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ABSTRACT Breast cancer is one of the most prevalent causes of death among women across the globe.
Early detection is the best strategy for reducing the mortality rate. Currently, mammography is the standard
screening modality, which has its shortcomings. To complement this modality, thermal infrared-based
Computer-Aided Diagnosis (CADx) tools have been presented as economical, less hazardous, and a suitable
solution for various age groups. Although a viable solution, most CADx systems are built primarily from
frontal breast thermograms, and are likely to miss lesions that may develop on the sides. Additionally,
these systems often disregard critical clinical data, such as risk factors. This paper presents a novel CADx
system that utilizes deep learning techniques for breast cancer detection. The system incorporates multiple
breast thermogram views and corresponding patient clinical data to improve the accuracy of the diagnosis.
We describe the methodology of the system, including the extraction of regions of interest from images
and the use of transfer learning to train three different models. We evaluate the performance of the models
and compare them to similar works from the literature. The results demonstrate that using multi-inputs
outperforms single-input models and achieves an overall accuracy of 90.48%, a sensitivity of 93.33%, and an
AUROC curve of 0.94. This approach could offer a more cost-effective and less hazardous screening option
for breast cancer detection, particularly for a wide range of age groups.

INDEX TERMS Breast cancer, CADx, deep learning, segmentation, thermography, transfer learning.

I. INTRODUCTION
Breast cancer is one of the women’s most lethal forms of
cancer. In 2020, nearly 2.3 million new instances of breast
cancer were registered by the Global Cancer Observatory,
for which it was typified as the second leading cause of
death in women [1]. As opposed to developed countries, most
mortalities occur in developing countries [2]. Nevertheless,
the incidence rate per 100,000 women was higher in devel-
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oped countries than in developing countries [3]. This can be
attributed to a greater reporting of incidence in the community
with higher income levels in all age groups [2]. The burden
of high mortality rates in developing countries is attributed
to poor breast cancer awareness campaigns and poor health
infrastructures that lack adequate screening resources for
early detection and adequate clinical treatment [4], [5].

An early breast cancer diagnosis can reduce treatment costs
and promote prompt treatment, thereby improving chances
for survival [6]. This view is supported by Nickson et al. [7],
who points out that the survival rate from breast cancer
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is highly associated with the size of the tumor when it is
detected at usually less than 10mm, with the patients having
a 98% chance of survival. This fact has motivated researchers
to devote their attention to developing Computer Aided Diag-
nosis (CADx) systems for early and accurate detection, thus
improving the survival chances for patients. Also, an efficient
CADx system can minimize the pathologist’s workload and
mitigate the level of subjectivity in disease diagnosis. [8].
Mammography is considered the gold standard for early
detection. However, it is an invasive modality that causes
discomfort and employs ionizing radiation, which has a
radiation-induced breast cancer risk [9]. Furthermore, it is not
advisable for young women due to the low contrast caused by
thick breast tissue common in this age group [10]. Moreover,
it is infeasible for large-scale screening in developing coun-
tries, where it can be cost-ineffective [11]. Thermography
is another technique that deserves more research attention
to complement other screening modalities. It is exception-
ally low-cost, well-suited for dense breasts, a non-invasive
approach, and radiation hazard-free, thus posing zero risk to
patients [12], [13], [14], [15].

Deep learning methods, particularly Deep Neural Net-
works (DNNs), are widely adopted for classification tasks in
various fields due to their exceptional performance. In com-
puter vision, Convolutional Neural Networks (CNNs), for
example, have revolutionized image recognition tasks and
surpassed human-level performance in some cases. Their
effectiveness in computer vision stems from their unique
working principle, which is inspired by the brain’s visual
cortex. Specifically, the visual cortex analyzes sensory nerve
impulses from the eyes [16], with neurons responding to spe-
cific visual field patterns known as the receptive field, as dis-
covered by Hubel and Wiesel [17]. Therefore, many DNNs
for visual tasks are derived from CNNs. In clinical radiology,
DNNs are being adopted for several tasks such as segmen-
tation, detection, and more. One significant benefit of using
DNNs in clinical workflows is their ability to handle large and
complex datasets, which is essential for accurate and reliable
diagnosis. Moreover, transfer learning has become an integral
part of the DNN training process. This concept is based on
the fact that humans can use previously acquired knowledge
to tackle new problems. Inspired by this, transfer learning
adopts a similar approach. It involves leveraging existing
knowledge from pre-trained models to facilitate training in a
new, related task. These pre-trained models have been trained
on large and diverse datasets and learned highly discrimina-
tive features useful for a wide range of image classification
tasks. By reusing pre-trained models, we can reduce the com-
putational cost and training time required for a new task and
achieve improved performance [18], especially in themedical
domain where large, diverse datasets are scarce.

