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ABSTRACT

Background and objectives: Breast cancer is one of the most common cancers in women and 7% of breast cancer
cases in the United States occur in women under the age of 40. Early diagnosis and intervention are essential not
only for better patient prognosis, but also to reduce the ever increasing burden on the healthcare system across
the globe. The current gold standard for breast cancer diagnosis, mammography, is limited in its capacity to detect
breast cancer in early stages especially with younger women with dense breast tissue. Additionally, there is limited
accessibility and affordability of mammography in low and middle income countries. Thermography, on the other
hand, can detect cancer in very early stages and in this paper; we discuss an Al-powered thermography based
breast cancer prediction tool.

Methods: The proposed method involves data pre-processing, data augmentation, a detailed training strategy,
and a post-processing risk calculation step. The proposed algorithm was trained using 1600 images from breast
thermography databases to detect abnormalities in the breast tissue.

Results: On our dataset, we obtained an accuracy of 93%, 95% precision with >90% specificity and sensitivity,
which is a significant breakthrough in using thermography as a potential screening for breast cancer. Additionally,
with the risk calculator, the model can predict the risk of developing breast cancer in the future

Conclusion: The high accuracy of our proposed model and the risk prediction capabilities enable the Al-powered
screening tool by Al Talos to become the computer aided diagnostic system that supports screening and early
detection of breast cancer especially in younger population.
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INTRODUCTION affordable medical care [4,5]. Additionally, 7% of breast can-

cer cases occur in women under 40 years of age in the United
The Breast cancer is one of the world’s most prevalent cancers. States, and the disease tends to be more aggressive in younger
According to the World Health Organization, in 2020, there  \yomen [6]. However, breast cancer screening by mammog-
were 2.3 million women diagnosed with breast cancer and raphy is recommended to the general population at/after 40
685,000 deaths globally [1]. The average risk of a woman, in  years of age [7,8]. Detection of breast cancer at early stages is
the US, developing breast cancer in her lifetime is ~13% [2].  jmportant for a better prognosis. Research studies have sug-
Though breast cancer is more common in women, 1% of all  gested that early diagnosis and medical intervention signifi-

diagnosed cases occur in men [3]. The breast cancer mortality  cantly reduces the long term breast cancer mortality rate [9].
rates are higher in low and middle income countries than the

developed countries because of two main reasons late diag-
nosis at advanced stages of the disease and limited access to

Early detection of breast cancer is hugely dependent on clinical
examination and imaging modalities, such as mammography,
ultrasound, thermography, breast magnetic resonance imag-
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ing (MRI) and histopathology imaging. Mammography is the
gold standard screening tool for breast cancer, and patients
with equivocal screening results usually require further confir-
mation by diagnostic imaging, such as breast MRI or biopsy or
combination [10]. However, one of the limitations of the gold
standard technique (s) is the inaccessibility in low and middle
income countries. Additionally, these techniques fail to detect
breast cancer is young women (<40 years) who have dense
breast tissue [11]. Contrary to the gold standard diagnostic mo-
dalities, thermography can detect physiological changes even
in dense breast tissue and is currently used as an adjunctive
tool in breast cancer screening [12,13].

Thermography

Infrared imaging or thermography is a fast, non-invasive,
non-contact, radiation free method to measure temperature
distribution on the surface of the body using an infrared cam-
era. A visual map, called a thermo gram, of the temperature
distribution on the surface of the body is created. The infrared
cameras have a sensitivity of detecting temperature differenc-
es up to 0.025°C, which equips the cameras to detect minor
variations in temperature [14]. The reliability of IR cameras to
measure actual body temperatures and the fundamentals of
thermography have been described in previous studies [15-
20]. Thermography was first used in 1956 for the diagnosis of
breast cancer [21]. The principle of thermography in cancer de-
tection is that the tumor cells have an increased blood supply
due to angiogenesis and an increased metabolic rate [22,23],
which creates a temperature spike on the surface of the breast.
This temperature spike is easily detectable by an infrared cam-
era [24-26].

