 11 shows the segments obtained after combining
size and shape (compactness) as fitness functions for the
algorithm, and thus the resultant pulses should satisfy the
size and compactness targeted values.

As can be seen in the segmented images in Fig. 11, bet-
ter results were obtained with this combination (dubbed
“combination”) as compared with the images in Fig. 6.
This is especially true for the canaliculi clusters, where
finer features were detected. (A further demonstration of
this enhancement is quantitatively highlighted in Table 6.)

The combination attributes statistics (perimeter, ratio,
compactness, and area) of features in the resulting seg-
ments of image 1 in Fig. 11 are given in Table 7. In addi-
tion, histograms of the combination attributes (perimeter,
ratio, compactness, and area) values for each region in the
image for each microfeature obtained are plotted in Fig. 12.

The smallest values of the standard deviation were
found for the perimeter, compactness, ratio, and area values
obtained with the combination method.

The standard deviation for the perimeter values for
the lacunae obtained with the combination method was
8.0962 um (compared with 8.1643 um for the size results
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Fig. 12 Combination attributes perimeter (pixels), ratio, compactness, and area (pixel®) values for all regions in the segmented image of canali-

culi clusters for image 1 in Fig. 11

alone). For the Haversian canals, the standard deviation
obtained from the combination method was 26.9182 um
(compared with 27.1118 um for the size results alone). For
the canaliculi clusters, the standard deviation obtained from
the combination method was 3.4169 pym (compared with
4.4704 pm for the size results alone).

The standard deviation for the area values for the lacunae
obtained with the combination method was 16.5434 pm?
(compared with 17.4720 umz for the area results alone).

For the Haversian canals, the standard deviation obtained
with the combination method was 359.3413 wm? (com-
pared with 362.9431 wm? for the area results alone). For
the canaliculi clusters, the standard deviation obtained with
the combination method was 6.0294 jum? (compared with
7.8895 pwm? for the area results alone).

The standard deviation for the compactness values for the
lacunae obtained with the combination method was 1.0701
(compared with 1.8992 for the compactness results alone).
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Input image

X=Ground truth
Y=segmentation results

Fig. 13 Evaluation scheme showing the basic statistical measures
using the comparison between segmentation results and manual seg-
ments. (Adapted from [51])

For the Haversian canals, the standard deviation obtained
with the combination method was 1.1504 (compared with
1.4501 for the compactness results alone). For the canali-
culi clusters, the standard deviation obtained with the com-
bination method was 4.8275 (compared with 5.2551 for the
compactness results alone).

The standard deviation for the ratios for the lacunae
obtained with the combination method was 0.2219 (com-
pared with 0.2695 for the ratio results alone). For the Haver-
sian canals, the standard deviation obtained with the com-
bination method was 0.1358 (compared with 0.1366 for the
ratio results alone). For the canaliculi clusters, the standard
deviation obtained with the combination method was 0.1416
(compared with 0.1995 for the ratio results alone).

Discussion

Quantitative assessment of the segmented microfeature
images

To quantify the performance of the method developed
in this work and since the main goal of the segmentation

@ Springer

algorithms is to capture as accurately as possible the micro-
structures of interest, the fidelity of the segments produced
needs to be verified for quality using suitable metrics. The
most straightforward approach for validation is to compare
the automatically produced segments with those produced
manually. Published research (e.g., [3, 46-51]) has com-
pared segments with manually segmented regions using
several methods depending on the segmentation technique.
The evaluation metrics used in this work were calculated
on the basis of the metrics defined in [51]. These quality
metrics are shown in Fig. 13, which summarizes the evalu-
ation method.

The pixels that are supposed to be segmented and are
correctly segmented pixels of the bone structure are true
positive (TP) pixels. The bone pixels that should have been
segmented but were not included in the segmented region
are false negative (FN) pixels, and pixels that are seg-
mented as bone pixels when they are not supposed to be,
are false positive (FP) pixels. Finally, the pixels that are not
supposed to be segmented and that were not included in
the automatically segmented regions are true negative (TN)
pixels [47, 48, 51].