The majority of CADx systems based on thermography in
the literature primarily focus on frontal breast thermograms
and may overlook lesions present on the sides. Moreover,
these systems often neglect the integration of intrinsic clin-
ical data, despite its potential to significantly improve their

performance. To address these limitations, CADx systems
must consider incorporating both lateral breast thermograms
and patient clinical data, which comprises risk factors related
to breast cancer, for improved coverage and performance.
For efficient symmetry analysis and reduced computational
requirements for the learning algorithm, the use of segmenta-
tion is necessary to extract the Region of Interest (ROI) from
which featureswill be derived from a reduced feature set. This
study presents a method for classifying multi-views of breast
thermograms and corresponding patient clinical data as either
healthy or unhealthy. This was accomplished by building a
multi-input network and incorporating transfer learning by
adopting pre-trained layers of a DNN. The network takes in
two forms of data: clinical data and three different views of
the breast obtained through the Static Infrared Thermography
(SIT) protocol. It further presents a method for automatic
ROI extraction. The study also designed a graphical user
interface (GUI) to simulate the model. The contributions are
aggregated as follows:

• Integration of transfer learning to improve efficiency and
reduce computational costs

• Development of a multi-input network that incorporates
clinical data and three breast views for accurate classifi-
cation of healthy/unhealthy patients

• Introduction of a method for automatic ROI extraction
for efficient symmetry analysis

The article is organized as follows: Section II describes the
related works in breast cancer diagnosis; Section III explains
the methods and the data set; Section IV presents the experi-
mental results; we discuss these results in Section V; finally,
the conclusions are drawn in Section VI.

II. RELATED WORK
Mambou et al. [19] proposed a CAD system based on a DNN
coupled with a Support Vector Machine (SVM) classifier
for detecting breast cancer from thermal infrared images.
They utilized a pre-trained Inception V3 model and altered
its last fully connected layer to create a binary classifier.
An SVM classifier was then coupled to handle situations
of uncertainty in the DNN’s output. The study used frontal
breast thermograms acquired through the Dynamic Infrared
Thermography (DIT) protocol, which involves taking pic-
tures after thermal stimulation of the breast area. The ROIwas
manually extracted and transformed into a matrix of features
to be processed by the network. It would have been more
interesting to automate the segmentation process to make the
CADx system more practical. Overall, delegating the pro-
cessing of the feature matrix to the SVM when the DNN had
a confidence level of <0.6 and ≥0.5 is a remarkable feature
that could serve as robustness against misclassifications.

In [20], a method was presented that utilizes the pre-trained
DenseNet121 as a feature extractor to build a classifier for
frontal breast thermograms. First, they converted the original
image into a three-channel edge-prominent image using the
Roberts and Prewitt edge detectors. The rationale behind this
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operationwas to extract edge information that details possible
deformations on the breasts and combine these edges with
the original image to have rich information. They further
compared the performance of their model with other state-
of-the-art models and found that it outperformed them with
an accuracy of 98.80% and 99.00% precision. The authors
conceded to data and computational power limitations but
resolved these through transfer learning, which accommo-
dates small datasets and speeds up training. To determine the
optimal number of epochs for their model, they used six other
pre-trained models to identify the number of epochs when the
model began to overfit the data. An optimization technique
could have been used as an alternative process, which has
been effectively implemented in a comparable investigation
by Elkorany et al. [21].

Sanchez et al. [22] proposed a method that combines
multi-views of breast thermograms with personal and clinical
data. The images were acquired via the SIT method, with
lateral views acquired at a 90-degree angle. Their model
achieved a classification accuracy of 97%. The authors found
that incorporating frontal and lateral views and clinical data
aided in building a model with results that were similar
or even better compared to those found in the literature.
Furthermore, they suggested that the image segmentation
stage could be avoided by acquiring more information from
patients. Firstly, adding lateral views of breast thermograms
to the front view improves the model’s accuracy. Secondly,
incorporating the clinical and personal data helps detect sick
patients, therefore reducing the number of false negatives and
increasing the model’s sensitivity. Nevertheless, the authors
did plan to explore the effects of segmentation in their future
work, a recommendation that we fully agree with. One lim-
itation of their study was the significant imbalance between
the classes of the dataset used and the presence of numerous
noisy images encountered during data preparation.

In [23], the authors presented a technique in which textural
features from multi-view breast thermograms are fused and
used to train an SVM classifier. The level-set method was
adopted for segmenting lateral breast thermograms. Next,
Gray-Level Co-occurrence Matrix features were extracted
from frontal and lateral ROIs. They then carried out a
two-step feature reduction process. First, the t-test statis-
tical test was used to consider features for which p ≤
0.0001. Finally, the Kernel Principal Component Analysis
was employed to obtain significant features. Six features were
found to be significant from frontal and right-side views,
whereas four were for left-side views. These features were
then fused to create a composite feature vector to train a least-
squares SVM. The use of fused texture features resulted in
an accuracy of 96%, specificity of 92%, and a sensitivity of
100%. However, this work does not report any results on the
performance of the proposed segmentation method.

A study by Tiwari et al. [24] used a unique approach
to classify breast thermograms. The study used SIT and
DIT-acquired thermograms to train a pre-trained VGG-16
model. The preprocessing stage involved merging the frontal,

left, and right view thermograms into a single image they
refer to as a ‘‘multi-view image.’’ These images were then
augmented to increase the size of the dataset. The same
dataset was used to train the ResNet-50-V2, Inception-V3,
and VGG-19 models for comparison. The results showed
that the VGG-16 model achieved the highest training, valida-
tion, and testing accuracy on SIT and DIT acquired images
compared to its counterparts. In their concluding remarks,
the authors note that the concatenation of multi-view breast
thermal images delivers high accuracy as more information is
fed into the classifier. Based on these results, we recommend
concatenating segmented ROIs for improved accuracy.

In [25], a CNN was trained using various angles of breast
thermograms. The study employed five different views of
breast thermograms (i.e., front, left 45◦, right 45◦, left 90◦,
and right 90◦). The authors built a separate CNN for each
angle and trained it independently to determine the best
individual models before combining their output. Then, they
incorporated personal and clinical data to evaluate the impact
on the model’s performance. The results showed that adding
clinical data significantly improved the model’s accuracy,
from 85.4% without clinical data to 93.8% with clinical
data. The authors conclude by considering segmentation and
transfer learning as future avenues, whichwe fully agreewith.