Related Work

Earlier studies have shown that abnormal breast thermogram
is associated with an increased risk of breast cancer, and, in
fact, is the earliest sign of breast cancer [27-29]. In comparison
to mammograms, thermography can detect abnormal activity
in the breast tissue at an early stage or in dense tissue [30,31].
Visual inspection and interpretation of thermograms by clini-
cians to identify suspicious areas is a time consuming task and
the effective interpretation of the thermograms is dependent
on the expertise of the clinician. There is also a degree of intra
and inter observer variability among clinicians leading to an
observational bias and/or interpretational failures resulting in
false positives and false negatives. Recent research studies on
breast cancer detection using thermography have focused on
developing computer aided methods for faster and more accu-
rate detection of the tumor even in early stages of the disease
[32-36]. Computer aided detection and computer aided diag-
nosis systems have been adopted as second opinion tools for
interpretation of imaging techniques by clinicians. These tools
rely on image analysis, machine learning, deep learning, or a
combination approach [37,38]. In the past decade, research-
ers have focused on developing breast cancer diagnostic tools
using various machine learning techniques. In this paper, we
discuss an Al-powered thermography based prediction tool.

Al-Powered Breast Cancer Prediction Tool by Al
Talos

Al Talos is inspired by the gigantic bronze warrior from Greek
mythology, Talos, who was programmed to guard the island
of Crete. Al Talos has developed a novel computer aided diag-
nostic system to detect early signs of breast cancer in thermo-
grams with deep learning guided algorithms at its core. Deep
learning focuses on knowledge inference mechanisms from
data and one of the most influential deep learning networks is
the Convolutional Neural Network (CNN) [39].

Earlier research studies have shown promising results using
CNN in imaging applications for breast cancer diagnosis [40-
45]. Zuluaga-Gomez et al. have discussed a CNN based meth-
odology for diagnosis of breast cancer using thermograms
that highlights the benefits of data augmentation and CNNs
in breast thermograms [46]. We have developed a novel CNN
based methodology that predicts the risk of cancer in breast
thermograms with a higher accuracy and specificity.

METHODS

Dataset Description

The thermal images have been obtained from two public da-
tabases-Databases for Mastology Research (DMR) Database
[47-49] from Brazil, and Digital Infrared Analysis (DIA) from
Hospital General de México in Mexico [50]. The DMR-IR data-
base contains infrared images along with the clinical data from
patients of the Hospital Universitrio Anténio Pedro (HUAP) of
the Fluminense Federal University in Brazil. The infrared imag-
es are captured using a FLIR thermal camera model SC-620. The
DMR-IR database followed the previously described [24,51].
Thermal image acquisition protocol to ensure that quality of
database is maintained. The details for the DIA database are
not available. Online search using the PubMed database was
followed in this study. The snowball method was also used to
extract other publications. The keywords used included terms
describing various delivery methodologies and the factors that
influence transfection efficiency. Thanks to the efforts of a large
number of researchers and new ideas for improving equipment
and strategies. Due to the exponential growth of papers pub-
lished in the field and space limitations, only articles between
2015 and March 2022 were retrieved. Titles in non-English lan-
guage were excluded. After vigorous screening and detailed
evaluation, only 136 articles were selected for data extraction.

CNN Methodology

Our database is composed of 3200 images from 95 patients,
where 2100 images were normal and 1100 images had anom-
alies in the breast tissue. 1600 images were used to train the
dataset, 640 for validation, and the remaining 960 were used
as a test set. Table 1 shows the distribution of splitting of the
3200 image database across normal breast images and breast
images with anomalies. We trained different models from the
same architecture with different depth and parameters togeth-
er and used different steps for data pre-processing. Finally, we
chose the best model. Using a novel formula, we also estimat-
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ed the risk of breast cancer using five images for each input.
We have created a cloud based panel, called Talos Cloud, to
store patients’ records in the EHR system which is password

protected to ensure data safety and compliance with HIPAA.

The technology behind the model has 4 phases. The pictorial
representative is shown in Figure 1.

