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Abstract

Embedding-based image retrieval systems have become essential for applications that require
high accuracy, computational efficiency, and adaptability, particularly in fields like healthcare and
agriculture. These systems utilize deep learning models to generate high-dimensional feature
embeddings, enabling scalable and precise image retrieval. This study evaluates two distinct retrieval
pipelines: the Domain-Specific Retrieval Pipeline (DSRP) and the Pre-trained Feature Extraction
Pipeline (PMRP). The comparative analysis, conducted across multiple datasets including medical
imaging, agricultural analysis, and general object retrieval, highlights the advantages and trade-offs

between these approaches.

The results demonstrate that PMRP achieves consistently higher retrieval accuracy across all
datasets, with near-perfect performance in tasks like leaf disease detection and general object retrieval.
In contrast, DSRP, while benefiting from domain-specific adaptation, does not surpass PMRP in
overall performance and exhibits variability depending on dataset characteristics. Despite its domain-
tuned architecture, DSRP showed increased computational complexity without a proportional
increase in accuracy. Additionally, PMRP maintains more stable inference times, making it a

preferable option for real-time applications.

Beyond retrieval accuracy, this study explores challenges related to dataset diversity, bias
mitigation, explainability, and adversarial robustness. The findings underscore the importance of
balancing retrieval precision with computational feasibility, particularly when deploying systems
in high-stakes environments. Future research should focus on enhancing dataset representation,
developing fairness-aware learning mechanisms, improving model transparency through explainable
Al techniques, and strengthening adversarial defenses to ensure the security and reliability of
embedding-based retrieval systems. By addressing these challenges, such systems can evolve into
more efficient, interpretable, and ethically responsible solutions for real-world applications across

various domains.
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Chapter 1

Introduction

Machine learning (ML) has emerged as one of the most transformative technologies of the 21st
century, revolutionizing numerous domains by enabling high-speed, high-accuracy processing of
vast amounts of information [1]. This capability has had a significant impact on areas such as medical
diagnostics, automated decision-making, and image processing, offering new opportunities for
efficiency, precision, and cost reduction [2]. The advent of deep learning architectures, particularly
Convolutional Neural Networks (CNNs), has further enhanced these capabilities, making it possible

to extract meaningful patterns and insights from complex datasets [3].

However, as artificial intelligence (Al) systems are increasingly integrated into critical decision-
making processes, concerns regarding their trustworthiness, interpretability, and ethical integrity
have gained prominence [4]. Many Al models function as “black boxes,” providing highly accurate
predictions but lacking transparency in their decision-making processes [5]. This opacity raises
fundamental questions about reliability, fairness, and accountability, particularly in domains where
Al-driven decisions can have life-altering consequences, such as in healthcare, autonomous vehicles,
and financial systems [6]. Furthermore, biases inherent in training datasets can lead to discriminatory
outcomes, making it imperative to develop Al systems that are robust against bias and adversarial

manipulation [7].

To address these challenges, a new paradigm in Al-driven image processing has emerged:
embedding-based image retrieval systems. These systems transform images into high-dimensional
vector representations—known as embeddings, that encode essential features, allowing for rapid and
accurate image retrieval based on similarity metrics [8]. Unlike traditional pixel-based approaches,
embedding-based retrieval offers improved generalization by accommodating variations in lighting,
orientation, and background noise [9]. Such systems have significant implications for real-world
applications, particularly in medical imaging, agriculture, and autonomous navigation, where

interpretability and reliability are of utmost importance.

This dissertation introduces an advanced embedding-based image retrieval framework that
enhances transparency and accountability in Al-assisted image processing. The proposed system
leverages state-of-the-art deep learning methodologies, including CNN-based feature extraction and

clustering algorithms, to ensure high accuracy while addressing concerns related to interpretability
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Figure 1.1: Image Retrieval Flowchart based on Embedding Extraction

and fairness [10]. The framework has been extensively evaluated across multiple domains to ensure

its scalability, resilience, and real-world applicability.

One of the most critical applications of this system lies in healthcare, where Al-driven image
retrieval can significantly enhance disease diagnosis and treatment planning [3]. For instance, deep
learning models can assist in detecting early stage tumours, identifying retinal abnormalities, and
diagnosing cardiovascular diseases with a high degree of accuracy [6]. By incorporating explainable
Al (XAI) techniques, clinicians can interpret the reasoning behind the model’s predictions, fostering
trust and reliability [7].

