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Abstract

Point-of-care ultrasound (POCUS) represents a significant advancement
in emergency and critical care medicine, offering real-time imaging capa-
bilities that are essential for rapid diagnostic and therapeutic decisions.
Despite its advantages, the effective interpretation of POCUS images
demands a high degree of expertise, making the process susceptible to
variability and potential diagnostic inaccuracies. POCUS can also be
challenging for artificial intelligence (AI) to interpret, and existing com-
mercial POCUS AI systems required large amounts of labeled training
data. We trained POCUS AI models using limited training data, for
which we improved diagnostic accuracy by directly integrating geometric
heuristics into the architecture and training of our POCUS AI models.
These heuristics were derived by humans from the expert knowledge of
clinicians.

Our clinical focus was diagnosing pneumothorax, where rapid and accurate
detection is crucial. Our AI-enhancing methodology centered on collecting
and incorporating geometric heuristics, i.e. intuitive rules and patterns
used by clinicians in image interpretation. These heuristics include the
observation of pleural line sliding, its relative movement against the
intercostal muscle, and the specific positioning of the pleural line, among
others. We represented these heuristics using semantic-segmentation label
images and optical flow images, and we also cropped the images based
on the semantic segmentation. We developed two distinct methods for
embedding these additional heuristic images into the AI models: one
through adding new channels to the input data and another by integrating
them as distinct inputs that the AI model later fuses into a common
embedding space with the original grayscale image data.

The strategies of cropping regions of interest (ROI) and utilizing segmen-
tation maps significantly outperformed the baseline models, underscoring
the importance of directing the AI’s focus to crucial image regions. Surpris-
ingly, optical flow maps did not enhance model performance, highlighting
the nuanced nature of computing and/or integrating motion-related heuris-
tics for ultrasound. Overall, the multi-channel input approach proved
slightly more effective than the fused embedding space, though both
methods showed promise in improving diagnostic accuracy.

This study opens up avenues for exploring additional heuristic combina-
tions and refining model architectures to further enhance the performance
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of AI in medical imaging, especially in applications such as POCUS video
for which both clinicians and AI often struggle to discern nondescript
anatomy and motion.
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Chapter 1

Introduction

1.1 Motivation

The advent of Point-of-Care Ultrasound (POCUS) has marked a significant advance-

ment in the field of emergency and critical care, offering a vital tool for rapid and

effective decision-making [47]. Despite its transformative impact, the effective utiliza-

tion of POCUS is heavily reliant on the operator’s expertise, highlighting a crucial

challenge in the field: the variability in diagnostic accuracy across different levels of

clinical skill [70]. This variability underscores the need for innovative approaches to

mitigate the reliance on individual expertise, aiming to democratize the benefits of

POCUS across various clinical settings [34].

The versatility and non-invasiveness of POCUS make it an indispensable tool in

diagnosing and managing critical conditions [36]. However, the efficacy of POCUS

hinges on the clinician’s ability to accurately interpret complex ultrasound images, a

skill that requires extensive training and experience [33]. The inherent limitations of

human interpretation, including susceptibility to fatigue and cognitive biases, further

underscore the potential of artificial intelligence (AI) to augment diagnostic accuracy

in POCUS applications [40].

Recent advancements in AI, particularly deep learning, have shown promise in

enhancing medical imaging analysis, offering a pathway to augment human capabilities
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1. Introduction

Figure 1.1: Integration of AI in augmenting POCUS diagnostic accuracy.

and reduce variability in image interpretation [41], [8].

Our interdisciplinary approach includes both computational techniques and the

clinical context of POCUS usage [7], [63]. This encompasses an appreciation of ultra-

sound physics, the variability of human anatomy, and the spectrum of pathologies

influencing image interpretation [25], [45]. Our research is driven by the potential to

significantly improve patient outcomes through enhanced diagnostic reliability and

timeliness, particularly in emergency settings where rapid decision-making is critical

[27], [4].

Furthermore, by enhancing POCUS with AI, we envision expanding its diagnostic

benefits to a wider range of clinical settings, including those with limited access

to specialized radiological expertise [80], [22]. This aligns with the broader goal of

making advanced diagnostic capabilities universally accessible, ensuring equitable

healthcare delivery [58], [55].

Our research is propelled by the ambition to leverage AI in unlocking the full

diagnostic potential of POCUS, merging technological innovation with clinical ex-

pertise [66], [32]. By incorporating geometric heuristics into AI models, we aspire

to develop systems that not only elevate diagnostic accuracy but also encapsulate

the nuanced understanding characteristic of experienced clinicians, redefining patient

2



1. Introduction

care by broadening the accessibility and reliability of ultrasound interpretation across

all levels of clinical practice [54], [28].

Figure 1.2: AI-augmented POCUS in various clinical settings.

1.2 Contributions

This thesis progresses in AI-driven medical diagnostics using Point-of-Care Ultrasound

(POCUS) through two primary novel contributions. The first is the visualizing of

critical geometric heuristics derived from clinicians. These heuristics capture essential

diagnostic patterns and shapes that clinicians intuitively use during POCUS interpre-

tation. The second major contribution is the development of a method to effectively

communicate these identified heuristics to deep learning models.

Additionally, the research includes secondary contributions that further the un-

derstanding and effectiveness of heuristic integration in AI models. A comprehensive

study on the effect of noise within the imaging data has been conducted to determine

how it impacts the model’s ability to utilize the geometric heuristics, aiming to refine

the model’s resilience and accuracy under real-world conditions. Moreover, rigorous

testing has been performed to quantify the impact of the identified heuristics on the

3
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model’s performance. These tests validate the practical significance of integrating

geometric heuristics into POCUS AI models, emphasizing their value in enhancing

diagnostic precision.
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Chapter 2

Background and Related Works

2.1 Point-of-Care Ultrasound (POCUS)

2.1.1 Introduction to POCUS and AI

Point-of-Care Ultrasound (POCUS) has become an essential diagnostic tool in emer-

gency and critical care, offering rapid, real-time imaging to guide clinical decisions.

Despite its advantages, the accuracy of POCUS is heavily dependent on the operator’s

skill, presenting a challenge for its broader implementation [18, 62]. The integration

of Artificial Intelligence (AI) promises to mitigate these challenges by enhancing

diagnostic accuracy and making POCUS accessible to a wider range of healthcare

professionals [10, 26].

2.1.2 Diagnostic Accuracy and AI Integration

Recent studies underscore the potential of AI in improving the diagnostic accuracy

of POCUS. Specifically, AI-assisted assessments of left ventricular ejection fraction

(LVEF) have shown high sensitivity and specificity, even when performed by less

experienced operators [20, 67]. These findings highlight AI’s role in standardizing

POCUS interpretations and expanding its utility across diverse clinical settings.
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Figure 2.1: Showcasing the transformative potential of artificial intelligence in en-
hancing medical imaging interpretations [35].

2.1.3 AI-Enhanced POCUS in Low-Resource Settings

In low-resource settings (LRS), AI-enhanced POCUS could significantly impact

healthcare delivery by providing accurate diagnostic capabilities where access to

trained specialists is limited. Research demonstrates that minimal training is required

for non-experts to achieve reliable imaging results with AI-assisted POCUS, making

it a valuable tool for disease diagnosis and management in underserved areas [3, 43].

2.1.4 Advancements in AI-Enhanced POCUS

Recent studies have broadened the applications of AI-enhanced POCUS, demon-

strating its potential beyond cardiac assessments to include respiratory, abdominal,

and vascular imaging. The integration of AI has been instrumental in improving

the diagnostic accuracy for conditions such as pneumothorax, pulmonary edema,

and acute respiratory distress syndrome (ARDS), where AI-POCUS systems have

matched or surpassed the performance of conventional imaging modalities like chest

X-ray and CT scans. Moreover, the application of AI in obstetric POCUS for fetal

health monitoring and gestational age estimation has underscored the versatility of

AI-POCUS across different medical specialties [6, 44].
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2.1.5 Emergency and Critical Care Applications

In emergency and critical care settings, the value of AI-enhanced POCUS is par-

ticularly pronounced, offering rapid and accurate diagnostics crucial for patient

management. Research highlights its utility in emergency departments for conditions

requiring immediate intervention, such as cardiac tamponade and abdominal emer-

gencies. AI assistance in POCUS can mitigate the risk of diagnostic errors, especially

under the high-pressure conditions typical of emergency care, thereby enhancing

patient outcomes [15, 82].

