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ABSTRACT

Enhancement and segmentation of suspicious regions of a thermal breast image are among the most
significant challenges facing radiologists while examining and interpreting the thermogram images.
The proposed focuses to following problems: How can increase the contrast between cancer regions
and the background, how to adjust the intensity of the presence of BC region to be more homogeneous
in the infrared image; how to e�ciently segment tumors as suspicious regions with a very weak contrast
to their background and how to extract the relevant features which separate tumors from background.
The proposed cancer segmentation scheme composed of three main stages: (i) image enhancement;
(ii) detection of the tumor region; (iii) features extraction from the segmented tumor area followed
by coloring the segmented region. The performance of the proposed enhancement and segmentation
method was evaluated on DMR-IR database and the average segmentation Accuracy, MCC, Dice
and Jaccard obtained are 98.8%, 47.96%, 43.03%, and 34.8% respectively which is better than
FCM, LCV-LSM, and EM-GMM methods. Besides, we also investigate the role of thermal image
enhancement in tumor characterization and feature extraction.

Keywords: Thermography images, Abnormality detection, Breast cancer (BC), Image enhancement,
Image segmentation

1. INTRODUCTION

Breast cancer (BC) becomes more and more common nowadays since it is the second leading cause of
death for women all over the world.1 To address this women’s specific concerns, an early diagnosis of
BC is highly recommended. According to recent pathological studies, women whose diagnosed with
the BC at an early stage have more than 90% of survival rate if treated in the first five years.2 Thus,
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latterly many extensive research and studies have been carried out for detecting the BC on his early
appearance. Scientists notice first that the blood vessels started to be created around cancerous cells
area, it can cause increasing fluid propagation followed by producing heat spots leading to an increase
of local temperature near the skin around cancerous tissue.3 For the screening part, several sensors
can be used for breast visualization,4 including mammography,5 IR,6 MRI,7 CT,8 ultrasound,7 and
thermography scans.9 Latterly, ultrasound and mammography were the most used sensors for the
early localization of cancer. The mammography can be aggressive because of the electromagnetic
radiations are considered as a stimulating factor for cancer development.10 Furthermore, it is con-
sidered inconvenient. Ultrasound, on the other hand considered as e↵ective for detecting the breast
masses but su↵ers from a high degree of fault detection.9 On the flip side, Infrared thermography
(IRT) is a fast, non-contact, passive, and non-invasive procedure used to record and monitor body
temperature remotely, or to provide information about subtle temperature changes in it. It is natural
because it has long been recognized that body temperature is a sign of health or illness. Also, the skin
temperatures of the breast tumor or a malignant melanoma are found to be several degrees higher
than that of the surrounding area. As a result, the abnormal temperature at the skin surface can be
used (1) to predict the location, size, and feature vectors of the tumor region, (2) to study the tumor
evolution after a treatment procedure, (3) to diagnosis of breast cancer, skin cancer, diabetes neuropa-
thy, and peripheral vascular disorders. With the advent of modern infrared cameras, data acquisition,
and processing techniques, it is now possible to have real-time high-resolution thermographic images,
which is likely to surge further research in this field. Therefore, current thermal images have low
signal to noise ratio, blurry, he quality of the thermography images is poor, and low contrast are the
significant limitations for segmentation, image analysis, and interpretation of medical thermal images
which made the di�culty in evaluating the feasibility of using thermal imaging as a potential tool for
detecting breast cancer.

The main aim of this paper is to develop thermography images based a combine tumor enhance-
ment and segmentation algorithm, including (i) Increase the contrast between cancer regions and the
background, (ii) Adjustment the intensity of the presence of BC region to be more homogeneous in
the infrared image, (iii) Segment tumors as suspicious regions with a very weak contrast to their
background, (iv) Extraction of relevant features in such a way to separate tumors from background.
Finally, this paper is organized as follows. After briefly reviewing the related works on BC enhance-
ment and segmentation in Section 2. Section 3 will describe the proposed framework and measurement
analyses both on statistically and visually aspect (in Section 4) and in terms of the coloring of a seg-
mentation algorithm (in Section 4 also). We conclude arguing (in Section 5) that proposed to achieve
better results both on the subjective and objective aspects

2. RELATED WORKS

Generally, BC was a form of cancer disease that occurred in the breast tissues. These were obtained
via obesity, family history and, reproduction factors. Nowadays, there was a majority of women
that tackled the BC disease. The detection of breast tumor grade generally spotted based on certain
warning signs such alterations in size, sustain pain, mutation of genes, redness on breast skin and skin
texture.11 In the current research section, the machine vision methods were assigned for the detection
and classification of BC. It was utilized to give high accuracy and e↵ective treatment capabilities.

