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Abstract
Introduction. Micro-CT analysis is a powerful technique for a non-invasive evaluation 
of the morphometric parameters of trabecular bone samples. This elaboration requires a 
previous binarization of the images. A problem which arises from the binarization pro-
cess is the partial volume artifact. Voxels at the external surface of the sample can contain 
both bone and air so thresholding operates an incorrect estimation of volume occupied 
by the two materials. 
Aim. The aim of this study is the extraction of bone volumetric information directly from 
the image histograms, by fitting them with a suitable set of functions.
Methods. Nineteen trabecular bone samples were extracted from femoral heads of eight 
patients subject to a hip arthroplasty surgery. Trabecular bone samples were acquired us-
ing micro-CT Scanner. Hystograms of the acquired images were computed and fitted by 
Gaussian-like functions accounting for: a) gray levels produced by the bone x-ray absorp-
tion, b) the portions of the image occupied by air and c) voxels that contain a mixture 
of bone and air. This latter contribution can be considered such as an estimation of the 
partial volume effect.
Results. The comparison of the proposed technique to the bone volumes measured by 
a reference instrument such as by a helium pycnometer show the method as a good way 
for an accurate bone volume calculation of trabecular bone samples.

Technique for bone volume 
measurement from human femur 
head samples by classification 
of micro-CT image histograms 
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INTRODUCTION
Morphometric characterization of trabecular bone 

samples is an open research topic since it can be useful 
for the study and early diagnosis of pathologies such as 
osteoarthritis or osteoporosis [1-5]. This characteriza-
tion allows to analyze the bone structure and it is also 
helpful for the mechanical characterization of bone 
since the mechanical properties are usually related to 
morphometric parameters.

Histology is the standard procedure for morphomet-
ric analysis of bone. Although it is a good technique, it 
traditionally requires a destructive preparation process 
(i.e. sectioning, staining). Therefore, in the last years 
many studies worked on the bone characterization by 
an alternative technique: micro-Computed Tomogra-
phy (micro-CT) [6-10]. This technique allows to obtain 
an accurate visualization and quantification of cancel-
lous bone microstructure and furthermore, differently 

from the traditional histology, it does not require the 
destructive preparation of the sample. 

One of the main problem of bone analysis by micro-
CT is the processing of the scans for sample recon-
struction. This usually requires a process named bina-
rization which consists on the definition of a threshold 
value of grey-level, necessary to distinguish the bone 
from the background.

The choice of this value is a crucial task since a stan-
dard method doesn’t exist, so it has been the subject of 
several studies and different solutions [11]. Ding et al. 
[12] calculates threshold value by an adaptive method 
which consists on the segmentation of the grey levels 
data at different thresholds. The correct threshold is 
then chosen considering where the volume fraction 
changes the least. Other parameters can be also con-
sidered to define the threshold value. For example, ob-
serving that in a certain range of grey levels, density 
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connectivity has a constant value and structure model 
index is linear, the mean value of this range can be cho-
sen as threshold value [13]. In a previous study [14], a 
different method was implemented in order to calcu-
late threshold value of bone samples. This method is 
based on the histogram analysis and requires the split-
ting of the histogram in three different populations: 
pixels marked as bone, pixels marked as air and a third 
population of pixels that can not be statistically  re-
ferred to bone or air. A statistical analysis was then 
used in order to define a threshold value.

The choice of the correct threshold value is not the 
only goal of this study, the resolution spatial sampling 
of bone elaboration of micro-CT system presents an-
other problem, related to the fact that bone is an in-
homogeneous material. From the binarization process, 
each voxel is associated to bone or air, not considering 
that each voxel of the acquired image can be composed 
by both of them. This effect is called “partial volume ef-
fect” (PVE) and it affects especially voxels at the edges 
of the analyzed sample [15-19].

The aim of this study is the application of a tech-
nique [20] for the analysis of the image histograms of 
the sample which allows the classification of the voxels 
into a) classes relative to the different materials that 
are present into the imaged volume and b) classes rela-
tive to the voxels that are composed by a “mixture” of 
two different materials. Without any further data pro-
cessing, the actual volume that should be attributed to 
a single material (bone in our case) within these latter 
classes of voxels would be unknown and this circum-
stance causes the so called PVE. Moreover, this tech-
nique allows to overcome the problems related to the 
binarization process, which can introduce significant 
errors when the actual bone volume of a sample has to 
be measured. In fact, depending on the chosen thresh-
old, many morphometric parameters, such as the bone 
volume, can be under or overestimated.

The histogram of a homogeneous material is com-
posed of a peak centered in the grey level correspon-
dent to the material so the volume of the sample could 
be calculated as the product between voxel volume and 
number of bone voxels. 

