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Abstract— Pulmonary radiographs are essential tools to the
evaluation and diagnosis of suspected infections of the lower
respiratory system. Interpretation of a radiograph in the
clinical context is a valuable diagnostic adjunct to the selection
and the management of a specific clinical protocol for therapy.
The key element in the proper diagnosis of a bacterial
pulmonary infection is the analysis of the radiographic data
accumulated over time. A dynamic consultation system that
captures the progress of a disease over time can prove a
valuable means to patients’ monitoring and follow-up. The aim
of this work is to provide an initial framework which can be
used to describe the progress of a bacterial pulmonary infection
based on the spatial variation of its radiographic manifestation
in temporal image sequences. This is realized by the
unsupervised discrimination of inflammatory areas from
normal lung parenchyma in chest radiographs and their
guantitative evaluation over time. Inflammatory areas, which
are visually discriminated by their relative opacity within the
lung fields, are identified by using an hierarchical cluster
merging scheme based on successive non-negative matrix
factorizations (NMF) of radiographic patterns of intensity and
texture. The experimentation results validate the effectiveness
of the proposed methodology along with its advantage over
standard supervised methodologies where the need for feature
normalization between the diverse images is prevalent.

I. INTRODUCTION

ACTERIAL infections represent a major threat to the
patients’ safety and a diagnostic challenge for intensive
care physicians [1]. Lower respiratory tract infections are
among the most common infectious diseases in humans [2].
Despite the careful hygienic measures and the existing
guidelines in antibiotic prescription, the changes in the
characteristics of the population along with the high levels
of pathogen multidrug resistance have increased the number
of individuals at risk. The early detection of such infections
as well as the choice of the appropriate antibiotic treatment
can be life-saving especially for the critically ill patients.
Routine chest radiographs are a major source of
information regarding the differential diagnosis and the
assessment of the extent of pulmonary infections. More
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importantly, when obtained in a follow-up basis they can
provide significant evidence about the progress of the
infection over time, and they are seriously considered in
decisions related to patients’ therapy and management [3].
Therefore, the implementation of a computational solution
able to capture the temporal progress of the infection can
prove a valuable tool to patient safety and aid to the expert.

Up to now computational approaches coping with the
analysis and assessment [4]-[9] of the lung fields have
mainly focused on radiographs that represent static time
instances. In terms of the assessment of temporal image
sequences, the use of recursive least squares technique for
image registration has been proposed for the analysis of
temporal radiographic sequences [10], whereas a framework
for spatio-temporal modeling using segmentation and thin-
plate spline interpolation for the segmentation and
registration of pulmonary cancer nodules in pMRI image
sequences has been proposed in [11]. In general the concept
of the temporal pattern has been used by various authors in
the medical domain. In [12],[13] diseases are described by
using a graph in which the temporal constraints of the
associated manifestations are specified and expressed
through qualitative temporal relations. In [14] an approach
to the temporal model based diagnosis is proposed that
presents the diagnostic solution in the form of a causal
network and makes use of ontologies for the modeling of
temporal information and possibility theory for the
hypotheses evaluation.

In this paper we propose a novel unsupervised approach
to monitor the progress of a bacterial infection over time by
being based on the spatial variation of its radiographic
manifestation. The most common radiographic manifestation
of bacterial pulmonary infections is foci of consolidation,
which are visually discriminated by their relative opacity
within the lung fields. The proposed computational approach
to the discrimination of the consolidations from the normal
lung parenchyma is based on the non-negative matrix
factorization (NMF) of radiographic patterns of intensity
and texture. Radiographic image opacities are represented
by grey-level histograms, whereas image texture is
represented by Gabor energy features [15].

By using an unsupervised methodology to assess the
extent and the evolution of an infection we manage to avoid
the need for feature normalization between images, which
can be quite complicated and roughly approximative when it
comes to the analysis of diverse sets of chest radiographs
acquired with different settings.



The rest of this paper consists of three sections. Section 1T
describes the proposed methodology, section III presents the
results of its experimental evaluation on a set of time-series
high-resolution chest radiographs, and section IV
summarizes the conclusions of this study.

II. METHODOLOGY

Non-negative matrix factorization (NMF) has been
shown to be a useful technique in the approximation of high
dimensional data where the data are comprised of non-
negative components [16]. The NMF of a mxn non-negative
matrix V is a linear approximation V to V formed by the
product of a mxr matrix W and a rxn matrix H where
7 (¥ <min(m,n)) is the rank of the factorization:
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NMF was proposed as a means to find a set of basis
functions to represent image data where the basis functions
enable the identification and classification of intrinsic
“parts” that make up the object being imaged by multiple
observations [16]. We may think of W as the matrix
containing the NMF basis and H as the matrix containing
the non-negative coefficients (or encodings) that exhibit a
one-to-one correspondence with the data that consist V.

