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Abstract
Objectives: Breast cancer is the prime reason for mortality due to cancer in women across the globe and India. Early screening to identify breast
abnormality before the actual symptoms are visible, is the only effective way of reducing associated mortality. Breast thermography, which is a
non-invasive, painless, non-toxic, and cost-effective method, can potentially be used for early screening, especially to identify lesions in dense
breasts.

Methods: The current study is a single-center preliminary thermography based study of 5 malignant and 7 benign female subjects that highlights
the correlation of thermal, statistical, and fractal features obtained from thermograms (malignant and benign), with the clinical characteristics of
the patients.

Results: Comparison of mean surface temperatures of 12 subjects shows that the contralateral breast temperature difference is more than 0.5˚C
for malignant cases,  whereas, for benign cases, the value is between 0 to 0.2˚C. Also, the fractal dimension of the hot spot boundary in the
malignant breast side is greater than the corresponding fractal dimension on the contralateral side.

Conclusion: The proposed study is able to identify malignancy in dense breasts cases and benign cases requiring follow-up after screening to
reduce the chances of breast cancer progression.

1. Background
Breast cancer [1][2][3] is one of the commonly found cancers in women worldwide. Screening and diagnosis at the initial stage of breast cancer is
the only effective way to lower the mortality rate. Breast thermography [4][5][6][7] is a potential adjunct screening tool to existing diagnostic
methods like mammography, ultrasonography, magnetic resonance imaging (MRI). This method quanti�es the surface temperature of the human
body by capturing infra-red radiations emitted by the body surface, using Infrared cameras. The growth of cancerous cells can cause an increase
in surface temperature due to pathophysiological changes, i.e. metabolic and vascular changes [8]. Increased metabolic activity results in
increased biochemical signaling [9][10]. Change in microvasculature includes the building of new capillary blood vessels (angiogenesis) and
vasodilation of blood vessels already present. This can result in a temperature rise [11][12] in cancerous tissue when compared with normal
tissue. Existing diagnostic methods like mammography, which is the gold standard technique, have certain limitations like (1) increased chances
of cancer with repeated exposure (2) painful method, and (3) not effective for young women having dense breast tissue [13]. MRI is a very
effective technique for cancer screening but it is costly and may cause allergic reactions to the patient due to the usage of contrast agents.
Clinical breast examination (CBE) is also one of the low-cost key steps in early breast cancer detection when combined with other imaging
modalities [14]. Breast thermography is a non-invasive, radiation-free, cost-effective, portable, and contact-less potential screening method for
monitoring breast abnormalities. It is suitable for females below 40 years, having dense breast composition. In mammography, sometimes the
cancerous growth may be undetected in dense breasts [15]. Moreover, repeated mammogram screening may cause radiation exposure. It is
reported that this emerging tool can identify initial signs of cancer 8 to 10 years before mammography[16]. In medicine, this technique has been
effectively used for the early identi�cation of in�ammatory disease, breast cancer screening, and rheumatology[17]. Breast thermography may
prove to be very useful in reaching a large number of people, which may not be having access to advanced diagnostic facilities, especially in
developing countries [18][19][20].

Comparison of clinical studies ranging in the period of 1 to 16 years, for and against breast thermography [7][21] show that though many studies
showed very high sensitivity (98%) and speci�city (99%) with classi�ers, this technique is still not used as a standalone breast cancer screening
tool due to false positives. However, the tool can potentially be used as an adjunct tool for sequential screening of women to assess
chemotherapy response [22]. Most of the recent works related to the analysis of breast thermograms have private databases. The only publically
available database is the DMR (Database for Mastology Research) [23]. Another breast thermogram database was created by the Department of
Biotechnology-Tripura University-Jadavpur University (DBT-TU-JU) [24] database, using standard acquisition protocols. In addition to using state-
of-the-art classi�er-based recent research works [25][26] to reduce false positives, integration with oncologists, radiologists, and local health care
systems [27] can potentially make thermography a standard tool for screening. The present study is a single-center prospective study performed
to achieve the following goals:

Creation of Breast thermogram database of various breast diseases (including normal, benign, and malignant conditions). These breast
thermograms are taken in the last two years from Regional Cancer Centre at Kamla Nehru Memorial Hospital Allahabad. Analysis and
diagnosis have been performed at the Indian Institute of Information Technology Allahabad, India. Therefore we have given a name to this
database as “KNMH-IIITA Breast thermogram database”.