Table 1: Distribution of splitting of the 3200-image database across normal breast images and breast images with anomalies

Total Images  Splitting
Training Validation Testing
3200 1600 640 960
Normal Breast Tissue 2100 1050 420 630
Breast Tissue with Anomalies 1100 550 220 330
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Figure 1: The detailed approach of the four phases of technology behind the Al- powered model using breast thermograms

Phase 1 Data Pre-Processing and Data Augmen-
tation

This phase is essential to extract the region of interest for our
proposed CNN. During pre-processing, we removed any un-
wanted area of the thermogram by different methods, such
as eliminating watermarks, cropping, resizing, and normaliz-
ing thermal breast images. In the data augmentation step, we
generated new images by methods, including horizontal and/
or vertical flipping, rotation, zoom, and normalization for noise.

Phase 2 the Training Strategy

The CNN presented is based on the structure of the previously
described VGG16 neural network [52]. Several depths of the
neural network were tested, ranging from 1 to 5 convolution-

al sections, and each depth was followed by a fully connected
section with two layers (Figure 2). For the depth-1 configura-
tion, the CNNs had an input of dimension 224 x 224 pixels. The
thermal images were resized to this size. They were convolved
by 3 x 3 filters to produce 64 channels of dimension 224 x 224
pixels. The outputs were then passed through a set of RelLU
(Rectified Linear Activation Unit) activations. The process was
repeated with an identical convolution, RelLU activation, and
then pooled to produce 64 channels of dimension 112 x 112
pixels. The output was next passed through a 1 x 1 convolution
to produce two channels of 112 x 112 pixels. The result was
processed through a fully connected layer with 4096 outputs,
RelLU activation, and dropout, a second identical fully con-
nected layer, and finally a layer with two outputs and sigmoid
activation that computes the classification probability for two
different classes.
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Figure 2: The detailed workflow of the proposed model
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For depth-2 configuration, the first convolution layer was simi-
lar to depth-1. After the first pool, two more convolutions were
added that produced 128 channels of size 112 x 112 pixels,
reduced to 128 x 56 x 56 pixels. The next layers had similar
structures as in the 1-layer configuration, where the input to
the first fully connected layer was 8 x 56 x 56 pixels. We built
the configurations with 3, 4, and 5 layers using the same meth-
odology.

Phase 3 Performance Metrics

We evaluated our model using defined performance metrics
calculated from the confusion matrix shown in Table 2. The re-
sults are shown in Tables 3 and 4.

Table 2: Confusion Matrix

Predicted Posi-
tives

Predicted Nega-

Total Test Samples .
P tives

Actual Positives True Positives False Negatives

Actual Negatives False Positives True Negatives

Table 3: Confusion Matrix data for depth-2 model during training, valida-
tion, and testing steps

Label Training Validation  Testing

True Positive | 218 N€G- 4649 31 378 42 586 44
ative

False Pos-  TrueNeg- 5 545 25 192 30 300
itive ative

Table 4: Performance Metrics for the depth-2 model during training, val-
idation, and testing steps

Training Validation Testing
Accuracy 97.8 89.1 92.3
Sensitivity 97 90 93
Specificity 99.1 87.3 90.9
Precision 99.5 93.1 95.1
F1 Score 98.2 91.5 94

e Accuracy: Shows how often the result is correct, and is cal-
culated

(True Positive+True Negative)

(True Positive+True Negative+False Positive+False Negative)

e Sensitivity: It is the proportion of positive data points that
are predicted positive correctly, and is calculated

True Positive

(False Negative+True Positive)

e Specificity: It is the proportion of negative data points that
are predicted negative correctly, and is calculated

True Negative
(False Positive+True Negative)

e Precision: Reflects how reliable the model is in classifying
samples as positive, and is calculated

True Positive

False Positive+True Positive

e F1Score: It is calculated

Precsion x S ensitivity
Presicion + Sensitivity

Phase 4 Post-Processing

During the post-processing step, we used a novel formula to es-
timate the risk of having breast cancer as low , medium, or high
risk. The outputs were probabilistic and needed calibration to
obtain a more realistic risk prediction score. We used five imag-
es and calculated the risk using the calibrated number for each
image, and then calculated the overall risk.

