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Abstract

This paper presents a novel approach to breast cancer screening using infrared (IR)
imaging. This work encompasses four phases: Refining data collection, advancing
analysis methods, and enhancing feature extraction with machine learning. The
developed system employed a temperature-controlled chamber with rotational
thermography techniques to maintain consistent temperatures and capture high-
quality IR images and all possible subject views. The paper describes four key
experiments to detect breast cancer using IR imaging. The experiments involved the
use of dynamic temperature-based data collection and a semi-circular arc movement
to ensure precise imaging, keeping the object in focus. Initial experiments involved
the use of dynamic temperature-based data collection and a semi-circular arc
movement to ensure precise imaging focus. The final experiment incorporated a
semi-circular arc movement. For each subject, 32 thermal IR images were acquired,
targeting one breast at a time while isolating the other with an IR-proof barrier. The
collected datasets were used for breast abnormality detection. The analyzed results
revealed that support vector machine and neural network algorithms achieved an
accuracy rate of 93.18%. The system’s installation at a hospital in India allowed for
real-world application and validation. The final study, which introduced a new IR
imaging protocol, demonstrated improved results compared to earlier pilot studies.
This method enhances the accuracy of distinguishing malignant and benign tumors,
supporting early breast cancer detection and treatment. The proposed methodology
addresses data collection and analysis challenges, leading to improved screening
efficiency and better patient outcomes.

Keywords: Infrared technology; Thermal imaging; Breast cancer screening; Dynamic
data; Data collection methods; Rotational thermography

1. Introduction

Infrared (IR) technology-based imaging has emerged as a versatile medical imaging
technique, facilitating the capture of temperature distributions across the human body’s
surface. IR imaging has gained attention in medical diagnosis by complementing other
imaging methods. Notably, studies have highlighted a correlation between malignant
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breast tumors and elevated temperatures, prompting
consideration of IR imaging as a valuable tool for breast
cancer detection.

In recent years, the global rise in breast cancer incidence
has spurred extensive research into IR imaging for breast
cancer diagnosis. Prior research has explored thermal
imaging for various medical applications, including
diabetic foot disease, ocular surface temperature analysis,
and tumor detection’® Click or tap here to enter text.
Click or tap here to enter text. Click or tap here to enter
text. Click or tap here to enter text. Click or tap here to
enter text. Studies investigating breast cancer detection
through thermal imaging have examined bi-spectral
invariant features, color segmentation techniques, and
deep learning-based segmentation methods’* Click or tap
here to enter text. Click or tap here to enter text. Click or
tap here to enter text. Click or tap here to enter text. Click
or tap here to enter text. Click or tap here to enter text.
Click or tap here to enter text. A novel method combining
rotational thermography and dynamic temperature
analysis has been developed to address challenges in
breast cancer screening"” Click or tap here to enter text.
Click or tap here to enter text. This non-contact, non-
invasive approach enhances the visibility of abnormalities
in breast tissue, improving detection accuracy. Machine
learning algorithms trained on extracted features aid in
distinguishing normal from abnormal patterns. Earlier,
EtehadTavakol et al.”'* achieved high detection rates using
bi-spectral invariant features and K-means clustering for
segmentation.”® Gardufo-Ramén et al' introduced
a non-invasive tool utilizing temperature and texture
features, yielding promising results'! Various segmentation
techniques, including K-means, fuzzy c-means (FCM), and
expectation-maximization (EM) algorithms, have been
explored, with the EM algorithm demonstrating superior
accuracy''? Click or tap here to enter text. Venkataramani
et al'*1%2 proposed a semi-automated method using
morphological filtering and thresholding, achieving high
sensitivity and specificity.!'**!¥2* Deep learning-based
approaches, such as the level-set method, have shown
high accuracy in segmenting suspicious regions in breast
thermograms.®*** Thermal imaging has also been utilized
for brain tumor detection, highlighting its versatility in
medical diagnostics.!*2>%

While IR imaging shows promise for breast cancer
screening, challenges remain, including standardization
of temperature values and the need for trained personnel.
IR Imaging researches also focus on optimizing machine
learning algorithms, integrating advanced imaging
techniques, and exploring novel optimization algorithms
for enhanced diagnosis and classification.?**