In actual conditions, bone inhomogeneity implies 
that bone voxels can be represented by more than one 
grey level. Because of this, the grey level histogram of 
a bone image is composed of two ideal pulses (consid-
ering air as a second material) spread over the entire 
range of grey levels.

In a previous work [14], we carried out a detailed 
segmentation of the histograms of micro-CT trabecu-
lar bone images. From this analysis emerges that the 
histograms can be decomposed into four different 
classes, estimated by Gaussian functions. These com-
ponents correspond to voxels that represent 1) bone, 
2) intertrabecular voids, 3) the void space outside the 
sample and 4) the voxels that lies across the bone/void 
boundary.

As referred above, the present work starts from a seg-
mentation method proposed by Laidlaw [20] for MRI 
images. 

According with this approach, each histogram can 

be split into two base functions corresponding to the 
bone and void portions of the sample and a third func-
tion representing voxel that contain a mixture of bone 
and air. This third contribution can be considered as an 
estimation of the PVE. Under these hypotheses and 
comparing the obtained results with the bone volume 
of each sample measured by a helium pycnometer, we 
found that the bone volume can be computed as the 
sum of voxels in the bone distribution plus the 50% of 
voxels of the third distribution. 

MATERIALS AND METHODS
Data acquisition

Nineteen trabecular bone samples were extracted 
from femoral heads of eight patients subject to a hip 
arthroplasty surgery. The samples were collected as 
waste from the operating room and thus destined to 
destruction. After being catalogued, samples were pre-
served in a freezer at 10 °C for about a month. From 
the middle of the femur capita of each sample was ob-
tained a slice of about 10 mm of thickness correspond-
ing to the frontal plane and then these slices were kept 
10 hours in a freezer. 

Subsequently, slices were subjected to three com-
plete cycles of dehydration with aqueous solutions 
having crescent percentage of ethanol, severally 70%, 
90% and 99.9%, in order to defatted them. Between 
the dehydratation cycles, samples were kept in a re-
frigerator for about 10 hours. Slices were then cut 
with a diamond belt saw (EXTEC Labcut 1010, En-
field CT) in order to obtain cubic samples of about 6 
mm. These samples were further dehydrated and de-
fatted by other three cycles with ethanol as previously 
described [21, 22]. 

Trabecular bone samples were acquired using a 
Skyscan 1072® micro-CT Scanner [23]. The acquisi-
tion parameters were set at 100 kV and 98 μA, with 
1 mm of aluminum filter and with an isotropic voxel 
size in the range of 11.24 μm-14.66 μm. An angular 
step of 0.45 degree was used and 400 projections were 
acquired over an angular range of 180 degrees. Using 
Cone Beam Reconstruction, software based on the 
Feldkamp algorithm [24], from these projection imag-
es in TIFF format, transversal sections of the sample in 
BMP format can be obtained (Figure 1). The distance 
between two consecutive sections is the double of the 
resolution chosen for the acquisition. 

After the reconstruction, data were processed by a 
software of Skyscan®, named Ct-Analyzer®. This soft-
ware allows to obtain histomorphometric parameters 
of the samples, such as those described in [25]. 

As described above, because of bone inhomogene-
ity, noise and the finite resolution of the CT apparatus, 
each peak of the histogram was spread into a Gaussian-
like function. The first peak is centered on the mean 
gray level produced by the bone x-ray absorption, the 
second one represents the portions of the image occu-
pied by air. In the middle of these two functions, a third 
distribution, representing voxels that contain a mixture 
of bone and air, can be detected. This contribution can 
be considered such as an estimation of the partial vol-
ume effect. 
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In order to verify the accuracy of the implemented 
method, the volume of the bone samples were also 
measured by a helium pycnometer (AccuPyc II 1340, 
Micromeritics-GA, USA) [26].

Data processing
From the images of the transversal sections of the 

sample, the histogram of each sample was computed.
Then [20], the histogram can be fit with two Gauss-

ian basis functions:

where g represents the histogram grey levels, c and 
s represent mean and standard deviation, respectively. 

Finally gi, ci, si are scalar component of g, c, s. The histo-
gram component relative to the mixture along bound-
aries between two materials (bone and air, in our case) 
is calculated with this third basis function:

An algorithm was implemented in order to fit the his-
togram obtained by the acquired images, starting from 
the equations of the three basis functions fbone, fair, fmixture. 
The fitting process was based on the Levenberg-Mar-
quardt algorithm [25], which is an iterative method to 
solve non-linear least squares problems. 

In order to compute the bone volume to assign to 
the fmixture component of the histogram, we made the 
realistic assumption: the gray level g of the voxels of the 

Figure 1 
Micro-CT reconstructed cross-sections of each bone sample.
Reproduced with kind permission from Di Giamberardino P, Iacoviello D, Tavares J, Jorge R. Computational modelling of objects 
represented in images: Fundamentals, methods and application III. Leiden, The Netherlands: CRC Press/Balkema; 2012. p. 244. 
©2012 Taylor & Francis Group, London, UK.
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mixture is due to the portion of bone within the voxel 
itself, represented by the random variable bv, with 0 ≤ 
bvi ≤1. This is clearly due to the circumstance that only 
the portion bv contributes to the attenuation of x-rays.