Figure 2.2: AI-enhanced Point-of-Care Ultrasound (POCUS) in Emergency and
Critical Care Settings, showcasing its pivotal role in rapid and accurate diagnostics
crucial for patient management [30].

2.1.6 Training and Implementation Challenges

Despite its promise, the widespread implementation of AI-enhanced POCUS encoun-

ters significant challenges, notably in training healthcare professionals to effectively

use these systems. The diversity in AI-POCUS interfaces and the intricacies of AI-

assisted diagnostic interpretations necessitate robust training programs. Furthermore,

seamlessly integrating AI-POCUS into clinical workflows demands adaptation and

compatibility with existing medical practices and infrastructure [50, 61].
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2.1.7 Ethical and Regulatory Considerations

The advancement of AI applications in healthcare brings forth critical ethical and

regulatory considerations. Issues related to patient privacy, data security, and the

accountability of AI-assisted diagnostic decisions are of paramount concern. Ensuring

that AI-POCUS systems are developed and utilized in compliance with stringent

ethical standards and regulatory guidelines is essential to maintaining patient safety

and trust in healthcare technology [16, 65].

2.1.8 Future Directions in Research

Looking forward, research in AI-enhanced POCUS will likely focus on exploring new

diagnostic applications, enhancing user experience, and overcoming current techno-

logical limitations. Progress in machine learning algorithms and imaging technology

promises more sophisticated AI-POCUS systems capable of providing comprehensive

diagnostic insights. Collaborative efforts among clinicians, researchers, and technology

developers are crucial for realizing the full potential of AI in transforming POCUS

applications [71, 79].

In conclusion, the integration of AI into POCUS marks a significant advancement in

medical imaging, with the potential to improve diagnostic accuracy, expand applica-

tion scopes, and enhance patient care across a wide array of medical disciplines. The

ongoing evolution of this field is set to play a critical role in the future landscape of

healthcare delivery.

2.1.9 Introduction to Ultrasound in Clinical

Decision-Making

Ultrasound imaging is emerging as a new cornerstone in point-of-care medical diagnos-

tics, offering real-time visualization of internal organs and structures. Its non-invasive

nature and versatility make it an indispensable tool across various medical fields.

Despite its advantages, the interpretation of ultrasound images requires a high level of

expertise, as it is highly operator-dependent and subject to inter- and intra-observer

variability [14, 46].
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2.2 Clinician Heuristics in Ultrasound

Interpretation

2.2.1 Ultrasound Heuristics

Clinician heuristics, defined as cognitive shortcuts or rules of thumb that assist

in decision-making, play a crucial role in the interpretation of ultrasound images.

These heuristics, derived from experience, help in navigating complex diagnostic

environments by simplifying the processing of visual information and facilitating

rapid decision-making [76, 79].

Figure 2.3: Insightful Ultrasound Heuristics: Clinically Derived Rules and Patterns
Guiding Interpretation for Accurate Diagnosis [68].

Incorporating Heuristics into AI Models

Recent advancements in artificial intelligence (AI) and machine learning (ML) have

shown potential in augmenting the diagnostic process, including ultrasound inter-

pretation. Integrating clinician-derived heuristics into AI models aims to bridge

the gap between human expertise and machine precision, enhancing the model’s

interpretability and accuracy [71, 76]. One study demonstrated the effectiveness of

heuristic corrections in improving the segmentation of cardiac structures in ultrasound

images, showcasing the potential of combining human expertise with AI capabilities

[9].
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Challenges and Opportunities

While the integration of heuristics into AI models presents a promising avenue, it also

introduces challenges, including the codification of expert knowledge into a form that

can be understood by AI systems and ensuring that the AI model remains adaptable

to new or unseen cases [24, 60].

2.2.2 Nudges in Clinical Decision-Making

Beyond heuristics, the concept of ’nudges’—subtle interventions designed to influ-

ence behavior without restricting choices—has been explored in healthcare to guide

clinicians towards improved decision-making. Nudges have been employed in various

healthcare settings to encourage the adoption of evidence-based practices, adherence

to guidelines, and to improve the efficiency and quality of care [29, 77].

Effectiveness of Nudges

A systematic review of clinician-directed nudges revealed their potential in positively

influencing clinical decision-making, emphasizing the importance of choice architec-

ture in healthcare settings. Nudges that alter information presentation, decision

structures, and provide decision aids can guide clinicians towards better clinical deci-

sions, thereby indirectly influencing the utilization and interpretation of diagnostic

tools like ultrasound [29, 77].

The integration of clinician heuristics and the application of nudges in clinical decision-

making represent two complementary approaches to enhancing the diagnostic process

in ultrasound imaging. These strategies underscore the importance of leveraging both

human expertise and behavioral insights to support clinical decision-making, paving

the way for more accurate, efficient, and patient-centered care.

2.3 Ultrasound Video Classification

The advancement of machine learning (ML) and deep learning (DL) techniques has

significantly impacted the field of medical imaging. This section delves into the
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evolution and current state of these technologies, focusing on their application in

ultrasound video classification [2, 52].

2.3.1 Machine Learning in Ultrasound Imaging

Machine learning, with its ability to learn from data, identify patterns, and make

decisions with minimal human intervention, has found extensive applications across

various fields, including ultrasound imaging [2, 52]. The use of ML in ultrasound

imaging is not new; however, recent years have witnessed a substantial growth

in interest and application of these techniques. This surge is attributed to ML’s

ability to address some of the inherent challenges in ultrasound imaging, such as the

interpretation of complex patterns and the need for automated, reliable diagnostics

[2, 52].

Figure 2.4: Ultrasound ML Classification: From Interpreting Complex Patterns to
Ensuring Automated, Reliable Diagnostics [52].

2.3.2 Deep Learning for Medical Diagnostic Videos

Deep learning, a subset of ML, has shown remarkable success in the automated analysis

of medical diagnostic videos, including ultrasound and endoscopy. By automating

tasks such as classification, detection, and segmentation, DL models enhance the

efficiency and accuracy of diagnoses. Convolutional Neural Networks (CNNs) and
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2. Background and Related Works

Long Short-Term Memory (LSTM) networks are among the most commonly used

models for analyzing medical videos, demonstrating significant success in extracting

meaningful information from complex datasets [13, 51].

Applications in Ultrasound Video Classification

The classification of ultrasound videos using DL has particularly benefited from the

capabilities of CNNs and LSTM networks. These models have been effectively applied

to a range of tasks, from segmenting specific anatomical structures to classifying

different types of medical conditions within ultrasound videos.

Challenges and Future Directions

Despite the successes, the application of DL in ultrasound video classification faces

several challenges. These include the labeling and preprocessing of medical videos,

class imbalance, and time complexity. Furthermore, integrating expert knowledge

into DL models remains an open challenge, emphasizing the need for collaborative

research efforts with domain experts to enhance diagnostic processes [17].

The integration of machine learning and deep learning in ultrasound imaging

represents a promising frontier in medical diagnostics. As technology advances, further

collaboration between computational scientists and medical professionals is essential

to fully harness the potential of these models, paving the way for more accurate,

efficient, and automated diagnostic tools.
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Chapter 3

Experimental Setup and Data

This chapter outlines the experimental framework and datasets employed in these

investigations. The study leverages a comprehensive video dataset augmented with

derived heuristics datasets, including segmentation maps, Pleura ROI crops, and

optical flow maps. The model selection and computational resources necessary for

the research are detailed, providing a foundation for the experimental analysis.

