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Abstract At the micro scale, dense cortical bone is structurally comprised mainly
of Osteon units that contain Haversian canals, lacunae, and concentric lamellae
solid matrix. Osteons are separated from each other by cement lines. These micro-
features of cortical bone are typically captured in digital histological images. In this
work, we aim to automatically segment these features utilizing optimized pulse
coupled neural networks (PCNN). These networks are artificially intelligent (AI)
tools that can model neural activity and produce a series of binary pulses (images)
representing the segmentations of an image. The methodology proposed combines
three separately used methods for image segmentation which are: pulse coupled
neural network (PCNN), particle swarm optimization (PSO) and adaptive threshold
(AT). Two segmentation attributes were used: one statistical and another based on
the physical attributes of the micro-features. The first, statistical-based segmentation
method, where cost functions based on entropy (probability of gray values) con-
siderations are calculated. For the physical-based segmentation method, cost
functions based on geometrical attributes associated with micro-features such as
relative size (i.e., elliptical) are used as targets for the fitness function of network
optimization. Both of these methods were found to result in good quality segre-
gation of the micro-features of micro-images of bovine cortical bone.
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1 Introduction

Bone image segmentation has been extensively utilized in many applications such
as MR imaging to study necrotic lesions of the femoral head in [1, 2], in bone knee
segmentation [3], in CT scan images for the wrist, foot, iliac and ankle [4, 5], in X-
ray images [6] for fracture studies [7], and in age determination [8].

Segmentation of cortical bone images constitutes a challenge in medical image
processing given the complexity of bone hierarchical structure at the heart of which
lies the osteon unit. At the micro-scale, the cortical composite bone is made-up
mostly of osteon units (concentric cylindrical system) at the center of each lies the
Haversian canal. These canals are surrounded by concentric lamellae that are
punctuated by small pores called lacunae which are in turn connected to each other
via minute capillary channels called Canaliculi. Osteon units meet at what is known
as ‘cement lines’. Osteons constitute a repetitive structure throughout the cortical
bone. This work aims to properly identify each micro-constituent of the osteon
system via computer-based segmentation.

In this work, segmentation of cortical bone is accomplished by a hybrid meth-
odology based mainly on PCNN. The PCNN algorithm is comprised of several
parameters that need to be self-adapted. For this purpose, article swarm optimization
(PSO) was used herein as a parameter optimizer for PCNN. A further enhancement is
the use of the method of adaptive threshold (AT) where the PCNN algorithm is
repeated until the best threshold T is found corresponding to the maximum variance
between two segmented regions.

Two methods of preparing fitness functions for the purpose of segmentation: one
is built based on statistical entropy and another on geometric attributes extracted
from a training image. The PCNN-PSO-AT network was applied on training images
of bone slices and high fidelity segmented images were obtained.

2 Materials and Image Acquisition

Cortical (mid femur) bones were extracted from bovine animal (cow both about
2 years old collected fresh from a butcher). The bone samples were immerged in
formalin solution during a 3-day period for softening and fixation, than immerged in
a decalcifying solution surgipath (hydrochloric acid <15 %wt., EDTA (ethylendi-
aminetetraacetic acid disodium salt) <5 %wt.) for 3 days. From the decalcified bone,
a cortex of 2 mm thick was processed in a Leica machine model 300 where they were
dehydrated and paraffin protected. This is followed by cutting the next day using a
rotary microtome (model 340 E microm). Finally, bone slices were rehydrated using
hot water. For better visualization, slices were exposed to Hematoxylin and Eosin
(H&E) staining solutions. Finally, optical images of slices were acquired using a
BX-41 M LED optical Olympus microscope at 20X magnification using Olympus
SC30 digital microscope camera (based on 3.3 megapixel CCD chip with CMOS
color sensor). One such resulting image is shown in Fig. 1.
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Fig. 1 Bone microstructures. Image captured with the SC 30 camera. The arrows point at
examples of bone micro-constituents

3 PCNN-PSO-aT Framework

Pulse coupled neural networks [9-12] or particle swarm optimization [13] or
adaptive threshold [12] are separately well known and used methods for image
segmentation.

The ultimate aim of the hybrid methodology developed in this work is to obtain
segmented images of high quality based on feature-specific (mainly geometrical)
attributes and using only one training image. To that end, we had to automatically
obtain an optimized set of 7 PCNN parameters that would be capable of extracting
high fidelity segmented images from a number of testing microscope images.
Specifically, the framework based on utilizing a combination of (3 separate methods
previously used each separate for image segmentation) PCNN-PSO-AT is devel-
oped by the authors in [14, 15]. Two types of PSO fitness functions were devel-
oped: statistical and geometrical attributes (namely size).