Beyond healthcare, embedding-based image retrieval also plays a crucial role in agriculture and
environmental monitoring. Al-powered systems can differentiate between crops and weeds, optimize
pesticide application, and improve overall agricultural productivity [7]. Additionally, autonomous
navigation systems rely on image retrieval to identify obstacles, understand surroundings, and make

real-time decisions, enhancing safety and efficiency [9].

This research not only advances technical capabilities in Al-driven image retrieval but also
contributes to the broader discourse on responsible Al development. The integration of interpretability
techniques ensures that Al systems remain transparent, fair, and aligned with human values, promoting
ethical adoption across industries [10]. By addressing key challenges such as bias mitigation,
adversarial robustness, and human-Al interaction, this dissertation provides a blueprint for the

development of socially responsible Al technologies.

Ultimately, this study aims to bridge the gap between Al efliciency and ethical Al deployment,
ensuring that Al-assisted decision-making is not only accurate and scalable but also trustworthy,
interpretable, and aligned with human-centric principles. The findings presented in this dissertation
pave the way for the adoption of Al technologies that are both innovative and responsible, fostering

a future where Al enhances human decision-making while maintaining accountability and fairness.

6 The University of Waikato



Chapter 2

Background

2.1 Literature Review: Trustworthy and Efficient Retrieval

Pipelines for Multi-Domain Image Data

Early experiments in image retrieval employed hand-engineered features such as SIFT [11], HOG
[12], and color histograms [13], which had a tendency to be hard to scale up and generalize across
domains. In comparison, modern-day retrieval pipelines leverage deep neural network architectures

to learn stable image embeddings end-to-end.

Recent studies have explored combinations of classical and deep learning-based approaches

[14, 15], demonstrating improved performance for image retrieval.

2.1.1 Evolution of Deep Learning for Image Retrieval

Deep learning methods have enabled the creation of bespoke and off-the-shelf models that can extract
subtle semantic features from images. Groundbreaking works based on ResNet and EfficientNet
architectures have demonstrated that deep convolutional models can learn high-level representations
that support precise similarity measurements. Current approaches use Vision Transformers (ViT),
which, with their increased data requirements, offer the ability to learn long-range dependencies and
fine-grained details. These advances have paved the way for trustworthy retrieval pipelines that not

only offer effective computing but also offer flexibility across different image domains [16].

2.1.2 Retrieval Pipelines and Multi-Domain Accessibility

A proper retrieval pipeline ought to ensure that the learned embeddings are compatible with similarity
search infrastructure at scale. Methods such as K-Nearest Neighbors (KNN) and advanced tools
such as Facebook Al Similarity Search (FAISS) are now the standard for ranking image similarity
in real-time. In multi-domain scenarios, such as healthcare, agriculture, and general classification
tasks, the retrieval system should be able to support various image features. This necessitates a
multi-domain paradigm where known architectures and custom-built models are used to match the

pipeline with the requirements of specific applications [17].

7
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2.1.3 Fast Computing and Trustworthiness

Such reliable retrieval systems not only need to be precise but also have to be fast and reliable.
Fast processing is achieved by using optimized deep neural networks and scalable frameworks that
can handle big data streams effectively. Model quantization, parallel processing, and low-latency
indexing in the embedding space are crucial techniques that enable low levels of latency for real-time
use. Trustworthiness is also increased by making the system’s decisions interpretable through
interpretable embedding spaces and clear evaluation metrics such as Mean Average Precision (mAP)
[18].

2.1.4 Ethical Considerations and Fairness

Since retrieval systems are distributed across various domains, ethical concerns become dominant.
Training data bias, embedding representation transparency, and retrieval result fairness are paramount
challenges highlighted in recent research. Diversity in datasets across multiple domains guarantees
generalization as well as minimizes potential biases that may affect minority groups or less
represented applications. Scientists increasingly now call for robust evaluation methodologies and
ethical principles to guide the development of retrieval systems towards justice and accountability
[19].

