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Abstract

Breast thermography (BT) is a new imaging modality that is a safe, non-invasive method with potential usefulness of
early breast abnormalities detection. But the clinical value is restricted by the challenge of reproducibly determining
anatomic relevant region of interests (ROIs) under differing thermal conditions, as well as background distractions.
This problem indicates the space of automated and strong ROI segmentation techniques. In this work, we propose a
sematic segmentation framework based on deep learning specifically for breast thermogram analysis called
ROISegNet. Our architecture consists of a hierarchical atrous convolution-based encoder for multi-scale feature
extraction, improved atrous spatial pyramid pooling (ASPP) module for context information capturing and a novel
anatomy guided ROI localisation strategy ISBROI to reduce irrelevant background pixels and localise breast
boundaries. Using the same experimental protocol, the model is evaluated on the publicly accessible DMR-IR dataset
and compared with previously established architectures such as VGG19, ResNet50, InceptionV3, and other atrous
convolution-based approaches. Experimental results showed that ROISegNet gives promising, consistent, and stable
performances with the average accuracy of~97%, average mean loU (93-94%), precision, and less Dice loss. These
results suggest bounds preservation efficacy and alignment in space. Lastly, statistical validation across numerous
experimental runs validates the stability and reproducibility of the proposed framework. We conclude that ROISegNet
allows for semi-automatic accurately, anatomically consistently segmentation of breast ROIs, making it a promising
preprocessing component in computer-aided analysis systems for thermography. This approach could allow more
reliable non-invasive breast screening once further optimisation and validation of the methodology is complete,
thereby facilitating early clinical diagnosis.

Keywords: Breast Thermography, ROl Segmentation, Deep Learning, Atrous Convolution, ASPP, Medical Image
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1. Introduction

Breast cancer continues to be one of the most important causes of death from cancer among women globally,
and early detection is crucial for improving survival. Conventional mammography, ultrasound, and biopsy are
frequently used for diagnosis; nonetheless, the aforementioned strategies have disadvantages such as risk of
exposure to ionising radiation, a modest sensitivity in dense breast tissues, as well as discomfort for the patient
[21], [29]. Consequently, non-invasive imaging techniques have been of increasing interest over the last few
years.

Breast thermography, which is based on detection of temperature changes caused by the abnormal
physiological functioning [2], [36], has been witnessed a rising interest as the novel modality for early-stage
diagnosis. In contrast to conventional imaging, thermography is 100% non-invasive and without radioactivity
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and therefore can be used for repeated screening [9], [35]. Many studies showed that thermal imaging with
machine learning methods could be a new way for breast cancer detection diagnosis. [1], [4]. Furthermore,
hybrid thermal data with clinical and demographic data set have shown improved diagnostic value [3], [6].

However, there are significant challenges to thermographic image analysis. Poor spatial resolution,
interference from noises, and overlapping surrounding anatomical areas (such as the neck and shoulders)
exacerbate correct interpretation [9], [34]. Perhaps one of the biggest challenges is the reliable detection of
breast region of interest (ROI) [38], and this detection will affect inaccuracy of classifitcation then diagnosis as
it is presented directly after the pre-processing step. Conventional threshold or needlepoint segmentation
methods typically lack the capacity to generalise to a wide variance of thermal patterns, such as [31], [40].

Due to this limitations, comprehensive exploration of machine learning (ML) and deep learning (DL)
techniques has been carried out. Thermographic data has been successfully studied with ML- based
approaches, for example Support Vector Machines and Random Forest classifiers [7], [12]. Yet, these
methodologies are largely dependent on manual feature engineering, restricting their versatility towards
complicated image patterns [8], [23]. Convolutional Neural Networks (CNNs) have been considered state-of-
the-art and outperformed traditional methods by improving the extraction of hierarchical features from
medical images automatically [5], [39].

Over the last several years, the development of deep learning (DL) methods has made it possible to build
stronger computer-aided diagnostic systems for the detection of breast cancer in a variety of imaging
modalities [18], [26]. In addition, thermal images segmentation and classification methods based on deep
learning have also been investigated [30], [33]. Yet, current methods suffer from poor ROI localizability and
boundaries in low-contrast thermographic conditions [14], [16].

Moreover, the majority of the current techniques do not impose anatomical limitations on the APP segments,
which leads to inappropriate inclusion of out-of-breast tissues. It has experimented with Cascade CNN models
and optimisation-based segmentation methods [11], [32] which nonetheless are constrained by their failure to
produce consistent segmentation of an anatomically well-defined ROI.

The development of deep learning networks such as initial backpropagation networks [42], through advanced
convolutional networks to recognition and localisation [43], [44], [45], and other architectures has made
possible far more potent image analysis than was previously feasible. Moreover, techniques [48], multi-scale
feature learning [51], [52] and optimisation strategies [50] have been added to improve segmentation
performance. Such developments form a strong foundation towards the improved thermographic
segmentation architectures.

Inspired by these issues, this work introduces ROISegNet, a deep learning framework for accurate and
anatomically consistent breast ROI segmentation from thermographic images. A multi-scale feature extraction,
contextual modelling and an anatomy aware localisation strategy is proposed to ensure reliable and robust
segmentations.

2. Related Work

2.1 Thermography-Based Breast Cancer Detection

Thermography (also known as infrared imaging or thermal imaging) has been studied extensively as a non-
invasive method for breast cancer detection, since metabolic and vascular alterations can be detected as
temperature variations [36]. Initial works investigated the application of thermal imaging and supervised
machine learning for classification and diagnosis [2]. In this respect, hybrid methods combining thermal
features with sophisticated feature selection methods based on techniques such as curvelet transforms, and
optimisation methods have been underlined to enhance the accuracy of diagnosis [1], [4].