Authors proposed several theories proposed to detect the early stage of BC, some focusing on
segmentation and enhancement, others on classification. Generally, there are five databases namely
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MIAS,12 INbreast13 , NYU SofM , DDSM,14 DMR-IR,15 while most authors use thermogram or
mammography sensing approaches for the detection.

In terms of enhancement there are a large number of published methods, in (e.g., Oulefki et
al. 2018 Iratni et al. 2018 ;16,1718) authors involved image processing stage to enhance images
captured in low-light conditions. Furthermore, improvement strategies might include frequency1920

and spatial domain2122 to improve images. For instance, Du et al.19 introduced (DWT) discrete
wavelets transform in which they applied (HE) Histogram Equalizer to low frequency along with
accentuating the high frequency coe�cients. In23 Jobson et al. (1997) presented (MSR) multiscale
retinex approach which is the (HE) extension of the previous single-scale center/surround retinex. Due
to its fast implementation.24 HE considered as one of the basic method for enhancing and improving
the contrast of images. In spite of its accuracy, it remains an uneven particularly when it processed
under varying lighting conditions. Pizer et al.2526 (CLAHE) summarized Contrast-Limited Adaptive
Histogram Equalization. CLAHE computes distinct histograms blocks corresponding to a divided
section of the input image then readjust the image’s brightness of each part. But, CLAHE has a
tendency to over-enhance images which led to loss of information in some local region.

On the flip side, accurate segmentation is unavoidable for radio-graphic interpretation27 which con-
sists of significantly extract image features from medical images with the aim to identify non-invasive
image-based substitute for diagnosis and for predicting treatment feedback. In the literature several
approaches have been developed for segmenting the BC or Region Of Interest (ROI). Kegelmeyer et
al. in28 introduced binary decision tree classifier and laws textural feature to classify between normal
and lesions tissues. In29 initiate SVM classifier for mass detection. In30 authors proposed an CAD
system fully automatic for mass detection based on (GLCM) gray level co-occurrences matrices. While
Sahiner et al.31 applied (GLDS) four gray-level di↵erence statistics texture features and convolution
neural network for mass detection. Dominguez et al.32 suggested density slicing technique for tumor
segmentation. Kashyap et al.33 proposed an e�cient segmentation approach for BC detection in
mammograms images. Despite the fact that in the literature there seem to be several image segmen-
tation techniques. But as yet there is still no particular approach that can be applied to any type of
medical images. Algorithm development for one application of image segmentation may not always
be applied to other class of images.

Toward the end of improving both segmentation and enhancement of BC for thermal images, we
propose in this paper a hybrid segmentation-enhancement pipeline. Firstly, The proposed method
consists of the stage of enhancement to increase the homogeneity regions of a giving thermal image,
followed by segmentation stage. The details of the proposed methods are presented in the next section.

3. PROPOSED FRAMEWORK

Thermography becomes best from other sensing approaches for the better diagnose of the disease by
screening.34 The work was all about the enhancement and segmentation of BC in such a way to give to
the radiologists the preliminary analysis and interpretation to better understand the type of images to
detect the disease by using image processing approaches. Basically, digital image processing becomes
an interesting area of research almost in every field353637 and had a lot of attention in the medical field
for its vast range of application of detection diseases. Image segmentation process was an approach
to detect and screening of images of diseases such as cancer disease. The image segmentation was
described in detail in this work and it included enhancement method.