In order to quantify the similarity between the data matrix
V and the model matrix V we use as an objective function
the Kullback-Leibler (KL) divergence measure D(V || Wx H)
[17] since it is better adapted to real applications where the
data manifold is not always flat:
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This optimization problem is solved by using the
following multiplicative update rules:
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where ® denotes the element-wise product and x denotes
the matrix product. NMF can be considered as an alternative
clustering technique [18]-[20] since given a normalized
solution (W, H) of NMF, AT can be interpreted as the
cluster posterior and thus the normalized encodings matrix
H; represents the posterior probability that Vv; belongs to
the r-th cluster. In this paper the normalization approach
described in [18] was adopted.

Among other algorithms, Fuzzy C-Means (FCM) has
been proposed as a method to initialize NMF [20]. More
specifically, for a given number of clusters, the NMF basis
matrix W is initialized by the cluster centroids obtained after
FCM convergence, whereas factor matrix H is initialized by
the fuzzy membership values assigned to each data vector.
Since, W and H correspond to a clustering result after their
initialization, certain restrictions are enforced on them and
NMEF can be regarded as the method to improve this result in
a sense that it cannot pull the factorization out of a centroid-
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related local minimum. This leads to a more concrete cluster
structure [20].

In this paper, we apply the FCM-NMF clustering
approach to discriminate consolidation from normal patterns
in plain chest radiographs following an Hierarchical Cluster
Merging scheme that extends the one proposed in [9] and
targets into the assessment of the spatial evolution of the
consolidation over a temporal sequence of radiographic
images. It is assumed that the lung fields are isolated in
regions of interest (ROIs) defined either manually or with a
pre-processing lung field boundary detection algorithm [6]
and the all the image analysis operations are applied only in
these ROIs. A block diagram of the proposed methodology

is given in Fig. 1.
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Fig. 1. Block diagram of the proposed methodology.

Considering that the radiographic opacities are evaluated
first in the reading of a chest radiograph by the experts [21]
as a first step in the proposed methodology, N local grey-
level histogram signatures capturing image intensity
information are extracted from an equal number of
overlapping square sub-images raster-sampled from the lung
area. These signatures are subsequently clustered into r
clusters where r is properly chosen so as to achieve well
separated clusters. By splitting the feature space into many
small clusters, we expect that some of them will be formed
from patterns of normal lung parenchyma, others from
consolidation patterns, and fewer from both normal and
consolidation patterns. The clusters comprising of normal
patterns will be characterized by smaller intensity values
than the rest ones, since the lungs are normally filled with
air, which has the smallest radiographic density. As
demonstrated in [9], by choosing directly =2 clusters, the
resulting clusters are not well separated, since cluster shapes
in this case are limited to hyperellipsoids. This would be a
reasonable choice if the target clusters were also
hyperellipsoids.



Based on that observation, the r clusters are dyadically
merged down based on the similarity of their centroids,
which are derived from factor W. Since the signatures are
intensity histograms the similarity is evaluated by the
histogram intersection metric [22]. Dyadic merging takes
place by merging, in each iteration, the two clusters whose
centroids exhibit the maximum similarity. Ideally the
number of the merged clusters would be equal to two, since
the patterns are expected to be either normal or abnormal.
However, a perfect discrimination of the patterns in two
clusters is usually infeasible due to limitations mainly posed
by the feature extraction as well as other sources of

Fig. 2. An indicative temporal imége sequence that demonstrates the
progressive treatment of the patient.

ambiguity such as intensity signatures extracted from
superimposed structures, such as the ribs that exhibit
intensity values similar to those of the consolidation
patterns. The ambiguity is usually higher for higher intensity
levels, i.e. one cannot be certain that a histogram signature
with very high grey-levels represents a consolidation;
however, the certainty of a histogram signature with very
low intensity levels to belong to the normal Iung
parenchyma, is higher. Therefore, if the number of merged
clusters is greater than two, it will be more likely that a
cluster of normal patterns is formed and the rest clusters to
contain ambiguous patterns. Experimentation demonstrated
that a number of three merged clusters lead to a better
performance.

The methodology proposed in [1] is extended here by
merging the ambiguous clusters into a sole cluster that is
subsequently sampled. Feature extraction of textural features
from the corresponding sub-images takes place. The
extracted features are formed by the energies estimated from
the outputs of two Gabor filter banks; one with symmetric
and one with anti-symmetric Gabor kernels [1],[1]. The
textural features are subsequently clustered into two clusters
that correspond to the consolidation patterns on the one
hand, and to the remainder normal patterns on the other.
Afterwards, the image regions with the consolidations will
be comprised of the sub-images corresponding to the
discovered consolidation patterns, whereas the image
regions of the normal lung parenchyma will be comprised of
the normal patterns discovered in both the first and the
second step of the proposed methodology.