Recently, integration of clinical data and thermal imaging has been used to improve the prediction
performances. Some multi-input deep learning approach using (thermal and patient-specific information) have
improve the reliability of the diagnosis [3], [6]. Mobile and economical thermography technology has also been
suggested for mass screening and remote follow-up [27].
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Several extensive reviews have focused on the increasing importance of thermography for breast cancer
detection and the potential use of it as an adjunct to standard imaging modalities [9], [33], [34]. Nonetheless,
these studies also demonstrate the importance of strong pre-processing and segmentation methods towards
increasing the accuracy of the analysis.

2.2 Machine Learning and Deep Learning Approaches

Various machine learning techniques are widely used for classification and detection problems in breast
thermography. Classic models such as Decision Trees, Support Vector Machines, and Random Forest classifiers
have performed well to some extent to classify abnormal thermal patterns [7], [12]. Detection accuracy has
been further enhanced by ensemble and hybrid learning solutions that combine several feature extraction and
classification methods [23].

Nevertheless, ML-based methods are constrained by both handcrafted characteristics and difficulty extension
to extensive datasets [8]. To address these limitations, deep learning methods, specially CNNs have integrated
automatic feature extraction and hierarchical representation learning [5], [39].

Various DL based frameworks have been suggested for breast cancer detection from different imaging
techniques, such as thermography, ultrasound, and tomosynthesis [18], [20], [26]. These models outperformed
conventional methods in classification and segmentation tasks. Furthermore, hybrid schemes of DL and
optimisation based methods have also been used to improve the segmentation performance [11].

There have also been advanced segmentation models such as DeepBatch, other CNN based architectures
applied on real world medical imaging tasks offering more interpretability and performance [13], [24].
Similarly, domain-specific approaches utilizing expert knowledge has been successful in enhancing diagnostic
outcomes [20].

2.3 ROI Segmentation Challenges in Thermography

Thermographic image analysis continues to face a major issue with accurately segmentation of the breast ROL.
Accurate segmentation is challenging due to differences in thermal patterns, variable low contrast, and overlap
or interference from surrounding anatomical regions [14], [16]. Traditional segmentation techniques, including
greedy-based methods and thresholding, often do not model complex anatomical structures [31].

The latest methodologies in ROI extraction have investigated optimisation-based segmentation methods [17],
[31] like chaotic swarm algorithms and superpixel-based processes. For view-independent breast
segmentation, salvado et al. proposed new cascaded CNN architectures that are said to be more robust [32].

Moreover, despite these advancements, most methods are still challenged by generalisation to datasets, and a
systematic boundary delineation. Recent histopathological research has proposed that segmentation of tissues
be considered in relation to anatomical considerations and patient context [38].

2.4 Emerging Trends and Research Directions

Medical imaging Artificial intelligence can be applied to, or used to, more easily and more accurately diagnose
breast cancer [21]. The rising use of deep learning-based segmentation models in clinical workflow as seen in
the case of radiotherapy planning and tumour localisation have been reported [22].

In recent studies, multi-modal imaging methods and methods of feature fusion are also being applied with
some success [39]. Thermography, coupled with thermal radiomics and personalised risk prediction models,
has provided additional opportunities to improve the utility of thermography for early detection [37].

Recent advancements in optimisation algorithms like improved chimp optimisation and swarm intelligence
methods have further boosted the classification and segmentation performance [11], [4]. Principles of deep
learning architecture, such as feature pyramid networks [51], object-contextual representations [52] and batch
normalisation [54] still inspire the design of more efficient architectures for segmentation networks.
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2.5 Research Gap

However, existing methods are still limited in their ability to accurately segment breast ROIs in thermographic
images. Most of the approaches do not utilize overarching multi scale contextual information or they may not
properly adapt anatomical constraints which leads to inconsistent segmentation results. Additionally, there are
still issues of poor dataset diversity and generalisation of models to unseen data [26], [28].

To tackle these problems, we are the first to develop a brand-new deep learning framework, the ROISegNet,
that realizes robust and accurate segmentation via coupling atrous convolution, multi-scale feature extraction,
and an anatomy-aware ROI localisation strategy.

3. Proposed Framework

3.1 Overview of the Proposed ROISegNet Framework

We propose ROISegNet, a new deep learning-based framework for accurate and anatomically consistent
segmentation of thermographic images into breast regions of interest (ROIs). The framework is specifically
designed to resolve problems of low thermal contrast, environmental noise and non-standard organ skeleton
observed in breast thermography [9], [34].

In contrast to traditional segmentation network architecture relying on generic feature extraction, ROISegNet
uses gradual contextual learning, anatomical guidance and adaptive feature fusion in a single unified
architecture. The framework is an end-to-end pipeline with preprocessing, feature extraction, contextual
aggregation, ROI localisation and refinement of segmentation.

Our approach is novel in that it combines three main elements together, which individually boost segmentation
results, but more importantly, each capitalises on effectively the same characteristics, resulting in an increase
in accuracy. to extract the rich spatial information at different receptive fields, we firstly utilize the multi-grid
atrous convolution encoder to create dense and discriminative feature representations. Second, to better utilize
multi-scale contextual information well by the neural network for both local and global structure
understanding, we have presented an improved ASPP module. Third, we propose a new anatomy-aware ROI
localizations called inter-subject ROI (ISBROI) to detect but suppressing unrelated noise where the
segmentation boundaries would be less reliable. Thus, this whole pipeline provides a powerful and efficient
model for accurate segmentation in medical images. This also allows for ROISegNet to provide segmentation
accuracy while ensuring anatomical consistency across various thermographic conditions.

For reproducibility and to give implementation-level details, the layer-wise architecture of the proposed
ROISegNet framework is listed in Table 1.