However,oneofthe primary challengesliesin establishing
precise temperature thresholds to differentiate malignant
tumors amidst variations in individual heat sources due to
diverse medical and physical conditions. Addressing this
challenge is crucial in developing effective breast cancer
screening systems. This study presents a novel, non-contact,
non-invasive breast imaging method capable of capturing
comprehensive abnormalities. Several obstacles confront
researchers in the development of IR imaging-based breast
cancer screening systems, including the surge in breast
cancer cases, the cost and invasiveness of current screening
modalities, challenges in tracking malignancy progression,
poor visibility of affected anatomical areas, patient
discomfort during examinations, and shortages of skilled
medical professionals. Table 1 summarizes the earlier works
and comparison with the approach used in this study. This
research endeavors to overcome these challenges through
an efficient data collection process and systematic stages of
system development for IR image processing techniques.
Conducted at a prominent hospital in northeast India, the
study comprises four research phases: Three pilot studies
(Phase 1 [PS1], Phase 2 [PS2], and Phase 3 [PS3]) and a final
study (FS). The study evolves to optimize imaging quality
by transitioning from low-resolution forward-looking IR
(FLIR) SC-325 cameras in the initial phases to Infratec HD
600 and FLIR T-650 cameras in subsequent phases. The
study aimed to develop an efficient and accurate thermal
imaging system for breast cancer screening. It progressed
through four phases, refining data collection methods and
improving imaging results.

In PS1 and PS2, conventional imaging approaches were
employed, but challenges such as varied focal lengths and
patient movement resulted in unsatisfactory images. PS3
introduced a semi-circular arc for camera movement,
allowing for precise focus on one breast at a time, though
manual adjustments and open environments presented
difficulties. Findings from PS3 and FS underscore the
necessity of mounting the IR camera on a motorized
mechanical arm capable of rotational thermography,
enabling comprehensive imaging coverage. In the final
phase (FS), a temperature-controlled chamber and
automated hardware and software provided a standardized,
touchless, and painless imaging process with an accuracy
rate of 93.18% for detecting abnormalities. Data analysis
evolved from conventional methods to advanced
techniques in PS3 and FS, employing clustering methods
and references from ultrasonography (USG) and biopsy
reports. Mean temperature and standard deviation analyses
further enhance detection precision. The study included
diverse breast cancer subtypes and stages, demonstrating
the system’s applicability across various scenarios. Control
groups provided benchmarks for assessing accuracy and
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Table 1. A summary table of earlier works and a comparison with our approach

Study Findings Pros Cons Uniqueness of our study
Etehad Tavakol High detection rates using bi-spectral ~ High detection rates; Limited scope; may Our study expands on bi-spectral
et al.”"° invariant features and K-means effective segmentation lack versatility across  invariant features with more advanced

clustering for segmentation.”' technique.

different conditions.

machine learning algorithms.

Gardufio-Ramoén

Non-invasive tool utilizing temperature Non-invasive; promising

May require further

Our study includes more precise

et al.! and texture features, yielding promising outcomes. optimization for temperature controls and advanced
results." diverse cases. segmentation techniques.
Various K-means, fuzzy c-means, and EM Superior accuracy with ~ May face challenges in ~ Our study integrates advanced
segmentation algorithms were explored, with EM EM algorithm. real-time applications. techniques, including fuzzy c-means
techniques showing superior accuracy.'"'? clustering, for better real-time
outcomes.
Venkataramani Semi-automated method using High sensitivity and Semi-automated Our study uses a fully automated
et gl 10131822 morphological filtering and specificity. methods may still approach with robotic arm movement
thresholding, achieving high sensitivity require human and data processing.
and specificity.'*131522 intervention.
Deep High accuracy in segmenting High accuracy in Deep learning models ~ Our study applies machine learning
learning-based suspicious regions in breast segmentation. may require large in tandem with a novel data collection
approaches thermograms.”* datasets for training. ~ protocol for more comprehensive

results.

General challenges Standardization of temperature values;
in IR imaging need for trained personnel; variability
in individual heat sources.”**

Promising results in
detecting abnormalities.

Difficulty in
establishing precise
temperature
thresholds.

Our study introduces a non-contact,
non-invasive approach with precise
temperature control for improved
results.

Abbreviations: EM: Expectation-maximization; IR: Infrared.

specificity. Neural network (NN) parameters and pattern
recognition tools assessed the system’s performance with
high accuracy rates across different phases.

2.Data and methods
2.1. Data collection

In PS1, data collection was undertaken following the
technique previously described in the literature.'**
The subject was seated in front of the camera with both
hands raised upward, as illustrated in Figure 1A. In PS2,
the subject was seated similarly to PS1 with two cameras
deployed at two corners for IR image acquisition.'****
Figure 1B illustrates the setup for the same.

Several modifications were carried out in the imaging
process based on the doctors’ guidance. One modification
was placing a camera in a fixed position with the patient
seated on a rotating chair. In this case, images were acquired
from various predetermined angles. The data collection
angles are 0°, 30°, 60°, 90°, 120°, 150°, and 180° from the
initial position. Since the patient was rotating, focusing on
a specific breast was challenging. It also led to a shifting
region of interest (ROI) in the images. This variation in
focal length led to unsatisfactory imaging results.

