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ABSTRACT

Breast cancer continues to be a leading cause of mortality among women globally, making early and accurate detection
paramount. Infrared thermography has emerged as a promising non-invasive, radiation-free diagnostic modality that
identifies potential malignancies by capturing the subtle temperature variations associated with tumor metabolism and
angiogenesis. The integration of deep learning, particularly Convolutional Neural Networks (CNNs), has significantly
advanced the analytical power of thermography. However, the inherent susceptibility of thermal images to various types
of electronic and environmental noise presents a critical challenge to the reliability of these automated systems. The
performance of deep learning models under realistic, noisy conditions is not yet fully understood.

This study provides a comprehensive and systematic evaluation of a state-of-the-art, modified Inception-based deep
learning model's robustness to noise in the context of early breast cancer detection. We quantified the model's diagnostic
performance on a large dataset of thermal images systematically corrupted by four distinct and clinically relevant noise
types: Gaussian, speckle, salt-and-pepper, and Poisson noise. The intensity of each noise was varied across a wide range
to identify performance degradation profiles and critical "tipping points."

Our results demonstrate that while the model achieves exceptional accuracy (99.975%) on clean, noise-free images, its
performance is significantly impacted by noise. The nature and severity of this degradation are highly dependent on the
noise type. Impulsive noise, such as salt-and-pepper, caused a drastic decline in accuracy to 51.58% at a density of 0.3.
Similarly, high-variance speckle noise reduced accuracy to 43.86%. In contrast, the model exhibited greater resilience to
Gaussian and Poisson noise, maintaining high accuracy across most tested intensities. Crucially, the application of a pre-
processing denoising filter was shown to be highly effective, restoring classification accuracy on corrupted images to
near-perfect levels (>99.9%).

This research underscores the critical vulnerability of deep learning-based diagnostic systems to image noise and
establishes quantitative benchmarks for model robustness. The findings highlight the indispensable role of advanced
noise mitigation strategies and rigorous imaging protocols in developing reliable and clinically viable Al-powered tools
for breast cancer thermography

Keywords: Breast Cancer, Deep Learning, Thermal Imaging, Image Noise, Computer-Aided Diagnosis, Noise Mitigation,
Model Robustness.

1. Introduction cancer mortality by enabling the detection of tumors before

However,

1.1 Broad Background and Historical Context

Breast cancer represents one of the most significant public
health challenges of the 21st century. Globally, it is the
most commonly diagnosed cancer among women and a
leading cause of cancer-related mortality [1]. The
cornerstone of improving patient outcomes and survival
rates is early detection, which allows for more effective and
less invasive treatment options. For decades, the gold
standard for breast cancer screening has been X-ray
mammography. adoption,
mammography has been credited with reducing breast

Since its widespread

they become clinically palpable [17].
mammography is not without its limitations. The procedure
involves exposing the patient to ionizing radiation, which,
although low-dose, carries a cumulative risk. Furthermore,
it often causes significant discomfort due to breast
compression and has reduced sensitivity in women with
dense breast tissue, a known risk factor for breast cancer
[15].

These limitations have fueled the search for alternative or
complementary screening modalities. Among the most
promising of these is infrared thermography, a non-invasive
and entirely passive imaging technique that involves no
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ionizing radiation and no physical contact with the patient
[7].  The  physiological principle underpinning
thermography is the detection of infrared radiation
naturally emitted from the skin's surface. Malignant
tumors are characterized by accelerated metabolic activity
and angiogenesis—the formation of new blood vessels to
support their growth. This increased cellular activity and
blood flow results in localized temperature increases,
creating distinct thermal signatures on the breast surface
that can be captured by a thermal camera [16]. Studies
have shown that thermography can detect these subtle
physiological changes, sometimes even before a structural
anomaly is visible on a mammogram, highlighting its
potential as a tool for early risk assessment [15, 17].

In parallel with advancements in imaging hardware, the
field of medical diagnostics has been revolutionized by the
advent of artificial intelligence (Al), machine learning, and,
most notably, deep learning [2]. Deep learning models,
particularly Convolutional Neural Networks (CNNs), have
demonstrated extraordinary capabilities in analyzing
complex medical imagery, often matching or even
exceeding human performance in tasks like lesion
detection and classification [4, 5]. By automatically
learning hierarchical feature representations from vast
datasets, these algorithms can identify intricate patterns in
mammograms, ultrasound images, and histopathology
slides that may be imperceptible to the human eye [4]. The
application of these powerful computational tools to
thermal imaging presents a transformative opportunity to
automate the interpretation of thermograms, thereby
enhancing diagnostic accuracy, objectivity, and efficiency
[3,7].