Figure 3.1: Ultrasound Video Frame of the Lung: Visualizing Pulmonary Structures
and Pathologies in Real Time.
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3. Experimental Setup and Data

3.1 Video Dataset

The primary dataset comprises 107 POCUS video clips sourced from a diverse patient

demographic presenting with various conditions. This is a very small dataset for deep

learning, but is relatively large in comparison to most publicly available standardized

lung-ultrasound datasets. (There are larger lung-ultrasound datasets, but they are

are diversely aggregated and lack a common protocol, making them challenging to

use.) The allocation of 64 video clips for training includes only 30 positive examples

of pneumothorax. An additional 43 video clips were used for testing.

At the Brooke Army Medical Center (BAMC), each video segment was acquired

utilizing a Butterfly Ultrasound device equipped with a high-resolution probe. This

method enabled the detailed capture of thoracic lung ultrasound scans, specifically

targeted at pivotal regions for the identification of medical conditions such as pneu-

mothorax. Prior to inclusion in the dataset, each video was anonymized to protect

patient privacy, with all identifiable patient information removed.

Figure 3.2: Preprocessing Step 1: Cropping the Flank Sides of the Ultrasound Image
to Remove Scale and Markers, Enhancing Clarity for Subsequent Analysis.
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3. Experimental Setup and Data

Figure 3.3: Processing Step 2: Rectilinear Transformation with Columns Representing
A-scans, Transforming Ultrasound Data for Enhanced Visualization and Analysis.

3.2 Heuristics Dataset

The heuristics dataset is designed to encapsulate clinician expertise in the form of

geometric patterns and landmarks critical for POCUS image interpretation. This

dataset is subdivided into three categories: segmentation maps, Pleura ROI (Region

of Interest) crops, and optical flow maps. Each category targets specific aspects of

the ultrasound images, providing information on clinically relevant features directly

to the AI model, so that the model doesn’t have to independently learn to interpret

some of these complexities of these medical images.

3.2.1 Segmentation Maps

Segmentation maps are generated for each video frame, delineating key anatomical

structures such as the pleural line, intercostal muscles, and ribs.

3.2.2 Pleura ROI Crops

Focusing on the pleura-intercostal region, Pleura ROI crops are extracted from the

ultrasound frames. This heuristic preserves only the image region around the pleural

line and adjacent areas, which are critical for diagnosing pneumothorax; all other
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3. Experimental Setup and Data

Figure 3.4: Segmentation map showing labeled structures that facilitated AI interpre-
tation of lung ultrasound: 1) Rib, 2) Pleura Line, 3) Intercostal Muscle.

image content is discarded to avoid accidental AI over fitting to irrelevant image

content. The crops are sized to include the pleural line and enough surrounding

tissue to allow the model to assess the presence of pleural sliding and other diagnostic

indicators.

Figure 3.5: Region of Interest Cropped from Ultrasound Frame (Left) and Segmenta-
tion Map (Right), Highlighting Labeled Structures for Detailed Analysis.
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3. Experimental Setup and Data

3.2.3 Optical Flow Maps

Optical flow maps represent the motion between consecutive frames of the ultrasound

videos, capturing the dynamic nature of the anatomical structures under observation.

Optical flow maps are generated in both the X and Y directions, to represent the

complete motion patterns. When used in conjunction with static segmentation maps,

both spatial and temporal information is represented in the heuristics.

Figure 3.6: Region of Interest Containing the Sliding Motion of the Pleura.

Figure 3.7: Optical Flow Maps: Left - X Direction, Right - Y Direction, Facilitating
Analysis of Motion in Ultrasound Imaging.

17



3. Experimental Setup and Data

3.3 Model Selection

The experimental framework utilizes a dual-method approach for integrating the

heuristics into the AI model. Two architectures, ResNet-50 with Temporal Shift Mod-

ule (TSM) and MobileNet V2 with TSM, were selected based on their proven efficacy

in image classification tasks and their ability to handle temporal data. ResNet-50

with TSM is employed for its deep learning capabilities and robust feature extraction,

while MobileNet V2 with TSM offers a lightweight alternative suitable for real-time

applications on portable devices [5, 38].

Implementation Details: The learning-based components of our study are

implemented using PyTorch, a leading deep learning framework known for its flexibility,

efficiency, and support for dynamic computational graphs. PyTorch facilitates the

rapid prototyping of deep learning models, allowing for direct manipulation of model

architecture and training procedures.

Data augmentation techniques were tailored to mimic the variability and chal-

lenges inherent in clinical ultrasound imaging. For instance, rotations and translations

simulate the different orientations and positions in which ultrasound scans may be

conducted in a hectic emergency room setting, while scaling adjustments account for

the variability in organ sizes among different patients.
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Chapter 4

Selection of Heuristics

4.1 Introduction

The domain of artificial intelligence (AI) and machine learning (ML) has seen re-

markable progress in recent years in the field of medical imaging analysis [56, 78].

Heuristics, which are rule-based approaches derived from human expertise, can be

used to guide AI models to achieve higher accuracy and interpretability, especially in

complex tasks like the classification of medical images [1, 69]. This chapter focuses on

the selection and application of heuristics in enhancing the performance of POCUS

AI models for the particular application of diagnosing pneumothorax.

4.2 What Are Heuristics?

Heuristics, in the context of artificial intelligence and machine learning, refer to

simplified rules or strategies derived from human expertise intended to solve complex

problems efficiently [39]. These rules, especially geometric heuristics in medical

imaging, aid in narrowing down the focus areas for AI models, facilitating better

interpretation of images by highlighting crucial patterns and relationships [48].

19



4. Selection of Heuristics

4.3 How to Choose Heuristics

Selecting appropriate heuristics is a nuanced process that involves evaluating potential

rules based on several criteria, including relevance to the task, computational efficiency,

and impact on model performance [11]. This section outlines the methodology

employed for heuristic selection, which encompasses empirical analysis and expert

consultation. It also addresses the challenges inherent in this selection process,

such as ensuring the balance between complexity and performance and achieving

generalizability across different datasets [53].

4.3.1 Criteria for Selection

The selection of heuristics is guided by several criteria [73], including:

1. Relevance: The heuristic must be directly applicable to the diagnostic problem

at hand, capable of highlighting key features or patterns that are indicative of

the condition being diagnosed [37].

2. Computational Efficiency: Selected heuristics should be computationally

efficient to apply within the AI model without significantly increasing processing

time, especially for edge deployment and/or real-time video applications [81].

3. Interpretability: The heuristic should contribute to the interpretability of

the AI model’s decisions, allowing clinicians to understand the basis of the AI’s

diagnosis and trust its accuracy [21].

4. Impact on Model Performance: The primary goal of integrating heuristics

is to enhance the model’s diagnostic accuracy [42].

4.3.2 Collaboration with Clinicians

Clinicians can provide insights into their diagnostic reasoning process, highlighting key

visual cues, patterns, and geometric relationships that they rely on when interpreting

POCUS images [57]. For example, clinicians might highlight the importance of

the pleural line’s visibility and its dynamic behavior (e.g., lung sliding) as crucial

indicators of pneumothorax, for which a heuristic can be created.
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4. Selection of Heuristics

Figure 4.1: Comparison Between Ultrasound Images of a Patient with Pneumothorax
and a Healthy Patient.

4.4 Selecting Heuristics for the Problem Under

Study: Pneumothorax Classification

Pneumothorax is an emergency situation characterized by the presence of (often

actively accumulating) air in the pleural space just outside the lungs, making it

increasingly difficult for the lungs to expand when breathing. This section explores

key heuristics significant in pneumothorax detection in ultrasound, detailing their

clinical importance and implementation in AI modeling.