In light of the reviewed works, this paper employs transfer
learning to develop a predictive model instead of the tradi-
tional method of training from scratch, as seen in previous
studies. The study also includes clinical data as an input to
the model, whereas previous studies have mostly relied solely
on thermograms. Additionally, this study uses automatic seg-
mentation on both frontal and lateral view breast thermo-
grams, whereas previous studies have either not performed
segmentation or have limited it to only the frontal view.
To highlight the potential application of this work, a GUI
was developed to simulate the screening process, a feature
not commonly seen in other studies.

III. MATERIALS AND METHODS
This section provides a detailed account of the methodology
employed to design a deep learning-based CADx system
that seamlessly integratesmulti-view breast thermograms and
personal and clinical data of patients, as depicted in Fig. 1.
The methodology follows a multi-stage process that com-
mences with data acquisition, where we collate a dataset of
multi-view breast thermograms and patients’ personal and
clinical data. The collected data undergoes preprocessing,
where relevant personal and clinical features are selected and
processed, and the ROI is automatically segmented from each
breast thermogram. Furthermore, we employ data augmen-
tation techniques to expand the dataset’s size. In the subse-
quent stage of model development, we utilize a pre-trained
DNN architecture, namely AlexNet, to extract salient features
from each extracted ROI of the breast thermograms, while
a separate Neural Network (NN) processes the clinical and
personal features. These features are subsequently merged to
create a single network that offers a comprehensive analysis.
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FIGURE 1. Overview of the proposed screening method. Thermograms adapted from [26].

We develop a GUI to demonstrate the system’s functionality.
Ultimately, the system’s performance is evaluated utilizing
various metrics and compared with related works to evaluate
its potential in aiding radiologists in detecting early indica-
tions of breast cancer and improving diagnostic accuracy. The
system’s key components are presented in Fig. 2.

A. DATA ACQUISITION
This study utilized the breast thermograms from the DMR
database, which were obtained by the Federal Fluminense
University from volunteers in Brazil [26]. The dataset is pub-
licly accessible for research purposes, and its collection was
ethically approved. It hosts thermal infrared images captured
at various views of the breast using the SIT andDIT protocols.
The images were takenwith an FLIR SC-620 thermal infrared
camera with a resolution of 640 × 480 pixels and a thermal
sensitivity of 40mK . In the SIT protocol, a single image was
taken per patient at five different angles: frontal and lateral
views at 90◦ and 45◦, whereas in the DIT protocol, a series of
images were captured over time. This work used a sample of
101 breast thermograms (75 normal, 26 abnormal) captured
via the SIT protocol. The database also includes the corre-
sponding patients’ clinical information. Table. 1 summarizes
this dataset.

B. DATA PREPROCESSING
Data preprocessing is a crucial step in the analysis of breast
thermograms and the application of machine learning tech-
niques. This stage entails the preparation of data for subse-
quent analysis through cleaning, transformation, and organi-
zation to enhance the accuracy and efficiency of subsequent
processes.

1) PREPROCESSING OF BREAST THERMOGRAMS
Exams with missing thermograms for any view and those
with amputated breasts were not included in the dataset.

TABLE 1. Overview of the dataset used in the study.

Likewise, blurry images were also removed from the cohort.
The acquired thermograms are low resolution images with
unclear boundaries. Therefore, prior to segmentation, the
thermograms were subjected to preprocessing tasks includ-
ing conversion to grey scale and image enhancement
obtained through various filters detailed in the subsequent
section.

2) PREPROCESSING OF CLINICAL DATA
As explained in [22], the clinical and personal data in the
database can be classified into three categories: risk factors,
complementary features, and protocol features. The com-
plementary features encompass mastectomy, prosthesis pres-
ence, nipple alterations, and the presence of breast warts. The
features of the protocol encompass pre-examination activ-
ities such as smoking, coffee consumption, alcohol intake,
physical exercise, and the application of deodorant or sim-
ilar products on the breasts or underarms. The clinical data
was filtered to only include the features deemed risk fac-
tors based on domain knowledge regarding their correla-
tion with breast cancer, as depicted in Table. 2. In addi-
tion to these risk factors, temperature was deemed a crucial
feature. Other preprocessing tasks applied to clinical data
encompass normalization of numerical features, encoding of
categorical features, and filling the missing fields. However,
any instances with persistently missing fields were disre-
garded.
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FIGURE 2. Architecture for the predictive model.

TABLE 2. Features selected as significant risk factors for breast cancer
and elucidation of their impact on the disease.

C. SEGMENTATION
Segmentation is critical to ensuring the model focuses on
the most relevant information in the breast thermograms
and ignores irrelevant or noisy areas, ultimately enhancing
the system’s performance. Conventionally, images are seg-
mented manually to extract the ROI, after which they are
used to train a learning algorithm. The drawback of this
approach is that it is tedious. In this study, segmentation was
automated. A CADx system that employs automated ROI
extraction facilitates mass screening. Moreover, it ensures
consistency and reduces the risk of inter-observer variability.
The approach for segmenting frontal and lateral breast ther-
mograms is discussed in detail in the following subsections.