3.1 Statistical-Based Segmentation

One bone image captured by the microscope was used as training in order to extract
the feature to segment the images based on it. From the Statistical Pixel—Level (SPL)
features the entropy was chosen since they reflect the information in an image. The
training image was manually segmented into the 4 desirable bone micro-constituents
mainly lacunae, Haversian canals, solid matrix and Canaliculi and the entropy of each
image was calculated, Table 1 summarizes the target values of entropy.

Table 1 Features of entropy (H) values for the training image

Symbol Lacunae Haversian Canaliculi Solid matrix
Entropy, H 0.1255 0.1756 0.4856 0.5050
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Table 2 PCNN parameters

ol af of vl vf vO B
Lacunae -0.2 -1.05 0.69 0.46 -0.48 -0.24 1.29
Haversian —-0.76 —-0.06 -0.1 0.47 0.37 -0.34 —-0.06
Canaliculi -0.72 —-0.09 -0.14 —-0.85 —-0.11 0.94 0.80
Solid matrix 0.57 0.22 -0.95 0.97 -0.51 —0.68 1.02

These 4 values constitute the targets building the fitness function. The algorithm
constitutes of these steps as below:

1. Initialization of random population (random positions and velocities are ini-

tialized) for PSO and randomized parameters of PCNN.

2. The images were provided as input.

. The iteration number of PCNN is set to be 5.

4. The evaluation begins were the entropy calculated are given as target for the
fitness function and are evaluated by PSO using the fitness values for all the
particles.

. The position and the velocity of each particle update the population.

6. Evaluation using the fitness value of each particle.

W

9,1

Finally, if the terminal condition has not been satisfied, the algorithm is repeated;
otherwise, the optimization process ends, and the output corresponds to the
parameters of PCNN summarized in Table 2 for the lacunae, Haversian canals,
canaliculi and for the matrix. The resultant segments for these 4 features are of high
fidelity and are shown in Fig. 2.

3.2 Geometric (Size) Attributes

The resultant major-minor axis of the ellipse that has the same normalized second
central moments as the region was used. The mean of these resultants were cal-
culated for 3 manually segmented micro-features from the training image the
lacunae, Haversian canals and the canaliculi.

resultant maj — min axis = /(maj axis length® + min axis length®) (1)

Table 3 summarizes the mean major-minor axis length (in pixels) calculated by
the resultant images.

The same method is used as above with a difference fitness function, here related
to size attribute and with maj-min axis length targets. Table 4 shows the optimized
PCNN parameters that yielded the shown segments.

Figure 3 displays the resultant pulses based on the geometrical (size of an ellipse)
attribute. Since solid matrix does not have a predefined shape, it was obtained by
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Fig. 2 Resultant segments from the entropy attribute

Table 3 Mean resultant major-minor axis length (target values)

Target mean maj-min axis length (size) (pixels)

Haversian 146.4943
Lacunae 22.7631
Canaliculi 13.1175

Table 4 PCNN parameters for the elliptical attribute

al af af vl vf vO B
Lacunae —0.3393 | -0.4150 |—0.5467 |-0.1914 |-0.6591 0.5816 | —0.4282
Haversian 0.7763 0.6059 0.7585 | —0.5500 0.1511 | —0.0961 0.2296
Canaliculi | —0.156 03114 0.5844 0.3574 0.6982 0.4862 0.3109
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Fig. 3 Resultant pulses from Elliptical attribute algorithm

subtracting the original image from the 3 other obtained segments of micro-features
namely: lacunae, Haversian canals, and canaliculi. the fitness function based on the
physical attributes yielded high fidelity segments.

4 Summary

In this work, a methodology was developed based on 3 main methods previously
used separately for image segmentation: pulse coupled neural networks (PCNN),
particle swarm optimization (PSO) and adaptive threshold (AT). Two different
fitness functions were used based on either (1) statistical entropy or (2) geometrical
(mainly elliptical size) attribute. The functions were extracted from one manually
segmented training image and then used on other test images as targets. Both fitness
functions yielded high fidelity segments. As seen in the figures below the lacunae
which are small features (pores) where osteoblasts reside were detected in both
methods successfully as well as the Haversian canals. For the canaliculi, tiny del-
icate features, they were auspiciously segmented which is a testament to the
effectiveness and robustness of the developed methodology which was shown to be
based on either of two fitness functions: statistical-based or geometrical-based. This
segmentation may be used in future applications such as in the determination of
bone porosity, an critical measure of osteoporosis.
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