The subsequent logical adaptation was repositioning
the camera while keeping the patient stationary. However,
a significant challenge arose in obtaining a clear IR image

of the breast from a particular angle, as the camera
movement and rotation caused the images to overlap. This
resulted in the inner quadrant of one breast’s IR image
being superimposed by the other breast’s outer quadrant.

Accordingly, a significant modification was made to
address this concern in PS3, as illustrated in Figure 1C.
The patient was seated in a fixed position, and the camera
moved in a semi-circular arc on an arm-based arrangement.
A tabletop mechanical arrangement was developed to
ensure that only one breast was focused at the pivot point of
the semi-circular arc. The second breast was isolated from
the camera view by covering it with an IR-proof barrier.
A tabletop setup of PS3 is shown in Figure 2.

Finally, rotational thermography was set up in the FS.
A camera rotated in a semi-circular arc and stopped at
different angles, with the patient seated in a fixed position.
The arrangement is illustrated in Figure 3.

It comprises an enclosed chamber with a breast-shaped
grooved hole through the chamber wall. The patients’
breasts are positioned one at a time through this hole for IR
imaging. The distance from the camera to the subjectis 1 m,
the minimum focus distance of the IR camera calibrated
by the manufacturer at a thermal laboratory. The ground
clearance of the system was 0.76 m. A total of 32 thermal
IR images were acquired for each subject, with 16 images
acquired at a higher ambient temperature, for example,
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Figure 1. Illustration of different patient sitting positions during phases. (A) Data acquisition in Phase 1 with a sample infrared (IR) image. Infrared images
were collected using a single IR camera while the patient sat on a rotating chair. (B) Data acquisition in Phase 2 with a sample IR image collected using a
dual infrared camera while the patient sat on a rotating chair. (C) Data acquisition setup in Phase 3. Infrared images were collected using a single IR camera
while the patient sat on a chair. The camera setup rotated on a tabletop setup. Note: Infrared images shown here were collected during data collection.

Tllustrations were created using MS Paint.

Different data
capturing
positions

Breast shaped
grooved hole

Arm rotation
pivot point

Subject sits
here

Infrared image
data capture
interface

Operator
stands here

Infrared
camera
rotation path

Infrared
camera facing
a grooved

Figure 2. Table-top setup for rotational thermography (Phase 3). The setup images shown here were collected during data collection.

25°C, and the other 16 at a lower ambient temperature, for
example, 23°C. The temperature variation between the two
ambient conditions was 2°C. The IR images were acquired
every 30° from 0 to 180°.

Initially, 14 IR images (seven for each breast) and two
from the axilla (one from each side) were taken from each
IR image set at a particular ambient temperature. During
data collection, 17 steps were taken to position and focus
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the camera at a particular angle to capture the required IR
breast images. These steps are detailed in Table 2. After
allowing the ambient temperature to reduce by 2°C through
the temperature controller of the air conditioner (AC), the
second set of data was acquired. Accordingly, 32 IR breast
images were collected over both ambient temperatures.
This method is termed dynamic temperature-based data
collection.

Protocol-wise, the room temperature is adjusted for each
subject in the FS. Controlling the room’s temperature and
maintaining it at a specific value effectively and quickly was
difficult for each patient. The tabletop rotating mechanical
setup placed the IR image-capturing system in an airtight
chamber to overcome this problem. The temperature
inside this chamber was externally regulated through a
portable AC. The room temperature was maintained at a
constant value through the room AC. This setup is shown
in Figure 4.

2.2, Data analysis

In thermal imaging, the camera is the primary device for
acquiring the datatobe analyzed for breast cancer screening.
While previous studies are based on this methodology,
their technique is different and not in consonance with the

imaging system to generate appropriate images considering
variations in temperature and other physical conditions
that influence imaging. Hence, detailed knowledge and
appropriate system adaptation are essential. Without such
intelligent data collection processes, data analysis is crucial
for algorithmic perfection and improved machine learning
performance.”! Therefore, integrating data collection
and analysis while exploring the impact of environmental
conditions on IR imaging is essential and required at every
step for optimal system performance.

While some researchers have developed data collection
protocols, the data analysis algorithms are unsuitable for
integration with IR image processing techniques, resulting
in poor execution for the breast cancer screening system.
This study integrated IR image processing techniques
into the system at every stage, leading to efficient system
development and gradual software evolution. This results
in an effective IR image processing algorithm. Previous
studies used online databases like Thermalytix” to
develop IR imaging algorithms. However, its real-life
implementation had a limitation as this database needs
more information for such development. Therefore, a novel
data collection protocol was developed and implemented
in the FS to overcome this limitation.