1.2 Critical Literature Review

The synergy between thermal imaging and deep learning
has spawned a vibrant area of research focused on
developing computer-aided diagnosis (CAD) systems for
breast cancer [4, 7]. Early efforts often relied on traditional
machine learning approaches, which involved manual
feature extraction from thermograms—analyzing
properties—
followed by classification [3]. However, these methods are
often limited by the subjectivity and labor-intensiveness of
feature engineering. The shift towards deep learning has
allowed for an end-to-end approach where relevant
diagnostic features are learned directly from the image

data [5].

statistical, textural, or morphological

Numerous studies have explored the application of various
CNN thermogram
Researchers have successfully employed established
models like VGGNet, ResNet, and Inception, as well as
custom-designed networks, to distinguish between healthy
and cancerous breast thermograms [7, 20]. For instance,

architectures for classification.

some research has focused on developing specialized,
lightweight CNNs, such as BreaCNet, which is optimized for
mobile deployment and has achieved remarkable accuracy
[23]. Other work has proposed sophisticated models like the
sparse deep convolutional autoencoder (SPAER) for
extracting low-dimensional biomarkers from dynamic
thermal data, showing robustness even when Gaussian
noise was added [19]. The use of cascaded CNN
architectures has also been investigated to segment and
classify tumors in infrared images, again demonstrating high
accuracy after the addition of Gaussian noise to augment the
dataset [22].

Despite these successes, a critical and often underestimated
challenge in the clinical application of these technologies is
the presence of noise in thermal images. Image noise,
defined as undesirable random variations in pixel intensity,
can arise from multiple sources, including the imaging
sensor itself (thermal electronic noise), environmental
interference, or errors during image transmission and
storage [9, 10]. Thermal cameras, especially uncooled
microbolometer-based systems common in medical
applications, are susceptible to a variety of noise
phenomena [14]. These include Gaussian noise, which arises
from thermal agitation of electrons in the sensor circuitry
[27]; salt-and-pepper (or impulsive) noise, resulting from
faulty sensor pixels or data transmission errors [13];
speckle noise, a granular pattern that can be caused by
scattering effects and sensor non-uniformities [25, 26]; and
Poisson (or shot) noise, which stems from quantum
fluctuations in the arrival of infrared photons, particularly in
low-signal conditions [30, 31]. Each of these noise types has
a distinct statistical profile and can corrupt an image in
different ways, potentially obscuring the subtle thermal
asymmetries that are indicative of malignancy [10, 40].

The impact of noise on deep learning-based analysis has
been acknowledged in the literature, but often in a limited
or fragmented manner. Several studies have used noise,
primarily Gaussian noise, as a form of data augmentation to
increase the size and variability of the training dataset, with
the goal of improving model generalization [18, 19, 22].
While this approach can enhance robustness, it does not
systematically evaluate the model's performance limits
under different noise conditions. Some researchers have
focused on specific noise removal techniques as a pre-
processing step. For example, methods have been proposed
for removing noise from mammograms [12] or using
advanced segmentation techniques that are robust to
intensity uncertainties [11]. Work by Ekici and Jawzal [20]
incorporated pre-processing for salt-and-pepper noise
before feeding images into a CNN. Similarly, other research
has used advanced segmentation models like 4D U-Net to
reduce speckle noise in thermal images [24] or applied color
segmentation after noise removal [21]. This body of work
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confirms that noise is a recognized problem and that pre-
processing is a viable solution.

1.3 Research Gap

A review of the current literature reveals a significant
research gap. While previous studies have investigated
noise in breast thermography, they tend to suffer from one
or more of the following limitations: (1) they focus on only
a single type of noise, most commonly Gaussian noise [18,
19]; (2) they do not systematically vary the intensity of the
noise to understand the model’s performance degradation
profile; (3) they do not provide a direct, controlled
comparison of a model's robustness to different noise
types (e.g., Gaussian vs. Speckle vs. Salt & Pepper); and (4)
they often use noise for data augmentation rather than for
arigorous stress test of the model's reliability.