Highlight signi�cance of breast thermography in women with dense breasts (malignant and benign) for early cancer screening.

Correlation of thermal, statistical, and fractal features with clinical �ndings to reduce false positives

Identi�cation of benign conditions requiring frequent follow-up.
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The main attributes of the KNMH-IIITA Breast thermogram database are enlisted below:

The database contains breast thermograms of female subjects with normal and various benign (mass of cells that does not invade nearby
tissues) and malignant (cells grow uncontrollably and spread to nearby and/or distant body parts) conditions.

Record of detailed clinical reports, breast density, menopause status, size, and location of the tumor.

Each subject’s thermograms are taken in �ve different views: frontal, left lateral, right lateral, left oblique and right oblique.

The database contains 96 thermograms of 12 subjects (5 malignant and 7 benign).

Out of 5 malignant subjects, we have considered thermograms of 3 malignant cases only, as thermograms of the other 2 subjects were not
clear due to the advanced stage of cancer.

2. Methods
The observational single-center study was performed at Kamla Nehru Memorial Hospital and Regional Cancer Centre, Prayagraj, India. In this
study, 96 thermograms of 12 female patients in the age group of 25 to 45 years were screened using a thermal camera. Well-de�ned breast
thermogram acquisition protocols [16][24] were strictly followed for capturing images of female subjects. Before the thermography, the subject’s
informed consent was taken and they were informed that the breast thermogram and the associated data will be utilized only for the academic
research. It was made clear that the identity of the subjects, associated data, and images will remain strictly con�dential.

The research study was not reviewed by any ethical committee since this is a non-invasive, non-toxic method of breast imaging conducted as a
preliminary study to consider the feasibility and application of further such studies. The research was strictly based on the recommendations
stated in the Declaration of Helsinki. Informed consent of the female subjects was taken and recorded with strict consideration regarding
maintaining the con�dentiality of the subject’s data and images. Before static thermography, patients were asked to abstain from sunlight, heavy
meal, or intense exercises. Images of subjects were taken in a chamber with regulated temperature (which was recorded for reference). Since
subjects were mostly from a rural background, they were explained about the importance of timely screening and monitoring of overall and
breast health. All the personal details of both malignant and benign female subjects including name, age, sex, blood pressure, weight, menopause
status, etc., and details of breast condition (symptoms), if any, and corresponding period, were noted down. Information related to surgeries done
before or family history of cancer, if any, was also noted down for comparison.

During the process of taking thermograms, only 1 female person was present along with the oncologists. FLIR E40 thermal camera has been
used to acquire breast thermal images, with thermal sensitivity of 0.07 ˚C at 30 ˚C and image resolution of 240 × 320 pixels. The distance of 45.7
cm and 76.2 cm was maintained between the subject and thermal camera, to optimally cover the region of interest, and images were selected
based on the patient’s framework. FLIR research IR software has been used for transferring and pre-processing acquired breast thermograms.
Visible distinguishing features like deformation or nipple inversion were also recorded for correlation. Except for 2 malignant patients with
advanced stages of cancer i.e. subject 10 and subject 11, �ve different views-frontal, left lateral, left oblique, right lateral, right oblique of all
subjects were taken.

Wiener �lter [28] is applied for noise reduction before segmentation, by producing linear estimation of the original image with minimum mean
square error. MATLAB R2020b software is used for post-processing and feature extraction from breast thermograms. Normalization is also done
before feature extraction as it helps in monitoring the progression of disease in clinical studies. All other reports of the subjects such as detailed
self-examination, CBE, mammography, ultrasonography, MRI, FNAC (Fine needle aspiration cytology), and biopsy, were recorded for comparison.
Clinical details of the subjects whose thermograms are taken, along with tumor location and key thermographic observations are given in Table I.

