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In this article a nonnegative blind source separation technique, known as
nonnegative matrix factorization, is applied to microdiffraction data in order to
extract characteristic patterns and to determine their spatial distribution in
tissue typing problems occurring in bone-tissue engineering. In contrast to other
blind source separation methods, nonnegative matrix factorization only requires
nonnegative constraints on the extracted sources and corresponding weights,
which makes it suitable for the analysis of data occurring in a variety of
applications. In particular, here nonnegative matrix factorization is hierarchically applied to two-dimensional meshes of X-ray diffraction data measured in
bone samples with implanted tissue. Such data are characterized by nonnegative
proﬁles and their analysis provides signiﬁcant information about the structure of
possibly new deposited bone tissue. A simulation and real data studies show that
the proposed method is able to retrieve the patterns of interest and to provide a
reliable and accurate segmentation of the given X-ray diffraction data.

1. Introduction
Recent studies have shown that crystallography could play a
crucial role in bone-tissue engineering, whose main goal is to
repair bone defects and to reconstruct highly damaged bone
segments. In this context, a promising approach consists in
exploiting the patient’s own bone marrow stromal cells, which
are isolated, expanded in vitro, loaded onto a bioceramic
scaffold and, ﬁnally, reimplanted into the lesion site (Cedola et
al., 2006, 2007; Komlev et al., 2006). Nowadays, in vivo studies
are carried out by implanting small cubic scaffolds in mice for
periods of a few months. In order to monitor the mechanism of
new bone-tissue deposition and scaffold resorption, a great
number of two-dimensional images, folded into one-dimensional X-ray diffraction (XRD) patterns, are acquired by
synchrotron radiation and, afterwards, analysed.
XRD is a nondestructive technique to investigate the
atomic sample structure where measured signals are real and
positive. Different methods can be adopted to detect the
tissues characterizing the bone sample under investigation.
According to Rietveld analysis (Young, 1993; Guinier, 1994),
the XRD proﬁles are modelled as a linear combination of
known signals of pure (or combined) materials, whose coefﬁcients (phases) provide the fractions of the corresponding
materials. Although such a method accurately estimates the
different phases characterizing the XRD data, it is computationally expensive and, above all, time demanding as the
computational time can range between a few seconds and
several weeks for a single pattern, according to the complexity
J. Appl. Cryst. (2013). 46, 1467–1474

of the powder structure and to the number of the parameters
to be reﬁned.
Ladisa et al. (2007) introduced a reliable and signiﬁcantly
more efﬁcient tissue typing method, which makes use of a
statistical algorithm known as canonical correlation analysis
(CCA) (Johnson & Wichern, 1998; Friman, 2003; Laudadio et
al., 2005, 2008; De Vos et al., 2006; Edelenyi et al., 2000), whose
application requires the knowledge of accurate model patterns
that should be available a priori (Altamura et al., 2012;
Cancedda et al., 2007; Guagliardi et al., 2007, 2009, 2010;
Giannini et al., 2012).
In this paper we formulate the estimation of XRD model
patterns as a blind source separation (BSS) problem. More
precisely, given an XRD data set, we assume that the proﬁle
corresponding to each bone-tissue volume element (voxel)
can be approximately described as a linear combination of
some constituent tissue proﬁles. Given the nonnegative nature
of the XRD data and the possible correlation that could
characterize the proﬁles of the constituent tissues, here we
propose to apply nonnegative matrix factorization (NNMF)
(Paatero & Tapper, 1994; Lee & Seung, 1999), a BSS technique which only requires nonnegative constraints on the
extracted sources and corresponding weights. Indeed, the lack
of a priori information makes NNMF a suitable method to
solve the problem of extracting characteristic patterns from
XRD data, as it is a completely blind source separation
technique. NNMF has already been applied to XRD data by
Long et al. (2009) to analyse hundreds of XRD patterns from a
combinatorial materials library.
doi:10.1107/S0021889813021729
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Here, NNMF is embedded into a hierarchical scheme in
order to provide model patterns to be used by other classiﬁcation techniques (e.g. CCA). Such an approach is necessary
as the signals characterizing the considered application can be
highly correlated (see x4.1), while the signals considered by
Long et al. (2009) do not present such a feature. Extensive
studies performed on simulated as well as on real data show
that hierarchical NNMF (HNNMF) is able to retrieve the
model patterns of interest, which could be afterwards used in
order to build the subspace models needed by CCA.
Furthermore, the linear combination weights associated with
the extracted patterns can be used to automatically segment
and classify the given data set (without any quantiﬁcation
purpose), thereby avoiding the use of CCA to tissue type the
sample. The performances of HNNMF and CCA were then
compared in terms of accuracy on both simulated and real
data.
The paper is organized as follows. In x2 the main crystallographic features of the measured XRD data and their
acquisition environment are described. x3 is devoted to the
basic principles of NNMF and to its hierarchical application to
XRD data. In x4 the results of the simulation and real data
studies are reported and discussed. Finally, the main conclusions are formulated.