Consequently, there 1is a pressing need for a
comprehensive, quantitative investigation that
systematically assesses the resilience of a state-of-the-art
deep learning model against a variety of clinically relevant
noise types at a range of intensities. It is crucial to
understand not only that noise degrades performance, but
precisely how and at what level different noises impact
diagnostic accuracy. Identifying these "tipping points"—
the noise thresholds beyond which a model's predictions
become establishing
confidence in automated diagnostic systems. Furthermore,
while denoising is a known solution, its effectiveness in
restoring the performance of a highly sensitive deep

unreliable—is  essential for

learning model across these diverse noise conditions needs
to be rigorously quantified.

1.4 Objectives and Hypotheses

This study aims to address the identified research gap
through a systematic and controlled experimental
investigation. The primary objectives are:

1. To establish the baseline diagnostic performance of a
modified Inception-based deep learning architecture
on a large, clean dataset of breast thermograms.

2. To systematically quantify the impact of four distinct
noise types—Gaussian, speckle, salt-and-pepper, and
Poisson—at varying levels of intensity on the model's
classification accuracy, sensitivity, and specificity.

3. Toidentify the performance "tipping points" for each
noise type, where diagnostic reliability degrades
significantly.

4. To evaluate the efficacy of a pre-processing denoising
filter in mitigating noise-induced classification errors
and restoring the model's diagnostic performance.

Based on these objectives, we formulated the following
hypotheses:

e Hypothesis 1: The deep learning model will achieve
exceptionally high diagnostic accuracy (exceeding
99%) when trained and tested on the noise-free
thermal image dataset.

e Hypothesis 2: The model's performance will degrade
with increasing noise intensity for all noise types.
However, the differ
significantly across the noises. We hypothesize that

degradation profile will
impulsive noises (salt-and-pepper) and multiplicative
noises (speckle) will cause a more abrupt and severe
performance collapse at specific intensity thresholds
compared to additive Gaussian noise.

o Hypothesis 3: The application of a denoising filter as
a pre-processing step will significantly improve the
model’s classification accuracy on the corrupted
images, restoring performance to levels statistically
comparable to the noise-free baseline.

By testing these hypotheses, this research seeks to provide
critical insights into the practical challenges of deploying
deep learning systems for breast thermography and to offer
evidence-based guidance for the development of more
robust and reliable diagnostic tools.

2. Methods
2.1 Research Design

This study was conducted as a quantitative, controlled
experimental investigation. The core of the research design
involved the systematic manipulation of the primary
independent variable: image noise. This variable was
operationalized across noise type
(Gaussian, speckle, salt-and-pepper, and Poisson) and noise

two dimensions:

intensity (defined by parameters such as variance, density,
or signal-to-noise ratio). The primary dependent variable
was the diagnostic performance of a deep learning model,
measured using a comprehensive set of classification
metrics.

The experiment was structured into four main scenarios to
provide a multi-faceted evaluation:

1. Benchmark Scenario: The model's baseline
performance was established by training and testing it
on the original, clean dataset. This served as the "gold
standard” against which all other results were

compared.

2. Noisy Dataset Scenario: To assess the model's
robustness, it was trained and tested on datasets to
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which a specific type of noise had been uniformly
applied to all images.

3. Mixed-Data Scenario: The model was evaluated on
a dataset comprising a 50/50 mix of clean and noisy
images to simulate a more heterogeneous data
environment and test the model's ability to
generalize.

4. Tipping Point Analysis: A focused analysis was
conducted where noise of increasing intensity was
systematically added to individual images fed into
the pre-trained model. This allowed for the precise
identification of the noise threshold at which

classification  accuracy begins to degrade
significantly, flipping from a correct to an incorrect
prediction.

For each relevant scenario, the effectiveness of a denoising
countermeasure was also evaluated by comparing the
model's performance on noisy
performance on the same images after a denoising filter
was applied.

images versus its

2.2 Participants / Sample

The "participants” in this study consisted of digital thermal
images obtained from a publicly available repository for
mastology research with infrared images [35]. The dataset
is specifically curated for the development and evaluation
of machine learning algorithms for breast cancer detection.
The full dataset comprised 1,800 thermal
categorized into two classes: 1,000 images corresponding

images,

to cases with confirmed cancerous lesions and 800 images
from healthy controls.