Figure 3. Rotational thermography setup in the final study consisting of an infrared camera in a temperature-controlled enclosure. Infrared images were
collected using a single infrared camera while the patient sat on a chair. The camera setup rotated on a tabletop setup that was enclosed by a temperature-
controlled chamber. The infrared images shown here were collected during data collection. Illustrations were created using MS Paint

Table 2. Details of the research phases and evolution to the final stage

Phase Description No. of patients

Design setup Challenges/observations

PS1  Two low-resolution cameras were used for 71 Subject is seated in front of the  Skilled personnel are required for data
image acquisition from 45° angles. cameras with raised hands. collection and analysis.

PS2 A single camera was fixed, and images were 10 Fixed camera setup with a Challenging to focus on a specific breast
acquired from various angles while the patient rotating chair. due to patient rotation.
was seated on a rotating chair.

PS3  Exploration of different positioning 33 Semi-circular camera movement Manual hardware movement and difficulty
techniques in an open space air-conditioned with one breast focused and the  in controlling ambient temperature.
room. other covered.

FS Rotational thermography in a 88 Rotating camera in a Automated hardware movement and

temperature-controlled chamber.

semi-circular arc.

standardized protocol in an enclosed
environment.

Abbreviations: FS: Final study; PS: Phase.
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2.3. IR-image feature-based analysis technique

In PS1and PS2, the IR images were analyzed conventionally,
following the method adopted in previous studies. The
features extracted were the mean, median, mode, standard
deviation, histogram, and maximum value. Analysis
was conducted in consultation with doctors, but no
reference was made to IR images acquired through USG,
mammography, or biopsy.

In PS3, the primary reference source was the USG
and biopsy reports obtained through other modalities. IR
image-based clustering was used for image segmentation
and to extract the ROL

The mean temperature of each ROI, interpreted
as different body temperature zones, was used as the
discriminating feature. IR image K-means clustering
was used for clustering the other image features.'>*?
The clustering method was gradually improved, and the
number of clusters was optimized from 20 to seven based
on experimental validation by consulting doctors based on
abnormalities found in the USG and biopsy reports. This
study extracted temperature-based clustering features for
IR image segmentation for 33 subjects.® In the next stage of
development (FS), the image background and foreground
were separated through FCM clustering.” Figure 5 shows
the variation in the IR breast images captured from different
angles, with the abnormality detected by the software and
doctors as irregular and box-shaped ROI, respectively.

Final IR image analysis was accomplished after
integrating the temperature-controlled enclosure into
the system. The higher ambient temperature state was
chosen as the reference temperature. The ROI was divided
into seven clusters through K-median clustering and was
defined as the features in the machine learning algorithm
for processing. Seven clusters were finalized based on
experimental validation of the abnormality found in
the USG and biopsy reports by the consulting doctors.

Infrared camera facing
the grooved hole

Breast shaped
grooved hole

Infrared camera
rotation path

Subsequently, another dataset was acquired in the lower
ambient temperature state. The differences between the two
datasets were the key discriminating features for analysis.
This novel analysis technique was tested on 88 subjects
from a hospital in northeast India. Figure 6 displays the
frontal view of the IR images of a subject’s affected and
normal breasts, highlighted by the red and blue zones,
respectively.

2.3.1. Temperature area clustering method

The number of pixels corresponding to each temperature
cluster zone was recorded during IR image analysis. The
total number of pixels represented the area of each zone.
For example, the camera used in this study captures a 640
x 480-pixel IR image, which is considered to be 100%
area. Accordingly, if a particular zone had 7962 pixels, it
spread over 2.59% of the IR image and was known as a
percent area cluster. The distributions of these area zones
across different temperatures are depicted in Figure 7
using bar plots. Higher temperature regions indicative of
abnormalities are conventionally represented in specific
colors. The color scale in the figure does not mark the
seven cluster zones described in this paper. Instead, it
only demonstrates the color temperature relative to the IR
image, while the clusters are outlined plots overlayed on
the IR image.

Figure 7 illustrates the real-world implications of the
temperature zone versus percent area cluster analysis.
For the patient in question, imaging at a higher ambient
temperature revealed that the right breast had 14.91% of its
area at 34.59°C (zone 0). When the ambient temperature
was lowered, the area of the right breast at 34.43°C increased
to 15.89% (zone 0). Since the highest body temperature
did not decrease with a change in ambient temperature,
we concluded that the right breast had an abnormality.
Conversely, for the left breast, the highest temperature at a
higher ambient temperature was 33.50°C, covering 0.59%

Different data capturing positions
set by the electronic circuit

\
arrangements

Infrared image data capturing
interface (Infrared image)

Subject sits here

Temperature controlled enclosure

Figure 4. Rotational thermography setup in a temperature-controlled enclosure. Setup images shown here are collected during data collection
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Position 1

Position 3 Position 4

Position 2

' 35
© 34
+ 33
© 32

31

‘28
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Figure 5. Region of interest of detected abnormality on infrared breast images captured from different angles. Infrared images shown here were collected

during data collection. Illustrations were created using MS Paint.
Abbreviation: USG: Ultrasonography.

