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�Method can handle random sampling of images with re-estimation of model parameters.
� Run time is reduced in comparison with other related methods.
� Results show power of presented method for determination of the hottest vessels.
� Method maps semi hot regions into distinct areas.
� This approach provides an optimized segmentation method.
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Breast cancer is the most commonly diagnosed form of cancer in women. Thermography has been shown
to provide an efficient screening modality for detecting breast cancer as it is able to detect small tumors
and hence can lead to earlier diagnosis. This paper presents a novel extended hidden Markov model
(EHMM), for optimized segmentation of breast thermogram for more effective image interpretation
and easier analysis of Infrared (IR) thermal patterns. Competitive advantage of EHMM method refers
to handling random sampling of the breast IR images with re-estimation of the model parameters. The
performance of the algorithm is illustrated by applying EHMM segmentation method on the images of
IUT_OPTIC database and compared with previously related methods. Simulation results indicate the
remarkable capabilities of the proposed approach. It is worth noting that the presented algorithm is able
to map semi hot regions into distinct areas and extract the regions of breast thermal images significantly,
while the execution time is reduced.

� 2015 Elsevier B.V. All rights reserved.
1. Introduction

The hypothesis of breast thermography has been proposed more
than 50 years. It has a controversial history. In the beginning, the
poorly calibrated infrared cameras were primitive and captured
breast images with poor resolution. Recently, interest in thermog-
raphy is increased because of the availability of both highly sensi-
tive infrared cameras and advances in image processing
techniques [1]. Thermography has been shown to be well suited
for the task of detecting breast cancer [2–6], in particular when
the tumor is in its early stages or in dense tissue [7,8]. Early detec-
tion of breast cancer is important as it significantly provides higher
chances of survival [9] and in this respect infrared imaging outper-
forms the standard method of mammography which can detect
tumors only once they exceed a certain size. Tumors that are small
in size can be identified using thermography due to the high meta-
bolic activity of cancer cells which leads to an increase in local tem-
perature picked up by infrared [10]. This modality can detect skin
temperature differences of as small as 0.025 �C [11]. In addition,
breast thermography is a non-invasive test and is valuable for alert-
ing the physician to changes that can indicate early stage of breast
disease, and so it offers the opportunity of earlier detection of breast
cancer in comparison with self-examination, doctor examination or
mammography alone [12]. In brief, a quick review of 15 large scale
studies from 1967 to 1998, breast thermography revealed an aver-
age sensitivity and specificity of 90%. The researchers summarized
the study by stating that ‘‘the findings clearly support that early
identification of women at high risk of breast cancer based on the
objective thermal assessment of breast health results in a dramatic
survival benefit’’ [13]. To be more specific, breast thermography is a
non-radioactive, non-contact and non-invasive imaging technology
that works under the laws of physics of thermodynamics and
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electromagnetic energy. It is proved that thermography is valuable
in almost every application that analysis of temperature function is
important. Thermography captures the thermal patterns of the
breast and its surrounding. The temperature differences detected
by thermal patterns are very subtle and most of the time cannot
be felt by touch. It is in essence similar to the common practice of
taking a patient’s body temperature as one of his or her vital signs
and shows if there is a functional problem to be investigated more
deeply. However, an increase of body temperature is often an early
warning sign. Breast thermography investigates the signs that
might be due to abnormal function or reaction of the breasts.
Identifying the nature of these signs will give a better understand-
ing of breast health. Breast thermography may be considering as
yearly checkup test which tracks and monitors the function of the
breasts. Accordingly, breast thermography can be used as a moni-
toring, early detection and prevention tool and shows abnormal
breast function [14].

The crucial part of any breast thermography examination is the
interpretation of the images. The interpreter has to analyze each IR
image to determine abnormal thermal patterns. The results might
be followed by other means of testing such as mammography,
ultrasound or MRI to confirm the interpretation. On the other,
breast thermography is not a standalone tool in the screening
and diagnosis of breast cancer. Thermography detects the abnor-
mal signs that mammography and other structural technologies
are not able to handle the same task. In fact, breast thermography
is specifically worthwhile during the early stages of fast tumor
growth, which is not yet recognizable by mammography as ther-
mography is a physiological test while mammography is an
anatomical one [15]. However, when clinical examination, mam-
mography, and IR images were combined, a sensitivity of 98%
was achieved. Both IR imaging and mammography technologies
are of the complimentary nature. Neither used alone is sufficient,
but when combined, each may counteract the deficiencies of the
other. A combination of clinical examination, mammography and
IR imaging may provide the greatest potential for breast conserva-
tion and survival [13].