Code Availability

The CNN model, training and validation data, and post-process-
ing data are proprietary to Al Talos, and thus they are not made
available

RESULTS AND DISCUSSION

The ROC curves for all depths are shown in Figure 3. The model
in depth-2 yielded the best results when evaluated using the
performance metrics. Depth-2 had 93% accuracy, 93% sensitiv-
ity, 91% specificity, and 95% precision.
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Figure 3: Receiver Operating Characteristics (ROC) Curves for all depths. The depth-2 showed the most promising results
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The post-processing step calculated the risk of having breast
cancer and categorized the risk as low (1-5), medium (5-7), or
high (7-11). The representative images for low and high risk are
shown in Figures 4 and 5, respectively. The model yielded a

high score of 10.36, which is a high risk for having breast can-
cer (Figure 5). This was corroborated with clinical evidence for
the particular case, where the diagnosis of breast cancer was
confirmed by biopsy and histopathology
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Figure 4: Representative image of the (A) input breast thermograms of a healthy individual, and the (B) output result from the Al Talos model show-

ing low-risk score of 2.30
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Figure 5: Representative image of the (A) input breast thermograms of an individual confirmed to have breast cancer, and the (B) output result from

the Al Talos model showing high-risk score of 10.36

CONCLUSION

Early detection of breast cancer is essential for a better progno-
sis. Since the current gold standard diagnostic modality, mam-
mography, doesn’t detect breast cancer at the early stages, it is
important to develop better diagnostic modalities. Thermogra-
phy, with its ability to detect early anomalies in the breast tis-
sue, can be supplemented with computer aided detection and
diagnosis systems to become one such modality. In this paper,
we proposed a CNN based model to aid detection of anom-
alies in thermal images of breast tissue. Our model also esti-
mates a risk of having breast cancer, which is critical for follow
up screenings for breast cancer. Physicians prefer systems that
can not only detect malignant tumors with high accuracy, but
also predict the risk of developing such tumors in the future.
Additionally, thermography has the advantages of being an
affordable, non-invasive, portable and painless diagnostic mo-
dality, thus making it a potential viable alternative to currently
used mammography. This will have a significant impact in low
and middle income countries with limited access to affordable

healthcare. A low cost thermography based Al-powered di-
agnostic system will enable early detection of breast cancer,
which will in turn lower the load on the already limited medical
infrastructure in these communities. To summarize, with a high
accuracy of 93% and risk prediction capabilities, the screening
tool developed by Al Talos has the potential to become the
computer aided diagnostic system that physicians can depend
on for early diagnosis of breast cancer.

REFERENCES
1. World Health Organisation (2021) Breast cancer.

2. American Cancer Society (2021) Key statistics for breast
Cancer. Cancer org.

3. Miao H, Verkooijen HM, Chia KS, Bouchardy C, Pukkala E,
et al. (2011) Incidence and outcome of male breast can-
cer: An international population-based study. J Clin Oncolt.
29(33):4381-6.

4. Unger KS (2014) Challenges to the early diagnosis and

Volume 07 ¢ Issue 08 * 35


https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://www.cancer.org/cancer/breast-cancer/about/how-common-is-breast-cancer.html
https://www.cancer.org/cancer/breast-cancer/about/how-common-is-breast-cancer.html
https://ascopubs.org/doi/10.1200/JCO.2011.36.8902
https://ascopubs.org/doi/10.1200/JCO.2011.36.8902
https://www.wjgnet.com/2218-4333/full/v5/i3/465.htm

Page 90

10.

11.
12.
13.

14.

15.
16.
17.

18.
19.
20.
21.

22.

Movahedi S, et al.

treatment of breast cancer in developing countries. World
J Clin Oncol. 5(3):465-77.

Anderson BO, Jakesz R (2008) Breast cancer issues in de-
veloping countries: An overview of the Breast Health Glob-
al Initiative. World J Surg. 32(12):2578-85.

Anders CK, Johnson R, Litton J, Phillips M, Bleyer (2009) A
Breast cancer before age 40. Semin Oncol. 36(3):237-249.

Oeffinger KC, Fontham ETH, Etzioni R, Herzig A, Michael-
son JS, et al. (2015) Breast cancer screening for women
at average risk: 2015 guideline update from the american
cancer society. JAMA. 314(15):1599-614.

Siu AL (2016) Screening for Breast Cancer: U.S. Preventive
Services Task Force Recommendation Statement. Ann In-
tern Med. 164(4):279-96.

Migowski A (2015) Early detection of breast cancer and
interpretation of survival study results. Cien Saude Colet.
20(4):1309.