1) SEGMENTATION OF FRONTAL BREAST THERMOGRAMS
Although the frontal view thermogram has more features, it is
harder to segment, so multiple techniques were combined to
extract the ROI. The approach illustrated in Fig. 3 was used to
extract the frontal ROI. Initially, as already discussed in III-B,

a thermogram was converted into a grayscale image Igrey,
followed by denoising through the application of anisotropic
diffusion and a Gaussian kernel defined in (1),

Gσ (x, y) =
1

2πσ 2 exp (−
x2 + y2

2σ 2 ) (1)

where σ is the standard deviation of the Gaussian kernel and x
and y are the respective distances to the horizontal and vertical
centers of the kernel. The Gaussian filtering process was
carried out by convolving the imagewith a 2DGaussian filter,
using a standard deviation of σ = 1.618. Edges were detected
using the Canny edge detector. Given the grayscale image
Igrey, gradient images were first produced by convolving Igrey
with edge operators as defined in (2) and (3).

Gx = Igrey ⊛ 1x (2)

Gy = Igrey ⊛ 1y (3)

where 1y and 1x are the vertical and horizontal edge opera-
tors, respectively. The edge strength is then approximated at
each pixel by computing the gradient magnitude, as shown
in (4)

G =
√
Gx + Gy (4)

Finally we obtain the edge image Iedges guided by threshold
α using (5).

Iedge(x, y) =

{
1 : G(x, y) ≥ α

0 : otherwise
(5)

In this study, a threshold of α = 0.2333 was used. After-
wards, a series of morphological operations were performed
to connect disconnected boundaries and enhance edges.

All the frontal thermograms were tagged during acquisi-
tion; as such, a square object representing this tag was filtered
out through an Euler number or characteristic. This image
topological feature defines the total number of objects in
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FIGURE 3. Block diagram of frontal breast thermogram segmentation method. Thermogram adapted from [26].

an image minus the total of those with holes. This implied
that only objects without holes (i.e., with an Euler number
equal to one) were retained. Female anatomy has concavity
and convexity along the breast boundary (i.e., anterior axil-
lary line), which were leveraged for tracing the lateral and
upper boundaries. As shown in Fig. 4(a), the points C1 and
C2 define the convex points of the outer breast boundary.
Tracing edges column-wise from the first column, the first
instance with white pixels between the first and last dark
pixel delineates the convex point C1. A similar approach
was performed for C2, starting at the end. These points were
then used to determine the upper boundary. The next step
involved identifying points for the infra-mammary line of the
bottom breast region, which were then fitted to second degree
polynomials Pleft and Pright to estimate the complete bottom
boundary, as shown in Fig. 4(b). Finally, the intersection
of these curves (rinter , cinter ) was used as the reference for
segmenting the frontal ROI into the left and right breast. The
process for frontal ROI extraction is summarized in 1.

2) SEGMENTATION OF LATERAL BREAST THERMOGRAMS
As depicted in Fig. 4; the initial steps for lateral thermogram
segmentation are similar to those for the frontal thermogram.
The same denoising filters tuned to the same parameters were
used, and edges were detected using the same techniques.
However, the first distinction lies in determining the upper
and left boundaries (for the right breast). Due to the image
acquisition protocol, the neck is present in almost all ther-
mograms. As such, this was leveraged for filtering out the
unwanted area. On Fig. 4(a), the row rn and column cn of the
convex point formed by the neck and chest area were used to
represent the corner formed by the upper and left boundaries
of the breast region. A similar approach was adopted for
estimating the complete bottom breast boundary by fitting a
second-degree polynomial P to the bottom boundary points,

as seen in Fig. 4(b). To preserve the breast region, the left
boundary was rotated about point (rn, cn) using Euler angles
and a rotation matrix. Finally, the intersection of the newly
rotated left boundary with the curve P was used to slice out
the breast region from the unwanted area. This procedure is
summarized in 2 for the right breast and vice versa for the left
side.

D. DATA AUGMENTATION
As already discussed in III-A, the sample used in this study
is too small and has a class imbalance. Imbalanced data
is a common issue in real-world settings that can impede
the performance of learning algorithms [34]. As noted by
Fang et al. [35], one of the primary causes of overfitting is the
limited number of training instances and the use of inadequate
features in the models for the given task. A small dataset can
increase the risk of overfitting, which can in turn hinder the
model’s performance. To address this, data augmentation will
be employed in the preprocessing pipeline of training data.
Three common random transformations: vertical flip, hori-
zontal flip, rotation, and scaling will be used on the training
set, and the range of each transformation is summarized in
Table. 3. These transformations will be applied on the ROIs
set for training.

E. CLASSIFICATION
This study will use a deep learning-based predictive model
to classify the segmented ROIs and clinical data as healthy
and unhealthy. A multi-input, single-output network will be
constructed in which each input is processed by its own sub-
network. The outputs of these sub-networks will be com-
bined to form a single output representing the final prediction
of the model. This approach will allow the model to take
advantage of the complementary information provided by
different forms of data, leading to improved performance

52106 VOLUME 11, 2023



D. Tsietso et al.: Multi-Input Deep Learning Approach for Breast Cancer Screening

FIGURE 4. The segmentation method. (a) Lateral and upper boundaries. (b) Estimation of bottom boundary. (c) Left and upper boundaries.
(d) Estimation of bottom boundary.