To assess the quality of the results of the algorithm, we
used the precision, recall, sensitivity, specificity, accuracy,
and f (or Dice) indices defined as follows:

Precision = TP/(TP + FP) 8)

The precision is the percentage of the accurately identi-
fied regions with respect to all regions present in the seg-
ment [45-51].

Recall = sensitivity = TP/(TP + FN) )

The sensitivity shows the rate of the object of interest
that is perfectly detected [45-51].

Specificity = TN/(FP + TN) (10)

The specificity quantifies the capability of not detecting
the unwanted regions [51]

Accuracy = (TP +TN)/(TP +FP +FN +TN) (11)

The accuracy is related to the rate of correct results with
respect to all the results shown in the segmented results
[51].

Dice = f — index = 2precision x recall/(precision + recall)
= 2TP/(TP + FP) + (TP + FN) (12)

The Dice index reflects how much the segmented images
[51] reflect the true segmented regions of interest [47, 51].
Ideally, a segmentation algorithm aims for 100 % sensitiv-
ity and 100 % specificity.

The four microstructural regions were manually seg-
mented, and the automatic algorithm was validated against
the manually segmented data. Table 8§ lists the values of the
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following quality metrics: precision rate, sensitivity, speci-
ficity, accuracy, and Dice metrics calculated by compar-
ing the resultant segments from the technique developed
for the size attribute and combination (size and compact-
ness) compared with the manually segmented bone micro-
features, for each image shown in Fig. 6. The numbers in
the first column refer to the number of the original image
segments shown in Fig. 6. Since larger percentages refer to
better performance of the segmentation algorithm, the large
values of the metrics strongly suggest that this method is
capable of yielding good-quality segmentations of the bone
microstructures. The most important metrics are sensitiv-
ity, Dice index, and precision rate [51], which best describe
how many of the targeted regions are successfully seg-
mented. For Haversian canals, the values of these three
metrics are larger than for lacunae and canaliculi clusters
for both methods (e.g., for image 1 in the first segmenta-
tion, the precisions were 0.8957 for lacunae, 0.9616 for
Haversian canals, and 0.8590 for canaliculi clusters, and
for image 1 in the combination segmentation, the preci-
sions were 0.9052 for lacunae, 0.9874 for Haversian canals,
and 0.8797 for canaliculi clusters. This is probably because
lacunae are more challenging features to segment owing to
their much smaller size. Higher-fidelity segmentations (as
evidenced by larger values for all metrics) were obtained
for the combination segmentation as was shown above.

In conclusion, we have developed a framework based on
the use of three main methods typically used separately in
image segmentation—namely, PCNN, PSO, and AT. Com-
bining these methods in an automatic fashion yielded high-
fidelity segmented images of the structure of microfeatures
of cortical bone histology slides, which constitutes a novel
step forward in medical image segmentation. Initially, two
fitness functions were based on the geometric attributes
of the features: size (also using two different attributes of
perimeter and area) and shape (also using two different
attributes of compactness and ratio of minor axis length to
major axis length) attributes. Furthermore, a method was
used that used a combination of one size attribute (perim-
eter) and one shape attribute (compactness). This latter
combination method was found to yield higher-fidelity seg-
ments of the microfeatures sought when compared with the
method using a single attribute of either size or shape. The
higher fidelity of the combination method was judged by
several criteria. First, the hybrid combination method was
demonstrated to be able to better resolve such difficult-to-
distinguish features such as the canaliculi in the resultant
segments. Second, the statistical evaluation metrics showed
stronger statistical values for the combination method.
Finally, better defined histograms of the respective fea-
tures’ areas, perimeters, ratios, and compactness for typical
resultant pulses (image 1) were obtained for the combina-
tion method. Therefore, although size attributes when used
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alone give good results, combining size and shape attrib-
utes gave better results.

One interesting finding is that the optimized PCNN
parameters were found to be suitable for use on all the test
microscope images. This finding constitutes a testament
to the power of the framework and the effectiveness of the
automation. The superior results based on a fitness func-
tion from combination of two geometric attributes appear
to have given the chance for the PCNN to narrow its focus
in firing its pulses, resulting in more enhanced segmented
images of the bone’s microfeatures.
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