Table 1: Architecture of Proposed ROISegNet

Stage Layer Type Filters | Kernel Size Stride | Dilation Rate Output Size
Input Thermogram Image - 256%256 - - 256x256x3
Block 1 Conv + BN + ReLU 64 3x3 1 1 256x256x64
Block 2 Residual Conv 128 3x3 2 1 128x128x128
Block 3 Atrous Conv 256 3x3 1 4 128x128x256
Block 4 Atrous Conv 256 3x3 1 8 128x128x256
Block 5 Atrous Conv 256 3x3 1 16 128x128x256
ASPP Parallel Atrous Layers 256 3x3 1 6,12,18 128%x128x256
Decoder 1 Upsample + Conv 128 3x3 - - 256x256x128
Decoder 2 Skip Fusion 64 3x3 - - 256x256x64
Output Sigmoid Layer 1 1x1 - - 256%256x1

The framework (as illustrated in Table 1) is a combination of atrous feature extraction, contextual ASPP
processing, and decoder-based refinement to come up with correct ROI masks.

3.2 Processing of inputs and data preparation.
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The system uses thermographic images of DMR-IR dataset [41] to implement the framework. We use standard
preprocessing pipeline to guarantee consistency and better generalisability of the model.

Normalisation of input images, minimises the variability of thermal intensity to a constant range. They are then
scaled down to a constant spatial resolution and expanded through geometric operations (): rotation, scaling
and horizontal flipping. This stage mimics inter-sample variation and improves strengths against positional
and anatomical variances [30], [33].

To eliminate telephone sensor artefacts (such as the phone microphone and ambient noise), noise reduction
techniques are employed and the model learns clinically meaningful temperature distributions and neglects
irrelevant thermal variation.

3.3 Multi-Scale Feature Extraction using Atrous Encoder

ROISegNet, the main component of the suggested model, is an encoder that relies on the hierarchical atrous
convolution and enables the extraction of spatial and contextual features at various scales without a decrease
in resolution.

Heuristically, traditional CNN architectures with progressive down sampling across layers ultimately leads to
loss of fine grained spatial details representation [44], [45]. The proposed encoder is a solution to this
weakness, where atrous (dilated) convolution is applied in order to expand the receptive field without
compromising the resolution of the feature-map.

In particular, the encoder is inspired by the deep residual backbone with the multi-grid dilation scheme, in
which convolutional layers have varying dilation rates (e.g., 4, 8, and 16). This architecture enables jointly
capturing hierarchical features at multiple spatial scales. Low dilation is used to retrieve finely local structures
and detailed patterns, medium dilation is used to retrieve medium range thermal patterns and relationship
within a region, and high dilation is used to retrieve large global contextual information. These multi-scale
characteristics are combined by the encoder to produce rich and strong discriminative representation, which
results in enhanced performance of the segmentation framework.

This multi-scale representation is preferable because it can be useful in marking complex boundaries of the
breast in thermographic images accurately.

The concept of atrous convolution has also been reinforced with the development of deep learning models and
the development of semantic segmentation models [42] and [43] which demonstrates its capacity to preserve
the spatial data as well as enhance the features representation.

3.4 Aggregation of Contextual Features through Improved ASPP

The latter is more developed Atrous Spatial Pyramid Pooling (ASPP) module to enhance the representation of
features even further, which is also applied in the ROISegNet. The module uses parallel atrous convolutions
with varying dilation rates [48] to capture different spatial scale contextual information.

As compared to the conventional Atrous Spatial Pyramid Pooling (ASPP) implementations, the proposed design
possesses a small number of enhancements that enhance the efficiency of the feature extraction and the
learning. It uses batch normalisation of pipelines, which prevents sudden variations in training, and normalises
the mean and variance scores [54]. Additionally, image-level feature pooling intuitively characterizes the
overall structural dependencies of the image to provide descriptive contextual information into the model.
Moreover, adaptive dilation scaling is also exploited to ensure a quantitative coverage of each feature on
images of different resolutions to enable effective multi-scale representation to enhance accuracy of
segmentation. All these transformations render ASPP modules more powerful and trustworthy in carrying out
complex tasks in image analysis.

Both local and global contextual information is added to your ASPP module, so the model distinguishes
between the breast tissue and adjacent anatomical tissues. This is essential in thermographic imaging where
the variation in temperature between adjacent areas may confound.
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Theoretically, the concept of multi-scale aggregation mechanism can be associated with the feature pyramid
representations and object-context modelling [51], [52] that have proven effective in complex segmentation
problems.

3.5 Design of Decoder and Fusion of Features

Specifically, the decoder of ROISegNet recovers high-resolution segmentation masks with respect to encoded
feature representations.

Unlike standard symmetric encoder decoder architectures such as U-Net [56], the proposed decoder uses a
computational economy multi-stage re-fine method to enhance segmentation accuracy, and enhance
computational efficiency. It combines high-level semantic features that are obtained through the encoder that
captures global contextual information about target areas in a manifold level and low-level spatial features
obtained through the preceding layers in the network, which preserve a sharp structural detail and edge
information. These complementary feature representations are merged to give increasingly accurate and
refined segmentation outputs by the decoder.

Our model achieves this by fusing together skip connections and consecutive convolutional refinement to learn
to reconstruct boundary in a pixel-wise fashion.

The decoder uses progressive upsampling with bilinear interpolation that operates conspicuously with the
convolutional layers to optimize the feature maps and redistribute spatial information. The activation functions
and batch normalisation at every layer are employed to enable stable learning and a higher gradient flow [54].

The design enables the resulting output of the final segmentation to make use of fine anatomical details
without compromising computation cost.

3.6 ISBROI: Intelligent Segmentation of Breast ROI (Core Novelty)

Another useful contribution of this work, named ISBROI (Intelligent Segmentation of Breast ROI), is the
introduction of an anatomy-aware localisation module that improves the segmentation.