The acquisition of these images followed a strict protocol
to ensure data quality and consistency. Examinations were
conducted in a temperature-controlled room (20-22°C).
Patients were required to acclimatize to the room
temperature and to abstain from activities or substances
that could alter their thermal state (e.g., hot beverages,
creams) for at least two hours prior to the exam. Images
were captured with a high-sensitivity thermal camera
(FLIR SC620, sensitivity < 0.04°C) positioned at a standard
distance of one meter from the patient. This rigorous
standardization helps to minimize extraneous thermal
artifacts, though it does not eliminate the potential for
inherent sensor and electronic noise, which is the focus of
this study.

2.3 Materials and Apparatus
Hardware and Software: All experiments were conducted

on a high-performance desktop computer equipped with
an Intel Core i7 processor, 32 GB of RAM, a 1 TB solid-state

drive, and a dedicated NVIDIA GPU (6 GB VRAM) to
deep learning computations. The
experimental pipeline, including image processing, model
development, training, and analysis, was implemented in the
MATLAB (version 2020a) environment, utilizing its Deep
Learning and Image Processing Toolboxes.

accelerate entire

Deep Learning Model Architecture: The core of our
investigation was a modified deep convolutional neural
network based on the Inception architecture. The
foundation for our model was the Inception-V4 architecture,
known for its deep and efficient design that uses "inception
modules” to perform multi-scale feature extraction in
parallel [33, 34]. To optimize performance for the specific
task of thermal image analysis, we introduced a modification
to the standard Inception-V4 model, creating a variant we
refer to as Inception MV4. The key modification was made
within the "Inception B" module of the network. Specifically,
an additional convolutional layer was inserted after the
average pooling layer, and the number of filters in this path
was increased from 128 to 256 to enhance feature
extraction capacity. Concurrently, to maintain a balanced
network depth and computational load, some of the deeper
layers within the original Inception B block were
streamlined [32]. This modified architecture, Inception
MV4, was selected after preliminary experiments showed it
provided a superior balance of accuracy and training
efficiency compared to the standard Inception V3 and V4
models for this task.

distinct noise models

corrupt the thermal

Noise Models: Four
implemented to

representing a different physical phenomenon:

were

images, each

e Gaussian Noise: An additive noise model where the
intensity value of each pixel is perturbed by a random
value drawn from a normal (Gaussian) distribution. It
is defined by its mean (p) and variance (02) and
simulates electronic thermal noise [27].

e Speckle Noise: A multiplicative noise model that is
granular in appearance. The noise is modeled by
multiplying pixel values by random values with a mean
of 1 and a specified variance. It is characteristic of
coherent imaging but can also arise from sensor non-
uniformities in thermal systems [25, 36, 37].

e Salt-and-Pepper Noise: An impulsive noise model
that randomly replaces a certain percentage (density)
of image pixels with either maximum (salt) or
minimum (pepper) intensity values. It simulates dead
pixels or data transmission errors [40].

e Poisson Noise: A signal-dependent noise model
where the noise variance is proportional to the pixel
intensity. It stems from the quantum statistics of
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photon detection and is most prominent in low-light
(or low-temperature) conditions [30, 41].

Denoising Algorithm: To evaluate noise mitigation
strategies, a pre-trained, deep learning-based denoising
model was employed. Specifically, a Denoising
Convolutional Neural Network (DnCNN) was used. DnCNN
is designed to effectively remove specific types of noise
(particularly Gaussian) while preserving critical image
details and structures, a key requirement for medical
diagnostics. The denoising process was applied to each
RGB channel of a noisy image independently before the
channels were recombined to form the final denoised
image.

2.4 Data Collection Procedure

The experimental procedure was executed in a sequential
and controlled pipeline:

1. Pre-processing and Augmentation: All images
from the dataset were first resized to a uniform input
size required by the Inception architecture. A pre-
processing step was applied to automatically crop the
images to the region of interest (ROI), focusing on the
breast area while removing extraneous regions like
the neck, arms, and abdomen. To expand the training
dataset and prevent the model from overfitting, a
series of data augmentation techniques were applied
in real-time during training. These included random
horizontal flipping, random vertical flipping, and
random rotation of up to 30 degrees in either
direction.