The first step in the process of BC localisation is to enhance the input thermal image. This stage
aims to suppress noise meanwhile increase contrast of a giving image In the literature there are many
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enhancement approaches363839404142.43 But, these approaches are not suitable for medical images
and can also produce significant noise. The main aim of luminance adjustion function is to increase
the details by changing intensity values. However, the luminance of hot spot (cancer region) are
close to other (background or non-cancer) region. To increase the di↵erentiation between regions,
we applied the approach named adaptive weighting metric to enhance two features (cancer and non
cancer region). The mathematical details on the proposed enhancement and segmentation algorithm
are summarized on Algorithm 1 and Algorithm 2 respectively. Firstly, image enhancement of the
input image is applied simultaneously on the entire image and the segmented region ROI. Thereafter,
the block-based identification is applied to the region-colored transparency and region classification.
This last provides a masking metric. On the other hand, the former provides transparent color layers
to fill the fusing featured image with the color. Finally, this resulting image is compared with the
input image to obtain the selected colored breast segment. Final stage is recoloring in such a way to
help radiologists to visualize accurately the abnormalities. All the steps applied to segment the BC
are described on the below Figure 1.
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Figure 1: Flowchart of the proposed thermal enhancement and segmentation of breast cancer

3URF��RI�63,(�9RO���������������)��
'RZQORDGHG�)URP��KWWSV���ZZZ�VSLHGLJLWDOOLEUDU\�RUJ�FRQIHUHQFH�SURFHHGLQJV�RI�VSLH�RQ����$SU�����
7HUPV�RI�8VH��KWWSV���ZZZ�VSLHGLJLWDOOLEUDU\�RUJ�WHUPV�RI�XVH



Algorithm 1 Enhancement

Input: I = {Ii,j} intensity of the image at the spatial address i, j and I 2 {I0, I1, ..., IL � 1}
// Where L discrete luminance levels denoted as I = {I0, I1, ..., IL � 1}

1 Derivative Gaussian Filter

[IB ]i,j = [IB ]i,j
O

Km,n;Km,n = Gm,n ·Km,n (1)

// G = {Gm,n} and M = {Mm,n} represent the Gaussian image filter and the mean

filter, where
Pm,n=+1

m,n=�1, Mm,n = 1 and Gi,j and Mm,n denote the weight of the filters at the

local spatial location m,n.

// Where [Ig]i,j is ther first ordered gaussian image, which can be calculated as [Ig]i,j =

Ii,j
N

Gm,n.
N

represents a convolution operator.

2 ROI localisation by applying (Soft Masking Metric )44

[IGM ]i,j = [IB ]i,j · SMi,j (2)

SM i,j = { 1, [Ig]i,j � [IB ]i,j
([Ig]i,j/[IB ]i,j)r, [Ig]i,j < [IB ]i,j

(3)

// Where r is a gamma correction parameter

3 Calculation of Mean Threshold

• Mean region threshold: tm =
1

P ·Q
PP

p=1

PQ
q=1 Rp,q

max{Rp,q}

• Variance region threshold: tv = max

n
!b�

2
b + !f�

2
f

o

• Logarithmic-mean region threshold: tlm =

����log
�

✓
1

P ·Q
PP

p=1

PQ
q=1 Rp,q

max{Rp,q}

◆����

• Logarithmic-variance region threshold:tlv = log
� |(max

n
!b�

2
b + !f�

2
f

o
)|

// Where P and Q are the region of interest size. !(.) represent a weight of

a background region (.)b and a foreground region (.)f, b and f are L discret luminance level.

� is a logarithmic power factor.

4 Luminance adjustment

LAi,j =

8
>>><

>>>:

e�(
(xi,j�t(.))

2

�
)�e�(

(t(.))
2

�
)

�(
(t(.))

2

� )
, 0 6 xi,j < t(.)

e�(
(xi,j�t(.))

2

�
)�e�(

(t(.))
2

�
)

1�e�(
(t(.))

2

� )
, t(.) 6 xi,j 6 1

(4)

// xi,j =
[IGM ]i,j

max[IGM ]i,j
denote a normalized soft-masked image, which xi,j 6 1.