An automatic system for screening, diagnosis and analysis of
the breast thermal images contains image acquisition, ROI extrac-
tion, segmentation, pattern recognition and finally interpretation
of the images. In segmentation stage, the thermal information
can be shown in a pseudo colored image where each color repre-
sents a specific range of temperature [16]. Specially, the body tem-
perature captured by IR camera is approximately in range of 27–34
centigrade degrees. Usually this tiny range of temperature is
mapped to a large range from 0 to 255 in the breast thermography
image and then the intensity image is quantized to reduce number
of levels. Consequently, the segmentation provides a few regions in
the output image which can be interpreted more easily.

Image segmentation techniques can play an important role to
segment and extract these regions in the breast infrared images.
Shape, size and borders of the hottest regions of the images can
help to determine features which are used to detect abnormalities.
For example it can determine how serious the tumor is and classi-
fies its type. Unlike benign growth tumor which is encapsulated
and has a smooth boundary, malignant tumor has an irregular
shape. These facts help to distinguish the type of detected tumor
from thermal image but it requires an accurate regional division
[16]. Various methods can be applied to extract hot regions for
detecting abnormal regions of interest in the breast infrared
images and are presented in [16–20]. Also in the last six decades,
many different image processing algorithms have been applied
for image segmentation through image quantization such as
Lloyd–Max, K-means, Fuzzy C-means and hidden Markov model.
Among them, the hidden Markov model is a statistical model with
strong theoretical basis. It has been used for image segmentation
[21–23], human action recognition [24], image classification
[25,26], texture analysis [27], edge detection [28], object recogni-
tion [29], medical images [30–32] and so on. In medical image pro-
cessing, HMM has been used for classification [30], segmentation
of brain MR images [31] and denoising [32].

This paper presents a new extension of hidden Markov model for
segmentation of breast thermogram. EHMM proposes a novel
method in order to map (quantize) 256 intensity levels to a proper
lower level, which acceptable results are achieved. The proposed
algorithm not only has ability to map semi hot regions into distinct
areas significantly, it is able to extract the hottest regions with the
acceptable similarity and matching to their respective original
images. In the proposed method, by using randomly down sampled
with non-uniform distribution technique, faster convergence of the
procedure is obtained. After all, removing half of the pixels of the
input image leads to low accuracy. To compensate this problem,
EHMM investigates a novel method in order to restore the model
parameters based on the relation between two successive outputs
of the model. We compare the performance of the proposed method
with known image segmentation algorithms such as: K-means,
Fuzzy C-means, Lloyd–Max, self-organizing map (SOM) and stan-
dard HMM. These six methods are tested for 140 images of
IUT_OPTIC database. In an attempt to analyze the hottest regions
between left and right breast, boundary detection of the breast
thermal images is done and as a result, left and right breasts are
separated from each other. Then, the six segmentation methods
are applied for malignant and benign cases. The extracted regions
of thermal breast images in the cases, are compared to the original
images. According to the results, the presented approach is an accu-
rate method to perform efficient regional division for all cases. In
addition, for malignant case, it is able to extract almost exact shape
of the hottest regions.

The main features of the proposed segmentation method in this
work are:

� The method has the ability to handle random sampling of the
images with re-estimation of the model parameters.
� The execution time is reduced in comparison with previously

related methods, such as Fuzzy C-Means, SOM and standard
HMM.
� The results of this investigation show the strength of EHMM for

determination of exact border of the hottest regions in malig-
nant cases.
� This method is able to map semi hot regions into distinct areas.

As a matter of fact, an accurate regional division is achieved
without any additional mapping the region into sub-regions.

This approach provides an optimized segmentation method
according to the solution of the basic HMM problems, which are
based on Viterbi and Baum–Welch algorithms.

This paper is organized as follows: A brief background of hidden
Markov model is given in Section 2. Section 3, describes the
procedure of proposed EHMM segmentation method. Also, in this
section, proof of optimization of segmentation approach is
discussed. In Section 4, two different examples: synthetic
alphabets and breast thermal images, are provided to verify the
performance and capability of the presented algorithm in
comparison with five other related methods. Also, in this section
seven evaluation measures are identified and compared with other
segmentation algorithms. Finally, a brief conclusion is drawn in
Section 5.

2. Hidden Markov model

Hidden Markov Model (HMM) is introduced by Baum et al. in
late 1960s and early 1970s. Considering mathematical basis of
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the model, it can be applied in a wide range of applications [33].
Accordingly, when the model is designed and applied properly, it
works very well in several applications. HMM is a statistical model
with strong theoretical basis. Hidden Markov model can be viewed
as a Markov model whose states cannot be explicitly observed. In
fact, each state has a probability distribution over the possible out-
put tokens. Therefore the sequence of tokens generated by an
HMM gives some information about the sequence of states. HMM
can be described at each fixed time as being in one state. Let us
denote the state at time t by qt and observation sequence by O.
The output is produced according to the probability functions of
the observations. Observation of each state is selected among the
set of M possible outputs. Then the model can transit from one
state to another one (or itself) according to the probability of tran-
sition between states.