2. Dataset Partitioning: The full dataset of 1,800
images was partitioned into a training set and a
testing set using a 70/30 split, respectively. This
resulted in 1,260 images for training the model and
540 images for its final, unbiased evaluation. The split
was stratified to maintain the same proportion of
healthy and cancerous images in both subsets.

3. Noise Injection: For the experiments involving noisy
data, noise was programmatically injected into the
images of the partitioned datasets. This was done
systematically for each of the four noise types. The
intensity parameters were varied across a pre-
defined range: Gaussian noise variance was varied
from 0.01 to 0.09; speckle noise variance from 0.02 to
0.08; salt-and-pepper noise density from 0.1 to 0.3;
and Poisson noise was applied to simulate different
signal-to-noise ratios (SNRs).

4. Model Training: The Inception MV4 model was
trained using a set of optimized hyperparameters
that were determined through empirical tuning. The

Stochastic Gradient Descent with Momentum (SGDM)
optimizer was used. A learning rate of le-4, a mini-
batch size of 10, and a training duration of 10-30
epochs were chosen to balance convergence speed and
stability. During training, the validation accuracy was
monitored to prevent overfitting, and training was
stopped if performance on a validation set plateaued.

2.5 Data Analysis

The performance of the Inception MV4 model under all
experimental conditions was quantified using a
comprehensive suite of standard performance metrics
derived from the confusion matrix (True Positives, True
Negatives, False Positives, False Negatives):

correct

e Accuracy: The overall

classifications.

proportion of

o Sensitivity (Recall): The ability of the model to
correctly identify positive (cancerous) cases.

e Specificity: The ability of the model to correctly
identify negative (healthy) cases.

e Precision: The proportion of positive predictions that
were actually correct.

o Negative Predictive Value (NPV): The proportion of
negative predictions that were actually correct.

e F1-Score: The harmonic mean of precision and
sensitivity, providing a single metric that balances
both.

e False Positive Rate (FPR): The proportion of healthy
cases incorrectly classified as cancerous.

o False Negative Rate (FNR): The proportion of
cancerous cases incorrectly classified as healthy.

e Area Under the ROC Curve (AUC): A global measure
of classification performance across all possible
decision thresholds.

e Equal Error Rate (EER): The rate at which the FPR
and FNR are equal.

To determine the statistical significance of the observed
performance differences between experimental conditions
(e.g., clean vs. noisy, noisy vs. denoised), pairwise t-tests
were conducted on the accuracy scores obtained over
multiple experimental runs. A p-value of less than 0.05 was
considered to be statistically significant.

3. Results
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This section presents the empirical findings of the study,
reported objectively and without interpretation. The
results are structured to first establish the baseline
performance of the Inception MV4 model, followed by a
detailed analysis of its robustness under various noise
conditions and the effectiveness of denoising
countermeasures.

3.1 Preliminary Analyses: Baseline Performance

The initial phase of the experiment was to establish the
benchmark performance of the modified Inception MV4
model on the clean, noise-free dataset. When trained and
tested on the 70/30 split of the original 1,800 thermal
images, the model demonstrated exceptionally high
diagnostic capability. The Inception MV4 model achieved
an average classification accuracy of 99.975%. This
performance surpassed that of the standard Inception V3
(98.104% accuracy) and the standard Inception V4
(99.971% accuracy) models under the same training
conditions, validating its selection for this study. The high
performance was also reflected in other key metrics, with
a sensitivity of 0.994, specificity of 1.000, precision of
1.000, and an F1-score of 0.997. The model produced no
false positives, with only a single false negative across the
entire test set. This strong baseline confirms Hypothesis 1
and provides a high standard against which the impact of
noise can be measured.

3.2 Main Findings: Impact of Noise and Denoising

The core of the investigation involved assessing the
model's performance when subjected to four different
types of noise at varying intensities.

Gaussian Noise: The model exhibited remarkable
resilience to Gaussian noise. When tested on images
corrupted with Gaussian noise (mean=0, variance varied
from 0.01 to 0.09), the model maintained a very high level
of accuracy. Even at higher variance levels, the average
detection accuracy remained consistently high. For
instance, in a dataset where all images were corrupted by
Gaussian noise with variances of 0.05 and 0.02, the average
accuracy over 10 epochs was 98.8%. In single-image tests
with fixed variance (0.02) and varying mean (0.02 to 0.08),
the accuracy remained at or near 100%, with no critical
tipping point observed within the tested range. This
suggests the model's convolutional layers are effective at
averaging out this type of distributed, additive noise.