Collection of Geometric Heuristics

Clinicians utilize several key heuristics for pneumothorax diagnosis in lung ultrasound

images. These include: observation of pleural line sliding, comparison of pleural line

movement relative to intercostal muscles, identification of pleural line positioning

between ribs, examination of the pleura-intercostal region, and evaluation of slid-

ing motion. These heuristics and their visualization methods were systematically

categorized as shown in Table 4.1.
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4. Selection of Heuristics

Representation of Heuristics

Effective presentation of these heuristics to AI is crucial for their integration into the

AI model. For pleural line sliding, sliding relative to intercostal muscles, and pleural

line positioning between ribs, segmentation image maps were used as additional

inputs to the AI model. Experts created segmentation maps for each ultrasound

image frame, for each of the Pleural line, Intercostal muscle, and Ribs. For heuristics

focusing on the pleura-intercostal region, a ROI cropping technique was employed,

involving direct cropping around the pleura from video frames; the exact ROI crop

was based on the segmentation maps. For the assessment of sliding motion, Optical

Flow Maps in both X and Y directions were computed using standard techniques

[75].

Figure 4.2: Data pre-processing and heuristics preparation: a) Individual frame of
the ultrasound video clip, b) Rectilinear Transformation with columns as A scans, c)
Segmentation Map with labels and region of interest mapped - 1) Rib 2) Pleura Line
3) Intercostal Muscle, d) Region of interest cropped from ultrasound frame (left) and
segmentation map (right), e) Resized region of interest crop from ultrasound frame
(left) and segmentation map (right), f) Optical flow map X direction and g) Optical
flow map Y direction.
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4. Selection of Heuristics

Table 4.1: Heuristics and their representation to the AI

Human Heuris-
tics

Heuristic Repre-
sentation for AI

P: Sliding motion of
the pleura

Pleura segmenta-
tion map

M: Pleura slides
with or against mo-
tion of intercostal
muscles

Intercoastal Muscle
segmentation map

PM: Pleura and in-
tercostal muscle are
both visible in the
region(s) between
the ribs

Rib segmentation
map (implicitly in-
dictes locations of
both Pleura and in-
tercostal Muscle)

RoI: Focus on the
pleura-intercostal
region

Region of Interest
used to crop orig-
inal ultrasound
video; crop includes
the pleura between
the ribs and at least
some intercostal
muscle

OF: Sliding re-
quires looking for
motion

Cartesian Optical
Flow maps in both
X and Y directions
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Chapter 5

Method 1 - Heuristics as Additional

Channels to Input Training Frame

5.1 Introduction

This chapter specifically focuses on one of two researched methods for incorporating

these heuristics into AI models. We detail our methodological progress in embedding

clinician insights directly into the AI training process, aiming to refine the model’s

focus on diagnostically relevant features [19].

5.2 Methodology

5.2.1 Introduction to Augmentation Method

The process of augmenting input data with heuristic-informed additional channels

represents a cornerstone of our methodology aimed at enhancing the interpretative

power of AI in analyzing Point-of-Care Ultrasound (POCUS) imagery [23]. This

approach is predicated on the incorporation of geometric heuristics, which are expert

clinician-derived intuitive rules or patterns, into the AI model’s training process [59].

The objective is to replicate the expert clinician’s analytical gaze, focusing the AI’s

attention on features within the ultrasound images that are pivotal for accurate and

timely diagnosis [49].
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5. Method 1 - Heuristics as Additional Channels to Input Training Frame

5.2.2 Rationale

The primary motivation for embedding these heuristic-informed channels alongside

the raw ultrasound data is to endow the AI model with a clinician-like perspective

[19]. Encoding these heuristics as distinct input channels for the AI model seeks to

emulate this expert decision-making process, thereby enhancing the model’s diagnostic

accuracy and reliability [74].

5.2.3 Implementation Strategy

Figure 5.1: Example of Integrating a Heuristic as an Additional Channel to Ultrasound
Video Frames.

Segmentation Maps: We generate detailed segmentation maps that highlight

crucial anatomical structures—pleural lines, intercostal muscles, and ribs—essential for

diagnosing pneumothorax. These maps are appended to the raw grayscale ultrasound

images as additional input channels, enriching the data set with spatial cues about

anatomical landmarks.

Region of Interest: To ensure the focus remains on critical diagnostic areas, we

meticulously crop a Region of Interest (ROI) that encompasses the pleura, intercostal

muscles, and ribs. This targeted approach reduces background noise and enhances
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5. Method 1 - Heuristics as Additional Channels to Input Training Frame

the model’s processing efficiency by isolating the anatomical regions most likely to

show signs of pneumothorax.

Optical Flow Maps: To capture the dynamics of pleural line movement, optical

flow maps are produced, illustrating the motion between consecutive frames of an

ultrasound scan. These maps accentuate areas of significant movement, providing

the model with temporal insights into the pleural line’s behavior, which is critical for

diagnosing lung conditions.

5.2.4 Advantages of the Augmentation Approach

Enhanced Diagnostic Precision: By incorporating heuristic-informed channels,

the model is trained not merely on image data but also on the clinical interpretation

of these images, potentially reducing the learning curve and improving diagnostic

outcomes.

Increased Model Transparency: This method offers an additional advantage

in terms of model interpretability. The inclusion of heuristic-based channels allows

for an analysis of how the model’s diagnostic decisions correlate with specific clinical

heuristics, offering insights into the model’s reasoning process.

Alignment with Clinical Expertise: Augmenting input data with heuristic-

informed channels ensures that the AI model’s analytical focus mirrors that of

experienced clinicians, fostering a synergy between clinical expertise and artificial

intelligence.

5.3 Experiments and Results

The superior performance of models augmented with geometric heuristics via Method

1 highlights the pivotal role of domain-specific knowledge in enhancing AI’s diagnostic

acumen. This finding suggests that the explicit inclusion of features clinicians rely

on, such as the detailed structure of the pleura in segmentation maps or the precise

area of interest through ROI cropping, can significantly improve AI models’ ability
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5. Method 1 - Heuristics as Additional Channels to Input Training Frame

to identify disease markers in ultrasound imagery.

The somewhat surprising underperformance of optical flow maps warrants further

investigation. One hypothesis is that the dynamic aspects of pneumothorax detectable

in ultrasound may be subtler or less consistent than previously thought, suggesting

that future research could explore more sophisticated motion analysis techniques

or focus on integrating dynamic information in a manner that more closely mimics

clinical reasoning processes.

In essence, our results not only validate the hypothesis that integrating geometric

heuristics into POCUS AI can enhance diagnostic accuracy but also illuminate the

path forward for further innovation in this field.

5.4 Discussion

Our experiments demonstrated a noteworthy improvement in classification accuracy

when incorporating geometric heuristics into the POCUS AI model, particularly

through Method 1. The augmentation of input data with segmentation maps and

Region of Interest (ROI) cropping significantly outperformed the baseline model. This

enhancement underscores the efficacy of embedding clinician-derived insights directly

into the AI learning process. Notably, the optical flow maps, which aimed to capture

the dynamic movement within the ultrasound images, did not yield the anticipated

improvement. This suggests a nuanced complexity in motion interpretation that

might require more sophisticated handling or perhaps indicates the importance of

static anatomical features over dynamic ones in some diagnostic contexts.

27



Chapter 6

Method 2 - Integration of Input

Training Frame and Heuristics into

Common Embedding Space

6.1 Introduction

This novel approach, drawing on multimodal learning, aims to closely align AI models

with the depth of clinical analysis, potentially transforming POCUS diagnostics by

incorporating nuanced, expert knowledge into AI-driven processes [72].

6.2 Methodology

6.2.1 Introduction to Common Embedding Space Method

The common embedding space method represents an innovative approach to integrat-

ing disparate data types—ultrasound images and geometric heuristics—into a unified

vector space [12]. By transforming and representing both types of data in a shared

space, the method enables a synthesis of visual cues and experiential knowledge,

aiming to replicate and leverage the cognitive processes clinicians use in diagnostics

[31].
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6. Method 2 - Integration of Input Training Frame and Heuristics into Common
Embedding Space

The implementation challenges of this method involve sophisticated preprocessing

and encoding strategies to ensure meaningful integration of visual and heuristic data.

Encoder models map these data types into the common embedding space, where

they are combined and used to train the AI model. This process demands a delicate

balance, ensuring both data types contribute effectively to the model’s learning,

thereby aiming to endow the AI with a semblance of clinical intuition.