2. Experimental
Skelite (Millenium Biologix Corporation, Kingston, Canada),
a clinically available bone-graft substitute made of a mixture
of silicon-stabilized tricalcium phosphate (Si-Tcp) [see
Guagliardi et al. (2007), and references therein, for details
about scaffold preparation and cell culture], hydroxyapatite
(Ha) and -tricalcium phosphate (-Tcp), was used as
bioceramic scaffold. Small cubes of 4  4  4 mm were seeded
with bone marrow stromal cells and implanted subcutaneously
in mice for two and six months, then harvested, and suitably
treated to prepare sections of about 100 mm thickness to be
investigated by X-ray microdiffraction. The sections were cut
so as to be transverse to the scaffold’s pore surface and to
preserve, as much as possible, a homogeneous composition
along the thickness. All the procedures were in agreement
with protocols approved by the competent ethical authority.
Measurements were carried out at beamline ID13 of the
European Synchrotron Radiation Facility (ESRF). A microdiffraction setup provided with an Si 111 monochromator and
a Kirkpatrick–Baez mirror system supplied a beam size of 1 
1 mm with a wavelength of 0.976 Å. Patterns were recorded, in
transmission mode, using a marCCD detector. A data set of
NIST standard Si 640c was also collected, to be used as a
standard for sample-to-detector distance determination. The
investigated area of about 0.7  0.7 mm was scanned following
a grid step of 25 mm.
From the two-dimensional diffraction images of the
measured grid (an array of voxels of two-dimensional
diffraction patterns) (Cedola et al., 2007), one-dimensional
patterns (one per voxel) were obtained by using the algorithm
developed by Cervellino et al. (2005, 2006, 2008). Skelite
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powder, as commercially available before implant, was used to
collect the diffraction pattern of the scaffold, to be used as a
reference and test pattern for crystal structure models. Each
diffraction pattern corresponds to the azimuthal integration of
the measured signal over the sample-to-detector cylindrical
symmetry (the geometry of the X-ray powder diffraction) and
is represented by an intensity signal versus the 2 scattering
angle (representing the angle between the transferred
momentum and the incoming X-ray beam) (signal of length
N = 1024). Speciﬁcally, in our studies 2 2 [5 , 29 ].

3. The method
The general NNMF problem is formulated as follows. Given a
nonnegative matrix X 2 <nm , and a positive integer
k < minðm; nÞ, the aim is to ﬁnd two nonnegative matrices
W 2 <nk and H 2 <km that minimize the following functional:
f ðW; HÞ ¼ 12 jjX  W Hjj2F ;