Speckle Noise: The model's performance under speckle
noise was highly dependent on the noise variance. For
lower variance levels (0.02, 0.03, and 0.04), the model
maintained a perfect 100% accuracy. However, a distinct
performance degradation was observed as the variance
increased. At a variance of 0.07, the average accuracy

dropped significantly to 89.66%. A clear tipping point was
identified at a variance of 0.08, where the model's
performance collapsed catastrophically, with the average
accuracy plummeting to 43.86%. At this level, healthy
images were frequently misclassified as cancerous.

Salt-and-Pepper Noise: The model was extremely sensitive
to salt-and-pepper (impulsive) noise, especially at higher
densities. It maintained perfect 100% accuracy for noise
densities of 0.1 and 0.2. However, performance began to
decline at a density of 0.26 (97.88% accuracy) and
continued to drop as the density increased. A tipping point
was observed at a noise density of 0.3, where the average
detection accuracy fell to just 51.58%. This indicates that the
sharp, high-contrast artifacts introduced by this noise type
are highly disruptive to the model's feature extraction
process.

Poisson Noise: The model demonstrated strong robustness
against Poisson noise across a wide range of signal-to-noise
ratios (SNRs). From an SNR of 13.98 dB down to 1.94 dB, the
average detection accuracy remained stable at 99.9%. While
there was a very slight, gradual decrease in sensitivity (from
100% down to 99.06%) as the noise level increased (SNR
decreased), there was no evidence of a sudden performance
collapse or tipping point. The model effectively handled this
signal-dependent noise, maintaining high reliability even in
simulated low-signal conditions.

Effectiveness of Denoising: The application of a pre-
processing denoising filter proved to be a highly effective
countermeasure against noise-induced classification errors.
This was starkly illustrated in the tipping point analyses.

e For speckle noise, a healthy image corrupted with a
variance of 0.09 was initially misclassified as "Cancer”
with 99.58% confidence. After the denoising filter was
applied, the same image was correctly re-classified as
"Healthy" with 99.99% confidence.

e For salt-and-pepper noise, a healthy image with
After
denoising, it was correctly identified as "Healthy" with
99.999% confidence.

added noise was misclassified as "Cancer."

e Similarly, for Gaussian and Poisson noise, images
that were misclassified due to high noise levels were
correctly classified with near-perfect confidence after
the denoising algorithm was applied. This confirms
Hypothesis 3, demonstrating that noise mitigation is a
critical step for restoring diagnostic reliability.

3.3 Exploratory Findings: Mixed Data and Statistical
Significance
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When the model was trained on a mixed dataset (50%
clean, 50% Gaussian noise), its average accuracy was
98.22%. While this is a high level of performance, it is
notably lower than the accuracy achieved on the purely
clean dataset (99.974%) and slightly lower than the
performance on the fully noisy dataset (98.8%). This
suggests that while training on some noise can confer
robustness, it may not be sufficient to overcome the
variability introduced by a mixed-quality dataset without
leading to a slight drop in peak performance compared to
a clean baseline.

Statistical analysis using pairwise t-tests confirmed the
significance of these observations. There was a statistically
significant difference in detection accuracy when
comparing the performance on the Gaussian noise dataset
to the clean DMR IR dataset (p = 0.0418) and the mixed
DMR IR + Noise dataset (p = 0.0447). This verifies that the
presence of noise has a significant negative impact on
performance. Conversely, there was no statistically
significant difference between the performance on the
clean DMR IR dataset and the mixed dataset when
considering the overall stability (p = 0.5109), though the
peak accuracy was lower. These statistical results provide
quantitative support for the main findings.

4. Discussion
4.1 Interpretation

The results of this study provide a nuanced and
quantitative understanding of the interplay between deep
learning models, thermal imaging, and noise in the context
of breast cancer detection. Our first key finding—the near-
perfect 99.975% accuracy of the Inception MV4 model on
a clean dataset—firmly establishes the immense potential
of this technology under ideal conditions. This high level of
performance can be attributed to the model's sophisticated
architecture, which uses multi-scale inception modules to
effectively capture both the fine-grained textural details
and the broader spatial thermal patterns that differentiate
healthy from malignant tissue [32, 34].