FIGURE 5. Block diagram of lateral breast thermogram segmentation method.

compared to a model that only uses a single input, thus
forming a synergy of the sub-networks. This is because,
during the training process, the weights of the sub-networks

are updated based on the combined error by the training
algorithm (i.e., back-propagation). By incorporating multi-
inputs, the model can adjust the weights in a way that takes
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Algorithm 1 Frontal Thermogram Segmentation
Data: I
Result: Iroi, Ileft , Iright
1: Igrey ← rgb2grey(I )
2: Ifiltered ← ADF(Igrey)
3: Iedges ← CannyEDetector(Ifiltered , σ, α)
4: Iclosed ← Iedges · S3×3 {morphological closing}
5: Idilated ← Iclose ⊕ S3×3 {morphological dilation}
6: Inohole ← FilterObjectsWithoutHoles(Idilated )
7: C1← ∅
8: C2← ∅
9: for c in Inohole do
10: if hasDarkpixels(Inohole(c, rc,min : rc,max )) then
11: C1← c
12: break
13: end if
14: end for
15: for c in Inohole in reverse do
16: if hasDarkpixels(Inohole(c, rc,min : rc,max )) then
17: C2← c
18: break
19: end if
20: end for
21: Ru ← FindUpperBoundary(C1,C2)
22: Rbottom,Cbottom
← TraceLowerBoundary(C1,C2,Rup)

23: Pleft ,Pright ← fitPolynomials(Rbottom,Cbottom, 2)
24: rinter , cinter ← intersection(Pleft ,Pright )
25: Ibound ← closeFill(Igrey,Pleft ,Pright ,Ru, rinter , cinter )
26: Imask ← Ibound
27: for r, c in Imask do
28: if intensity at Imask (r, c) ≥ thresh then
29: Imask (r, c)← 1
30: else
31: Imask (r, c)← 0
32: end if
33: end for
34: Iroi ← Imask ⊗ I
35: Ileft , Iright ← imcrop(Iroi, rinter , cinter )

into account the information from all of the inputs, leading
to a more robust and accurate model. According to [36],
hybrid DNNs can be highly efficient and possess greater
robustness towards incomplete data sets when contrasted
against a solely DNN-based deep learning approach. This
view is supported by findings in [37] where a hybrid model
was trained on unstructured clinical notes combined with
structured data. The model outperformed other models that
utilize either unstructured notes or structured data only. Deep
learning models are robust against catastrophic interference,
a phenomenon that occurs when NNs are unable to retain old
information in the presence of new one [38].

1) TRANSFER LEARNING-BASED ARCHITECTURE
Training deep networks is computationally demanding, but
transfer learning can help reduce the need to train newmodels
from scratch. To accomplish this, the pre-trained layers of
AlexNet were adapted for processing the thermograms, and
a simple NN was applied to the clinical data. Fig. 6 illus-
trates a block diagram of the proposed network, composed of

Algorithm 2 Lateral Thermogram Segmentation
Data: I
Result: Iroi
1: Igrey ← rgb2grey(I )
2: Ifiltered ← ADF(Igrey)
3: Iedges ← CannyEDetector(Ifiltered , σ, α)
4: Iclosed ← Iedges · S3×3 {morphological closing}
5: Idilated ← Iclose ⊕ S3×3 {morphological dilation}
6: rn, cn ← TraceUpperBoundary(Idilated )
7: for c in Idilated in reverse do
8: if hasDarkpixels(Idilated (c, rc,min : rc,max )) then
9: Cbottom,Rbottom ← getboundary(Idilated (cn : c, rc,max :

end))
10: break
11: end if
12: end for
13: P← fitPolynomial(Cbottom,Rbottom, 2)
14: θ ←−15◦

15: crot ← (cold − cn) cos θ − (rold − rn) sin θ
16: rrot ← (cold − cn) sin θ + (rold − rn) cos θ
17: cnew ← crot + cn
18: rnew ← rrot + rn
19: rinter , cinter ← interSection(P, rnew, cnew, rn, cn)
20: Ibound ← closenFill(Igrey,P, rinter , cinter , rn, cn)
21: Imask ← Ibound
22: for r, c in Imask do
23: if intensity at Imask (r, c) ≥ thresh then
24: Imask (r, c)← 1
25: else
26: Imask (r, c)← 0
27: end if
28: end for
29: Iroi ← Imask ⊗ I

TABLE 3. Range of random values for image augmentation parameters.