Reeves RA, Kaufman T (2022) Mammography. In Stat-
Pearls.

Li T, Sun L, Miller N, Nicklee T, Woo J, et al. (2005) The as-
sociation of measured breast tissue characteristics with
mammographic density and other risk factors for breast
cancer. Cancer Epidemiol Biomarkers Prev. 14(2):343-9.

McCormack VA, Santos IDOS (2006) Breast density and
parenchymal patterns as markers of breast cancer risk:
A meta-analysis. Cancer Epidemiol Biomarkers Prev.
15(6):1159-69.

U.S Food and Drug (2021) Breast cancer screening: Ther-
mogram no substitute for mammogram.

Kakileti ST, Manjunath G, Madhu H, Ramprakash HV. Ad-
vances in breast thermography. in new perspectives in
breast imaging. InTech.

Quinn TJ, Compton JP (1975) The foundations of thermom-
etry. Rep Prog Phys. 38 151-239.[ResearchGate]

Anderson RR, Parrish JA (1981) The optics of human skin. J
Invest Dermatol. 77(1):13-19.

Hardy JD (1934) The Radiation of heat from the human
body. J Clin Invest. 13(14):615-620.

Hardy JD, Hammel HT, Murgatroyd D (1956) Spectral trans-
mittance and reflectance of excised human skin. J Appl
Physiol. 9(2):257-264.

PrattW K (2014) Introduction to digital image processing.
CRC Press.

Clark C, Vinegar R, Hardy JD (1953) Goniometric spectrom-
eter for the measurement of diffuse reflectance and trans-
mittance of skin in the infrared spectral region. J Opt Soc
Am. 43(11):993-998.

Lawson R (1956) Implications of surface temperatures in
the diagnosis of breast cancer. Can Med Assoc J 75(4):309-
311.

Li CY, Shan S, Huang Q, Braun RD, Lanzen J, et al. (2000) Ini-

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

tial stages of tumor cell-induced angiogenesis: Evaluation
via skin window chambers in rodent models. J Natl Cancer
Inst 92(2):143-147.

Gautherie M (1983) Thermobiological assessment of be-
nign and malignant breast diseases. Am J Obstet Gynecol
147(8):861-869.

Ng EYK, Sudharsan NM (2009) A review of thermography
as promising non-invasive detection modality for breast
tumor. Int J Therm Sci 48(5):849-859.

Yoshida S, Yahara T, Koga T, Nakagawa S, Deguchi H, et
al. (2003) Relationship between microvessel density and
thermographic hot areas in breast cancer. Surg Today
33(4):243-248.

Ng EY, Sudharsan NM (2001) An improved three-dimen-
sional direct numerical modelling and thermal analysis of a
female breast with tumour. Proc Inst Mech Eng 215(1):25-
37.

Head JF, Wang F, Elliott RL (1993). Breast thermography is
a noninvasive prognostic procedure that predicts tumor
growth rate in breast cancer patients. Ann NY Acad Sci.
698:153-158.

Gautherie M, Gros CM (1980). Breast thermography and
cancer risk prediction. Cancer. 45(1):51-56

Amalric R (1982) Does infrared thermography truly have a
role in present-day breast cancer management?. Prog Clin
Biol Res. 107:269-278.

Khan AA, Arora AS (2021) Thermography as an Economical
Alternative Modality to Mammography for Early Detection
of Breast Cancer. J Healthc Eng. 2021:1-8.

Ursin G, Larsen LH, Parisky YR, Pike MC (2005) Great-
ly increased occurrence of breast cancers in areas of
mammographically dense tissue. Breast Cancer Res 7(5):
R605-R608.

Kiymet S, Aslankaya MY, Taskiran M, Bolat B (2019) Breast
cancer detection from thermography based on deep neu-
ral networks.

De Vasconcelos JH, dos Santos WP, de Lima RCF. Analysis of
methods of classification of breast thermographic images
to determine their viability in the early breast cancer de-
tection. IEEE Lat Am Trans 16(1): 1631-1637 (2018).

Souza Marques R, Conci A, Perez M G, Andaluz, VH, et al.
(2016) An approach for automatic segmentation of ther-
mal imaging in Computer Aided Diagnosis. IEEE Lat Am
Trans 14(4): 1856-1865.