However, the central contribution of this work lies in the
interpretation of the model's behavior under non-ideal,
noisy conditions. Our findings clearly support Hypothesis
2: the model's performance degrades with noise, but the
degradation profile is highly contingent on the specific
characteristics of that noise. The differential impact of the
four noise types can be explained by how they interact with
the fundamental operations of a CNN. The model's striking
resilience to Gaussian noise, for instance, is likely due to
additive zero-mean nature. The
filters, local averaging
operators, can effectively suppress this type of distributed,
random fluctuation without losing significant structural

the noise's and

convolutional which act as

information from the underlying image.

In stark contrast, the model's vulnerability to salt-and-
pepper noise reveals a critical weakness. This impulsive
noise introduces pixels with maximum or minimum
intensity, creating sharp, high-frequency artifacts. These
artifacts can be mistaken by the network’s filters for salient
features, such as the small, intense "hotspots" that might be
associated with a tumor. This leads to catastrophic
misclassification, as evidenced by the performance collapse
to ~51% accuracy—barely better than random chance—at
a density of just 0.3. A similar phenomenon occurs with high-
variance speckle noise. As a multiplicative noise, it corrupts
the image by altering the texture and grain of tissue regions.
At a critical variance (the "tipping point" of 0.08), this
textural distortion becomes so severe that it overwhelms
the genuine thermal patterns, causing the model's learned
feature representations to fail and leading to a precipitous
drop in accuracy.

The model's robustness to Poisson noise can be attributed
to its signal-dependent nature. Since Poisson noise has a
variance equal to the signal intensity, it is more pronounced
in brighter (hotter) regions of the thermogram. However,
the diagnostic information in thermography often lies in the
relative temperature differences and patterns, rather than
the absolute temperature of the hottest point. The model
appears capable of learning these relational patterns even
when the high-intensity areas are noisy.

Finally, the dramatic success of the denoising filter is
profoundly significant. The ability to take an image that was
misclassified with over 99% confidence and, after filtering,
have it correctly classified with over 99% confidence
underscores a critical point: the diagnostic information was
not destroyed by the noise, but merely obscured. The
denoising algorithm successfully separated the structured
signal (the thermal pattern) from the unstructured noise,
enabling the model to function as intended. This validates
Hypothesis 3 and highlights that the problem is not an
inherent flaw in the model's diagnostic logic, but rather its
sensitivity to data quality.

4.2 Comparison with Literature

Our findings both align with and extend the existing body of
literature. The high baseline accuracy we achieved is
comparable to other state-of-the-art models reported in
recent studies, such as the 100% accuracy claimed for the
BreaCNet model on a specific dataset, reinforcing the
viability of deep learning for this task [23]. Our investigation
into Gaussian noise corroborates the work of researchers
who have previously used it for data augmentation or noted
its presence [18, 19]. However, our systematic evaluation
across a wide range of variances provides a more granular
understanding than previously available, demonstrating a
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high degree of resilience rather than a simple degradation.

The most significant extension of the literature comes from
our direct, controlled comparison of multiple noise types.
While individual studies have acknowledged different
noises, such as salt-and-pepper [20] or speckle [24], none
have provided a quantitative, side-by-side analysis of their
relative impact on a single, powerful deep learning model.
Our identification of distinct "tipping points" for impulsive
and multiplicative noise is a novel contribution that
quantifies the operational limits of these systems in a way
that has not been previously reported. This provides a
crucial benchmark for future research.

Furthermore, our results strongly support the general
consensus on the importance of pre-processing and noise
mitigation in medical imaging analysis [9, 10, 11, 12]. While
studies have previously demonstrated the utility of
denoising filters for improving image quality or aiding
segmentation [11, 21], our work provides direct evidence
of their in preventing catastrophic
classification failures in an end-to-end deep learning
pipeline. This reinforces the idea that robust pre-
processing is not merely an optional enhancement but a
mandatory component for any clinical-grade Al system in
this domain. Our work also complements broader reviews
on the use of thermography and neural networks,
providing specific empirical data on the challenges
highlighted in those reviews [7, 17].

critical role

4.3 Strengths and Limitations

This study has several notable strengths. Its primary
strength is the and
methodology used to compare the effects of four different
and relevant noise types on a state-of-the-art deep learning
model. The use of a large, publicly available dataset
[35]. The

identification of performance "tipping points" provides

comprehensive systematic

enhances reproducibility quantitative
novel and valuable benchmarks for the field. Finally, the
clear demonstration of the effectiveness of denoising as a
countermeasure offers a strong, evidence-based practical

recommendation.