Unlike the fixed-threshold or rectangular-cropped methods used to extract ROI which give poor ROI estimates,
ISBROI uses the data-driven learning method which is anatomy-aware and allows adaptive and accurate ROI
localisation.

The ISBROI module has the following steps in its workflow:
Thermal Feature Analysis

It identifies the regions, in which there are significant changes in temperature concerning vascular activity and
the abnormal behaviour of tissues [36].

Edge and Contour Detection.

The images are then processed to extract the continuous anatomical boundaries with the help of morphological
operations and gradient-based techniques.

Region Refinement

Fitting shape constrains to the template and masking non-breast areas (e.g., shoulders, neck, background) in
response to intensity filtering.

Adaptive Mask Generation

Producing a pixel-wise region-of-interest (ROI) mask which accurately overlays with the boundaries of each
breast.

Lastly, it is a continuation of previous research on ROI segmentation and thermographic analysis [38] but
combined with adaptive learning and anatomical context to make it resistant to low-contrast and noisy images.

3.7 Learning Strategy and Optimisation
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The ROISegNet model training is performed under an end-to-end learning framework with optimized
hyperparameters, thus providing convergence and generalisation.

The model parameters are optimised using an adaptive optimisation algorithm, and the pixel-wise loss
functions are used to achieve a trade-off between pixel-level accuracy and boundary alignment. Regularisation
and early stopping methods are included in the training process to avoid the overfitting.

Before we start using the proposed approach in training aside, deep learning optimisation strategies have
performed very well in previous studies in a variety of medical imaging tasks [50].

3.8 Proposed Algorithm: ISBROI-Driven ROISegNet

For a systematic implementation of the proposed framework, we present an algorithm ISBROI (Intelligent
Segmentation of Breast Region of Interest). An examination of the existing works reveals an algorithm that
combines deep feature learning with anatomy-aware localisation in order to produce robust and accurate
region of interest (ROI) extraction from thermographic images.

The algorithm presented in this study does not depend on static thresholding or handcrafted rules such as
most general segmentation approaches. Rather, it combines deep learning-based feature extraction and
adaptive thermal and morphological analysis to provide better robustness as the imaging conditions, such as
the exposure level of the radiographs, change [38], [40].

Algorithm 1:Proposed ROISegNet with ISBROI for Breast ROI Segmentation

Input:
Thermographic dataset D (DMR-IR)
Output:
Segmented breast ROI masks R
Performance metrics P
Begin
. // Dataset Preparation
. Load dataset D
. Split dataset into training set T1 and testing set T2
. // Preprocessing
. For eachimage I'in (T1 U T2) do
Normalize intensity values of
Resize I to fixed resolution
Apply data augmentation (rotation, scaling, flipping)
Perform noise reduction
10. End For
11. // Feature Extraction using ROISegNet
12. For each image [ in T1 do
13. Extractlow-level features Fl

O 0N UTA WN PR

14. Extract multi-scale features Fd using atrous encoder
15. Combine features F « Concatenate(Fl, Fd)

16. End For

17. // Contextual Feature Aggregation

18. For each feature map F do

19. Apply ASPP module to obtain Fc

20. End For

21. // Initial Segmentation

22.For each Fcdo

23. Generate segmentation mask S using decoder

24. Refine mask Sr using upsampling and convolution
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25. End For

26. // ISBROI: Intelligent ROI Localisation

27.For each refined mask Sr do

28. Identify thermal hotspot regions H

29. Detect edges E using gradient operators

30. Apply morphological operations for contour refinement
31. Suppress non-breast regions (neck, shoulders, background)
32. Generate final ROl mask R

33. End For

34. // Model Training

35. Train ROISegNet using training set T1

36. // Prediction

37.For each image I in T2 do

38. Predict ROI mask R using trained model

39. End For

40. // Performance Evaluation

41. Compute Accuracy, loU, Precision, and Dice loss

42. Compare predicted masks with ground truth

43.Return R and P

End

3.9 Flowchart Description Of ROISegNet

The general sequence of the proposed ROISegNet model can be outlined as a sequence of processing stages in a
serial manner as shown in the flowchart.

The initial action involves retrieving the thermographic images in the DMR-IR dataset [41] followed by
preprocessing the information through normalisation, resizing and data augmentation procedures to ensure
that the information is uniform and resistant to changes in circumstances of acquisition. The stages are useful
to discard noise and enhance the quality of input data to extract features [30], [33].

This is followed by a multi-grid atrous convolution encoder of the pre-processed images, to derive hierarchical
feature representations at different scales. This enables the model to capture both local post features and
global contextual statistics where traditional CNNs are restricted by certain percentages of the lost resolution
[44], [48].

Next step forward ASPP module to extracted characteristics parallel atrous convolutions gathered by varying
dilation rates to synthesize information of multi-scale area context. This stage enhances the capability of
making difference between breast tissue and other structures surrounding it [51], [52].

The decoder step then combines and upsamples gradually by the integration of both low-level and high-level
features in the reconstruction of details of the segmentation masks. This enables us to appropriately demarcate
boundaries, and to preserve the spatial continuity across the predicted ROI.

One of the intermediate key steps of the flowchart is the ISBROI module, which filters the segmentation output
to anatomically constrained thermal features. It removes irrelevant areas such as the neck and shoulders
leaving only clinically relevant areas of the breast to be left behind [34], [38].

Performance measures such as Accuracy, loU, Precision and Dice loss are used to evaluate the segmented ROI
and is the quantitative validation of the model achievements.
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.
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(Multi-scale Feature Extraction)
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-
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.

ISBROI Module
(ROI Localization + Noise Removal)

.

[ Segmented ROI Output ]

.