pre-trained and newly trainable layers. CNNs are examples
of DNNs that exhibit superior performance in visual recogni-
tion tasks, specifically in classification. Their effectiveness is
attributed to their physiologically-inspired working principle,
which mimics the brain’s visual cortex. The visual cortex
analyzes sensory nerve impulses from the eyes [16] and
responds to specific receptive field patterns, with increasing
complexity as patterns propagate through subsequent neural
structures [17]. In line with this principle, CNNs extract
low-level features in their initial layers and increase complex-
ity in subsequent layers. As a result, CNN forms the basis for
many DNN architectures used in image classification. In this
study, we adapt a pre-trained CNN-based DNN, AlexNet, for
sub-networks designed for processing thermograms, while
a simple NN is used for clinical data. AlexNet’s shallow
architecture makes it faster to train, especially when dealing
with multi-input images. This allows the network to learn cor-
relations between different thermograms and improve clas-
sification performance. Introduced in [40]. As illustrated in
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Fig. 7, the architecture of the model, starts with an image
input layer of either 224× 224× 3 or 227× 227× 3 dimen-
sions. This layer is followed by five convolutional layers,
which extract spatially localized features within the input
image, such as edges, curves, and textures, via small learnable
kernels. These convolutional layers are interspersed with five
pooling layers, which serve to downsample the feature maps
and reduce the dimensionality of the data, thus retaining the
most relevant information. Additionally, the model employs
the Rectified Linear Unit (ReLU) activation function, which
introduces non-linearity into the model and helps to avoid
the problem of exploding and vanishing gradient [36]. The
final three layers of AlexNet are Fully Connected Layers
(FCL), meaning that each neuron in a given layer is connected
to every neuron in the preceding layer. These layers serve
to perform high-level feature extraction by aggregating the
information extracted by the earlier layers and making the
final prediction. To address the issue of overfitting, AlexNet
includes dropout layers that randomly drop out units during
training to prevent the network from relying too heavily on
any one specific feature [41]. By default, AlexNet is trained
to output a probability vector corresponding to 1000 classes.
To adapt the AlexNet architecture for binary classification,
certain layers were modified by adjusting the output layer to
generate a single scalar value instead of a probability vector
that corresponds to the positive class. This adaptation allowed
the model to be trained for the specific task of binary classi-
fication. The last fully connected layer (FCL8) of AlexNet
for NET-A was replaced with a new FCL. The new FCL was
configured with 2 neurons, and the Weight Learning Rate
Factor (WLRF) and Bias L2 Factor (BL2F) were set to 1. For
NET-B, each of the three inputs corresponded to a separate
AlexNet, and all layers from the last FCL were replaced with
an FCL consisting of 2 neurons, with WLRF and BL2F set to
10. These values were increased to update theweights in these
layers more quickly as parallel inputs were being processed.
The outputs from each fine-tuned AlexNet were combined
via the concatenation layer. This layer was followed by an
FCL with 10 neurons and a WLRF set to 1. Next came batch
normalization and the ReLU activation function. Finally, the
last FCL had 2 neurons and aWLRF set to 1. A softmax layer
was used for all networks. NET-C had a structure similar to
NET-B, but with an additional link at the concatenation layer
for the NN. This is summarized in Table. 4.

2) MODEL TRAINING
The training process was conducted using a Stochastic
Gradient Descent Momentum (SGDM) optimizer to mini-
mize the discrepancy between the predicted and actual out-
put. This discrepancy was computed using the categorical
cross-entropy loss function, as defined in (6)

L(P̂|P) = −
∑
i

P(i) log P̂(i) (6)

where P̂ is the predicted class distribution, P as the true class
distribution, and i ∈ [1,N ]. To examine the effect of each

FIGURE 6. Schematic of the proposed transfer learning-based multi-input
network architecture.

FIGURE 7. Block diagram of an AlexNet [39].

input, a network was first trained using only frontal thermo-
grams and named NET-A. Then, lateral views were added
to NET-A to form NET-B. Finally, NET-B was expanded
by incorporating clinical data, to form NET-C. The training
process was performed on a computer with an AMD Ryzen 5
3400G CPU (3.70 GHz), 16 GB of RAM, and an integrated
Radeon Vega Graphics card. The experiments were executed
on a MATLAB R2022b platform, utilizing the SGDM opti-
mizer for training all models. The models used a momentum
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TABLE 4. Comparison of NET-A, NET-B, and NET-C architectures.

parameter around 0.9, which is commonly used in SGDM
optimization, to accelerate convergence and the stability of
the optimization process. Moreover, the process was stabi-
lized via l2norm regularization, which mitigates the issue
of exploding gradients by clipping down the gradients [42].
The key hyperparameters and their configurations during the
experiments are summarized in Table. 5.

F. EVALUATION CRITERION
1) PERFORMANCE EVALUATION OF SEGMENTATION
METHOD
To validate the performance of the segmentation method,
ground-truths for the ROI were manually created. These val-
idated the proposed method through two standard and widely
used image similarity metrics, the Dice Score and the Jaccard
Index, defined in (7). These metrics provide an objective
means to directly compare amanually generated ground-truth
Igt with the ROI extracted by the proposed method Iexp [43].

Jaccard coefficient: J
(
Igt , Iexp

)
=

∣∣Igt ∩ Iexp∣∣∣∣Igt ∪ Iexp∣∣ (7)

Dice coefficient: D
(
Igt , Iexp

)
=

2 ·
∣∣Igt · Iexp∣∣∣∣Igt ∣∣+ ∣∣Iexp∣∣ (8)

Finally, the proposed approach was assessed for its sensitiv-
ity, precision, specificity, and accuracy, as specified by (9) to
(12).

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(9)

Precision =
TP

TP+ FP
(10)

Specificity =
TN

TN + FP
(11)

Sensitivity =
TP

TP+ FN
(12)

where TN (True Negatives), FN (False Negative), TP (True
Positive), and FP (False Positive).

TABLE 5. The configuration of hyperparameters employed during the
training phase.

2) PERFORMANCE EVALUATION OF THE CLASSIFICATION
MODEL
As already discussed in III-A, this study used a cohort of 100
(71 healthy and 29 sick) instances. The cohort was stratified
and split into training, validation, and test sets in the ratios of
70%, 15%, and 15%, respectively. To balance the disparity
between the two classes, the training set was augmented
as a preventive measure against overfitting. In addition to
metrics (9) to (12), an Area Under the Receiver Operator
Curve (AUROC) was generated to visualize the model’s
degree of separability. These metrics were computed for three
networks: one trained solely on frontal thermograms (NET-
A), another trained on all thermograms (NET-B), and the
overall network incorporating clinical data (NET-C). NET-C
was compared with similar studies, as shown in Table. 8.