Consider the N state discrete model with M possible outputs.
Formally, an HMM is defined by the following parameters:

1. finite set of N hidden states;
S ¼ S1; S2; . . . ; SN

2. Distinct observation symbols per state, can be seen as physical
output of the system;
V ¼ V1;V2; . . . ;VM
3. The transition matrix ‘A’, representing the probability of going
from state Si to state Sj;
A ¼ faij; j ¼ 1; . . . ;Ng

aij ¼ P½qt ¼ Si and qtþ1 ¼ Sj� i; j ¼ 1; . . . ;N

with aij P 0 and
XN

j¼1

aij ¼ 1
4. The initial state probability vector ‘p’, representing probabilities
of initial states;
p ¼ fpig i ¼ 1; . . . ;N
pi ¼ P½q1 ¼ Si� i ¼ 1; . . . ;N
with pi P 0 and
XN

i¼1

pi ¼ 1
5. Observation symbol probability distribution matrix ‘B’, repre-
senting the probability of producing observation k at time t in
state Si;
B ¼ fbjðOtÞg Ot ¼ k

bjðOtÞ ¼ P½Vk at tjqt ¼ Sj� j ¼ 1;2; . . . ;N

k ¼ 1;2; . . . ;M
For convenience, we denote an HMM as a triplet k = (A; B; p).
Given the observation sequence O = O1O2 . . . OT and state sequence
Q = q1q2 . . . qT, P(O, Q|k) is calculated as follows.

PðO;Q jkÞ ¼ PðOjQ ; kÞPðQ jkÞ
PðOjQ ; kÞ ¼ bq1

ðO1Þbq2
ðO2Þ . . . bqT

ðOTÞ
PðQ jkÞ ¼ pq1

aq1q2
aq2q3

. . . aqT�1qT

PðO;Q jkÞ ¼ pq1
bq1
ðO1Þaq1q2

bq2
ðO2Þ . . . aqT�1qT

bqT
ðOTÞ

ð1Þ

Given an HMM with parameter set k = (A; B; p), three basic prob-
lems of interest must be solved for the model in order to be useful in
real world applications. In [33], formal mathematical solution to
these problems is presented. First, forward or backward algorithm
is applied to calculate the probability of the observation sequence
given the model; P(O|k). Viterbi algorithm is designed to solve sec-
ond problem, namely finding the best state sequence associated
with the given observation sequence and the model k. The third
basic problem of HMM is to determine a method for adjusting the
model parameters (A; B; p) to maximize the probability of the
observation sequence given the model. To this end, Baum Welch
algorithm has been designed to solve the problem. The proposed
method based on HMM is covered in the next section.

3. The proposed method

In an attempt to make thermal patterns findings from breast
thermography image, we apply presented image segmentation
algorithm. As a matter of fact, the temperature captured from IR
camera is approximately in range of 27-34 centigrade degrees
and this result is mapped to a range from 0 to 255. Accordingly,
it is required to reduce the number of pixel intensity levels. In
the other words, image quantization can be used to decrease the
complexity of the image analysis. To this end, we should decrease
256 intensity levels to a proper lower level. In this work, with 8
quantization levels, acceptable results are achieved. In fact, the
breast thermal image can be shown in a segmented image, where
each region represents a specific range of temperature. In this way,
hot regions are extracted and consequently important features
such as shape, size and borders of them, can be used for abnormal
patterns detection.

Considering the advantages of HMM mentioned in Section 2, we
propose a novel extension of hidden Markov model in order to seg-
ment breast thermography images. In EHMM, using down sam-
pling technique, the algorithm converges reasonably fast. In
order to compensate low accuracy caused by removing half of
the pixels, this work proposes a novel method for restoring the
model parameters. The restoration is done according to the rela-
tion between two consecutive model outputs. In the following,
we explain EHMM segmentation method and proof of optimization
of the proposed approach.

At first, we define HMM parameters k = (A; B; p). Accordingly,
the number of distinct observations, M, is set to 256, that is 256
levels for pixel intensities. The number of hidden states, N, is set
to 8, that is 8 quantization levels as shown in Fig. 1.