/* Fusion */

5 Image fusion
Fi,j = !i,j ·mink {LAi,j,k}+ (1� !i,j) · Yi,j (5)

// Where k is the number of luminance

adjustment image components, which composed of three-dimensional direction. Yi,j denotes an

enhanced image and !i,j is a weighting metric, !i,j =
1

L�1mink {LAi,j,k}
Output: Enhanced image
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Algorithm 2 Segmentation

Input: Enhanced Image
6 Step unit classification 8

>>>><

>>>>:

0, l < ⇢(L�1))
C ; ⇢ = 1

1, l < ⇢(L�1))
C ; ⇢ = 2
...

C, l <
⇢(L�1))

C ; ⇢ = n

(6)

// Where n represents the number of luminance classes

7 Region growing initialization and region growing segmentation

Ji,j =

⇢
0, �l(Xi,j) < [µ]m,n

i,j + ↵

1, �l(Xi,j) > [µ]m,n
i,j + ↵

(7)

// Xi,j denote a luminance component, consisted of l discrete levels. [µ]m,n
i,j

represents a local mean metric generated by the local block size m � by � n. ↵ is constant.

To initialize the beginning regions of cancer segmentation

/* Overlay features */

8 Feature overlaying

O(i, j, k) =

⇢
Ii,j,k, Si,j = 0
Ti,j,k, Si,j = 1

(8)

// S(i, j) denote the segmented image, located into the permitted range [0, 1]. I(i, j, k) and

T(i, j, k) represent an original thermal breast cancer image and the enhanced-recoloring image,

respectively

Output: Segmented image
Data: Testing on 10 images from DMR database45

4. RESULTS AND DISCUSSIONS

In order to evaluate the performance of the proposed segmentation approach, the statistical values
of the breast thermograms segmentation are compared with the result of the FCM,46 LCV-LSM47

and EM-GMM.48 Thermograms of the patients with breast tumors that are considered as abnormal
thermograms by a medical expert.49 On the other hand, when there is no sign of cancer the patients
are considered normal and healthy thus no segmentation are required. There is an extensive literature
to evaluate the performance of the proposed using segmentation quality metrics. In our case, we pick:
Accuracy,50 MCC (Mathew Correlation Coe�cient),50 Dice,51 Jaccard50 to evaluate statistically the
performance of the proposed against the well-known algorithm used in cancer segmentation FCM,
LCV-LSM, and EM-GMM. A higher value obtained from the aforementioned metrics implies a bet-
ter segmentation performance. The exact mathematical details of the Accuracy, FMeasure, MCC
(Mathew Correlation Coe�cient), Dice, and Jaccard can be found in the giving reference,50.51

4.1 Quantitative comparison

For statistical analysis, the mean of ACC, MCC, Dice, and Jaccard are computed from both left, and
right breasts. Then, the mean values of left and right breasts together are also computed for all breast
thermograms to show the e�ciency of segmentation in breast abnormality detection. From the mean

3URF��RI�63,(�9RO���������������)��
'RZQORDGHG�)URP��KWWSV���ZZZ�VSLHGLJLWDOOLEUDU\�RUJ�FRQIHUHQFH�SURFHHGLQJV�RI�VSLH�RQ����$SU�����
7HUPV�RI�8VH��KWWSV���ZZZ�VSLHGLJLWDOOLEUDU\�RUJ�WHUPV�RI�XVH



values listed in Table 1, it has been seen that the average of all the four metrics: ACC, MCC, Dice,
and Jaccard are significantly higher using the proposed than the average of the FMC, LCV-LSM and
EM-GMM approaches, where the last approach compete in term of ACC, Dice, and Jaccard meterics
at the right side of the breast only.

Table 1: Mean values of evaluation of the proposed against FCM, LCV-LSM, and EM-GMM using
ACC, MCC, Dice, and Jaccard segmentation metrics