Wakankar A, Suresh G R, Ghugare A (2014) Automatic di-
agnosis of breast abnormality using digital IR camera. IEEE.

Gogoi UR, Majumdar G, Bhowmik MK, Ghosh AK (2015)
Breast abnormality detection through statistical feature
analysis using infrared thermograms. IEEE .

Yassin NIR, Omran S, El Houby EMF, Allam H (2018) Ma-
chine learning techniques for breast cancer computer aid-
ed diagnosis using different image modalities: A systematic
review. Comput Methods Programs. Biomed 156: 25-45.

Volume 07 ¢ Issue 08 * 35


https://www.wjgnet.com/2218-4333/full/v5/i3/465.htm
https://link.springer.com/article/10.1007/s00268-007-9454-z
https://link.springer.com/article/10.1007/s00268-007-9454-z
https://link.springer.com/article/10.1007/s00268-007-9454-z
https://linkinghub.elsevier.com/retrieve/pii/S0093775409000372
https://linkinghub.elsevier.com/retrieve/pii/S0093775409000372
https://jamanetwork.com/journals/jama/fullarticle/2463262
https://jamanetwork.com/journals/jama/fullarticle/2463262
https://jamanetwork.com/journals/jama/fullarticle/2463262
https://www.acpjournals.org/doi/10.7326/M15-2886
https://www.acpjournals.org/doi/10.7326/M15-2886
https://www.scielo.br/j/csc/a/D3FP85hWMCXQzDpMWzYSbpQ/?lang=pt
https://www.scielo.br/j/csc/a/D3FP85hWMCXQzDpMWzYSbpQ/?lang=pt
https://pubmed.ncbi.nlm.nih.gov/32644736/
https://aacrjournals.org/cebp/article/14/2/343/257759/The-Association-of-Measured-Breast-Tissue
https://aacrjournals.org/cebp/article/14/2/343/257759/The-Association-of-Measured-Breast-Tissue
https://aacrjournals.org/cebp/article/14/2/343/257759/The-Association-of-Measured-Breast-Tissue
https://aacrjournals.org/cebp/article/14/2/343/257759/The-Association-of-Measured-Breast-Tissue
https://aacrjournals.org/cebp/article/15/6/1159/284551/Breast-Density-and-Parenchymal-Patterns-as-Markers
https://aacrjournals.org/cebp/article/15/6/1159/284551/Breast-Density-and-Parenchymal-Patterns-as-Markers
https://aacrjournals.org/cebp/article/15/6/1159/284551/Breast-Density-and-Parenchymal-Patterns-as-Markers
https://www.fda.gov/consumers/consumer-updates/breast-cancer-screening-thermogram-no-substitute-mammogram
https://www.fda.gov/consumers/consumer-updates/breast-cancer-screening-thermogram-no-substitute-mammogram
https://www.intechopen.com/chapters/56218
https://www.intechopen.com/chapters/56218
https://www.intechopen.com/chapters/56218
https://iopscience.iop.org/article/10.1088/0034-4885/38/2/001
https://iopscience.iop.org/article/10.1088/0034-4885/38/2/001
https://www.researchgate.net/publication/231060446_The_foundations_of_thermometry
https://linkinghub.elsevier.com/retrieve/pii/S0022202X15461251
https://www.jci.org/articles/view/100609
https://www.jci.org/articles/view/100609
https://journals.physiology.org/doi/abs/10.1152/jappl.1956.9.2.257
https://journals.physiology.org/doi/abs/10.1152/jappl.1956.9.2.257
https://www.taylorfrancis.com/books/mono/10.1201/b15731/introduction-digital-image-processing-william-pratt