Once the number of hidden states, N, and the set of possible
observations for each state, M, were determined, matrix A, with
size N � N, and vector p, with size 1 � N, are initialized randomly.
Then, Matrix B should also be set. We use supervised initialization
for faster convergence of the algorithm. For this purpose we make
use of Lloyd–Max quantization algorithm for the initialization.
Thus each determined region quantized by Lloyd–Max algorithm
is selected to be as initial region. After that, the histogram of pixel
intensities for each level is set as initial values for matrix B.

In order to achieve faster convergence times, the image is ran-
domly down sampled with non-uniform distribution by a factor
of 2 before the observation sequence is calculated. After that, this
down sampled image is an input for training step and we refer to
this down sampled image as an image in the rest of the paper.

Considering the above explanations, the input image first is
seen as a set of observation sequence with size of T (T = W1 �W2,
where W1 is the number of rows and W2 is the number of col-
umns). Values of each element of the observation sequence is in
range of 0–255.

Given the observation sequence O = O1O2 . . . OT and the initial
model parameters k = (A; B; p), the training of the model is usually
performed using the standard Baum–Welch re-estimation
algorithm [33], which determines the parameters k = (A; B; p) that
maximize the probability P(O|k). The computation of the
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Fig. 1. Pixel mapping to 8 levels for image segmentation.
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probability P(O|k), given a model k and a new observation sequence
O, is performed using the standard forward–backward procedure
[33].

Faster convergence of the training procedure is obtained by
using randomly down sampled with non-uniform distribution
technique. After all, removing half of the pixels of the input image
leads to low accuracy. To compensate this problem we investigate
a novel method in order to restore the matrix A. Suppose that
circles in Fig. 2 are hidden states and squares are observations at
the time denoted by t:

The calculation of P(O, Q|k) is presented in (2) and (3), before
and after down sampling respectively:

PðO;Q jkÞ ¼ pq1
bq1
ðO1Þaq1q2

bq2
ðO2Þaq2q3

bq3
ðO3Þ . . . ð2Þ

PðO0;Q 0jkÞ ¼ pq01
bq01
ðO01Þaq01q02

bq02
ðO02Þ . . . ð3Þ

It is obvious from Fig. 2 that

q01 ¼ q1; q
0
2 ¼ q3

q0t0 ¼ qt with t ¼ 2� t0 � 1;

Therefore, (3) is rewritten in the form of (4).

PðO0;Q 0jkÞ ¼ pq1
bq1
ðO1Þaq1q3

bq3
ðO3Þ ð4Þ

We suppose that P(O, Q|k) � P(O0, Q0|k). Then by comparing (2)
with (4), (5) is achieved.
Fig. 2. Top: HMM shown with states and the observations before down sampling,
Bottom: HMM shown with states and the observations after down sampling by a
factor of 2.
aq1q3
¼ aq1q2

bq2
ðO2Þaq2q3

ð5Þ

Since two neighbor pixels in the image do not have high
intensity differences (except the edges), in (5), we consider
O02 � O2. Hence the general form of (5) can be written as (6).

aij ¼
XN

k¼1

aikakjbkðOtÞ ð6Þ

In order to restore the transition matrix A, the update process of
(6) is carried out and matrix A is updated after completion of the
training procedure and the algorithm convergence. As a matter of
fact, the restoration is done according to the relation between
two successive model outputs.

After training the model and obtaining the optimized parame-
ters A, B and p, the quantization phase is executed by applying
Viterbi algorithm. Consequently, the main image is converted to
an image with only 8 quantization levels. Each region of the output
image is due to a specific level. In the following, the proof of opti-
mization of the proposed segmentation method is given.

Proof of optimization. As discussed before, Baum–Welch algo-
rithm is used for training in the presented approach. If we define
the current model as k = (A; B; p) and the re-estimated model as
�k ¼ ðA; B; �pÞ, then it has been proven by Baum et all [33] that
either (1) the initial model k defines a critical point of the
likelihood function, in which case k ¼ �k; or (2) model �k is more
likely than model k, in the sense that PðOj�kÞP PðOjkÞ, i.e., we have
found a new model �k from which the observation sequence is more
likely to have been produced [33]. Based on the above explanation,
if we iteratively use �k in place of k and repeat the re-estimation
procedure, we have improved the probability of observation
sequence being observed from the model.

After training stage, the input image is quantized by Viterbi
algorithm and as a result each pixel is assigned to specific cluster
(or region). The Viterbi algorithm is an approach for finding the
most likely sequence of hidden states. It returns the state path that
has the highest probability of generating a given sequence [34].
Note that the maximally likely path is not the only possible
optimality criterion, for example choosing the most likely state
at any given time requires a different algorithm and can give a
slightly different result. But the overall most likely path provided
by the Viterbi algorithm provides an optimal state sequence for
many purposes [35].