Table I

Clinical Characteristics Of Subjects Along With Tumor Details And Thermograms Findings
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Subject Age Breast Density Meno-
pause
Status

Diagnosis Breast
Side

Histology Diagnos-
tic test
for
correlati-
on

Lesion and Location
and type

Thermo-
graphic
Findings

1 28 normal �bro-
glandular

pre M right carcinoma Mammo,
Biopsy

right breast at 2
o’clock position (ill-
de�ned dense lesion
of size 39 × 21mm)

hot spot
(R)

2 25 - pre B both �bro-adenoma USG many locations in
both breasts
(Diffusely thickened
TDLUs)

no hot
spot

3 45 normal
glandular

post M left triple-negative
in�ltrating ductal
carcinoma(BIRADS
5)

Mammo,
biopsy

left breast at 3
o’clock
position(radio-
opaque lesion of size
2.2 × 1.9 cm

hot spot
in UOQ
(L)

4 30 - pre B left �bro-adenoma CBE - hot spot
(L)

5 32 dense breast pre B left hypertrophied
auxiliary tail (BIRADS
3)

MRI - Extremely
small hot
spot (L)

6 45 dense breast pre B right �brocystic,

cysts in both breasts
(R > L)

Mammo
FNAC

Tiny cystic lesions no hot
spot

7 37 - pre B left severe Infection - - hot spot
(L, R)

8 37 normal �bro-
glandular

pre B right �bro-adenosis Mammo - hot
spot(R)

9 29 glandular pre B right asymmetric breast
parenchyma(BIRADS-
2)

MRI - no hot
spot

10 32 predominantly
Fatty

pre M Right triple-negative
carcinoma(Post
chemo and surgery)
(BIRADS 2)

MRI ILQ right breast(post-
operative scar, oval
circumscribed
collection of size 4.7
× 2.0cm)

large hot
spot (R)

11 40 heterogeneous
Fibro-
glandular

pre M Left phylloid Tumor
(BIRADS 4)

MRI All quadrants of the
left breast(poorly
circumscribed,
lobulated lesion of
size(5.8 × 6.3 ×
6.3cm-AP, TR, CC
respectively)

NA

12 25 dense
glandular

pre M Left advance cancer,
nodal, liver, lung, and
bone metastasis
(BIRADS 5)

MRI Multicentrallobulated
heterogeneous
enhancing mass
lesions (L) (one
mass of size 3.6 ×
4.9 × 3.7 cm in both
outer and inner
quadrants)

hot spot
in UIQ (L)
and
small hot
spot in
UIQ (R )

M = malignant, malignant = cells divide without control and spread to other body parts, B = benign, benign remain con�ned and do not spread
to other body parts, BIRADS = breast imaging and reporting data system, BIRADS 2 = 0% likelihood of malignancy, BIRADS 3 = less than 2%
likelihood of malignancy, BIRADS 4 = probably malignant with 20 to 35% chances of malignancy mass, BIRADS 5 = highly suspicious of
malignancy, UOQ = upper outer quadrant of the breast, Triple-negative = estrogen receptor(ER) negative: progesterone(PR) receptor negative:
hormone epidermal growth factor receptor-2(HER-2) negative, ductal carcinoma = cells lining the milk duct in the breast becoming cancerous,
mammo = mammography, USG = ultrasonography, CBE = clinical breast examination, MRI = magnetic resonance imaging, FNAC = �ne needle
aspiration cytology, TDLU = terminal duct lobular units or lobules, AP = anteroposterior view, TR = transverse view, CC = craniocaudal view

Few representative thermograms of the IIITA –KNMH breast thermographic database of some subjects with benign and malignant conditions are
shown in Fig. 1.

3. Results
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We have performed post-processing of thermograms of subjects to extract and analyze thermal, fractal, and statistical features to identify
signi�cant features for distinguishing benign and malignant cases. As the sample size of the present study is very small, we have taken 1
malignant, 1 benign, and 1 normal subject thermogram from the DBT-TU-JU database after requesting access to the database and obtaining
permission from authors to use the database for comparison in our analysis.