2.1.5 Research Gaps

Despite significant progress, a few issues remain. The recent literature shows that while a vast
majority of models work very well on benchmark datasets, they struggle in cross-domain scenarios

due to the semantic gap and domain-specific artifacts [20, 21].

8 The University of Waikato
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2.2 History of Image Embeddings

Image embeddings are low-dimensional approximations of images in a high-dimensional vector
space. They are developed to be descriptive embedded representations that extract important aspects
of an image while reducing the dimension of the image. Fast image analytics, image matching,
and other machine learning applications are the key uses of image embeddings. One of the critical
properties is that two similar images have embeddings closer to each other in vector space, and two
different images are distant from one another. Because of this property, embeddings become central
to image recognition, retrieval, clustering, and similarity estimation problems. Over time, image
embedding research has gone from hand-designed features to learning representations via deep
learning [22, 23].

Before the advent of deep learning, image analysis relied heavily on handcrafted features designed

to capture specific aspects of images. Two foundational techniques included:

SIFT (Scale-Invariant Feature Transform)

Introduced by David Lowe in 1999, SIFT extracts distinctive key points from images that are
invariant to scaling, rotation, and translation. It identifies salient regions and describes their local

gradients, making it effective for object recognition and image matching [24].

HOG (Histogram of Oriented Gradients)

Proposed by Dalal and Triggs in 2005, HOG computes histograms of intensity gradients within
localized regions. This method is particularly suited for capturing shape and edge-based features,

which is useful for object detection, such as pedestrian detection in surveillance footage [12].

The advent of deep learning in the 2010s brought a paradigm shift in image processing. Although
Convolutional Neural Networks (CNNs) were conceptualized in the 1980s, they became practical
with increased computational power and large, labelled datasets like ImageNet. CNNs learn
hierarchical feature representations directly from raw pixel data, overcoming the limitations of
handcrafted features [25].

Several landmark CNN architectures have shaped the evolution of image embeddings:

* AlexNet (2012): A pioneering architecture by Krizhevsky et al. demonstrated the power of
deep networks for image classification. Its victory in the ImageNet competition marked the

start of the deep learning era in computer vision [25].

* VGGNet (2014): Developed by Simonyan and Zisserman, VGGNet introduced deeper

9 The University of Waikato
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networks with uniform convolutional filter sizes (3x3). Its simplicity and effectiveness made

it a popular choice for feature extraction [26].

* GoogLeNet (Inception, 2014): Google researchers introduced the Inception module, which
allowed for efficient computation by incorporating multi-scale convolutions in a single layer.

This innovation improved both accuracy and computational efficiency [27].

* ResNet (2015): ResNet, developed by He ef al., addressed the vanishing gradient problem by
using residual connections, enabling the training of much deeper networks and significantly

boosting performance [28].

One of the most important advances in the history of image embeddings was the application of
transfer learning. Transfer learning is a method in which models are pre-trained on large datasets
(e.g., ImageNet) and then fine-tuned on smaller, domain-specific datasets for particular tasks.
Transfer learning drastically reduces computational requirements and training time while improving
performance on specialized tasks. VGGNet, ResNet, and Inception are some of the models that are
generally employed as a starting point for transfer learning in applications like medical imaging and
agriculture [26, 28, 27].

The transition from hand-crafted features to deep learning representations has transformed
computer vision. Breakthrough architectures like AlexNet, VGGNet, and ResNet have enabled
effective and robust feature extraction, while transfer learning has rendered these techniques generic

across a variety of domains.

10 The University of Waikato
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2.3 Theoretical Foundations of Image Embeddings

Theoretical underpinnings for image embeddings derive from fundamental concepts in optimization,
machine learning, and mathematics. These principles govern the processes of building embeddings,
similarity measurement, and optimizing them in a manner to capture beneficial visual patterns.
In this section, primary theoretical components like distance measures, learning paradigms, and

optimization methods are explored.

Distance Metrics

Distance metrics are essential for comparing image embeddings, as they quantify the similarity or

dissimilarity between high-dimensional vectors. Two widely used metrics are:

Euclidean Distance: The Euclidean distance between two embedding vectors x and y is defined

as:
n

d(x,y) =4[ D (i = )%, @.1)

i=1

where n represents the dimensionality of the vector space.