The previously mentioned process is repeated for every
image in the sequence, and finally, the ratio @ of the pixels
corresponding to the consolidation patterns to those
corresponding to the total lung patterns is calculated. Since
the consolidation patterns are always a subset of the total
lung patterns extracted from a particular radiograph, this

ratio is invariant to translation, scaling and rotation of the
lung fields, which can occur due to changes in patient’s
posture in the different chest radiographs acquired over
time. This way the need for application of complex image
registration techniques to align the different radiographs of
the same patient is avoided. The diminishment or the
spreading of the infection is inferred by the way that this
ratio changes as a function of time. Thus, a decreasing
function demonstrates a progress towards the treatment of
the infection, whereas an increasing function indicates that
the patient’s treatment should probably be reconsidered.

III. EXPERIMENTAL RESULTS

For the experimental evaluation of the methodology
proposed, a collection of twenty seven radiographs spanning
to five sequences of three to nine images per sequence were
used. Radiographs in the dataset came from patients with
diagnosed bacterial pulmonary infections hospitalized in an
intensive care unit. The infections in all radiographs were
manifested as foci of consolidations. The radiographic
images were 8-bit grayscale with a size of 2Kx2K pixels.
The lung fields were isolated by manual delineation by an
expert and were further sampled using 32x32-pixel sliding
window, with a sliding step equal to 8 pixels.
Comprehensive experiments were conducted to investigate
the performance of the proposed methodology towards the
assessment of the evolution of the infection over time.
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Fig. 3. Experimental results of a temporal sequence of six radiographs
(1-6) and the sequence’s average (avg).
Whereas, the performance measures considered in this study
are sensitivity (SE), specificity (SP) and accuracy (AC) [1].
For each radiographic image, the different measures were
calculated from the number of pixels classified as true
positive TP=GTP N PCLA, true negative
TN=GTN N NCLA, false positive FP=GTN NPCLA, and
false negative FN=GTP nNCLA, where PCLA (positive
cluster lung area) is the area corresponding to the patterns
considered as consolidations, NCLA (negative cluster lung
area) is the area corresponding to the patterns considered as
normal lung parenchyma, and GTP and GTN are the ground
truth areas of consolidations and normal lung parenchyma,
respectively.



The results from the application of the proposed approach
on the temporal image sequence of Fig. 2 are illustrated in
Fig.3, whereas Table 1, shows the average results regarding
the discrimination of the consolidation patterns from the
normal ones, estimated from the application of both the
proposed approach and the supervised ANN approach [1] on
the whole dataset. As for the later, both intensity and
textural features were used, where the performance

TABLE
AVERAGE CLASSIFICATION RESULTS

Proposed kNN
Accuracy (AC) 91.0% 88.0%
Sensitivity (SN) 97.3% 87.1%
Specificity (SP) 96.5% 78.2%
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Fig. 4. The actual and calculated, by the proposed methodology,

percentage ratio @ of the consolidation to total patterns for the

sequence of Fig. 2.
measures were estimated by 10-fold cross validation. It can
be noticed that the accuracy the ANN approach is inferior to
the one obtained with the proposed methodology.

Moreover, as regards the ratio w, Fig. 4 demonstrates that
there is only a small deviation in the ratios calculated after
the application of the proposed methodology from the actual
ones as it is shown for the image sequence of Fig. 2. This
result is also verified by the average error, between the
actual and calculated ratios, estimated for all the image
sequences in the dataset that equals to about 1.5%. From
Fig. 4 it is also inferred that the infection is diminishing.
This observation is in accordance with the opinion of the
experts.

IV. CONCLUSION

We proposed a novel computational approach for
monitoring the progress of bacterial pulmonary infections
through the analysis of chest radiographic image sequences
obtained from patients in a follow-up basis. According to
this approach each radiograph is analyzed by a novel
hierarchical cluster merging scheme based on NMFs
evaluating successively both the intensity and the texture of
the lung fields. The experiments showed that the proposed
clustering scheme can be effectively used as a “second
opinion” tool for a) the assessment of the extent of the
radiographic manifestations of the infection, and b) the
evaluation of the progress of the infection when applied to
time-series radiographs

ACKNOWLEDGMENT

Great thanks to G. Papamichalis, M.D. who generously
offered his help and advice on the medical aspects of this
study.

REFERENCES

[1] Lode, H., Schaberg, T., Raffenberg, M., Mauch, H., “Lower
respiratory tract infections in the intensive care unit: consequences of
antibiotic resistance for choice of antibiotic,”(1995), Microbial drug
resistance, 1 (2), pp. 163-167.