3.1. Thermal Feature-Based Analysis
After getting the breast thermograms of subjects in �ve different views under strict acquisition protocol, we have extracted the region of interests
i.e. left and right breast regions by manual segmentation. The frontal, oblique or lateral view was selected depending on the presence of a hot
spot. Hot spot due to skin overlapping is not considered for analysis. For surface temperature analysis, we have segmented areas with the
highest temperature (hot spot) and various other temperature zones. For this, the k-means clustering method [29] is used as it is relatively simple
to implement as compared to other segmentation methods. This is an unsupervised centroid-based learning algorithm, where we partition ‘n’
observation (here pixels) into ‘k’ clusters so that every observation is a member of the cluster with the nearest mean. After assignment to the
closest cluster centroid (center), centroids are recomputed and modi�ed. This process repeats till the centroid converges. Depending on the
number of regions to be identi�ed, a cluster number is selected. The highest and second-highest temperature regions are identi�ed and
maximum, mean, and lymph node temperatures of both breasts are recorded. This is done by converting segmented regions into corresponding
temperature matrices and the difference between contralateral regions temperatures are computed, as shown in Table II.

Table II

Maximum, Mean, And Lymph Node Temperatures of Both Breasts of Patients/Subjects 

Subject Diagnosis Breast side View TMAX ΔT TMEAN ΔT TLYMPH ΔT

L R L R L R

1 M right oblique 36.4 37.7 1.3 36.2 37.4 1.2 37.7 - -

2 B both frontal 35.8 36.0 0.2 35.6 35.8 0.2 35.8 35.8 0

3 M left lateral 36.2 35.5 0.7 36.08 35.34 0.74 35.7 35.5 0.2

4 B left lateral 36.2 36.1 0.1 35.9 35.9 0 36.2 - -

5 B left frontal 36.2 36.0 0.2 35.9 35.9 0 36.2 35.6 0.6

6 B right frontal 35.7 35.8 0.1 35.5 35.6 0.1 35.1 35.5 0.4

7 B left oblique 36.5 36.3 0.2 36.2 36.1 0.1 36.5 36.8 0.3

8 B right oblique 34.3 34.4 0.1 34.1 34.2 0.1 35.1 34.8 0.3

9 B right frontal 35.2 35.3 0.1 35.1 35.2 0.1 35.9 36.5 0.6

10 M right frontal - 37.2 - 37 - - - - -

11 M left frontal - 36.7 - 36.5 - - - - -

12 M left lateral 38 37.6 0.4 37.6 37.2 0.4 36.9 36.2 0.7

13 B1 left frontal 33.3 33.1 0.2 33.1 33.0 0.1 32.8 32.6 0.2

14 M1 left frontal 37.4 35.4 2.0 37.1 35.1 2.0 35.6 35.4 0.2

15 N1 - frontal 33.8 33.8 0 33.5 33.4 0.1 33.6 33.3 0.3

1Subjects 13, 14 and 15 are taken for comparison, from DBT-TU-JU Breast thermographic database [24] with due permission from Author; ΔT = 
difference between left and right breast temperature ( in ˚C ), TMAX = maximum surface temperature (in ˚C), TLYMPH = minimum surface
temperature at axilla indicating lymph nodes(in ˚C), TMEAN = mean surface temperature (in ˚C), M = malignant, B = benign, N = normal, L = left
breast, R = right breast

3.2. Fractal Feature-Based Analysis
Fractal analysis [30][31] plays a signi�cant role in distinguishing a malignant tumor from a benign lesion. A fractal is a non-regular geometric
shape that can be further broken into self-identical pieces. Benign lesions have well-de�ned boundaries whereas malignant masses have irregular
boundaries. We have calculated fractal dimension [32][33]by using the power law given as
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a =
1
sD

1
Where a denotes self–similar pieces, s is the scaling factor, and D is the fractal dimension.

We can also write as follows:

D =
log(a)

log?
1
s

2
The box-counting method (BCM) has been used to calculate fractal dimension by breaking the image into square regions having the same size
and counting the number of boxes that contain the speci�ed part of the image. To detect the edges of segmented warm and hot regions, we have
applied canny edge-based detection [34]. Table III shows the fractal dimension of hot spots and warm regions of both malignant and benign
subjects for both left and right breasts.