360
355

Figure 6. Frontal view of the infrared images of the affected (right) and normal (left) breast. Infrared images shown here were collected during data

collection. Illustrations were created using MS Paint.

of the area (zone 1). While the ambient temperature was
lowered, 0% of the area was at that temperature (zone 1).
Instead, the highest temperature was shifted to zone 2,
which dropped to 0.70% of the area. This implies that the
body temperature of the left breast significantly decreased
with a change in ambient temperature, implying no
abnormality.

The temperature area clustering method and its related
algorithm were implemented through LabVIEW, which has
been copyrighted. Utilizing the LabVIEW environment for
image analysis and validation through clinical summary
reports, this study introduces an intelligent data collection
protocol to enhance system performance, building upon
previous research. Ethical approval from the Cachar Cancer
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Figure 7. Percent area and temperature zone for two ambient temperatures. Illustrations were created using MS Paint.
Abbreviation: Temp: Temperature.

Hospital and Research Centre IRB/Ethics Committee
ensures adherence to rigorous ethical standards in research
conduct.

3. Results and discussion
3.1.Result A

The study aimed to develop an efficient and accurate
imaging system for breast cancer screening using thermal
imaging techniques. Four phases were conducted to refine
the data collection process and improve imaging results.
The challenges and observations encountered in each
phase led to the development of a more advanced and
reliable system in the FS.

In PS1, data acquisition utilized two low-resolution
FLIR cameras. The patients were seated in front of the
cameras with both hands raised upward. Fixed angulated
images were taken from a 45° angle. Skilled personnel
were required for data collection and analysis, making it a
human-dependent process. This approach provided initial
insights into the use of thermal imaging for breast cancer
screening.

In PS2, a similar setup to PS1 was used, but with one
FL SC325 camera, and angular views were captured. The
camera was fixed while the patient sat on a rotating chair,
and images were acquired from various predetermined
angles. However, the patient’s rotational movement made
it challenging to focus on a specific breast, leading to

variations in focal length and unsatisfactory imaging
results.

To address these challenges, PS3 introduced rotational
thermography. The patient was seated in a fixed position,
and the camera moved in a semi-circular arc on an arm-
based arrangement. A tabletop mechanical setup ensured
that only one breast was focused at the arc’s pivot point
while the other breast was covered with an IR-proof
barrier. This modification improved control and focus on a
single breast, improving imaging results. However, manual
hardware movement and data collection in an open-space
environment pose difficulties in maintaining reliable and
standardized data.

Finally, in the FS phase, a temperature-controlled
chamber was introduced to overcome the challenges
faced in previous phases. The camera was set to rotate in
a semi-circular arc and stop at various angles while the
patient remained fixed. The enclosed chamber provided a
controlled environment for data collection, eliminating the
need for manual temperature control. Thirty-two thermal
IR images were captured for each subject at higher and lower
ambient temperatures. This phase employed robotic arm-
based automated hardware movement and an automated
software analysis tool, resulting in a standardized protocol
and improved data collection system.

The proposed imaging system showcased several salient
features, including a touchless and painless process for
maximum patient comfort, a rotating gantry for acquiring

Volume 1 Issue 3 (2024) 7

doi: 10.36922/aih.3312


https://dx.doi.org/10.36922/aih.3312

Artificial Intelligence in Health

Rotational thermography for breast cancer screening

different angles of the breast, dynamic IR image collection
in a temperature-controlled enclosed chamber, and a
simplified user interface for data collection, analysis, and
interpretation.

Regarding data analysis techniques, PS1 and PS2
followed conventional methods used in previous studies.
Features such as mean, median, mode, standard deviation,
histogram, and maximum value were extracted from
the IR images. However, no reference was made to
images acquired through other modalities, such as USG,
mammography, or biopsy. The PS3 and FS are complete
with the information about PS1 and PS2, assessed for their
value in the research article.

In PS3, a shift toward a more comprehensive analysis
technique was observed. The primary reference source
became the USG, and biopsy reports were obtained
through other modalities. IR image-based clustering was
employed to segment and extract the ROIL The mean
temperature of each ROI was used as a discriminating
feature, and K-means clustering was applied to cluster
other image features. The clustering method was gradually
improved, and the number of clusters was optimized based
on experimental validation and consultation with doctors.

The FS phase enhanced the data analysis technique by
separating the image background and foreground through
FCM clustering. This allowed for better detection and
delineation of abnormalities in the IR breast images. The
collaboration between software analysis tools and medical
experts resulted in identifying irregularly shaped and
box-shaped ROIs as potential abnormalities, as shown in
Figure 5.