Metric

Method ACC MCC Dice Jaccard

Left Right Both Left Right Both Left Right Both Left Right Both

Proposed 0.991 0.991 0.982 0.466 0.469 0.504 0.460 0.327 0.499 0.319 0.221 0.339

FCM 0.985 0.979 0.964 0.398 0.360 0.344 0.399 0.186 0.305 0.286 0.123 0.201

LCV-LSM 0.896 0.927 0.872 0.009 0.027 0.126 0.026 0.099 0.138 0.013 0.025 0.076

EM-GMM 0.935 0.994 0.952 0.422 0.438 0.387 0.368 0.432 0.361 0.229 0.275 0.229

The results are also expressed by using box-plots in Figure 3 by using colors blue for proposed,
red for FCM, brown for LCV-LSM, and black for EM-GMM. Each vertical axis shows Accuracy,
MMC, Dice, and Jaccard metrics and the horizontal axis shows the proposed, FCM, LCV-LSM, and
EM-GMM for evaluating the performance of the segmentation of each approach. Box-plot also can
show the median. On each box, the vertical line denotes the median, the vertical lines outside each
box identify the upper and lower whiskers. As can be seen in Figure 3 and since higher overall values
obtained from Accuracy, MMC, Dice, and Jaccard metrics implies a better segmentation performance.
It is obvious from the summary statistics of the aforementioned metrics that the results provided by
the proposed segmentation is greater than other approaches picked for comparison.

(a) Accuracy

0.85 0.9 0.95 1

Proposed

FCM

LCV-LSM

EM-GMM

(b) MMC

0 0.2 0.4 0.6

Proposed

FCM

LCV-LSM

EM-GMM

(c) Dice

0 0.2 0.4 0.6

Proposed

FCM

LCV-LSM

EM-GMM

(d) Jaccard

0 0.1 0.2 0.3 0.4 0.5

Proposed

FCM

LCV-LSM
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Figure 2: Box-plot of median values of the proposed against FCM, LCV-LSM, and EM-GMM seg-
mentation approaches using ACC, MCC, Dice, and Jaccard metrics
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4.2 Qualitative comparison

In Tab. 2, we qualitatively compared visually our segmentation results with the ground-truths, against
three state-of-the-art BC segmentation approaches FCM, LCV-LSM, and EM-GMM. The first and
second columns show the original images from the DMR-IR database and corresponding ground truth
segmentation results. The third and fourth columns illustrate the segmentation results of FCM, LCV-
LSM, and EM-GMM respectively. Fifth and sixth columns illustrate the segmentation results of the
proposed along with its overlying.

By comparing the visual segmentation results of proposed with the ground truth images, it can be
observed that the tumor segmentation is almost in exact shape. In contrast, both FCM and LCV-LSM
misses some of the breast areas or over-segmentation such us in first and the last rows. Besides, for
the images in the second raw, FCM, segmented the breast region along with a significant amount of
non-tumor on the right side of the body. Whereas, the proposed precisely segments the cancer region.
It must be noted that the FCM, LCV-LSM, and EM-GMM have produced over-segmentation results
for all the images in Tab. 2 though the proposed has produced consistent segmentation results.

Original GT FCM LCV-LSM EM-GMM Proposed Overlaying

Table 2: Breast cancer comparison. Column 1: Original thermal images having breast cancer, column
2: Ground Truth, column 3: segmentation using FCM, column 4: segmentation using LCV-LSM, col-
umn 5: segmentation using EM-GMM, column 6: segmentation using proposed, column 7: Overlaying
using proposed

From the above discussion, it can be concluded that the proposed BC segmentation has the po-
tential to produce satisfactory results, even when input images images are blurred and boundaries are
indistinct as shown in the images in Fig. 3.
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Figure 3: Samples of breast cancer overlaying using proposed; first raw original images, second raw
the ground truth of the corresponding images, third raw overlaying images after segmentation

5. CONCLUSION

The accurate enhancement and segmentation of suspicious breast tumor structure is a crucial step to
support the medical professional (radiologist) in the interpretation of the BC. The proposed frame-
work could assist the medical professional to evaluate in real-time the appearance of a possible BC.
The proposed first attempts to enhance the thermograph images and then segment the tumor by
extracting and coloring the (ROIs) containing the BC. The texture features of BC are extracted and
the segmentation performance is calculated using Accuracy, MCC, Dice and Jaccard metrics. The
proposed system uses the images from the DMR-IR database of both left and the right then both
breast breasts together. The overall segmentation performance of the proposed method are 98.8%,
47.96%, 43.03%, and 34.8% respectively when measured using Accuracy, MCC, Dice, and Jaccard
index. Even-though the proposed approach has shown good results in terms of overall accuracy, MCC,
Dice, and Jaccard. But more emphasis can be given to the classification stage in the future.
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