Table III

Fractal Dimension of Hot Spot and Warm Regions of Both Breasts of Patients 

Subject Diagnosis Breast side View Hot Spot Warm Region Hot spot

Boundary Boundary

L R L R

1 M right oblique - 1.5251 1.4132 1.3647 Present(R)

2 B both lateral - - 1.1753 1.1908 None

3 M left lateral 1.1615 1.0886 1.2445 1.2175 Present (L)

4 B left lateral 1.1838 - 1.3302 1.1813 Present L)

5 B left frontal - - 1.2819 1.2207 Present (L)

6 B right frontal - - 1.3016 1.1814 None

7 B left oblique 1.2438 1.232 1.3716 1.3571 Present (L, R)

8 B right oblique - 0.9861 1.234 1.3387 Present (R)

9 B right frontal - - 1.0089 1.1615 None

12 M left lateral 1.2571 1.1765 1.0968 0.9482 Present(L, R)

13 B1 left frontal - - 1.0715 1.1873 None

14 M1 left frontal 1.222 - 1.2827 1.1536 Present (L)

15 N1 - frontal - - 1.0154 1.15 none

1Subjects 13, 14 and 15 are taken for comparison, from DBT-TU-JU Breast thermographic database [16] with due permission from Authors; M 
= malignant, B = benign, N = normal, L = left breast, R = right breast

3.3. Statistical Feature-Based Analysis
In this study, we intend to extract and identify statistical and texture features [35][36][37] to identify abnormal thermograms from benign
thermograms. First-order statistical features like mean, entropy, skewness, kurtosis, variance standard deviation, and maximum intensity, have
been directly calculated from the original image intensity values. These features do not contain information about the relationship with
neighboring pixels. So, second-order statistical features [38][39] computed from Gray Level Co-occurrence Matrix (GLCM) have also been used to
identify features for distinguishing between malignant and benign/normal cases. This is done by computing the difference between statistical
and texture features of contralateral breasts in both cases and then comparing mean and standard deviation as seen in Table IV. Since the

( )
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sample size for malignant cases in the present study is very small (only 4), we are not able to identify signi�cant features using statistical
methods. Table IV and Table V present some of the descriptors of pixel pairs and the key terms computed from GLCM.

Table IV

Mathematical Expression and description of GLCM Texture Parameters [39] 

Texture Descriptor Formula Signi�cance

Auto-correlation ? i? j(i, j)p(i, j) Represents heterogeneity or clustering in an image

Contrast ? i? j|i − j|2p(i, j) Represents the special frequency of an image

Correlation
∑ i∑ j

i−μx j−μy p( i , j )
σxσy

Represent the linear dependency of pixels on nearby pixels

Dissimilarity ? i? j|i − j|. p(i, j) Represents the distance between pair of pixels

Energy ? i? jp(i, j)2 Represents textural uniformity in terms of pixel pair repetition

Entropy − ? i? jp(i, j). log?(p(i, j)) Represents degree of disorder between pixels

Homogeneity ? i? j
p( i , j )

1+ | i− j |
Highlights small gray level difference in pair of pixels

Sum of squares ∑ i∑ j(i − μ)2p(i, j) Represents deviation from the mean

Sum average 2Ng
?

i=2
ipx+y(i)

Represents an average of the sum of grey level distribution

Sum variance 2Ng
?

i=2
(i − sumentropy)2. px+y(i)

Represents deviation (from the mean) of the sum of grey level
distribution

Sum entropy
−

2Ng
?

i=2
. px+y(i). log?(p

x+y
(i))

Represents disorder concerning the sum of gray-level distribution

Difference variance Ng −1
?

i=0
i2. px−y(i)

Represents deviation (from the mean) of the difference of grey
level distribution

Difference entropy
−

Ng −1
?

i=0
. px−y(i). log?(p

x−y
(i))

Represents disorder concerning the difference of gray level
distribution

Information measure of
correlation 1

HXY−HXY1
max? ( HX,HY)

Texture features derived from previously calculated features

Information measure of
correlation 2 √(1 − exp[ − 2(HXY2 − HXY)])

Inverse difference normalized ? i? j
p( i , j )

1+ | i− j | 2

Ng

Inverse difference moment
normalized ? i? j

p( i , j )

1+ ( i− j ) 2

Ng

Table V Explanation of key terms used to calculate GLCM Texture Parameters [39] 