https://opg.optica.org/josa/abstract.cfm?uri=josa-43-11-993
https://opg.optica.org/josa/abstract.cfm?uri=josa-43-11-993
https://opg.optica.org/josa/abstract.cfm?uri=josa-43-11-993
https://www.semanticscholar.org/paper/Implications-of-surface-temperatures-in-the-of-Lawson/0e200aa32397552f0fe9310fbfd84d05d55ebc13
https://www.semanticscholar.org/paper/Implications-of-surface-temperatures-in-the-of-Lawson/0e200aa32397552f0fe9310fbfd84d05d55ebc13
https://academic.oup.com/jnci/article/92/2/143/2964979
https://academic.oup.com/jnci/article/92/2/143/2964979
https://academic.oup.com/jnci/article/92/2/143/2964979
https://www.sciencedirect.com/science/article/abs/pii/0002937883902363
https://www.sciencedirect.com/science/article/abs/pii/0002937883902363
https://www.sciencedirect.com/science/article/abs/pii/S129007290800149X
https://www.sciencedirect.com/science/article/abs/pii/S129007290800149X
https://www.sciencedirect.com/science/article/abs/pii/S129007290800149X
https://link.springer.com/article/10.1007/s005950300055
https://link.springer.com/article/10.1007/s005950300055
https://journals.sagepub.com/doi/10.1243/0954411011533508
https://journals.sagepub.com/doi/10.1243/0954411011533508
https://journals.sagepub.com/doi/10.1243/0954411011533508
https://nyaspubs.onlinelibrary.wiley.com/doi/10.1111/j.1749-6632.1993.tb17203.x
https://nyaspubs.onlinelibrary.wiley.com/doi/10.1111/j.1749-6632.1993.tb17203.x
https://nyaspubs.onlinelibrary.wiley.com/doi/10.1111/j.1749-6632.1993.tb17203.x
https://acsjournals.onlinelibrary.wiley.com/doi/abs/10.1002/cncr.2820450110
https://acsjournals.onlinelibrary.wiley.com/doi/abs/10.1002/cncr.2820450110
https://pubmed.ncbi.nlm.nih.gov/7167485/
https://pubmed.ncbi.nlm.nih.gov/7167485/
https://www.hindawi.com/journals/jhe/2021/5543101/
https://www.hindawi.com/journals/jhe/2021/5543101/
https://www.hindawi.com/journals/jhe/2021/5543101/
https://breast-cancer-research.biomedcentral.com/articles/10.1186/bcr1260
https://breast-cancer-research.biomedcentral.com/articles/10.1186/bcr1260
https://breast-cancer-research.biomedcentral.com/articles/10.1186/bcr1260
https://ieeexplore.ieee.org/document/8946367
https://ieeexplore.ieee.org/document/8946367
https://ieeexplore.ieee.org/document/8946367
https://ieeexplore.ieee.org/document/8444159
https://ieeexplore.ieee.org/document/8444159
https://ieeexplore.ieee.org/document/8444159
https://ieeexplore.ieee.org/document/8444159
https://ieeexplore.ieee.org/document/7483526
https://ieeexplore.ieee.org/document/7483526
https://ieeexplore.ieee.org/document/7377351
https://ieeexplore.ieee.org/document/7377351
https://ieeexplore.ieee.org/document/7377351
https://linkinghub.elsevier.com/retrieve/pii/S0169260717306405
https://linkinghub.elsevier.com/retrieve/pii/S0169260717306405
https://linkinghub.elsevier.com/retrieve/pii/S0169260717306405
https://linkinghub.elsevier.com/retrieve/pii/S0169260717306405
https://ieeexplore.ieee.org/document/6745362
https://ieeexplore.ieee.org/document/6745362