6.2.2 Implementation Strategy

To implement this approach effectively, we adopted a dual encoder architecture, one

dedicated to processing ultrasound image data and the other to encoding the geomet-

ric heuristics derived from expert clinicians. The ultrasound image encoder is designed

Figure 6.1: CLIP-like Model Architecture: One Encoder for Heuristics and Another
for Corresponding Ultrasound Frames, Enabling Contextual Understanding and
Interpretation [64].

to capture the rich, high-dimensional visual information present in ultrasound scans,

employing convolutional neural network (CNN) layers known for their efficacy in

image analysis. In parallel, the heuristics encoder processes the geometric cues, which

are abstract and not inherently visual, requiring a different architectural approach.

For this purpose, we explore the use of multi-layer perceptrons (MLP) and atten-
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Embedding Space

tion mechanisms that can weigh the importance of different heuristics dynamically,

akin to how a clinician might prioritize certain signs based on the context of the image.

Once processed, the outputs of both encoders are merged into a unified feature

vector, representing a blend of visual and heuristic information in the common

embedding space. This combined representation is then fed into a dense network

classifier, which has been trained to make diagnostic predictions based on this hybrid

data. The complexity of this implementation is not trivial, involving intricate tuning of

the encoders and the classifier to ensure that both modalities contribute meaningfully

to the final diagnostic output.

6.3 Experiments and Results

The experimental results indicated that Method 2, despite being slightly outperformed

by Method 1 in raw accuracy terms, showed significant promise in scenarios with

limited training data. This suggests its potential in environments where acquiring

extensive labeled datasets is impractical. The nuanced understanding gained through

the common embedding space notably improved the model’s diagnostic capability,

particularly in complex or borderline cases.

6.4 Discussion

Our analysis reveals that integrating input training frames and heuristics into a

common embedding space facilitates a deeper understanding of ultrasound imagery

for AI models. This method’s slightly lower performance compared to direct heuristic

integration (Method 1) might be attributed to the complexity of effectively merging

disparate data types into a unified representation, hinting at the need for further

optimization.
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Chapter 7

Heuristics Sensitivity and

Explainability

7.1 Introduction

This chapter delves into the intricacies of Heuristics Sensitivity and Significance

Reasoning within the realm of Point-of-Care Ultrasound (POCUS) image analysis. It

particularly focuses on occlusion sensitivity and motion sensitivity tests, aimed at

understanding how classification accuracy is influenced by the sliding motion and the

specific regions of interest where this sliding is observed.

7.1.1 Objectives and Importance

The primary motivation for this exploration stems from the recognition that the

interpretation of POCUS images is not just about the application of sophisticated

AI algorithms but also about understanding and integrating the nuanced heuristics

that clinicians rely on in practice. Specifically, this study focuses on evaluating the

sensitivity and significance of five carefully selected heuristics: observation of pleural

line sliding, comparison of pleural line movement relative to intercostal muscles, identi-

fication of pleural line positioning between ribs, examination of the pleura-intercostal

region, and the evaluation of sliding motion.
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7. Heuristics Sensitivity and Explainability

Understanding the sensitivity of these heuristics—how their presence or absence

can affect the AI model’s classification accuracy allows us to discern which heuristics

are most critical to the model’s performance and thus, to patient outcomes. Equally

important is reasoning through the significance of each heuristic. This involves not

just recognizing which heuristics contribute to accurate diagnoses but also under-

standing why and how they do so.

7.1.2 Occlusion Sensitivity and Motion Sensitivity Tests

Within the framework of this study, occlusion sensitivity and motion sensitivity tests

stand as pivotal methodologies to dissect the nuanced behaviors of POCUS AI models

under varying conditions. These tests are meticulously designed to shed light on how

different regions of interest (ROIs) and motion patterns influence the classification

accuracy of these models.

Occlusion Sensitivity Tests: Occlusion sensitivity tests serve as a methodological

cornerstone for evaluating the impact of concealing specific ROIs, such as ribs, the

pleura, and intercostal muscles, on the model’s performance. By systematically

occluding these regions in POCUS images and observing the resultant changes in

classification accuracy, we can infer the sensitivity of the model to the presence or

absence of these crucial anatomical landmarks. This approach allows us to quantify

the extent to which each region contributes to the model’s ability to make accurate

diagnoses, providing invaluable insights into the hierarchical importance of visual

cues in POCUS interpretation.

Motion Sensitivity Tests: Conversely, motion sensitivity tests are designed to

unravel the significance of motion observation in the classification process. By varying

the visibility and patterns of motion within the ultrasound images, especially those

related to the sliding movement of the pleura, these tests aim to ascertain how critical

the dynamic aspect of ultrasound imagery is for accurate diagnosis.
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7.1.3 Relevance of Sliding Motion and Region of Interest

Importance of Pleural Sliding in Diagnosis: Pleural sliding, the subtle to-and-

fro movement of the pleural line during respiration, serves as a vital sign of lung

integrity and visceral-parietal pleural interaction. The presence or absence of this

motion provides immediate, visually accessible cues that can confirm or rule out the

presence of pneumothorax. This diagnostic approach underscores the significance of

motion sensitivity in POCUS analysis, highlighting the pleura’s sliding motion as not

just a heuristic but a cornerstone of clinical assessment.

Role of the Region Surrounding the Pleura: Beyond the motion itself, the

region surrounding the pleura plays a pivotal role in accurate diagnosis. This encom-

passes the intercostal spaces, rib shadows, and adjacent soft tissues—all of which

contribute context that enhances the interpretability of pleural motion. The selection

and analysis of these ROIs are crucial, as they inform the clinician about the pleural

line’s positioning, the relative movement of pleural and thoracic structures, and

potential artifacts that could affect diagnosis.

7.2 Methodology

This section elaborates on the experimental setup and methodologies employed to

assess the occlusion sensitivity and motion sensitivity of POCUS AI models. Building

on the experimental framework used for evaluating Methods 1 and 2, this phase

introduces modifications to the dataset to specifically focus on the sensitivity of

selected regions of interest (ROIs) and the significance of motion in classification

accuracy. The adjustments to the data involve strategic occlusion and motion freezing

to simulate scenarios that challenge the model’s ability to maintain diagnostic accuracy

in the absence of critical visual cues.

7.2.1 Experimental Setup

The experimental setup for conducting both occlusion sensitivity and motion sensitiv-

ity tests mirrors the structure previously established for testing Methods 1 and 2, with
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significant modifications tailored to the objectives of each test. These modifications

pertain primarily to data preparation and the configuration of the AI models for

training and inference under altered conditions.

For occlusion sensitivity tests, a black mask is applied around the ROIs in ultra-

sound video frames, effectively occluding them to assess the impact of their absence

on model performance. This approach simulates conditions where crucial anatomical

landmarks are not visible, challenging the model to rely on less dominant features for

classification.

Conversely, motion sensitivity tests involve the creation of ”static” video clips,

where the input frames are frozen to the first frame and repeated throughout the

video sequence. This manipulation generates a static illusion, removing the dynamic

cues typically used for diagnosis and evaluating the model’s reliance on motion for

accurate classification.

7.2.2 Occlusion Sensitivity Test Procedures

In the occlusion sensitivity tests, the primary objective is to measure the impact of

ROI occlusion on the diagnostic performance of the AI models. The process begins

with inference using baseline models—specifically, Temporal Shift Module (TSM)

enhanced ResNet-50 and MobileNetV2 models—trained on non-occluded video frames.

The performance metrics obtained under these baseline conditions serve as a reference

point for subsequent evaluations.

Subsequently, these models are retrained from scratch with the occluded dataset,

incorporating the black-masked ROIs as part of the input frames. This step aims to

quantify the degradation or adaptation in model performance when critical visual

information is intentionally obscured. Performance comparisons between the baseline

and occluded-trained models offer insights into the occlusion sensitivity of each

heuristic considered.
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Figure 7.1: Occlusion Sensitivity Video Frames with black masks occluding key
regions to evaluate POCUS AI model accuracy.