( ) ( )
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Table VI

Mean Difference Between Statistical and Texture Features of Both Breasts of Patients/ Subjects 

  Extracted Features Difference (Mean ± SD)

Benign + Normal(8) Malignant(4)

Statistical Features Mean 21.78 ± 16.88 17.02 ± 11.36

Entropy 0.3175 ± 0.25 0.3 ± 0.09

Skewness 0.0125 ± 0.01 0.0125 ± 0.01

Kurtosis 0.0017 ± 0.0017 0.0027 ± 0.004

Variance 3.0987 ± 3.64 8.09 ± 5.73

Standard deviation 8.838 ± 4.11 5.09 ± 3.94

Maximum 11.75 ± 17.76 3.25 ± 2.48

Texture Features Auto-correlation 1.367 ± 1.36 0.86 ± 0.56

Contrast 0.033 ± 0.01 0.023 ± 0.01

Correlation 0.0101 ± 0.008 0.26 ± 0.42

Dissimilarity 0.0127 ± 0.01 0.0065 ± 0.0035

Energy 0.041 ± 0.03 1.688 ± 2.83

Entropy 0.125 ± 0.92 0.085 ± 0.05

Homogeneity 0.0077 ± 0.006 0.005 ± 0.003

Sum of squares 1.393 ± 1.35 0.87 ± 0.56

Sum average 0.366 ± 0.29 0.205 ± 0.05

Sum variance 4.538 ± 4.37 2.175 ± 2.58

Sum entropy 0.1398 ± 0.0821 0.075 ± 0.04

Difference variance 0.033 ± 0.01 0.025 ± 0.01

Difference entropy 0.04 ± 0.03 0.0212 ± 0.01

Information measure of correlation 1 0.018 ± 0.01 0.0052 ± 0.0028

Information measure of correlation 2 0.072 ± 0.12 0.013 ± 0.0108

Inverse difference normalized 0.145 ± 0.03 0.0032 ± 0.0039

Inverse difference moment normalized 0.0001 ± 0.003 0.00025 ± 0.0004
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4. Discussion
In the current study, thermal analysis is one of the key steps in identifying breast abnormalities in thermograms. According to Freitas, the thermal
variation between contralateral areas in a body should be less than 0.5 ˚C. As seen in Table 4.2, we have used the variation in maximum and the
mean temperature of contralateral breasts to identify breast abnormalities. We have also recorded differences between lymph node temperatures
of both the breasts but these were not used for comparison as 2 subjects had axillary breast tissues seen as hot spots (false positive). For
objective analysis based on lymph node temperatures, a larger dataset is required. Comparison of mean temperature values (mean values
depend on a large region of pixels thus more reliable) shows that for 3 malignant cases, the difference between contralateral breasts is more than
0.5 i.e. ranging from 1.2˚C to 2˚C. Subject Id-12 has metastasis on both sides so the temperature difference is 0.4˚C. For benign and normal
cases, the mean temperature difference is from 0˚C to 0.2˚C. So temperature analysis can indicate the presence of abnormality.

For fractal feature-based analysis, we have identi�ed hot and warm regions of both breasts using k-means clustering. For both hot and warm
regions, corresponding boundaries have been computed. Fractal dimensions of whole regions and boundaries of contralateral breasts are
compared. From Table 4.3, we observe that for malignant cases, a hot spot is present and the fractal dimension (FD) of the edge of the hot spot
in the malignant breast side is greater than FD of the edge of the hot spot on the contralateral side. Correlating this information with cases where
the temperature difference is less than 0.5˚C, we can say that hot spot could be due to other factors such as severe infection as in Subject Id-7 or
�bro-adenoma (benign breast tumor) as in subject Id-4 (requiring to follow up every 6 months for age below 35). We have also computed the
fractal dimension of the boundaries of warm regions of both breasts. This can be used to monitor the chemotherapy response of subjects during
sequential screening. The warm region on both breast sides of benign/normal cases could also be due to hormonal changes.