Despite these strengths, it is important to acknowledge the
study's limitations. First, the investigation relied on
artificially generated noise injected into clean images.
While the noise models used are standard and
mathematically sound, they may not perfectly replicate the
complex, often mixed, noise profiles encountered in real-
world clinical environments, where multiple noise sources
may coexist. Second, our analysis was confined to a single,
albeit powerful, deep learning architecture (Inception
MV4). It is possible that other architectures, such as those
incorporating attention mechanisms or different
regularization strategies, might exhibit different degrees of

robustness. Third, the study focused on the binary
classification task of "healthy" versus "cancerous." It did not
explore how noise might affect more nuanced tasks, such as
differentiating between different types of tumors or staging
cancer severity. Lastly, while the dataset used was
substantial, it originates from a single source, and the
findings would be strengthened by validation on data from
different clinics and camera systems.

4.4 Implications

The findings of this research have significant implications
for both clinical practice and technical development.

Practical and Clinical Implications: For clinicians, medical
physicists, and healthcare providers, this study serves as a
crucial reminder that the output of Al-powered diagnostic
tools is highly dependent on input data quality. A "black box"
approach to Al is insufficient; there must be an awareness of
potential failure modes. Our results strongly advocate for
the establishment and strict adherence to standardized
imaging protocols designed to minimize noise at the source
[14]. This includes controlling the ambient environment,
ensuring proper camera calibration, and maintaining sensor
integrity. Furthermore, the quantitative evidence of
denoising effectiveness suggests that robust noise-filtering
modules should be considered a mandatory component of
any CAD system for thermography before it is deployed in a
clinical setting, to act as a safety net against poor-quality
image acquisition.

Research and Technical Implications: For Al researchers
and developers, our findings challenge the community to
move beyond optimizing models solely on pristine, curated
datasets. Robustness to real-world imperfections must
become a primary design criterion. The performance
degradation profiles and tipping points identified in this
study can serve as valuable benchmarks for stress-testing
new models. The research should spur the development of
deep
architectures that are inherently more resilient to data
corruption. This could involve exploring novel
regularization techniques, loss functions that are less

more  sophisticated, "noise-aware" learning

sensitive to outliers, or architectures that explicitly model
and separate noise. Our work also highlights the continued
importance of research into advanced denoising algorithms,
particularly those tailored to the specific statistical
properties of thermal imaging and the preservation of subtle
diagnostic features [37, 38, 39, 40].

4.5 Conclusion and Future Directions

In conclusion, this study provides a comprehensive
quantitative assessment of the resilience of deep learning-
based breast cancer detection in the face of image noise. We
have demonstrated that while a state-of-the-art model like
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Inception MV4 can achieve near-perfect accuracy under
ideal conditions, its reliability is critically vulnerable to
noise, with impulsive and multiplicative noises like salt-
and-pepper and speckle posing the most significant threat.
We have identified specific performance "tipping points"
that define the operational limits of such systems. Most
importantly, we have confirmed that this vulnerability can
be effectively managed through the application of pre-
processing denoising filters, which successfully restore
diagnostic accuracy. The central takeaway is that for Al to
be a reliable partner in clinical diagnostics, a dual focus on
both powerful algorithms and robust data integrity is not
just beneficial, but essential.

Building on the foundation of this work, several promising
avenues for future research emerge. First, it is crucial to
validate these findings using a large, multi-center clinical
dataset containing images with naturally occurring, mixed-
type noise. Second, future work should explore the
development of novel deep learning architectures with
built-in noise resilience, potentially through adversarial
training or by incorporating noise modeling directly into
the network layers. Third, the scope of analysis should be
expanded beyond binary classification to investigate how
noise impacts the ability to predict cancer subtypes, stage,
or grade. Finally, there is a compelling need to design and
evaluate lightweight, noise-robust CNN models that are
computationally efficient enough for deployment on low-
power or mobile platforms, which could democratize
access to this promising screening technology [5, 6, 8].
Pursuing these directions will be key to transitioning this
technology from a promising research concept to a trusted
tool in the global fight against breast cancer.
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