Page 91

38

39.

40.

41.

42.

43.

44.

Movahedi S, et al.

Comelli A, Bruno A, Vittorio MLD, lenzi F. (2017) Automatic
multi-seed detection for mr breast image segmentation.
Proc Int Conf Image Process ICIP 10484: 706-717.

Oza P, Sharma P, Patel S, Bruno A (2021) A bottom-up re-
view of image analysis methods for suspicious region de-
tection in mammograms. J Imaging 7(9): 190.

Long J, Shelhamer E, Darrell T (2017) Fully convolutional
networks for semantic segmentation. IEEE Trans. Pattern
Anal Mach Intell IEEE T PATTERN ANAL 39(4): 3431-3440.

Xu S, Adeli E, Cheng JZ, Xiang L,Li Y (2020) Mammographic
mass segmentation using multichannel and multiscale ful-
ly convolutional networks. Int Imaging Syst Technol 30(4):
1095-1107.

Utomo A, Juniawan EF, Lioe V, Santika DD (2021) Local fea-
tures based deep learning for mammographic image clas-
sification: In comparison to cnn models. Procedia Comput
Sci 179: 169-176.

Lee J, Nishikawa RM, Automated mammographic breast
density estimation using a fully convolutional network
(2018).Med Phys 45(3): 1178-1190.

Al-Antari MA, Al-Masni MA, Choi MT, Han SM (2018)A ful-
ly integrated computer-aided diagnosis system for digital

45.

46.

47.

48.

49.

50.

X-ray mammograms via deep learning detection, segmen-
tation, and classification. Int J Med Inf 117: 44-54.

Kassani SH, Kassani PH, Wesolowski MJ, Schneider KA
(2019) Deters breast cancer diagnosis with transfer learn-
ing and global pooling. Cs Eess. ArXiv:190911839.

Zuluaga GJ, Al Masry Z, Benaggoune K, Meraghni S, Zer-
houni N, et al (2021) A CNN-based methodology for breast
cancer diagnosis using thermal images. Comput Methods
Biomech. Biomed Eng Imaging Vis. 9(2):131-145.

Silva LF, Sequeiros G, Silva AC, Paiva A (2014) A new data-
base for breast research with infrared image. ] Med Imag-
ing Health Inform. 4(1): 92-100.

Marques RDS (2012) Automatic segmentation of thermal
mammogram images, dissertation. |IEEE

Kandlikar SG (2017) Infrared imaging technology for breast
cancer detection — current status, protocols and new
directions. Int J Heat Mass Transf 108: 2303-2320.[Re-
searchGate]

Simonyan K, Zisserman A (2015) Very deep convolution-
al networks for large- scale image recognition. Cs. ArX-
iv:14091556.

Volume 07 ¢ Issue 08 * 35


https://link.springer.com/chapter/10.1007/978-3-319-68560-1_63
https://link.springer.com/chapter/10.1007/978-3-319-68560-1_63
https://www.mdpi.com/2313-433X/7/9/190
https://www.mdpi.com/2313-433X/7/9/190
https://www.mdpi.com/2313-433X/7/9/190
https://ieeexplore.ieee.org/document/7478072
https://ieeexplore.ieee.org/document/7478072
https://onlinelibrary.wiley.com/doi/10.1002/ima.22423
https://onlinelibrary.wiley.com/doi/10.1002/ima.22423
https://onlinelibrary.wiley.com/doi/10.1002/ima.22423
https://www.sciencedirect.com/science/article/pii/S1877050920324649?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S1877050920324649?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S1877050920324649?via%3Dihub
https://aapm.onlinelibrary.wiley.com/doi/10.1002/mp.12763
https://aapm.onlinelibrary.wiley.com/doi/10.1002/mp.12763
https://www.sciencedirect.com/science/article/abs/pii/S1386505618302880
https://www.sciencedirect.com/science/article/abs/pii/S1386505618302880
https://www.sciencedirect.com/science/article/abs/pii/S1386505618302880
https://www.sciencedirect.com/science/article/abs/pii/S1386505618302880
https://ieeexplore.ieee.org/document/8939878/
https://ieeexplore.ieee.org/document/8939878/
https://www.tandfonline.com/doi/full/10.1080/21681163.2020.1824685
https://www.tandfonline.com/doi/full/10.1080/21681163.2020.1824685
https://www.ingentaconnect.com/content/asp/jmihi/2014/00000004/00000001/art00015;jsessionid=4vkaldwrqgn57.x-ic-live-03
https://www.ingentaconnect.com/content/asp/jmihi/2014/00000004/00000001/art00015;jsessionid=4vkaldwrqgn57.x-ic-live-03
https://ieeexplore.ieee.org/document/7286988
https://ieeexplore.ieee.org/document/7286988
https://www.sciencedirect.com/science/article/abs/pii/S0017931016336031?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S0017931016336031?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S0017931016336031?via%3Dihub
https://www.researchgate.net/publication/313421864_Infrared_imaging_technology_for_breast_cancer_detection_-_Current_status_protocols_and_new_directions
https://www.researchgate.net/publication/313421864_Infrared_imaging_technology_for_breast_cancer_detection_-_Current_status_protocols_and_new_directions
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556