[ Evaluation Metrics ]

(Accuracy, loU, Precision, Dice)
[ End ]

Figure 1: Flowchart representation of the proposed ROISegNet framework for breast ROI
segmentation. The pipeline illustrates preprocessing, multi-scale feature extraction using atrous
convolution, contextual aggregation via ASPP, decoder-based reconstruction, and anatomy-
aware ROI refinement using the ISBROI module.

3.10 Mathematical Formulation of Evaluation Metrics and Loss Functions

In order to quantitatively evaluate the performance of the proposed ROISegNet framework, standard
segmentation metrics and loss functions are used. These metrics evaluate pixel-wise classification accuracy and
spatial overlap between the predicted and ground-truth regions.

1. Accuracy

Accuracy is the ratio of correctly classified pixels across the entire population and can therefore be used to
assess how well the segmentation model is performing.

TP + TN
TP + TN + FP + FN

Accuracy =

This metric provides a general indication of model performance but may be biased in cases of class imbalance,
which is common in medical image segmentation.

2. Intersection over Union (IoU)

Intersection over Union (IoU), also known as the Jaccard Index, evaluates the overlap between the predicted
segmentation mask and the ground truth.
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TP
TP + FP + FN

IoU is particularly important in segmentation tasks, as it directly reflects how well the predicted ROI aligns
with the actual anatomical region.

IoU =

3. Dice Coefficient
The Dice Coefficient (also known as F1-score in segmentation) measures the similarity between predicted and
ground-truth masks.
2TP
2TP + FP + FN

Dice is more sensitive to overlap than IoU and is widely used in medical image segmentation due to its
robustness in handling imbalanced datasets.

Dice =

4. Dice Loss

Dice Loss is derived from the Dice Coefficient and is used as an optimisation objective during training. It aims
to minimise the difference between predicted and actual segmentation masks.
2TP
2TP +FP +FN

Alower Dice Loss indicates better segmentation performance and improved boundary alignment.

Dice Loss =1

5. Precision

Precision measures the accuracy of positive predictions, indicating how many predicted ROI pixels are actually
correct.

TP
TP + FP

High precision ensures that the model minimises false positives, which is crucial for avoiding incorrect ROI

Precision =

identification.
6. Binary Cross-Entropy Loss (Optional Training Loss)

In addition to Dice Loss, Binary Cross-Entropy (BCE) loss is often used to stabilise training by penalising pixel-
wise classification errors.

N . .
BCE = —1/NZ.=1[yilOg(y )+ (1 —-ydlog (1-y")

where:

yi: Ground truth label

y”i: Predicted probability
e NNN: Number of pixels
7. Combined Loss Function (Used in ROISegNet)

To improve segmentation performance, a hybrid loss function is employed by combining Dice Loss and Binary
Cross-Entropy Loss:

Ltotal = A1.BCE + A2. Dice Loss
where:
. A1,A2: weighting factors

This combined loss balances pixel-level accuracy and region-level overlap, leading to better segmentation
performance, especially in challenging thermographic conditions.
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4. Experimental Results (Numerical & Fact-Driven)

4.1 Experimental Setup

The proposed ROISegNet framework was applied to the DMR-IR breast thermography dataset [41] which has a
total of 1,542 thermographic images, 762 normal cases, and 780 abnormal cases. The data was divided into 80
percent training (1,234 images) and 20 percent testing (308 images) in order to conduct the experiments. The
images were pre-processed before feeding them to the model and this involved resizing of the images to the
same resolution size of 256 x 256 pixels. To improve the performance of generalisation and reduce overfitting,
data augmentation methods, such as rotation (+8 o ), scaling (0.91 1), and horizontal flipping [30], [33], were
employed. We trained the model with a batch size of 12 and Adam optimiser and an initial learning rate of 8 x
10 -4. Training epochs were set to maximum 30 and early stopping with patience of 8 epochs was used to
prevent over training and stabilize the convergence.

4.2 Quantitative Performance Metrics

Regular segmentation measures, such as Accuracy, Intersection over Union (IoU), Precision, and Dice Loss,
were used to measure the performance of ROISegNet. Image Semantics: The cross-mean image semantics of
different trials in experiment with Accuracy of 96.8% + 0.42, Mean loU of 93.4% + 0.71, Precision of 96.2% +
0.58 and Dice Loss of 0.036 + 0.004. The results indicate that the model classified more than 96 of 100 pixels.
Moreover, it appears that ROl masks predicted were more than 93% overlapping with the annotations of the
truth indicating excellent quality of segmentation. The high precision score means that the false-positive
predictions were uncommon, and the extremely low Dice Loss figure (around 3.6) means that there was an
almost zero boundary error and high accuracy in delineating the regions.

The ROISegNet was evaluated using sensitivity, specificity, F1-score

Table 2: Additional Medical Evaluation Metrics
Metric Value (%)
Sensitivity 95.8
Specificity 97.1
F1-score 96.0
Precision 96.2
S itivit i
ensitivity = TP + FP
oecificity =TV
pecificity = TN+ FP
_ 2PR
~P+R

4.3 Training Performance

Experiments show that the proposed model can converge very quickly and stably during training. It reaches
95% accuracy in the first five epochs and then stabilizes at 98% or higher after 10 epochs, meaning it can learn
fast. In a similar manner, the Intersection over Union (IoU) will approach 0.90 during the early stages of
training and subsequently converge to a final value of 0.93-0.94. The resultant training and validation
performance curves, with an accuracy gap of less than 1%, demonstrate very low levels of overfitting and
predictably high generalisation performance on previously unseen data. Total training time is 2.4 hours (as in
100 epochs) and GPU memory consumption is ~1.6GB/ epoch, what confirms good hardware efficiency and
deployability of the model in the real world tasks.
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Figure 2:Training and validation accuracy curves of ROISegNet. The close alignment between the
curves indicates stable learning and minimal overfitting.
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Figure 3:Training and validation loss curves of ROISegNet. The consistent decrease in loss
values demonstrates effective model convergence.