IV. RESULTS
A. SEGMENTATION RESULTS
The breast thermograms were segmented using a designated
algorithm on each side. The images underwent denoising
by applying a Gaussian filter with a standard deviation of
σ = 1.618, followed by edge detection utilizing the Canny
detector set to a threshold of α = 0.2333. Fig. 8 shows
segmented ROIs for three distinct instances. In each instance,
the frontal ROI underwent a two-stage segmentation process,
resulting in its extraction and bisection into the left and right
breasts. This further division facilitates symmetry analysis.
For each patient, the left and right ROIs are extracted from
lateral views acquired at a 90-degree angle, which can also
be used for symmetry analysis. Table. 6 demonstrates that the
segmentation algorithm exhibited an average Jaccard index of
80.49% and an average Dice coefficient of 87.36% on frontal
views. Conversely, the lateral view segmentation method
achieved superior performance with an average Jaccard score
of 85.7% and an average Dice coefficient of 92.01%.

B. CLASSIFICATION RESULTS
The illustration in Fig. 9 showcases a comprehensive directed
acyclic graph for the network designated as NET-C. NET-
A is structured as an AlexNet, with its terminal FCL opti-
mized for binary classification. NET-B shares many simi-
larities with NET-C but lacks the layers designed to handle
clinical information. The outputs from the pre-trained and
NN modules within NET-C are fused and fed into the lat-
ter part of the network to produce the global output. The
dataset was partitioned into three portions: 70% for train-
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FIGURE 8. Illustration of original thermograms and their segmented ROIs.
(a) Patient 1. (b) Patient 2. (c) Patient 3.

ing, 15% for validation, and 15% for testing. The training
of the three models (NET-A, NET-B, and NET-C) resulted
in test accuracy scores of 80.95%, 85.71%, and 90.48%.
Fig. 10 depicts the accuracy and loss curves that showcase
the performance of the models during the training process.
It is worth noting that the training times for each model
varied. Specifically, NET-A took 8 minutes 23 seconds to
train, NET-B took 23 minutes 11 seconds, and NET-C took
23 minutes 2 seconds. These training times were relatively
fast, and are indicative of the computational efficiency of
the proposed method. Table. 7 shows the results of the three
models on the test set. From these networks, it has been
observed that the number ofmisclassified instances decreased
as different inputs were factored in. The network trained
only with frontal thermograms had four misclassifications,
whereas using all views reduced this figure to 3. Utilizing
both clinical data and all thermograms further decreased the
number of misclassifications to 2. The performance of these
classifiers can also be visualized via the ROC curves shown

TABLE 6. Performance metrics of the segmentation method.

FIGURE 9. Directed acyclic graph for NET-C.

TABLE 7. Performances of the networks.

in Fig. 11. These metrics demonstrate the model’s capability
to accurately distinguish sick patients from healthy ones and
vice versa. Of the models tested, NET-C had the highest AUC
of 0.94.

C. GRAPHIC USER INTERFACE
To demonstrate the functionality of the system, a GUI was
developed using MATLAB’s App Designer. The App seam-
lessly integrates the preprocessing and auto-segmentation
methods for data preparation prior to feeding it into the model
for prediction. This facilitated data transfer between the seg-
mentation algorithm and the classification model. It also
makes it possible to see the visual outputs of key steps,
including gray-level histograms from contralateral breasts.
Fig. 12 shows the GUI and the visual elements that appear
during operation. Initially, a user uploads images and inputs
relevant clinical information, as shown in Fig. 12(b). This
is followed by preprocessing, in which the thermograms are
segmented, and the resulting ROIs are displayed as shown
in Fig. 12(c). The frontal ROI is further divided in half. The
ROIs and clinical data are then fed into the model (in this
case, NET-C), which provides the prediction score. Lastly,
the user can generate and view the gray-level histograms of
both breasts for symmetry analysis, as shown in Fig. 12(d).
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FIGURE 10. Training-validation loss and accuracy curves. (a) NET-A.
(b) NET-B. (c) NET-C.

V. DISCUSSION
In this study, a deep learning-based CADx system was
proposed and assessed for breast cancer screening. The
multi-input model demonstrated superiority over the con-
ventional single-input model. Segmentation techniques for
frontal and lateral breast thermograms were explored and
evaluated. Results from the evaluation, as presented in
Table. 6, indicate higher performance of themethod for lateral
thermograms compared to the one for frontal ones. This
observation may be attributed to the more intricate shape
and noise in some frontal images, and improper acquisition
angles, which impeded the algorithm from performing an
appropriate ROI extraction. However, consistent performance
was observed between the lateral view segmentation algo-
rithms. The ROIs were utilized for training three AlexNet-
based models. The performance of these models on the test
set is depicted in Table. 7. Model NET-A, which utilized only
frontal thermograms, achieved an accuracy of 80.95% with
four misclassifications. The addition of branches catering
for left and right-view breast thermograms resulted in the

FIGURE 11. ROC curves for the test set.

formation ofNET-B, leading to improved accuracy of 85.71%
with three misclassifications. NET-C, an enhancement of
NET-B that incorporates an extra layer for clinical data,
achieved a 90.48% accuracywith only twomisclassifications.
The performance improvement is further demonstrated by the
increase in the AUROC curve, as shown in Fig. 11, from
0.93 to 0.94, indicating the model’s efficacy in classifying
patients accurately as sick or healthy. The incorporation of
lateral views demonstrated a significant reduction in number
of FP. The integration of clinical data led to a decrease in FN
compared to the previous model. These results concur with
Sanchez et al.’s research [22], which highlights the benefits
of incorporating clinical and personal information in reducing
the number of FN. This implies that the inclusion of clinical
and personal data enhances the efficacy of a CADx system.