The study demonstrated the importance of integrating
data collection and analysis techniques to improve the
performance of breast cancer screening systems using IR
thermography. The iterative improvements in the data
acquisition setup and analysis algorithms led to a more
standardized and efficient process. With its temperature-
controlled chamber, rotating camera setup, and automated
analysis tools, the FS phase showed promising results for
accurate and reliable breast cancer screening.

The data presents a comprehensive overview of breast
cancer subtypes, sizes, and stages within the examined
cohort, providing valuable clinical context. The subtype’s
distribution includes 63% for ductal carcinoma in situ,
25% for invasive ductal carcinoma, 8% for invasive lobular
carcinoma, and 4% for other subtypes. Cancer sizes ranged
from 0.8 cm to 5.6 cm, with an average size of 2.3 cm.
Regarding cancer stages, 42% were Stage I, 33% were Stage
I1, 15% were Stage ITI, and 10% were Stage IV. These insights
into the cohort’s diversity enhance the system’s applicability

across various breast cancer scenarios. Table 3 displays the
patient data table with all the patients’ demographics and
the disease stage.

In terms of control, the study employed a comprehensive
diagnostic approach, including comparisons between
symptomatic and asymptomatic patients, various imaging
techniques, and cross-referencing with other diagnostic
methods. This control approach thoroughly assessed the
system’s performance and reliability in different clinical
contexts.

Healthy patients were recruited as controls, providing
a benchmark for assessing the system’s accuracy and
specificity. Their demographics included a diverse range
of ages and breast health statuses, reflecting the general
population and allowing for a comprehensive evaluation of
the system’s performance across different patient profiles.

The correlation between temperature and readouts is
critical for evaluating the breast cancer screening system
using IR thermography. Analyses of mean temperature and
standard deviation showed the system’s ability to identify
potential abnormalities based on temperature variations
in breast tissue. Improved clustering techniques in later
phases enhanced the precision of detecting abnormalities.
Overall, the positive correlation between temperature and
readouts highlights the system’s potential as an effective
diagnostic tool for breast cancer screening.

3.2.ResultB

A meticulous qualitative statistical analysis evaluated
abnormality detection accuracy in the captured IR
images. Table 4 comprehensively summarizes the
detected abnormalities and their corresponding accuracy
percentages for each study phase. Notably, a progressive
enhancement in accuracy was observed throughout the
study duration, with PS3 and the final stage (FS) achieving

Table 3. Patient data table with all the demographics of the
patients and the stage of disease

Category Percentage Details

Subtypes 63 Ductal carcinoma in situ
25 Invasive ductal carcinoma
8 Invasive lobular carcinoma
4 Other subtypes

Tumor sizes Range 0.8 -5.6cm
Average 2.3 cm

Stages 42 Stage I
33 Stage 11
15 Stage III
10 Stage IV
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Table 4. Comparison of studies in the population-based case-control study

Phase Data collection Number of Mode TP TN FP FN Sensitivity (%) Specificity (%) Accuracy (%)
subjects

PS1 During June 2015 - June 2016 71 Manual This study was not done on preliminary collected dataset

PS2 During June 2016 - Aug 2016 10 Manual 1 6 2 1 50% 75% 70%

PS3 October 2017 33 Semi-automated 9 19 4 1 90.00% 82.61% 84.84%

FS November 2017 - September 2019 88 Automated 23 59 1 5 82.14% 98.33% 93.18%

Abbreviations: EM: Expectation-maximization; FN: False negative; FP: False positive; FS: Final study; IR: Infrared; PS: Phase; TN: True negative.

notably higher detection rates compared to the initial
phases (PS1 and PS2). These findings underscore the
efficacy of the developed system in identifying potential
abnormalities indicative of breast cancer.

In PS1, involving a cohort of 71 patients, the system
detected 23 abnormalities. This phase used a manual
evaluation process, and a case—control-based study
was not conducted. In PS2, with a smaller sample size
of 10 patients, the system detected five abnormalities,
resulting in an accuracy rate of 70%. The sensitivity in this
phase was 50%, meaning half of the actual positives were
correctly identified, and the specificity was 75%, indicating
a better performance in correctly identifying true
negatives. The calculated area under the receiver operating
characteristic curve (AUC) for this phase is 0.625. Despite
the reduced sample size, the system demonstrated promise
in identifying abnormalities.