4. Simulation results and discussion

For our experimental evaluation, we used a PC with Intel (R)
Core (TM) i-5 3337U CPU 1.8 GHz and 4 GB RAM. The proposed
method were realized by MATLAB 2010. In this section, two exam-
ples are given to demonstrate the validity of the proposed method
and the segmentation results are compared with K-means, Fuzzy
C-means, Lloyd–Max, self-organizing map (SOM) and standard
HMM algorithms. In the first example, the objective is to show
the ability of the presented segmentation approach on two syn-
thetic images contain distinct and overlapped alphabets. In the
second example, this method is applied on breast thermography
images and segmentation results are compared and discussed for
malignant and benign cases.

Example A. Synthetic images

This example presents a qualitative analysis in order to demon-
strate the success and power of the method by two cases. In cases 1
and 2, the extraction of distinct and overlapped alphabets are con-
sidered respectively. At first, the two images are blurred by



Case  1 

Case  2 

Fig. 3. (a) Alphabet synthetic images; (b) segmented image using Lloyd–Max; (c) segmented image using K-means; (d) segmented image using Fuzzy C-means; (e)
segmented image using SOM; (f) segmented image using standard HMM; (g) segmented image using EHMM approach.

E. Mahmoudzadeh et al. / Infrared Physics & Technology 72 (2015) 19–28 23
averaging window 5 � 5. A segmented algorithm should map the
alphabets with equal level to a distinct level. The quantized image
made by EHMM approach, shown in Fig. 3(g), is compared with the
results of other known segmentation methods such as Lloyd–Max,
K-means, Fuzzy C-means, SOM and standard HMM and are shown
in Fig. 3(b)–(f) respectively.

Case 1 (distinct alphabets):

The first synthetic picture contained alphabets ‘B’ and ‘D’ with
gray level of 180. Also ‘A’ and ‘X’ have gray level of 15. Alphabets
in the images are poorly extracted using Lloyd–Max, K-means,
Fuzzy C-means, SOM and standard HMM algorithms and the result
is not acceptable. For example, the letter ‘B’ in the top row of
Fig. 3(a), is not recognized well by Lloyd–Max, K-means, Fuzzy
C-means and standard HMM algorithms and horizontal line in
the alphabet is badly affected. As it is obvious from the top row
of Fig. 3(g), this problem does not appear in the result of the pro-
posed approach. Especially, it is clear from top row of Fig. 3(a), that
alphabets with the level intensities close to the background inten-
sity level are not determined by Lloyd–Max and SOM approaches.

Case 2 (overlapped alphabets):

The second synthetic picture contained alphabets ‘R’ and ‘T’
with gray level of 115. Also ‘S’, ‘G’ and ‘B’ have gray level of 45
and ‘A’ and ‘F’ are with gray level of 20. In this case, ‘F’ and ‘S’ with
different gray levels and also ‘G’ and ‘B’ with the same gray level,
are overlapped.

Similar to case 1, it is clear from the bottom image of Fig. 3(a),
that alphabets with the level intensities close to the background
intensity level are not determined by SOM approach. It worth not-
ing that the presented segmentation method has efficiently
mapped the alphabets ‘S’, ‘G’ and ‘B’ with equal level, to one region.
In this case, there is a drawback of segmentation by K-means and
Lloyd–Max. Also, letter ‘A’ and ‘F’ are not extracted well by
K-means, SOM and standard HMM algorithms.

On the other, the overlapped alphabets with the same gray level
(‘S’ and ‘B’) are properly clarified using EHMM method. In addition,
in comparison with other methods, our algorithm is able to distin-
guish the borders properly. Furthermore, for overlapped alphabets
with different gray levels (‘S’ and ‘F’), only the presented work
determines the alphabets accurately. Especially for closed alpha-
bets such as ‘F’ and ‘T’, our method has an efficient ability to sepa-
rate each letter.

In brief, it is clear that the alphabets are extracted sufficiently
by the presented approach which determines all alphabets (not
like Lloyd–Max and SOM) and without destroying the letters (as
in Lloyd–Max, K-means, Fuzzy C-means and standard HMM).

Example B. Breast thermography images

In this work, we apply the proposed method for segmentation
of breast thermography images of IUT_OPTIC database. First,
screening standards for image acquisition are explained.
Continuously, we try to show the capability of the presented
algorithm for segmentation of malignant and benign cases in
comparison with Lloyd–Max, SOM, standard HMM, Fuzzy
C-means and K-means algorithms. In addition, we show that,
the hottest regions extracted by the proposed method have at
most perfect matching to their respective original images.
Furthermore, in this case seven evaluation measures are identi-
fied in order to show the capability of the presented study
quantitatively.