7.2.3 Motion Sensitivity Test Procedures

For motion sensitivity tests, the experimental focus shifts to understanding how the

absence of motion affects model accuracy. Initially, inference is performed using the

baseline TSM-enhanced ResNet-50 and MobileNetV2 models, which were trained

on dynamic, normal video frames. This preliminary step establishes the baseline

performance metrics for models accustomed to analyzing motion in POCUS videos.

Following this, the models undergo training with the newly prepared static video

dataset, where all frames mimic the first frame, creating a static sequence. This

approach evaluates the models’ performance degradation or resilience in the face of

missing dynamic cues, pivotal for diagnosing conditions like pneumothorax where

motion plays a key diagnostic role.
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Figure 7.2: Motion Sensitivity Test Frames, displaying static video sequences to
examine the impact on POCUS AI diagnostic performance.

7.3 Results

7.3.1 Occlusion Sensitivity Test Results

The Occlusion Sensitivity Test assesses the impact of concealing critical regions of

interest (ROIs) on the classification accuracy of the AI models. The following table

summarizes the accuracy percentages for both ResNet-50 and MobileNet models

under different conditions:

The table highlights a significant drop in classification accuracy when the models,

initially trained on non-occluded frames, are tested with occluded ROIs, demonstrating

the critical role these regions play in accurate diagnosis. Interestingly, training the

models on the occluded dataset marginally improves performance, suggesting the

models’ capacity to adapt to limited visual information.
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7.3.2 Motion Sensitivity Test Results

The Motion Sensitivity Test evaluates how the absence of motion in video frames af-

fects the diagnostic capabilities of the AI models. The accuracy percentages obtained

from this test are detailed in the table below:

Similar to the occlusion sensitivity test, a notable decrease in accuracy is observed

when static frames replace the dynamic content in the test videos. This underscores

the importance of motion cues in the AI models’ ability to make accurate diagnoses.

Training the models with the static frames dataset slightly improves their performance,

indicating a partial adaptation to the absence of motion cues but also highlighting

the inherent challenge of compensating for the lack of dynamic information.

To further explore methods for compensating for the absence of motion in static

frames, an additional experiment was conducted. This involved the integration of

optical flow maps as an extra channel to the static frames, utilizing heuristic commu-

nication method 1. Optical flow maps are designed to represent the motion between

two consecutive frames in a video, offering a potential proxy for dynamic information

in the absence of actual motion. The hypothesis was that by providing these motion

cues explicitly, the models might regain some of their lost diagnostic accuracy.

The results of incorporating optical flow maps were promising yet modest. For

ResNet-50, the accuracy improved to 53.49%, and for MobileNet, it reached 48.37%.

This enhancement in performance, although not substantial, indicates that optical

flow maps can indeed provide valuable motion information to the models, aiding in

their interpretation of static frames. However, the modest size of the improvement

also suggests that while helpful, optical flow maps alone may not fully compensate

for the comprehensive dynamic context that real video frames offer.
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7.4 Discussion

The results emphasize the crucial role of dynamic visual information, such as the

sliding motion of the pleura, in maintaining high diagnostic accuracy, aligning with

clinical observations where such movements are key indicators of lung integrity. The

limited improvement in performance with occluded or static datasets suggests that

while AI models can partially adapt, the absence of essential visual cues like motion

significantly impacts their diagnostic capabilities, highlighting the complexity of

medical image analysis. Interestingly, the use of black masks to occlude regions and

creating static videos to eliminate motion did not significantly enhance the model’s

adaptability. These findings suggest a limit to the model’s ability to compensate for

the absence of crucial anatomical landmarks and motion, pointing out the need for

direct observation of these features in clinical diagnostics.

The study’s approach, though innovative, may oversimplify the complex dynamics

of clinical diagnostics by isolating specific features. Future research should refine

these methodologies, perhaps by incorporating simulations that better mimic clinical

realities and integrating multimodal data to enhance diagnostic accuracy and robust-

ness. Techniques from explainable AI (XAI) could also provide deeper insights into

the model’s decision-making and understanding of its reliability on various heuristics.
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Chapter 8

Investigating the Impact of Noise

on Ultrasound Image Classification

Accuracy

8.1 Introduction

Ultrasound imaging is a cornerstone in medical diagnostics, valued for its non-invasive

nature and ability to provide real-time feedback. Despite its broad applicability, ul-

trasound imaging struggles with inherent noise, which can significantly degrade image

clarity and utility. This chapter focuses on how intrinsic noises like multiplicative

speckle, reverberation, and vertical blur impact the accuracy of ultrasound image

classification algorithms.

Multiplicative speckle noise, stemming from the coherent interference of sound

waves, tends to obscure fine tissue details within ultrasound images. Reverberation

artifacts, caused by ultrasound signals reflecting multiple times between strong re-

flectors, can create ghost images that either mimic or conceal actual anatomical

structures. Vertical blur, a result of beam thickness or pulse duration, reduces image

resolution, leading to potentially ambiguous interpretations of the imaged areas.

Each type of noise presents unique challenges and can mislead clinical decisions and
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complicate automated classification systems.

The primary aim of this research is to examine the extent to which these noise fac-

tors affect classification algorithm performance in ultrasound imaging. Our approach

includes training classification models on datasets augmented with synthesized noise

to mimic real-world scenarios and applying denoising techniques before classification

to determine their effectiveness in enhancing model accuracy.

The chapter will methodically analyze the interplay between noise types and

classification accuracy, beginning with an overview of the noises involved, followed

by an exploration of current noise mitigation strategies, and concluding with a

comparative analysis of the results. This discussion will provide insights into improving

noise handling in ultrasound imaging and set a direction for future research focused

on refining the accuracy of diagnostic imaging technologies.

8.2 Types of Noise in Ultrasound Images

8.2.1 Speckle Noise

Speckle noise is a pervasive artifact in ultrasound imaging that manifests as a granular

pattern superimposed onto the tissue structures in the image. The characteristics of

speckle noise are closely tied to its origin: the coherent processing of backscattered

signals from the myriad of scatterers within the tissue. The interference of these

backscattered waves, which are both constructive and destructive, gives rise to a

mottled appearance that is multiplicative by nature and is, therefore, proportionally

more pronounced in areas of higher echogenicity.

The impact of speckle noise on image quality is twofold; while it can be argued that

speckle contains information about the microstructure of the tissue, it also obscures

fine details, reducing the resolution and contrast necessary for accurate diagnosis.

The challenge speckle noise imposes on classification algorithms is substantial; it can

confound the feature extraction process, leading to decreased accuracy and reliability

of automated analysis systems.
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8.2.2 Electronic Noise

Electronic noise in ultrasound images stems from the electronic components and

systems involved in signal acquisition and processing. The sources of electronic noise

are varied, including thermal noise generated by the random motion of electrons

in the ultrasound transducer’s circuitry, and quantization noise introduced during

the analog-to-digital conversion process. This noise is additive, injecting random

fluctuations into the signal that can degrade the quality of the image.

The effects of electronic noise are particularly detrimental in ultrasound images,

as they can lower the signal-to-noise ratio, making it challenging to discern true

anatomical features from noise artifacts. This not only affects the clinician’s ability

to make accurate interpretations but also impairs the performance of classification

algorithms, which may misinterpret these random fluctuations as meaningful patterns

or features.

8.2.3 Acoustic Shadowing and Enhancement

Acoustic shadowing and enhancement are phenomena that, while not noise in the

traditional sense, present as noise-like artifacts in ultrasound images and significantly

influence interpretation. Acoustic shadowing occurs when an ultrasound beam en-

counters an obstacle with high acoustic impedance, such as bone or calculi, leading

to a reduction in the echo amplitude behind the obstacle and creating a shadow.

Conversely, acoustic enhancement is observed as an increased echo amplitude behind

a structure with low attenuation, like a fluid-filled cyst, resulting in a brighter region.