ð1Þ

where the subscript F stands for the Frobenius norm. It is
worth noticing that, given the nonconvex nature of f ðW; HÞ,
its minimization may lead to the estimation of local minima
and may not admit a unique solution. In order to deal with
such problems, several NNMF algorithms have been proposed
in the literature. A signiﬁcant review is reported by Berry et al.
(2007). In particular, an interesting algorithm is proposed by
Kim & Park (2007), based on an alternating nonnegativity
constrained least-squares implementation, which guarantees
the convergence to a stationary point.
In this paper we apply the NNMF implementation available
in MATLAB (a registered trademark of The MathWorks Inc.,
Natick, MA, USA), which is based on an alternating leastsquares (ALS) scheme (Berry et al., 2007). As described in the
aforementioned reference, ALS exploits the convexity properties of equation (1) in either W or H and, therefore, given
one of the two matrices, the other can be found by solving a
least-squares problem. In order to apply NNMF to XRD data,
these are arranged into a matrix, where each row contains a
proﬁle from one voxel. Given the number of constituent
proﬁles to be extracted, NNMF is applied to in order to obtain
the nonnegative matrices that minimize equation (1). When
applying NNMF for feature extraction, the matrix H is called
the basis matrix and its rows contain the extracted constituent
proﬁles, while the matrix W, known as the coefﬁcient matrix,
contains the corresponding linear combination weights, which
provide information about the concentration of the obtained
constituent proﬁles within each voxel.
The choice of the optimal value, i.e. the number of proﬁles
to be extracted, represents a crucial step and is application
dependent. It is up to crystallographers to state the number of
possible constituent patterns that may characterize the data to
be processed, a priori. Once k is known, NNMF is applied by
following a multilevel, or hierarchical, scheme. This idea has
already been introduced by Sajda et al. (2004) and Li et al.
(2012) to segment and classify chemical shift imaging data and
consists in progressively performing several NNMF steps.
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Here, the multilevel approach is properly adapted to process
XRD data.
Speciﬁcally, NNMF is applied to the data matrix X by
setting k ¼ 2. Two patterns are extracted along with their
linear combination weights. The weight vectors are reshaped,
according to the XRD image dimensions, in order to show the
spatial contribution of the extracted sources in each voxel. By
comparing the two sets of contributions, voxel by voxel, a ﬁrst
rough segmentation of the given data set is obtained by
assigning each voxel to the pattern characterized by the
maximum weight in that voxel. Such a segmentation procedure is similar to that applied by Laudadio et al. (2005) to
obtain nosologic images by CCA. Afterwards, NNMF is
applied to each of the two subregions obtained in the previous
step, by setting k ¼ 2 again. Four patterns are then obtained
and the corresponding weights allow the segmentation of the
given XRD image into four tissue regions. If we denote the
total number of patterns to be extracted by K, and the number
of extracted sources at each step of the multilevel scheme by
2NS , where NS represents the number of steps that have been
performed, the total number of actually extracted patterns is
given by the ﬁrst power of 2 larger than K, here denoted by
2FinalNS . Of course, a problem arises when 2FinalNS 6¼ K. In such
a situation, it is up to the crystallographer to decide either to

Table 1
Weight percentages used to produce the simulated microdiffraction XRD
signals displayed in Fig. 2.
Signal

Amorphous

Ha-nano

Ha-micro

Si-Tcp

-Tcp

1
2
3
4
5
6

32.0
12.4
100
16.8
36.3
85.8

30.2
87.6
0
73.0
63.7
14.2

13
0
0
6.6
0
0

21.5
0
0
2.0
0
0

3.3
0
0
1.6
0
0

keep all the extracted 2FinalNS sources or to prune the K most
interesting and informative ones for the speciﬁc application
under investigation.
As shown by the tests carried out on simulated examples,
the multilevel scheme is able to provide the model patterns of
interest and an accurate segmentation and classiﬁcation of the
given data. Furthermore, it is more reliable than the one-shot
approach, where only one step of NNMF is performed by
directly setting k ¼ K. Indeed, our tests show that the multilevel scheme prevents convergence problems and non-optimal
NNMF solutions, which may occur when the actual rank of the
matrix X is smaller than K. The structure of the proposed
method is sketched in Fig. 1. The comparison between the
one-shot approach and the multilevel one is analysed and
described in x4.

4. Application
4.1. Simulation studies

Figure 1

Scheme of the method proposed in x3.
J. Appl. Cryst. (2013). 46, 1467–1474

Fig. 2 shows six characteristic microdiffraction XRD signals,
sampled at a higher resolution step of 1 mm from in vivo data
measured in the experimental setup described in x2. They
represent a mixture of four crystalline phases (Ha-nano, Hamicro, Si-Tcp, -Tcp) and the sample bulk (amorphous)
according to the weight percentages as reported in Table 1.
The above signals were exploited in order to produce a
simulated XRD image, consisting of a 27  27 grid of voxels
containing one-dimensional XRD signals, in which six
different and well localized tissue regions, denoted by
different grey levels, can be observed (see Fig. 3). The type of
tissue inserted in each region is identiﬁed by the background
grey level characterizing the corresponding intensity signal in
Fig. 2. In order to simulate a realistic XRD data set, Poisson
noise (proportional to the square root of the signal amplitude)
was added to the one-dimensional patterns contained in the
simulated grid. The data set was properly reshaped, and
NNMF was then applied in order to extract the six constituent
tissue proﬁles and to build the corresponding nosologic image.
As described in x3, NNMF requires the data set as well as the
number K of sources to be extracted as input data. Our tests
showed that, if NNMF was run by setting K ¼ 6 directly,
convergence problems occurred as the rank of the matrix to be
processed was lower than K. Such problems were highlighted
by a warning message provided by MATLAB, which pointed
Massimo Ladisa et al.
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Figure 2
Characteristic microdiffraction XRD signals of length N = 1024 considered in the simulation studies. They represent a mixture of four crystalline phases
(Ha-nano, Ha-micro, Si-Tcp, -Tcp) and the sample bulk (amorphous) according to the weight percentages as reported in Table 1.