B.1 IUT OPTIC database

This study employs a collection of breast thermography
images taken at JAM digital medical imaging center (an
advanced laboratory with over ten years of experience in medi-
cal image acquisition and analysis). This database includes 160
breast thermal images from different views of the breast taken
under the same environmental standard conditions. In addition,
in this database, each patient has a thermography report that
is confirmed by the skilled specialist. To this end, we designed
the patient data form to cover the patient areas of complaints
with specific healthy information, previous tests and examina-
tions. In the form, any past histories of diagnoses and surgeries
are to be documented for better understanding of the patient
background.

In order to produce diagnostic quality infrared images, certain
laboratory and patient preparation protocols stated in [36] was
strictly adhered to. Consequently, we have considered the follow-
ing standards for image acquisition and database production:

1. The imaging room must be temperature and humidity-
controlled and maintained between 18 and 23 �C and kept to
within 1 �C of change during the examination.

2. The room should also be free from drafts and infrared sources of
heat (i.e., sunlight and incandescent lighting).

3. In order to properly prepare the patient for imaging, the patient
should be instructed to refrain from sun exposure, stimulation
or treatment of the breasts, cosmetics, lotions, antiperspirants,
deodorants, exercise, and bathing before the exam.



24 E. Mahmoudzadeh et al. / Infrared Physics & Technology 72 (2015) 19–28
4. The patient must underwent 15 min of waist-up nude. Then the
patient placed their hands on top of their head in order to facilitate
an improved anatomic presentation of the breasts for imaging.

B.2 Results

According to the above mentioned information, this work is
applied on breast thermal images. Accordingly, 20 images (13%)
are considered in the training step, which the model is converged.
Then test images contains other 140 (87%) images from the
database.

In this study, five different segmentation algorithms: Lloyd–
Max, K-means, Fuzzy C-means, SOM and standard HMM were
applied on the images. Then, the extracted regions are compared
with the original images. In Fig. 4 the results of segmentation on
two examples of breast thermography images using the proposed
algorithm and above mentioned methods are provided. In the seg-
mented image, according to the regions temperature from high to
low, the regions are shown with white, red, orange, yellow, green,
purple, blue and black respectively. So the first and second hottest
regions are given with white and red colors respectively.

As shown in Fig. 4(b) and (f), Lloyd–Max and SOM approach
don’t determine the hot regions properly. Also, as shown in
Fig. 4(c) and (d), the hottest regions are not determined by both
the K-means and fuzzy c-means implementation. In addition, it is
obvious from Fig. 4(f) that the exact shape of borders is not
achieved by standard HMM algorithm. It can be seen from
Fig. 4(g) that the presented approach can determine the hottest
regions of the thermal image successfully. In addition, the exact
borders of the hottest regions are properly detected to determine
some useful features. This is covered in Fig. 5 in more details.

As it can be seen in Fig. 4, none of the other segmentation meth-
ods can separate the first hottest regions from the second hottest
regions. This is covered in Fig. 6 in more details.

Moreover, it can be seen in the Fig. 4(c), (d) and (f) that in seg-
mented images using K-Means, Fuzzy C-means and standard HMM
(only top image) methods, an extracted vessel is determined as
multi regions (one region for the innermost pixels and others for
the border), instead of one region. Consequently, this multi regions
segmentation is useless for interpretation and only lead to more
complexity. It is clear from Fig. 4(g), that the presented approach
is able to extract vessel as one region.
Fig. 4. (a) Breast thermography images of breast; (b) segmented image using Lloyd–Max
(e) segmented image using SOM; (f) segmented image using standard HMM; (g) segme
As a result, the presented segmentation algorithm gives more
accurate result for segmentation of IR images. It has preferable effi-
ciency and accuracy. The hottest regions extracted by this method
are more similar and have at most perfect matching to their
respective original images.

To demonstrate the success of the EHMM algorithm for malig-
nant and benign cases, Figs. 5 and 6 show the hottest regions
extracted by our approach in comparison with the best other
related algorithms in more details.

Fig. 5 shows a comparison of segmentation images between the
presented method and standard HMM, for a malignant case in left
breast. Also, in Fig. 6 segmentation results of K-means and pre-
sented approach are compared, which left breast is a malignant
and right breast is a benign case. As shown in the figures, neither
standard HMM nor K-means can determine the exact shape and
borders of the hottest regions. On the other, as shown in Fig. 6,
the proposed method can separate first hottest regions from sec-
ond hottest regions and consequently mapped semi hot regions
into distinct areas. This fact is useful for effective interpretation
of the breast images.