These phenomena mimic the appearance of noise by introducing variations in echo

amplitude that are not representative of the true tissue composition. In the context

of image classification, these artifacts can be mistakenly interpreted as pathological

findings or may obscure true pathology, thus presenting a formidable challenge for

automated algorithms that rely on consistent patterns for accurate analysis.
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8.3 Impact of Noise on Classification Performance

8.3.1 Review of Literature

A comprehensive review of the existing literature is essential to establish the corre-

lation between noise levels in ultrasound images and the accuracy of classification

algorithms. Studies have explored this relationship by examining how noise affects

feature extraction, pattern recognition, and ultimately the decision-making accuracy

of various classification models. It is well-documented that noise can lead to a reduc-

tion in sensitivity and specificity, increase false positives, and cause misclassification

of pathological conditions. In this subsection, we will systematically review and syn-

thesize findings from a range of empirical studies, meta-analyses, and review articles

that provide insight into the quantifiable impacts of noise on image classification

algorithms in ultrasound imaging.

8.3.2 Theoretical Underpinning

Understanding the theoretical underpinnings of why noise disrupts classification

models is crucial for developing effective mitigation strategies. Noise introduces

variability and inconsistency into the data that classification models rely upon. In

the case of supervised learning, noise can cause a misalignment between the features

extracted from the training data and those from the unseen data, leading to poor

generalization. For unsupervised learning models, noise can obscure the natural

clustering of data points, leading to inaccurate pattern discovery. This subsection

will delve into signal processing theories, statistical models, and machine learning

frameworks to elucidate the fundamental reasons behind the degradation of model

performance in the presence of noise.

8.3.3 Noise Mitigation Strategies

General Approaches to Reducing Noise Impact

The impact of noise on ultrasound imaging can be mitigated through a variety of

general strategies, which are predominantly focused on pre-processing techniques.
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These techniques are designed to enhance the image quality prior to analysis and

can include spatial filtering, frequency domain analysis, and non-linear methods. In

addition to these, there have been significant advances in ultrasound technology itself,

such as improved transducer designs, beamforming techniques, and tissue harmonic

imaging, all aimed at minimizing the generation of noise. This subsubsection will

explore these general approaches, providing a foundation for why and how they are

applied in medical imaging to improve diagnostic quality and reliability.

Specific Techniques for Ultrasound Images

Beyond general strategies, there are specific techniques developed to address the

unique challenges posed by noise in ultrasound images. Image enhancement methods,

such as speckle reduction algorithms and compounding techniques, are tailored to

the characteristics of ultrasound data. Filtering methods, like anisotropic diffusion

and wavelet denoising, can be applied to selectively target and reduce noise while

preserving important features. Moreover, with the advent of machine learning, novel

approaches have emerged for noise identification and reduction. These include deep

learning architectures that can be trained to differentiate between noise artifacts

and true anatomical structures, offering the potential for more sophisticated noise

mitigation. This subsubsection will detail these specific techniques, discussing their

application, effectiveness, and integration into ultrasound image processing workflows.

8.3.4 Methods to Address Noise in Classification

Method 1: Training with Noise-Augmented Images

The resilience of classification algorithms to noise can be significantly enhanced

through the inclusion of noise-augmented images within training datasets. This

method operates on the principle that models trained on datasets, which simulate the

expected operational conditions, including noise, will inherently develop a robustness

to these conditions. The theoretical basis for this strategy is grounded in the concepts

of data augmentation and representational learning, where the goal is for the model

to extract and learn noise-invariant features that are critical for classification.
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Theoretical Basis for Augmentation Data augmentation has been widely recog-

nized as an effective technique to prevent overfitting and to increase the generalizability

of machine learning models. By training on noise-augmented images, the model learns

to identify the underlying patterns within the data that are consistent across various

noise conditions, thereby improving its ability to classify new images that are similarly

affected by noise.

Technical Process of Noise Addition Noise augmentation is typically imple-

mented as an online process during dataset loading. This process is computationally

efficient and allows for a diverse set of noise-augmented images to be generated in

real-time. The types of noise that can be introduced include:

• Speckle noise, characterized by a multiplicative effect, where the noise intensity

is scaled by the underlying signal intensity.

• Electronic noise, represented as additive Gaussian noise, where random values

drawn from a Gaussian distribution are added to the image pixels.

• Acoustic noise artifacts such as shadowing and enhancement, simulated by

altering the echogenicity of specific regions to create shadows or enhanced areas.

Online Augmentation Parameters The online augmentation process involves

the dynamic adjustment of noise parameters to create a variety of noisy instances.

These parameters include:

• The variance of the Gaussian distribution for electronic noise, controlling the

level of additive noise.

• The speckle scale factor for multiplicative noise, determining the degree of

variability in speckle patterns.

• The depth and intensity of acoustic shadows, as well as the brightness of

enhanced areas, are controlled to simulate different degrees of acoustic shadowing

and enhancement.

Each image in the dataset is loaded and augmented with noise on-the-fly, intro-

ducing variations in noise patterns without the need to store multiple versions of the

same image, thereby optimizing memory usage.
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Figure 8.1: Comparison of ultrasound image with different types of noise. (a) Original
image. (b) Speckle noise added. (c) Acoustic shadow added. (d) Electronic noise
added.

Training Protocol Modifications Modifications to the training protocol may be

required to accommodate the variability introduced by noise augmentation. These

modifications could include adjusting the learning rate to prevent the model from con-

verging prematurely on noise-specific features or introducing regularization techniques

to encourage the model to focus on invariant features. Additionally, loss functions

can be tailored to penalize the misclassification of noisy images less severely during

the initial phases of training, gradually increasing the penalty as the model learns to

cope with the noise.

In conclusion, training classification models with noise-augmented images is a

promising approach to mitigate the impact of noise in ultrasound imaging. By

carefully controlling the noise parameters during online augmentation and adjusting

the training protocols accordingly, classification algorithms can be developed that

maintain high levels of accuracy even in the presence of substantial image noise.
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Method 2: Denoising Before Classification

Reducing noise prior to classification represents a strategic approach in enhancing

the quality and interpretability of ultrasound images. Effective denoising serves to

improve the signal-to-noise ratio, thereby allowing classification algorithms to operate

on data that more accurately reflect the underlying anatomical structures. In this

section, we explore the variety of denoising methods suited to ultrasound imagery

and delineate the integration of these methods into a classification workflow.

Overview of Denoising Techniques The denoising techniques for ultrasound

images encompass a wide range of methodologies. Spatial filtering techniques, such

as median and Wiener filters, address noise by considering the spatial relationship

of pixels. Frequency domain methods apply filters in the Fourier space, attenuating

frequencies that are not characteristic of the signal. Recent advancements have intro-

duced machine learning algorithms, especially deep learning models like convolutional

neural networks (CNNs), which can be trained to distinguish and suppress noise.

These models often leverage large datasets of noisy and clean image pairs to learn an

end-to-end mapping from a noisy image to a denoised one.

Integration into Classification Workflow Integrating denoising into the classi-

fication workflow requires careful consideration of the preprocessing pipeline. This

process begins with the raw ultrasound images which undergo a denoising procedure

as the first step. Subsequently, the denoised images are used as inputs to the classifi-

cation model. This preprocessing step is critical as it directly influences the quality

of features extracted for classification.

Technical Aspects of the Denoising Process In addressing the challenge of

noise in ultrasound images, the research employed robust, non-learning-based image

processing techniques. The denoising process was initiated by applying a median

filter, a technique selected for its proficiency in reducing speckle noise while preserving

critical edge information. To address the multiplicative nature of speckle noise,

homomorphic filtering was utilized, enabling the separation of noise from image

features through frequency domain operations. Further refinement was achieved with

adaptive filtering, which was dynamically configured to the statistical properties of
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both noise and signal in the ultrasound images. Anisotropic diffusion filtering also

played a pivotal role, as it selectively smoothed noise without compromising the

integrity of salient structures. These steps constituted a comprehensive denoising

strategy, carefully crafted and applied sequentially to enhance image quality for

subsequent classification tasks.