out that the algorithm converged to solutions of lower rank
than K and, therefore, the result might be not optimal.
In order to overcome such problems, the hierarchical
approach described in the previous section was applied by
performing NS steps with k ¼ 2 at each step. Given the
number of constituent proﬁles to be extracted, i.e. K ¼ 6, the

Figure 3

Simulated XRD image made of 27  27 voxels, where six tissue regions,
denoted by different grey levels, are considered. The type of tissue in each
region can be identiﬁed by matching the region grey level to the signal
background depicted in Fig. 2.
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natural choice for the parameter NS should be 3, thereby
yielding eight extracted signals among which the six patterns
of interest have to be selected. Nevertheless, we observed that
some of the eight proﬁles extracted by HNNMF were zero
signals and, therefore, one more step of HNNMF with k ¼ 2
was needed in order to get six nonzero patterns. More
precisely, by setting NS = 4, HNNMF provided six nonzero
signals and ten zero signals. Once the algorithm has recovered
the six simulated signals, increasing the number of steps only
produces zero signals. Fig. 4 shows the six constituent patterns
extracted by HNNMF. Below each pattern a ﬂat line is
displayed, representing the difference between the actual
simulated signal reported in Fig. 2 after normalization and the
corresponding one provided by HNNMF. The difference
between the two types of signals is clearly negligible: HNNMF
is able to accurately recover the signals characterizing the
given simulated XRD image.
The sources extracted by HNNMF can be afterwards
adopted as model patterns in tissue typing methods such as
CCA, which provide the spatial distribution of the different
bone tissues associated with the considered model patterns
within the XRD image. Fig. 5 shows the nosologic image
obtained by applying CCA to the simulated XRD image in
Fig. 3 when considering as model patterns, used to build the
Taylor subspace models, the sources provided by HNNMF and
as spatial model the symmetric 3  3 model without corner
voxels [for details on the application of CCA to XRD data see
Ladisa et al. (2007), and references therein]. By comparing
Figs. 3 and 5, it is possible to observe that CCA is able to well
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Figure 4
Source signals extracted by applying the hierarchical scheme based on NNMF to the simulated XRD image (top) and the difference with respect to the
corresponding normalized signals of Fig. 2 (bottom). HNNMF is able to accurately recover the signals characterizing the given simulated XRD image, as
the difference between the two types of signals is clearly negligible.

localize the six different tissue regions, although some border
voxels are misclassiﬁed between region 1 and region 2, and
between regions 3 and 4. Such behaviour can be explained by

the signiﬁcant difference in shape of the signals in the abovementioned contiguous regions. Indeed, as described by Ladisa
et al. (2007), when classifying a voxel, CCA exploits information contained in that voxel as well as in the neighbouring

Figure 5

Nosologic image, made of 27  27 voxels, obtained by applying CCA to
the simulated XRD image by using as model patterns (to build the Taylor
subspace models) the signals extracted by HNNMF. The type of tissue in
each region can be identiﬁed by matching the region grey level to the
signal background depicted in Fig. 2.
J. Appl. Cryst. (2013). 46, 1467–1474

Figure 6

Nosologic image, made of 27  27 voxels, obtained by exploiting the
weight vectors computed by HNNMF for the simulated XRD image. The
type of tissue in each region can be identiﬁed by matching the region grey
level to the signal background depicted in Fig. 2.
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algorithm, a segmentation and classiﬁcation of the given data
set is obtained by assigning each voxel to the pattern characterized by the maximum weight in that voxel. The nosologic
image obtained by HNNMF is displayed in Fig. 6 and it shows
a perfect segmentation and classiﬁcation, even in those voxels
where CCA fails. A similar behaviour was observed by adding
different noise levels to the data and by adopting other
geometrical conﬁgurations of the tissue distribution within the
grid.
4.2. In vivo studies

Figure 7
Screenshot of the X-ray diffraction patterns investigated in the in vivo
studies.

ones. If contiguous signals are quite different in both peak
location and shape, exploiting spatial information could
sometimes be disadvantageous, even when adopting other
spatial models. In that case, an additional strategy should be
applied in order to correctly reclassify the border voxels.
Here, we propose an alternative and automatic tissue typing
approach, which makes use of the weight vectors associated
with the extracted sources by HNNMF. By following the same
procedure as reported by Ladisa et al. (2007) to produce
nosologic images, at each step of the multilevel HNNMF