PS3 marked a significant advancement, encompassing
33 patients. The system detected 30 abnormalities, yielding
an impressive accuracy rate of 84.84%. The sensitivity
was 90%, highlighting the system’s enhanced ability to
identify actual positives correctly. The specificity improved
to 82.61%, indicating fewer false positives. These metrics
underscore the advancements in positioning techniques
and enhanced image quality. The calculated AUC for this
phaseis 0.863, showcasing significant overall discriminative
power in distinguishing between positive and negative
cases. Phase 4 (FS), involving 88 patients, exhibited the
highest performance with an accuracy rate of 93.1%. The
sensitivity was 82.14%, showing a high true positive rate,
and the specificity reached 98.33%, indicating an excellent
true negative rate. These results underscore the system’s
capability to identify potential abnormalities indicative of
breast cancer. This phase illustrates the system’s reliability
and effectiveness, providing a promising tool for early
detection and enhancing patient outcomes. The calculated
AUC for this phase is 0.902, further highlighting the
systenv’s discriminative power in distinguishing between
positive and negative cases.

The study ensured robust model evaluation by dividing
the data into distinct phases (PS3 and FS) for training,

validation, and testing. In PS3, the training set consisted
of 23 subjects (368 images), with five subjects (80 images)
each for validation and testing. For FS, 62 subjects (992
images) were used for training, while 13 subjects (208
images) each were allocated to validation and testing.
This approach allowed for efficient model tuning and
performance evaluation on unseen data, improving the
model’s reliability. The results of the NN tools generated
are shown in Figures 8 and 9.

The NN parameters included the distribution of different
area zones corresponding to different temperatures.
Specifically, the study recorded the number of pixels
corresponding to each temperature cluster zone, using this
as the area of that zone. The IR images (640 x 480 pixels)
were considered 100% area, and the NN analyzed how
different area zones were distributed across the images.
The network’s parameters included seven zones in two
ambient temperatures across 16 images per subject. The NN
parameters typically included the number of Layers: Three
hidden layers; learning rate: 0.001; optimization function:
Adam optimizer. Pattern recognition tools were used
for image classification and assessed through confusion
matrices for accuracy and performance validation. The study
employed 5-fold cross-validation as the validation technique
for machine learning algorithms, ensuring a thorough and
reliable evaluation of the model’s performance. This method
involves dividing the data into five subsets and training the
model 5 times, each using a different subset as the validation
set and the remaining subsets as the training set. This
approach allowed for a comprehensive evaluation of the
NN’s ability to identify abnormalities.

Furthermore, mean temperature and standard deviation
analysis were conducted to assess the stability and variation
of temperature measurements across different phases.
Mean temperature was calculated as the sum of individual
temperatures divided by the total number of subjects,
providing insights into temperature stability. On the other
hand, standard deviation offered valuable information
regarding temperature variation within the dataset.

The confusion matrices in Figures 8 and 9 show the
classification outcomes of the NN pattern recognition tool
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Figure 8. Neural network classification results of the training and testing datasets for breast abnormality detection for PS3 (33 subjects). The results
illustrate model tuning and performance evaluation. The image was created using Matlab software.
Abbreviations: CE: Cross-entropy; %E: Percentage of correctly classified elements.

for population-based case-control studies in PS3 and FS,
respectively. These matrices offer a visual representation
of the classification performance, aiding in assessing the
systeny’s accuracy and reliability.

The developed system’s exceptional accuracy for
screening breast abnormalities and detecting malignant
tumors was validated at 93.18%, underscoring its reliability
and effectiveness.

Finally, Table 4 provides a comparative analysis of
studies conducted in population-based case-control
settings, elucidating the progression and refinement of
the system across different phases. This comprehensive
comparison offers insights into the system’s evolution and
performance enhancements.

4, Discussion

This system has been installed at a renowned hospital
in North-east India, known for its mass screening
capabilities. The subsequent product deployment will
include installations at various hospitals across India,
leveraging the system’s superior performance and excellent
output based on the second dataset acquired through our
proposed IR image acquisition and analysis technique.

The study utilized a double-blind validation method
where expert doctors and reviewers provided both
quantitative and qualitative feedback. This approach
ensured an impartial evaluation of the models
performance, as the experts and reviewers were unaware
of the algorithm’s predictions during the assessment. The
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Figure 9. Neural network classification results of the training and testing datasets for breast abnormality detection for the final study (88 subjects). The
results display model tuning and performance evaluation. The image was created using Matlab software.
Abbreviations: CE: Cross-entropy; %E: Percentage of correctly classified elements.

method was rigorously applied across all 88 subjects in the
FS phase.

Focused on IR imaging, the study recorded the number
of pixels corresponding to each temperature cluster zone
and used this information to quantify areas of interest.
Given the 640 x 480-pixel IR images, each subject’s dataset
included seven zones across two ambient temperatures for
16 images (total number of image data= [71 x 2] + [10 x 4] +
[33 x 32] + [88 x 32] = 4054).

The study’s primary focus was to explore innovative IR
imaging techniques and related features for breast cancer
screening. We aimed to investigate temperature-based
imaging and machine-learning algorithms as alternative
diagnostic methods. This approach allowed us to detect
thermal patterns and variations that could indicate potential

abnormalities, providing a different perspective on breast
cancer screening. Although integrating these traditional
measures could enhance the study, our concentration was
on advancing the field of IR imaging to contribute valuable
knowledge to breast cancer screening.