Briefly, according to the results, EHMM method is an accurate
approach and has the potential of competitive advantages as
follows:

� The results of this investigation show the strength of EHMM for
determination of exact border of the hottest regions in malig-
nant cases.
� This method is able to map semi hot regions into distinct areas.

As a matter of fact, an accurate regional division is achieved
without any additional mapping the region into sub-regions.

In the training step, the procedure continues until the mean of
eight variances (each variance refers to pixels mapped to one
determined regions) does not change. So the execution time con-
sists of training step and also quantization step in order to calcu-
late the variance measure. In our simulation, the training
algorithm converges on 20 breast thermography images and takes
267.52 s. In the other, CPU time for quantization is covered in
Table 1. According to the execution time demonstrated in
Table 1, and segmented images shown in Fig. 4, reducing execution
time of the segmentation algorithm without destroying the results
is the advantage of this work and can lead to a faster convergence
; (c) segmented image using K-means; (d) segmented image using Fuzzy C-means;
nted image using EHMM approach.
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Fig. 5. (a) Original image, left breast is a malignant case, right breast is normal, (b) hottest regions extracted by EHMM method and (c) hottest regions extracted by standard
HMM algorithm (the best other related algorithm for this image).
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and accurate segmentation in comparison with the other related
algorithms.

In order to quantitatively evaluate the presented method, two
categories of measures are considered in the following.

B.3 Evaluation measures

In order to establish the proposed approach, its applicability is
compared with five mentioned in the previous part, using some
objective measures. These measures may be divided into two main
categories: (1) One category consists of the whole segmented
image; (2) another category assess the amount of the information
of the pixels mapped to one determined region. The two measure
categories are explained in the following.

1. The first category

The assessment of the information in an image can be based on
determining the amount of the information in the image either by
the comparison of its histogram with the histogram of uniformly
distributed image, or based on the pixel intensity distance with
its neighbors in the segmented image. There are four definitions
considering the above measures criterion following.
(a) For an image I, with the pixel intensity of r, the entropy of
the probability function p(r) is employed to quantify the
amount of information in the image as in (7).
D1ðpÞ ¼ �
X

I

pðIÞ � logðpðIÞÞ ð7Þ
The information of the image increases as D1(p) is increased.

(b) The measure calculates the amount of realizable information
in comparison with uniformly distributed image introduced
in [37]. For this, the Kullback–Leibler (KL) Divergence is
employed. In this context, digital image is modeled as
discrete random field with a probability density functions.
In KL algorithm, at first an image with ‘‘maximum realizable
color information (MRCI)’’ is identified as in [37]. For
grayscale images, we use maximum realizable information
(MRI) instead of MRCI. Then the assessment of realizable
information in an image can be based on comparison of its
histogram q(r) with the histogram p(r) of the MRI image con-
sidered before. The Kullback–Leibler, or relative entropy
divergence between the probability mass functions p(r)
and q(r) is employed to quantify the similarity between
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First hottest 
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Second hottest 
region in the right 
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Fig. 6. (a) Original image, left breast is a malignant case, right breast is a benign case, (b) hottest regions extracted by EHMM method and (c) hottest regions extracted by K-
means algorithm (the best other related algorithm for this image).

Table 1
Execution time for segmentation in second.

Algorithms Execution time

Training for 20
images (s)

Testing for 140
images (s)

Average segmentation
time (s)

Lloyd–Max – 134.96 0.96
K-means – 199.83 1.43
Fuzzy C-means – 25,566 182.61
SOM 58.09 309,764 2213
Standard HMM 997.46 7.2625e+03 51.88
EHMM approach 267.52 2.6126e+03 18.66
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q(r) and p(r) and consequentially between an image contain-
ing maximum realizable information (MRI) and the image
under consideration. It is defined as (8).
D2ðpkqÞ ¼
X

I

pðIÞ � log
pðIÞ
qðIÞ

� �
ð8Þ
If p(r) is close to q(r), the quantity D2 (p||q) is close to zero,
which means that the image with histogram p(r) is almost
ideal.

(c) The third measure uses the pixel intensity distance with its
eight neighbors in the segmented image. For the distance,
the second order gradient of the image is calculated using
Laplacian operator as in (9):
D3ðf Þ ¼
1

M � N

� �
�
X

I

@2f
@x2 þ

@2f
@y2

 !
ð9Þ
In (9) the segmented image f has M rows and N columns. The
higher value D3, the higher information content of the image.

(d) The forth measure calculates the amount of realizable infor-
mation with multiplying D2 and inverse of D3 as shown in
(10). � �

D4ðf Þ ¼ D2ðf Þ �

1
D3ðf Þ

ð10Þ
The lower D4, the higher information in the image f.