We can express the bone volume of the mixture 
BVmixture as the integral of the product between bv and its 
probability density function, multiplied by the overall 
volume of the voxels pertaining to the mixture Vmixture, 
considering also that, according to [20] the mean value 
of bv is 0.5 (i.e. one half of the voxel volume).

This result clearly does not depend on the local bone 
density. Subsequently, we can estimate Vmixture using fmix-

ture (g, c1, c2, s):

where Vv is the volume of a voxel. In the end we obtain:

We can conclude that the bone volume could be as-
sessed as the sum of the volume of all the voxels per-
taining to fbone, plus the volume of 50% of the voxels that 
belong to fmixture.

Volumetric data were then compared with the vol-
ume computed with the reference method. The helium 
pycnometer, in our measuring conditions, allowed to 
determine the sample volume with a reproducibility 
typically of ± 3 mm3 of the full-scale cell chamber vol-
ume, i.e. 10 cm3.

RESULTS
According to equations (1) and (2), the implemented 

algorithm allows to fit each histogram with two Gauss-
ian distributions and a distribution relative to the mix-
ture. A typical histogram and the distributions for one 
of the analyzed samples are reported in Figure 2a. 

As described above, volume of the samples is calcu-
lated as the sum of voxels in the bone distribution plus 
the 50% of voxels of the third distribution. Volumes 
computed by this method are reported in Table 1, to-
gether with those measured by the pycnometer (mean 
and standard deviation).

Comparing these values, an excellent correlation can 
be established, as reported in the graph of Figure 2b. 

Angular coefficient of the linear fit, equal to 0.9854, 
shows a slight underestimation of computed vs mea-
sured volume. The intercept of the linear fit, equal to 
about 1.3 mm3, lies within the accuracy of the pyc-
nometer, that is, ± 3 mm3 and ± 0.03% of the reading.  
These values have been compared with the percentage 
error calculated as the difference between values com-
puted with the proposed method and the reference val-
ues measured by the pycnometer.

Finally, the viability of the implemented method has 
been verified comparing the calculated volumes with 
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those resulting from a previous study, based on the im-
plementation of a previously proposed method for the 
image binarization [14].

An example of this comparison is reported in the 
graph in Figure 2c in which is evident that even small 
differences of binarization threshold will lead to great 
variations of the computed volume. This trend is de-
picted with the black continuous line.

Considering the value obtained by pycnometer as 
reference, it can be observed that the volume com-
puted with this new method is more accurate than the 

Figure 2 
An example of the histogram and the basis functions approxi-
mating bone, air and the bone-air mixture (a); comparison of 
computed volumes with the measurements performed by 
the pycnometer (b); comparison of volume values measured 
by the pycnometer (dotted line), method of a previous study 
[14] (black, circle) and the proposed method (grey, square). The 
continuos line represents the dependence of the computed 
bone volume with respect to the threshold value chosen for 
the binarization (c).

(3)

(4)

(5)
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previous method. Both methods focus on the histo-
gram analysis, however the first method leads to define 
a threshold for the image processing, this new method 
avoid the problem of the threshold definition because 
it allows to extract bone volumetric information direct-
ly from the histogram.

CONCLUSION
Bone characterization is a crucial research issue be-

cause of its importance in the prediction of diseases 
such as osteoarthritis or osteoporosis.

Because of the importance of this topic, in recent 

years many studies worked on the bone morphomet-
ric characterization by microtomographic technique. 
It is a good investigation tool since, instead of tradi-
tional technique such as histology, it allows an accurate 
but non invasive analysis. The calculation of the pa-
rameters is based on the analysis of the images which 
requires the definition of a proper grey level thresh-
old value. The definition of the threshold is a crucial 
point because, despite this topic has been the subject 
of many studies, a reliable procedure to define it is not 
available yet.

The aim of this study is to test a new technique for 
the bone volume calculation in order to overcome the 
threshold problem in micro-CT images, and more gen-
erally in all the images that are affected by PVE.

Nineteen samples of bone cube, extracted from 
femoral heads of eight patients subject to a hip ar-
throplasty surgery, were acquired by a micro-CT ap-
paratus. The implemented algorithm extrapolates bone 
volumetric information by the analysis of the grey level 
histogram of the reconstructed images. Volume values 
of the samples were also measured with a helium pyc-
nometer, taken as a reference. 

A good correlation between the two datasets were 
demonstrated so the histogram processing can be de-
fined a viable method for an accurate and non destruc-
tive bone volume calculation. 
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