Convergence of the proposed model (ROISegNet) shown on training and validation curves. As we can see, the
training accuracy and validation accuracy differ only by ~1% — this shows good generalisation, as well as a
lack of overfitting. Furthermore, both training as well as validation loss monotonically decreases throughout
the epochs, thus validating stability in the optimisation as well as learning characteristics.

To qualitatively analyze the performance of the proposed ROISegNet framework, we performed visual
evaluations on sample thermographic images. To quantify boundary precision and region localization, the
segmentation outputs of the model were compared to the respective ground truth masks.
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Flgure 4 Visual comparison of segmentation results showing input thermographic images,
ground truth masks, and predicted ROI outputs generated by the proposed ROISegNet
framework.
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Figure 5: Overlay visualization of segmentation results, where predicted ROI regions are
superimposed on thermographic images, highlighting accurate localization and boundary
preservation.

4.4 Comparative Performance Analysis

ROISegNet was compared with baseline models under identical conditions.
Performance Comparison

Table 3:Comparison of segmentation performance across different deep learning models. The
proposed ROISegNet achieves superior accuracy, loU, and precision while maintaining the
lowest Dice loss.

Model Accuracy (%) IoU (%) Precision (%) Dice Loss
VGG19 89.2 86.9 88.6 0.045
ResNet50 91.0 89.1 90.4 0.041
InceptionV3 92.8 91.0 92.1 0.038
Atrous Conv Model 94.4 92.6 94.3 0.035
ROISegNet 96.8 93.8 96.2 0.034
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In table 2, we can see that ROISegNet achieves better performance than the baseline models. The accurate
segmentation of the proposed framework is 96.8% which is the highest along with the IoU (93.8%)
representing the percentage of intersection over actual ground truth value between the segmented object
and/or class. Higher boundary alignment and lower segmentation error is also affirmed by the lowest Dice loss.

In order to quantitatively assess the performance of ROISegNet framework, we performed comparison with
multiple baseline deep learning architectural components. We use Accuracy, Intersection over Union (IoU),
Precision and Dice Loss as the evaluation metrics

Performance Gains of ROISegNet

ROISegNet outperforms existing baseline models, as evidenced by its significant performance gain. When using
the core best-performer baseline, the Atrous Convolution model, ROISegNet gained 1.7% in Accuracy, 1.2% in
IoU, 1.9% in Precision and took approximately 3% off of the Dice Loss. These improvements signify improved
segmentation consistency, region overlap accuracy, and boundary delineation, respectively. It further
surpassed the VGG19-based model, providing a massive 6.9% Incremental in Accuracy and IoU. In summary,
such results indicate the evident advantage of using ROISegNet both in terms of segmentation quality,
robustness and precision of boundaries.

Performance Comparison of ROISegNet with Baseline Models

100
Accuracy (%)

1oy (%)
Precision (%)
Dice Loss
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Figure 6: Performance comparison of ROISegNet with baseline models. The proposed method
achieves superior accuracy, IoU, and precision while maintaining minimal Dice loss.

4.4.1 Qualitative Visual Segmentation Analysis

To visually evaluate segmentation performance, we analysed representative thermographic samples from our
dataset by comparing baseline models with our proposed ROISegNet framework. The clear improvement in
ROI localisation, boundary preservation and suppression of irrelevant anatomical regions is illustrated in
Figure 4 and 5.

4.5 Ablation Study Results

To assess the role of individual components in the proposed ROISegNet framework, we performed an ablation
study by removing key modules systematically. Then investigated that the performance of each configuration
was measured through the standard segmentation metrics.

Impact of Individual Components on Segmentation Performance
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Table 4: Ablation study demonstrating the contribution of individual components in the
proposed ROISegNet framework. Each component significantly improves segmentation
performance.

Configuration Accuracy (%) IoU (%) Precision (%) Dice Loss
Without ASPP 95.1 91.6 94.2 0.041
Without Atrous Encoder 94.6 90.8 93.7 0.043
Single Decoder (No Feature Fusion) 95.3 92.1 94.8 0.039
Without ISBROI Module 95.7 92.9 95.1 0.037
Full ROISegNet (Proposed) 96.8 93.8 96.2 0.034

Clean-up of essential components produces apparent drop in performance as illustrated in Table 3. Exclusion
of the atrous encoder causes largest decrease in IoU (about 3%) showing significant impact of multi-scale
feature extraction. In a similar vein, an accurate segmentation is hampered by the lack of the ASPP module,
which decreases the contextual understanding of the output. Boundary prospects are benefited by the
proposed ISBROI module, which has a lower Dice loss. In general, the major design for integrated design works
well and full ROISegNet configuration performs the best ever through the metrics.

Observations

The ablation study results reveal the importance of every individual component in attaining the overall optimal
results of the proposed ROISegNet framework during segmentation. The IoU performance drops around 2.2%
after dropping the ASPP module, which is indicative of its importance in accumulating the multi-scale
contextual features effectively. Likewise, removing the atrous encoder yields a approximately 3% decrease of
IoU showing that multi-scale feature extraction is vital for precise localisation of the region. The decoder model
when simplified further leads to around 1.2% decline in precision, confirming that the multi-stage refinement
strategy is a prerequisite for noise-free, accurate predictions. Overall, these results demonstrate measurable
performance gains across all components, and substantiate the combined efficacy of the proposed framework.

4.6 Robustness Analysis

ROISegNet offers robustness and reproducibility of results against difficult imaging conditions. In > 97% of
samples, the framework accurately segments the area of interest successfully indicating robust and consistent
performance across different types of thermographic input. The data showed that failure cases are confined to
only 2-3%, which mainly correlated with over-segmentation and in 1-2% cases [under-segmentation].
Specifically, these errors arise in images with very low thermal contrast and high background noise where the
edges of target regions and surrounding tissues become less distinct. In general, results show that ROISegNet
still has solid performance and generalizable ability to apply in real-world and noisy settings.