Figure 8.2: Comparison of ultrasound image before (a) and after enhancement (b).

Modifications to the Classification Algorithm In light of the denoising pre-

processing, the classification algorithm may require modifications. This could involve

re-training the model with denoised images to ensure that the feature extraction

is aligned with the noise-reduced data. Moreover, the classifier’s thresholding and

decision boundaries might need adjustments to account for the changes in the image

data distribution after denoising.

In conclusion, the denoising of ultrasound images before classification emerges as

a pivotal step in improving the performance of classification algorithms. Through

the appropriate selection and application of denoising techniques, and by adapting

the classification model to the denoised data, the impact of noise can be significantly

mitigated, paving the way for more reliable and accurate diagnostic systems.

8.3.5 Results

A detailed quantitative evaluation was conducted to compare the classification ac-

curacy across different combinations of heuristic communication methods and noise

removal strategies. The performance data is succinctly summarized in Table ??.
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8.3.6 Discussion

The interpretation of the results points to a nuanced understanding of the interplay

between heuristic communication methods and noise removal techniques. The data

suggest that while the introduction of noise removal generally led to improvements

in classification accuracy, the optimal choice of heuristic communication method is

pivotal. The significant performance boost seen with Method 2 heuristics and Method

2 noise removal implies a synergistic effect, underscoring the importance of a targeted

approach to noise mitigation in classification tasks. The decrease in performance with

the combination of Method 2 heuristic communication and Method 1 noise removal

raises intriguing questions about the compatibility of certain heuristic methods with

specific noise removal techniques. The practical implications of these findings are

substantial, offering a roadmap for the development of more refined ultrasound image

analysis algorithms that are resilient to noise and applicable to clinical settings.

Further research is warranted to dissect the underlying factors contributing to these

observed trends and to validate these findings in broader clinical applications.

8.3.7 Future Work

Noise Mitigation Techniques

Considering the varied success of noise mitigation techniques observed in the study,

future research should explore a broader array of noise reduction algorithms. The

exploration may include advanced signal processing methods that have yet to be

applied to ultrasound imaging and the evaluation of their efficacy in clinical settings.

The potential integration of emerging technologies, such as AI-driven noise modeling,

also presents an interesting avenue for further investigation.

Combining Augmentation and Denoising

Given the notable impact of noise augmentation on model resilience, further research

should also consider the combined effects of noise augmentation and advanced denois-

ing strategies. The synergistic integration of these methods could potentially yield a

composite approach that further bolsters the robustness and accuracy of classification
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models, especially in the light of the complex noise environments inherent in clinical

ultrasound scenarios.

Alternative Classification Models

The performance disparities among different classification models suggest that ad-

ditional research is needed to assess the resilience of various architectures to noise.

Exploring alternative models, especially those with inherent noise-resistant features,

could lead to the development of more robust algorithms that are finely tuned for the

nuances of ultrasound imaging amidst noisy data.
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Chapter 9

Conclusions

In this research, we have introduced and explored the effectiveness of geometric heuris-

tics guided learning for enhancing the diagnostic accuracy of POCUS AI models. By

incorporating domain-specific knowledge through geometric heuristics derived from

clinician expertise, we have demonstrated significant improvements in the model’s

ability to accurately interpret POCUS images. Our comparative analysis of two

distinct methods for integrating these heuristics into the AI model—augmenting

input data with segmentation and optical flow maps, and integrating them into a

common embedding space—reveals that both strategies are effective, albeit with

varying degrees of impact on classification accuracy.

The superior performance of augmenting input data with relevant segmentation

maps and focusing on the intercostal muscle and pleural line suggests that precise

localization and characterization of key anatomical features play a critical role in

improving diagnostic outcomes. Conversely, the limited utility of optical flow maps

in this context underscores the importance of empirical evaluation in selecting the

most appropriate heuristics for enhancing model performance.

Our findings affirm the indispensable value of integrating clinician-derived geomet-

ric heuristics into POCUS AI models, marking a significant step forward in the quest

to harness artificial intelligence for improving diagnostic precision in emergency and

critical care medicine. The demonstrated success of this approach not only validates
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the concept of geometric heuristics guided learning but also opens new avenues for

future research. Further investigations could explore the integration of a broader

range of heuristics, refine model architectures for optimal performance, and extend

the application of this approach to other medical imaging modalities.

In conclusion, this research contributes to the ongoing evolution of AI in medical

imaging, offering new perspectives and methodologies for enhancing the diagnostic

capabilities of POCUS AI models through the strategic incorporation of domain-

specific knowledge. As we continue to bridge the gap between clinical expertise and

artificial intelligence, the potential to revolutionize diagnostic practices in healthcare

becomes increasingly tangible, promising significant improvements in patient outcomes

and the overall efficacy of medical care.

9.1 Future Work

Anticipated research trajectories in advancing AI integration within Point-of-Care

Ultrasound (POCUS) spotlight the refinement of diagnostic imaging to bolster clinical

decision-making and patient outcomes. Central to this endeavor is the utilization of

Deep Learning (DL) for the broadening of POCUS applications across a spectrum of

clinical environments. Subsequent initiatives will likely explore the mechanization of

educational model selection for POCUS training, alongside the customization of AI

frameworks to suit the varied applications and equipment intrinsic to POCUS. Such

methodologies are poised to markedly elevate the precision and effectiveness of POCUS

examinations. Moreover, the crafting of advanced AI solutions capable of adjusting to

the heterogeneity in POCUS imagery is imperative to accommodate diverse patient

demographics and practitioner methodologies. This evolution mandates a seamless

amalgamation of AI-enhanced POCUS utilities within clinical workflows, thereby

streamlining rather than complicating diagnostic processes. Additionally, the cross-

modal applicability of AI models promises substantial improvements in diagnostic

accuracy. Crucial to the successful deployment of AI in healthcare settings are the

considerations of ethical standards and data privacy. Personalizing AI models to

individual patient narratives is expected to transform personalized care through

enhanced diagnostic accuracy. Furthermore, the global health implications of AI-
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empowered POCUS, particularly in settings with limited resources, along with the

execution of longitudinal studies for enriched data gathering, stand as pivotal elements

in the field’s progression.
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vances: Science and Beyond, 2023. doi: 10.51891/rease.v9i7.10699. URL https:

//periodicorease.pro.br/rease/article/download/10699/4487. 1.1

[23] Christoph F. Dietrich, Adrian Goudie, Liliana Chiorean, Xin-Wu Cui, Odd Helge
Gilja, Yi Dong, Jacques S. Abramowicz, Sudhir Vinayak, Sue C. Westerway,
and Christian P. Nolsøe. Point of care ultrasound: a wfumb position paper.
Ultrasound in Medicine & Biology, 43(1):49–58, 2017. doi: 10.1016/j.ultrasmedbio.
2016.07.020. 5.2.1

[24] M. Endsley. Ironies of artificial intelligence. Ergonomics, 2023. doi: https:
//dx.doi.org/10.1080/00140139.2023.2243404. 2.2.1

[25] Zac Feilchenfeld, A. Kuper, and C. Whitehead. Stethoscope of the 21st century:
dominant discourses of ultrasound in medical education. Medical Education, 52
(11):1169–1179, 2018. doi: 10.1111/medu.13714. URL https://onlinelibrary.

wiley.com/doi/pdfdirect/10.1111/medu.13714. 1.1

[26] D. Foster, P. Ioannou, and I. Willits. Artificial intelligence in medical diagnostics:
A review of nice medtech innovation briefings. Value in Health, 25(1):A1–A2,
2022. doi: 10.1016/j.jval.2021.11.939. 2.1.1

[27] R. Francis, C. Spies, and T. Kerner. Quality management and benchmarking in
emergency medicine. Current Opinion in Anaesthesiology, 21(2):233–239, 2008.
doi: 10.1097/ACO.0b013e3282f5d8eb. 1.1

[28] W. Friesdorf and B. Classen. Patientendatenmanagementsysteme (pdms) -
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