[2] World Health Organization, The top ten causes of death, Fact sheet no.
310, Nov. 2008.

[3] Plotz, F.B., Valk, J.W., Quasney, M.W., Grodman, D.M., “Routine
chest radiographs in pediatric intensive care units” [4] (multiple
letters) (2002) Pediatrics, 110 (2 I), pp. 421-422.

[4] Giuseppe Coppini, Stefano Diciotti, Massimo Falchini, N. Villari,
Guido Valli: Neural networks for computer-aided diagnosis: detection
of lung nodules in chest radiograms. IEEE Transactions on
Information Technology in Biomedicine 7(4): 344-357 (2003).

[S1 B.V. Ginneken, S. Katsuragawa, B.T.H. Romeny, K. Doi, and M.A.
Viergever, “Automatic Detection of Abnormalities in Chest
Radiographs Using Local Texture Analysis,” IEEE Trans. Medical
Imaging, vol. 21, no. 2, pp. 139-149, Feb. 2002.

[6] B.V. Ginneken, B.T.H. Romeny, and M.A. Viergever, “Computer-
Aided Diagnosis in Chest Radiography: A Survey,” IEEE Trans. Med.
Im., vol. 20, no. 12, pp. 1228-1241.

[71 X. Xie, X. Li, S. Wan, and Y. Gong, “Mining X-Ray Images of SARS
Patients,” LNAI 3755, pp. 282-294, 2006.

[8] L.L.G. Oliveiraa, S. Almeida, L.H. Vilela Ribeirob, R. Mauricio de
Oliveiraa, C. J. Coelhoc and A.L.S.S. Andrade, “Computer-Aided
Diagnosis in Chest Radiography for Detection of Childhood
Pneumonia,” Int. J. of Med. Inf., vol. 77, no. 8, pp. 555-564, 2007.

[9] S. Tsevas, D. lakovidis, G. Papamichalis, “Mining patterns of lung
infections in chest radiographs,” 5th IFIP Conference on Artificial
Intelligence Applications and Innovations, AIAI *09.

[10] Prado, M.P.M.F.; Mascarenhas, N.D.A.; Marques, P.M.A., "Analysis
of medical image sequences by recursive polynomial registration,"
Computer Graphics and Image Processing, 2001 Proceedings of XIV
Brazilian Symposium on , vol., no., pp.258-265, Oct 2001.

[11] Shen, L., Zheng, W., Gao, L., Huang, H., Makedon, F., Pearlman, J.,
“Spatio-temporal modeling of lung images for cancer detection,”
(2006) Oncology reports., 15 Spec no., pp. 1085-1089.

[12] Wainer, J., De Melo Rezende, A., “A temporal extension to the
parsimonious covering theory,” (1997) Artificial Intelligence in
Medicine, 10 (3), pp. 235-255.

[13] Wainer, J., Sandri, S., “Fuzzy temporal/categorical information in
diagnosis,” (1999) J. Intell. Info. Systems, 13 (1-2), pp. 9-26.

[14] Palma, J., Juarez, J.M., Campos, M., Marin, R., “Fuzzy theory
approach for temporal model-based diagnosis: An application to
medical domains,” (2006) Al in Medicine, 38 (2), pp. 197-218.

[15] Grigorescu, S.E., Petkov, N., Kruizinga, P., Comparison of texture
features based on Gabor filters,(2002) IEEE Transactions on Image
Processing, 11 (10), pp. 1160-1167.

[16] D. Lee and H. Seung. “Learning the Parts of Objects by Non-Negative
Matrix Factorization”, Nature, Vol. 401, pp. 788-791, 1999.

[17] D.D. Lee and H.S. Seung, “Algorithms for non-negative matrix
factorization,” Adv. Neural Inf. Process. Sys., 13, 2000, pp. 556-562.

[18] C. Ding, X. He, H.D. Simon, “On the equivalence of nonnegative
matrix factorization and spectral clustering,” Proc. of the SIAM Int’l
Conf. on Data Mining, 21-23 April 2005.

[19] Ding, C., Li, T., Peng, W. On the equivalence between Non-negative
Matrix Factorization and Probabilistic Latent Semantic Indexing
(2008) Comp. Stat. & Data Anal., 52 (8).

[20] Okun, O., Priisalu, H. Unsupervised data reduction (2007) Sign. Proc.,
87 (9).

[21] Novelline, R.A. (1997) Squires’s Fundamentals of Radiology. Harvard
University Press.

[22] M.J. Swain, D.H. Ballard, Color Indexing. Int. J. Comp. Vision, Vol.
7,No. 1, pp. 11-32.

[23] Han, J., Kamber, M., 2001. Data Mining: Concepts and Techniques.
Morgan Kaufmann.