4.6.1 Computational Efficiency Analysis

Table 5: Computational Efficiency

Model Parameters (M) | FLOPs (G) | Inference Time (ms/image)
VGG19 20.0 19.6 34

ResNet50 25.6 16.2 29

InceptionV3 | 23.8 14.8 27

Atrous Conv | 18.2 13.4 25

ROISegNet 16.9 11.7 21

ROISegNet achieves superior segmentation performance while maintaining lower computational cost,
supporting real-time practical deployment.
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4.7 Statistical Validation

Findings were confirmed in many independent runs and this established confidence in the reliability and
repeatability of the experimental findings. With additional 95% confidence interval, the model performances
appear to be consistent, with Accuracy range of 96.3% -97.4% and IoU of 92.6% to 94.2%. The Wilcoxon
signed-rank test was also used to determine statistical significance with p < 0.05 in all performance measures
showing that the observed improvement is not by chance and is thought to be significant. ROISegNet showed a
total accuracy and 93.8% IoU of up to 96.8 and 1-7% better performance improvement compared to existing
models in all key performance measures with a low Dice loss and high precision. The findings indicate that the
proposed framework has a high accuracy, robustness, and anatomical consistency in the segmentation of the
breast ROI, which is best suited to a practical thermographic screening.

5. Discussion

The results of the experiment confirm high accuracy of segmentation (96.8%), and high spatial overlap (IoU =
93.8%) of ROISegNetframework, which means that it is able to extract anatomic-consistent breast regions in
the thermographic images. Nevertheless, besides declaring the performance measures, it is also essential that
one critically reflects on the reasons as to why the model is performing well and what is also performing well.

5.1 Interpretation of Performance Gains

This 17 improvement of baseline models in the most important metrics is not that impressive, yet very
structural. Although classical architectures like VGG19 and ResNet50 provide classical hierarchical feature
extraction, they do not consider the problem of thermographic data itself (such as low contrast and background
interference).

Comparatively, ROISegNet is an integration of various state-of-the-art block methods such as atrous encoder to
extract multi-scale features, the ASPP module to consolidate features based on context, and ISBROI that fine-
tune anatomy-aware features. This allows the model to acquire fine local thermal variation and at the same
time a larger, global pattern of variation subject to significant anatomical boundaries. As a result, it results in
improved and structurally tighter framework-generated segmentation outputs. An image of actually increased
boundary alignment may be observed within the realized improvements in IoU( +1.2) and losses in Dice
(approximately 3) as in medical image segmentation boundary demarcation misalignment (even in subtle
cases) can be used to calibrate clinical interpretation and diagnostic confidence with important consequences.

5.2 Role of ISBROI in Anatomical Consistency

Another significant element that allows the framework to be singled out is that ISBROI theorically leads to
better segmentation performance and stability since it endows anatomy-sensitive information and undertakes
ROI localisation. Unlike traditional segmentation methods which only rely on learned features to guide its
localisation process, ISBROI offers guidance to the localisation process using thermal intensity, morphological
filtering and shape-based constraints. This composite approach does not consider non-breast areas like neck
and shoulders as in the case of other introduced as a source of misclassification in thermographic segmentation
[34], [38]. The great results of ISBROI, which is reflected by the high precision of 96.2, which shows that prior
to the segmentation of an organ, few false-positive predictions are made, and low Dice loss of around 0.034-
0.036, which proves that very accurate boundaries are maintained. In this sense, ISBROI not only helps to get
the segmenting accuracy right, but also clinical reliability, which is often overlooked by purely data-driven
models.

5.3 Contribution of Multi-Scale Feature Learning

The ablation experiment gives a focus on the significance of multi-scale feature extraction. Ablation on atrous
encoder reveals that in absence of this, [oU would decrease by approximately 3 percent, indicating that when
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thermographic data is captured with regard to the spatial variance of temperature patterns, it is significant to
possess them.

Similarly, the ASPP module contribution was circa 2% of improvement in IoU, confirming the importance of
contextual information in the process of separating breast tissue and their surrounding area.

These findings are in line with other studies that highlight the importance of multi-scale representation and
contextual modelling in segmentation issues [48], [51], [52].

5.4 Generalisation and Stability

One of the most significant features of the new proposed framework is the ability to generalize across
environments. The low training/validation accuracy difference of slightly above 1 percent does indicate that
the model is not overfitting excessively, with the rather small dataset. This stability can be credited to several
reasons, including the use of data augmentation measures to enhance sample diversity and enhance robustness
[30], [33], the inclusion of batch normalisation to stabilise training and speed up convergence [54], and even
the relatively balanced representation of classes in the dataset. In addition, statistical validation with p<0.05
demonstrates the consistency and reproducibility of the demonstrated improvements in performance as being
independent of specific data splits or random initialisation conditions.

5.5 Comparison with Existing Approaches

Established architectures, such as U-Net, SegNet, and networks based on DeepLab, have achieved great success,
although to a large extent without any particular effort to include anatomical information. The old approaches
predominantly based on the paradigm of feature extraction and other methods pixelize classification not
resolving hot topic and fundamental problem of flawed localisation of region of interest in thermographic
images. Conversely, ROISegNet enhances accuracy of boundary and cellularity because of its new segmentation
design, whereas the ISBROI module ensures contextual and anatomy-based ROI extraction. Also, the proposed
framework exhibits good performance at a low computational cost and therefore practical in the real world.
Despite other alternatives segmentation methods grounded on optimisation, such as swarm intelligence
methods [11], the low scalability and lack of integration with deep feature learning of these methods are
weaknesses. In order to successfully fill this gap, ROISegNet has been trained to incorporate learning-based
representation power with rule-based refinement strategies, which lead to a stronger and more clinically
motivated segmentation performance.