Fig. 7 shows the screenshot of an in vivo XRD image
displaying the spatial variation of different structural features,
thus allowing one to map the mineralization intensity and
bone orientation degree around the scaffold pore. Details
about the experimental setup and acquisition procedure are
described in x2. HNNMF was applied in order to extract the
most signiﬁcant constituent patterns and to segment and
classify the given data set. Concerning the choice of the K
parameter, i.e. the number of sources to be extracted, the
crystallographers who provided the data and knew the speciﬁc
properties of the sample under investigation suggested to set
K = 8. Therefore, HNNMF was applied with NS = 3. Fig. 8
shows the extracted model patterns. By a visual inspection of
the proﬁles provided by the algorithm, it is possible to
associate them with the signals of Fig. 4, keeping in mind that
differences in peak heights are related to different levels of
mineralization.
As in the simulated example, a nosologic image was built by
exploiting the weight vectors associated with the extracted
sources (see Fig. 9). Furthermore, the extracted model

Figure 8
Source signals extracted by HNNMF when applied to the in vivo XRD image displayed in Fig. 7. The extracted proﬁles can be associated with the signals
displayed in Fig. 4 and differences in peak heights point out different levels of mineralization.

1472

Massimo Ladisa et al.



Blind source separation and automatic tissue typing

electronic reprint

J. Appl. Cryst. (2013). 46, 1467–1474

research papers
patterns were used in order to build the subspace models
needed by CCA. The nosologic image obtained by CCA is
displayed in Fig. 10. Figs. 9 and 10 clearly show signiﬁcant
differences, especially in detecting the middle region associated with Signal 3 of Fig. 8, signalling the engineered pore
scaffold remineralization, which is absent in Fig. 10. Moreover,
the two tissue typing algorithms show different classiﬁcation
results in the edge region of the grid. In order to quantify the
performance of the considered methods, the mean of the

Table 2
Mean of the correlation coefﬁcients between the signals contained in the
detected voxels for each tissue region and the corresponding ones in the
in vivo grid of Fig. 7.
Region corresponding to

HNNMF

CCA

Signal 1
Signal 2
Signal 3
Signal 4
Signal 5
Signal 6
Signal 7
Signal 8

0.9972
0.9477
0.9354
0.8779
0.9627
0.9492
0.9690
0.9485

0.9847
0.9700
0.9165
0.5915
0.8584
0.8267
0.5981
0.8837

correlation coefﬁcients, between the signals contained in the
detected voxels for each tissue region and the corresponding
ones in the in vivo grid, was computed for both methods. Such
values are reported in Table 2. It transpires that HNNMF
outperforms CCA, except for the tissue region corresponding
to Signal 2 which is restricted to a few voxels, in terms of
segmentation and classiﬁcation.

5. Conclusions

Figure 9

Nosologic image, made of 27  27 voxels, obtained by exploiting the
weight vectors computed by HNNMF for the in vivo XRD image. Colours
correspond to those depicting the signal background in Fig. 8. HNNMF is
able to detect a middle region associated with Signal 3 of Fig. 8, indicating
the engineered pore scaffold remineralization, which is undetected by
CCA (see Fig. 10).

In this paper we have proposed a method for tissue typing of
XRD data acquired from a clinically available scaffold
implanted in a damaged bone. The technique is based on
HNNMF (i.e. NNMF embedded into a hierarchical scheme)
and is able to provide reliable tissue segmentation and classiﬁcation of the sample by its direct visualization. Extensive
simulation and in vivo studies show that HNNMF accounts for
a systematic analysis of the materials as they appear in the
X-ray diffraction patterns. Furthermore, the performed
analysis shows that HNNMF outperforms CCA, making it a
promising numerical tool to investigate new applications such
as, for instance, the mineralization orientation.
The authors would like to thank C. Giannini and D. Siliqi of
Istituto di Cristallograﬁa (IC), Consiglio Nazionale delle
Ricerche, Bari (Italy), for kindly providing the experimental
crystallographic data. Moreover, they would like to thank Dr
Diana M. Sima and Yuqian Li of the Electrical Engineering
Department, Katholieke Universiteit Leuven, Leuven
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Lefournier, V., Le Bas, J. F. & Rémy, C. (2000). Nat. Med. 6, 1287–
1289.
De Vos, M., Laudadio, T., Simonetti, A. W., Heerschap, A. & Van
Huffel, S. (2006). J. Magn. Reson. 184, 292–301.
Friman, O. (2003). PhD thesis, Department of Biomedical Engineering, Linköpings University, Sweden.
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