2. The second category

As mentioned before, the second category consists of the mea-
sures for assessing the information of the pixels mapped to one
region. The calculation of the information of the pixels mapped
to one region can be based on quantifying variance of pixels, or
gradient of pixels, or the amount of information content of the pix-
els in one region. The segmented image f is considered as the union
of all eight regions as in (11).

f ¼ [iRi ð11Þ

In (11), Ri is a collection of pixels of region i after segmentation.
In the second category, three definitions are given for the informa-
tion content of the segmented image.

(a) The first measure, variance of pixels mapped to each region
calculated and then average of all variances for the eight
regions is obtained in (12).



Table 2
Measures calculated for segmented images produced by EHMM and other segmen-
tation methods on 140 image.

Measure Lloyd–Max K-means Fuzzy C-means SOM HMM EHMM

D1 0.56 0.84 0.84 0.30 0.80 0.79
D2 0.64 0.28 0.28 1.00 0.29 0.28
D3 �0.02 �0.03 �0.03 �0.02 �0.03 �0.03
D4 �35.54 �8.56 �8.50 �41.98 �10.59 �10.21
D5 41.55 34.39 33.63 117.11 70.82 80.46
D6 �159.1 �192.70 �192.67 �79.70 �192.01 �170.76
D7 0.93 1.08 1.09 0.73 1.11 1.11
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D5ðf Þ ¼
1
8

� �
�
X

i

variance ðRiÞ ð12Þ

The lower average of variances of the pixels in eight regions
and as a result the lower D5, leads to more similarity between
pixels mapped to one region and better segmentation.
(b) Another measure is based on definition of D3 of the first cat-
egory and is calculated as (13).
D6ðf Þ ¼
1
8

� �
�
X

i

D3ðRiÞ ð13Þ
The lower value D6, the lower average of gradient is obtained,
which shows lower pixel intensity difference for the pixels
mapped to each region, and consequently better segmenta-
tion is carried out.

(c) At last definition of D1 is used as a measure for information
content of the regions of segmented image as in (14).
D7ðf Þ ¼
1
8

� �
�
X

i

D1ðRiÞ ð14Þ
The lower value D7, the lower average for amount of informa-
tion is obtained, and then the lower information value is calculated
for the pixels mapped to one region, and consequently better seg-
mentation is done.

All measures are calculated for the presented method and
Lloyd–Max, K-means, Fuzzy C-Means, SOM and standard HMM
algorithms for 140 images of database. Then the average of each
measure for all images is obtained and is shown in Table 2.
Number in bold font in Table 2 indicates the best segmentation
result for each measure as has been explained in the related
definition part.

It is obvious from Table 2, that in all measures the results of
EHMM algorithm is comparable with other related segmentation
methods. For measure D5 the following explanations are required.
In fact, one vessel should be set as one region but in the segmented
image using other algorithms, is determined as multi regions. This
caused to have low variance in each region and consequently, bet-
ter value for D5 is obtained. As mentioned in simulation results sec-
tion, B.2 part, this multi regions segmentation is useless for
interpretation and only lead to more complexity. It is clear that
the presented approach is able to extract vessel as one region.
Furthermore, this case is an advantage of EHMM method.
5. Conclusion

Breast cancer is one of the most common and dangerous can-
cers in women. Early detection of breast cancer is an important
issue for cancer diagnosis. Thermography is a safe and
non-invasive imaging modality and is a useful tool for detection
of breast cancer cells in the early stages of disease progression.
An automatic system for analysis of breast thermal images
includes of boundary detection, segmentation, pattern recognition
and finally interpretation of the images. As a result, a report should
be generated for a patient which can accurately determine the
abnormalities, which can help the physician for better diagnosis.
In segmentation stage, the thermal image can be shown in an
image where each intensity level represents a specific region.
Consequently, the segmentation provides a few regions in the out-
put image which can be interpreted more easily. In this work, we
presented an extension of hidden Markov model for segmentation
of breast thermography image. Importantly, the advantage of this
method is that it is able to handle random sampling of the breast
IR images with re-estimation of the model parameters. The results
of comparisons show that execution time are efficiently reduced in
comparison with Fuzzy C-Means, SOM and standard HMM algo-
rithms and also EHMM method significantly improves the quality
of the segmented images, compared with Lloyd–Max, K-means,
Fuzzy C-Means, SOM and standard HMM algorithms. Planned
future work includes analysis of the extracted abnormal regions
obtained by the segmentation stage and accordingly, automatic
interpretation of the images.
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