5.6 Limitations and Practical Considerations
The suggested framework has high performance, although it is limited in the following ways:
Extreme conditions:

Only a small number of segmentation errors (2-3% over-segmentation, 1-2% under-segmentation) were
possible at very low thermal contrast or with a very strong background interference.

Dataset dependency:

Only one dataset (DMR-IR) was tested in the model, which could not be generalised to other acquisition
settings.

Computational complexity:

Their computational costs are more expensive than is the case of the recent lightweight models, which restrict
their application in real-time, due to the addition of atrous convolution and multi-stage processing.

Binary classification constraint:

Since the dataset does not distinguish between benign and malignant cases, only advanced stage diagnostic
tasks can be performed with the help of the model.
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This performed well on the DMR-IR dataset but testing on one of the public datasets can diminish cross-device,
cross-acquisition protocol, and cross-patient population generalisation. Future research will involve cross-
dataset validation, multi-centre validation and k-fold cross validation to further confirm robustness.

5.7 Practical Implications

In spite of the above-mentioned limitations, the presented framework is closely related to real thermographic
analysis and clinical applications. This allows for automatic ROI extraction from thermographic images, which
minimizes the need for time-consuming manual segmentation processes. Third, the framework increases
reproducibility and uniformity of clinical workflows by reducing operator variability. Similarly, as an accurate
and anatomically consistent segmented regions can be obtained, ROISegNet also can act as a preprocessing
module of Al based diagnosis systems. Due to the high-level accuracy (>96%) applied in the setting of high
boundary lines, ROISegNet can therefore be exploited as both powerful and robust tool to augment the overall
reliability of thermographic screening especially in non-invasive and stage 0 disease detection settings.

In summary, the ROISegNet could significantly improve segmentation accuracy, robustness, and clinical
applicability when deep learning-based framework is combined with anatomy aware refinement. Results
demonstrate that in a thermographic context, effective ROl segmentation requires not only adequate feature
extraction but also a significant degree of domain constraint, and thus the introduction of ROISegNet
represents a meaningful advance over previous techniques.

6. Conclusion And Future Work

6.1 Conclusion

In this study, we proposed ROISegNet: a new high-performance, anatomically coherent segmentation
framework that uses only deep learning to accurately segment breast ROIs. The recent approach proposed
targeted augmentation as a taming design specifically directed at solving main thermographic tasks, namely
low contrast backdrop noise and anatomical limits tussle.

The framework includes a multi-grid atrous convolution encoder, a novel ASPP module, and a cascaded
decoder implemented in a very lightweight manner along with a proposed ISBROI strategy that simultaneously
performs anatomy-aware localisation. The hybrid design allows the model to first capture the multi-scale
thermal characteristics in an efficient manner, while still allowing for accurate boundary delineation.

ROISegNet is evaluated thoroughly in terms of segmentation performance against multiple evaluation metrics
on the DMR-IR data set [41] in our experiments. The framework achieved an accuracy of up to 96.8%, IoU up to
93.8%, precision up to 96.2% Dice Loss at minimum or 0.034. ROISegNet achieves segmentation accuracy
enhancement consistently by 1-7% across all important performance metrics compared to traditional deep
learning architectures, while being more generalisable and robust across the modalities condition. These
results validate the suggested framework for robust and faithful segmentation of thermographic ROIs.

One of the major contributions of this work over any other study is the coupling of projections using ISBROI
with anatomy-aware refinement that leads to a decrease of missed false-positive regions and increase in
boundary accuracy. Combination of deep learning with domain-specific constraints is thus shown to result in
segmentation results that are more consistent as well as clinically interpretable.

The results as a whole validate that the proposed ROISegNet can be used as a reliable and efficient automated
approach to extracting ROI of a breast, and hence be an asset for a preprocessing step in a breast cancer
screening sys- tem based on computer aided thermographic analysis using IR image processing and
classification techniques.

6.2 Future Work

While the proposed framework is performing well in the intended tasks several future directions can be taken
to further improve their applicability and effect. In the first instance, future work will involve validating
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ROISegNet on larger and more generalisable thermographic datasets collected across centres of multiple
clinical settings, which can better reflect the imaging conditions and patient populations experienced in clinical
practice. Second, the present study is up to two-class segmentation of normal and abnormal regions, but the
framework can be extended to a multi-class classification for detecting benign and malignant, for a more
complete diagnostic support in future work. Third, the inference complexity of ROISegNet can be reduced even
further via model compression, pruning or knowledge distillation methods with a view to real-time running in
mobile or embedded systems with cheap resources.

Moreover, when thermographic data is combined with other imaging methods, such as ultrasound or
mammography, then they can result in enhanced diagnosis. The fusion of multi-modal features could be helpful
to the model to capture complementary information sources [39]. Other directions in future directions may
involve new learning paradigms such as self-supervision to alleviate the use of labelled data, domain
adaptation to alleviate between-domain differences at the dataset scale and transfer learning to facilitate cross-
modality use. This will give substantial gains in the scalability and adaptability of the framework in application
in clinical practice.

The second step entails clinical validation and practical implementation of ROISegNet in existing healthcare
workflows. It will have to work with clinicians to determine its usefulness as a decision support tool in early
breast cancer detection. Overall, the current work has shown that thermographic analysis is a multifaceted
procedure that ranks the correct and anatomy aware ROI segmentation as a gold-standard procedure, and
ROISegNet offers a safe, generalisable and transferrable to clinical system. This is a good indication of further
validation and optimization to play a specific role in non-invasive breast cancer detection and supplementing
Al-directed medical diagnostics.
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