The proposed model achieved a classification accuracy of
90.48%, which is lower than the accuracy reported in most
related works presented in Table. 8. Notably, [22] achieved
an accuracy of 97% using a similar dataset and identical
views, but with twice the number of instances, while [25]
attained a 93.8% accuracy using more instances and addi-
tional 45-degree acquired lateral views. The superior per-
formance of these studies may be attributed to the larger
number and greater diversity of instances in their datasets,
which enable their models to learn more intricate features
and patterns. Furthermore, two studies [24] and [44] that
utilizedDNNs outperformed the proposedmodel. These stud-
ies incorporated more advanced deep learning architectures,
such as Inception V3 and VGG-16, that enable the capture of
more complex features and patterns. The high performance
of these studies could also be attributed to their use of effec-
tive preprocessing techniques, optimization algorithms, and a
well-balanced dataset distribution.

Among all the studies listed, [46] demonstrated the best
performance across all performance indicators. However, our
proposed method offers several advantages over this study.
Firstly, our proposed method uses a larger dataset, including
71 healthy and 29 sick individuals, compared to [46] that only
used 35 normal and 28 abnormal cases. This larger dataset
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FIGURE 12. Illustration of key operations in the GUI during breast screening. (a) Original state. (b) Uploading of patient’s information.
(c) Information preprocessing. (d) Prediction and histogram generation.

TABLE 8. Comparison of the proposed work with similar approaches in literature.

provides a more comprehensive understanding of the pathol-
ogy and better generalizability of the model. Moreover, our
proposed method utilizes clinical data, which is essential for
identifying specific characteristics of the pathology and sig-
nificantly improves the model’s performance. Secondly, our
proposed method uses both frontal and lateral thermogram

views, whereas [46] only uses frontal views. Lateral views
can provide additional information that is not visible in frontal
views which can enhance the sensitivity of themodel. Despite
the lower classification accuracy achieved by the proposed
model, it is noteworthy that the model achieved a reasonably
high accuracy despite the limitations of a small dataset and
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class imbalance. Furthermore, the model’s adaptability to
small datasets with class imbalances makes it a practical and
useful tool for breast cancer detection.

Although deep learning models have the potential to
enhance performance, they necessitate more data for train-
ing, longer model training durations, and greater compu-
tational power compared to conventional machine learning
algorithms [47], [48]. To address these drawbacks, this study
integrated the transfer learning technique. As already high-
lighted, this involves utilizing a pre-trained model to transfer
knowledge to a new, related task, which enables the model
to learn faster and with fewer data points by reusing general
features learned from the previous task. Through this tech-
nique, there was less training time, less complex computa-
tional infrastructure required, and fewer images were used
compared to training a model from scratch. It took 23minutes
and 2 seconds to train NET-C, a process which could have
elapsed for a far more duration if a new deep learning model
was trained from scratch. Nevertheless, to achieve further
advancements in performance, it may be necessary to employ
a more advanced deep learning architecture and to consider
pruning and quantization techniques, which can help address
issues related to size and complexity. Additionally, a larger
and better-balanced dataset may also lead to improved results.
These findings emphasize the crucial role of incorporating
multiple forms of data in the development of CADx systems
for improved performance. Nonetheless, further validation is
required through additional research, as this avenue has only
been explored in limited studies.

VI. CONCLUSION
Breast cancer is a prevalent disease that affects women glob-
ally. The early detection of this disease is critical to improving
patient outcomes and reducingmortality rates. This study pre-
sented a deep learning-based CADx system that incorporates
multi-inputs, including frontal, right lateral, and left lateral
breast thermograms, along with clinical data. The results
reveal that as more inputs were integrated into the model, the
number of FP and FN decreased, leading to an increase in
accuracy. Specifically, an increase in accuracy was observed
from 80.95% to 85.71% after adding lateral views, and a
further improvement to 90.48% after incorporating clinical
data. This offers valuable insights into the potential bene-
fits of incorporating additional sources of data to enhance
the performance of CADx systems. Implementing a GUI
and auto-segmentation into the proposed framework greatly
enhances the efficiency of the screening workflow. This is
achieved by reducing the potential for human error and low-
ering computational demands since only ROIs are processed.
Moreover, transfer learning leveraged in this study, lead to
a more cost-effective training process which required only a
small number of training samples and less computationally
intensive hardware. This approach yielded a CADx model
with high generalization ability, showcasing the efficacy of
transfer learning. The proposed model was evaluated by
comparing it to similar models in the literature on various

performance indicators.While some related works performed
better, it is worth noting that the proposed model achieved
reasonable results on a small and imbalanced dataset, a com-
mon scenario for breast cancer detection. The proposed
framework is not limited to breast cancer detection as it can be
adapted to other medical imaging tasks. Additionally, it can
potentially be applied in mass screening efforts. Overall, the
study presented a promising step towards the application
of computer vision techniques in medical radiology. Future
research is necessary to validate and enhance the proposed
model, and investigate the integration of additional data
sources. These efforts will present an opportunity to advance
the field of medical radiology and ultimately improve health-
care outcomes.
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