The system’s repeatability was confirmed by imaging the
same breast 5 times, demonstrating high consistency with
minimal variability. Results across trials were consistent,
as evidenced by acceptable statistical measures, including
standard deviation and coefficient of variation, affirming
the system’s accuracy and clinical viability for breast cancer
screening.

Clinical implications and utility: the findings regarding

their clinical implications and the systems utility in breast
cancer diagnosis and population screening have been
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explored. Results indicate the system’s promise as an
effective diagnostic tool for early detection of high-risk
individuals. The system’s non-invasive and non-contact
nature makes it well-suited for population screening,
despite challenges with ambient temperature adjustments.

After considering the experts’ concerns, we conducted
a thorough comparative analysis, including using the
system with biopsy and USG. This analysis was carried out
with great attention to detail. This analysis addresses the
expert’s and concerned doctors’ request for a comparison
with established diagnostic methods. The system exhibited
a sensitivity comparable to that of biopsy (90.2% vs. 88.6%)
and USG (90.2% vs. 89.7%). Furthermore, the system
displayed competitive specificity, with respective values of
82.8%, 84.6%, and 82.4% for biopsy, USG, and the system.
This comprehensive analysis not only addresses reviewers’
concerns but also underscores the potential utility of the
system as a valuable diagnostic tool.

5. Conclusion

IR imaging plays a crucial role in various medical
applications, emphasizing IR image acquisition
techniques. This paper reported different types of IR image
acquisition systems based on trials in a hospital setup
and conclusively identified the superior one. Key features
of the proposed imaging system include a touchless and
painless IR camera-based system for maximum patient
comfort; gantry rotation for acquiring multiple breast
angles; dynamic IR image collection within a temperature-
controlled chamber; and a simplified user interface for
data collection by technicians, IR image analysis experts,
and doctors.

The primary challenge in this study was managing
patients with varied health conditions. During the early
stages of development, patients had to wait a long time
to reach a stable room temperature. However, as the
development of the novel data acquisition technique
progressed, the evolved system became more user-friendly
and efficient regarding imaging quality. The next challenge
addressed was maintaining a constant ambient temperature
during data collection, which was the most difficult task. It
was overcome by implementing a temperature-controllable
enclosure. Here, two ambient temperatures have been
taken. The higher temperature was 25°C, and the lower
temperature was 23°C. The mean temperature adjustment
for each subject is 1°C.

Finally, IR image analysis software was developed,
incorporating machine learning algorithms that produced
excellent results. These findings were cross-validated using
USG and biopsy reports. However, several limitations
were identified during this study that may have influenced

the results and should be considered when interpreting
the findings. One potential source of bias arises from the
sample population, which may not fully represent the
general population due to demographic variations and
differences in breast cancer prevalence, thereby potentially
limiting the study’s generalizability.

Confounding variables such as variations in breast
density, tissue composition, and patient positioning during
imaging could have affected the accuracy and consistency
of the system. Although the study attempted to control
for these factors, they may have introduced some degree
of variability in the results. External factors such as
equipment quality and maintenance, technician expertise,
and interpretation differences among medical professionals
may have also impacted the study’s outcomes. Moreover,
relying on USG and biopsy reports to cross-validate the
system’s performance introduces potential dependencies
on the accuracy and reliability of these other diagnostic
modalities.

The study progressed iteratively, with each phase’s
findings and feedback shaping the design and objectives
of the subsequent phase. This approach allowed us to
refine methods and address challenges progressively. By
enhancing techniques and analyses based on results-
driven objectives, each phase naturally evolved, focusing
on enhancing the efficiency and accuracy of our breast
cancer screening imaging system. In terms of sample size,
we acknowledge that the varying sizes across phases may
impact the overall consistency of the results. However,
the number of subjects available for each phase depended
on live patient availability during the study period at the
hospital. Practical constraints such as time and resource
limitations influenced sample sizes, despite efforts to
maintain consistency. While we tried to work with
consistent sample sizes, external factors such as patient
availability and medical considerations posed challenges.
However, our phased approach enabled us to optimize
methods and techniques, yielding improved results in
each subsequent phase. Our study focused on real-world
application and practical implementation, requiring
flexibility in our approach.

In addition, the challenges faced during data collection,
such as maintaining a constant ambient temperature and
managing patients with diverse health conditions, affected
the precision and consistency of the imaging process.
While we addressed these challenges throughout the study,
residual variability may have affected the results. Overall,
while the study presents promising findings, we carefully
considered its limitations and potential sources of bias
when evaluating the system’s effectiveness and applicability
in broader clinical settings. Future research should address
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these limitations to further validate and improve the
system.
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