We have computed �rst-order histogram-based features directly from the original image intensities. We have computed texture features for both
malignant and benign/normal cases. After that, the differences between contralateral breast features are calculated to �nd the mean difference
and standard deviation for 8 (benign + normal) subjects and 4 malignant subjects as seen in Table 4.6. We observe that out of 7 statistical
features and 17 texture features, kurtosis, variance [41], energy, and correlation features show the greater mean difference in malignant cases as
compared to benign/normal cases. Kurtosis represents the shape of the histogram by indicating a peak in the distribution of gray-level within a
tumor/lesion. Energy as a texture feature is crucial as it represents texture uniformity and is easy to analyze in terms of visual assessment and
computational load. Higher auto-correlation in the benign case may indicate more homogeneity as compared to the malignant case. These
features are an important biomarker in identifying tumor heterogeneity. When thermography is applied for monitoring the chemotherapy
response, skewness and kurtosis play a signi�cant role in being closely correlated to complete response to therapy [42]. This technique is also
suitable for young women with extremely dense breasts, as seen in three of the subjects (Subject Id – 5, 6, and 12) in the current study. Since the
sample size for both malignant and benign cases is very small, presently we were not able to identify statistically signi�cant features using the p-
value. The authors are in the process of creating a large collection of breast thermograms of normal, benign, and malignant subjects along with
metadata based on clinical reports for correlation. We are also performing sequential screening of one of the malignant subjects after various
cycles of Neoadjuvant Chemotherapy (NACT) [22] to monitor the treatment response of the speci�c patient. Current thermography based study
has certain limitations like (a) small dataset to draw more conclusive and signi�cant results, (b) thermal abnormalities due to scars, skin lesions,
and benign diseases need to be identi�ed based on more signi�cant features, and (c) false positives due to skin overlapping, hormonal changes,
and axillary breast tissues, and (d) we have used a thermal camera with the low resolution of 240 × 320 pixels.

5. Conclusion And Futurescope
This study shows the possible application of breast thermography tools for identifying early indications of breast cancer for women with dense
breasts, especially in low-income and developing countries where diagnostic facilities are limited. Since the cost associated with this diagnostic
tool is very less (except for the initial cost), this tool may potentially become very effective, particularly in developing and low-income countries in
the coming years. Also, breast thermography can be potentially used as a supporting technique to existing breast cancer screening and
diagnostic methods like mammography, ultrasound, MRI, etc. Since this technique is non-invasive, radiation-free, painless, and portable, it can be
easily used in distant and remote areas. We can use initial �ndings from the current study to develop an integrated thermography-based system
for routine screening of asymptomatic and normal female subjects. An abnormal breast thermogram with a relatively high thermal pro�le can be
used to obtain thermal, statistical, and fractal parameters. As we can separate malignant subjects from benign/normal ones using the average
temperature difference between left and right breasts, further signi�cant features can be extracted for reliable �ndings after correlating with
reports from other diagnostic methods. False positives can be further eliminated by segmentation of blood vessels using thermograms. The
technique is also useful in the follow-up of patients after breast conservation surgery [43]. Due to the current COVID pandemic [44], with the
already overburdened Health infrastructure across the globe, there will be increased cases of delayed breast cancer screening, later-stage
diagnosis, and worsened prognosis. After conducting this single-center small study based on breast thermography, we understand that the �rst
and foremost step in developing an integrated Computer-Aided Screening and Detection system [31][45] is to collect the static and dynamic (after
applying cold stress) breast thermograms of a very large number of both symptomatic and asymptomatic female populations (both urban and
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rural). This database needs to be supported by supporting clinical �ndings and characteristics if any. To perform fast, real-time cost-effective,
and accurate monitoring, we need to develop a system with the help of radiologists, oncologists, and local administration.
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Figures

Figure 1

Schematic of breast thermogram analysis of malignant and benign female subjects

Figure 2

(a) A case of benign disease(Fibroadenosis) in right breast oblique view, with ΔT = 0.1 ˚C, (b) a case of a malignant lesion in right breast oblique
view with ΔT = 1.2 ˚C, and (c) a case of proliferative breast cancer in left breast frontal view (metastasis) with ΔT = 0.4 ˚C, ΔT is the average
temperature difference between left and right breasts (inframammary fold hot spot is ignored as it is caused by skin folding) 