Cosine Similarity: Cosine similarity measures the cosine of the angle between two different

vectors, emphasizing the orientation rather than the magnitude. It is expressed as:

Xy

Cosine Similarity(x, y) = m,
XY

2.2)

where x - y denotes the dot product, and ||x|| and ||y|| represents the magnitudes of x and y,

respectively.

Learning Paradigms

The creation and application of image embeddings rely on various learning paradigms:

Supervised Learning: In supervised learning, models are trained on labeled data. Common loss

functions include:

11 The University of Waikato
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Cross-Entropy Loss (Classification):

1 N C
L=-% Z Z yij log(Pi)), (2.3)

=1 j=1

where y;; is the true label, P;; is the predicted probability, C is the number of classes, and N is the

number of samples.

Mean Squared Error (Regression):
| &
- 532
L= N i§=1 (vi =97, (2.4)
where y; and §; are the true and predicted values, respectively.

Unsupervised Learning: In the absence of labels in datasets, different methods such as clustering
(e.g. k-means, hierarchical clustering) and dimensionality reduction (e.g. PCA, t-SNE [29]) help
group or simplify data.

Semi-Supervised Learning: This approach leverages both labeled and unlabeled data to improve

model performance, particularly in domains where annotated data is limited.

Optimization Techniques

Training models to generate embeddings requires optimization methods that minimize a loss function,

thereby refining the embedding space.

Gradient Descent: Gradient descent iteratively updates model parameters to minimize the loss.
A common variant, Stochastic Gradient Descent (SGD), updates parameters using random subsets
(batches) of data:

we—w-—n-VL(w), (2.5)

where w represents the model parameters, 7 is the learning rate, and VL (w) is the gradient of the

loss function.

Backpropagation: Backpropagation computes gradients of the loss function with respect to model
parameters using the chain rule. This technique, which helped enable the training of deep neural

networks [30], makes it possible to adjust weights in the network.

12 The University of Waikato
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Regularization Techniques: Regularization prevents overfitting by penalizing complex models.

Common techniques include:

* Dropout: Randomly drops a fraction of network units during training to improve robustness
[31].

* L2 Regularization (Weight Decay):
Lieg=L+2 Zn: wi, (2.6)
i=1
where A is the regularization strength.
Dimensionality reduction techniques like t-SNE are normally used to plot high-dimensional

embeddings in 2D or 3D. t-SNE embeds, for instance, retain local proximity, and clusters and trends

are now easier to grasp. Figure 2.1 illustrates a t-SNE plot.
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Figure 2.1: t-SNE example for high-dimensional visualization [29].

Theoretical foundations of image embeddings derive from basic distance measure principles,
learning paradigms, and optimization techniques. Combining the principles, embeddings allow
models to represent and manipulate complex visual data in an efficient way and provide them with

application to image retrieval, clustering, and classification.
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2.4 Deep Learning Methods for Extracting Image Embeddings

Image embeddings are high-dimensional, dense vectors that hold the content of an image. Deep
learning—and specifically Convolutional Neural Networks (CNNs)—has revolutionized the process
by enabling automatic, hierarchical feature learning. This section covers the building blocks of

CNNess, key architectural innovations, and current best practices for image embedding extraction.

CNNs are among the deepest and most popular image embedding extraction models based on
deep learning. They consist of several layers that carry out specific functions in recognizing features

from an image:

Convolutional Layers

These layers pre-filter input images to extract local patterns such as edges, texture, and shapes. They
facilitate hierarchical learning of feature representations, which is critical for classification and
object detection tasks [25].

Pooling Layers

Pooling layers reduce the spatial dimensions of feature maps while preserving essential information.
This operation lowers computational complexity and enhances model robustness to small input

variations [26].

Fully Connected Layers

At the end of the network, fully connected layers integrate features extracted from previous layers,

forming a final vector representation (embedding) of the input image [28].

Over time, CNN architectures have evolved to improve efficiency, scalability, and performance for

diverse image embedding extraction tasks. Prominent models include:

* ResNet50: Proposed by He et al. [28], ResNet50 introduces residual connections to address
the vanishing gradient problem, allowing the training of very deep networks. Its embeddings

are widely used for image classification and feature extraction.

* MobileNetV2: Developed by Sandler et al. [32], MobileNetV?2 is designed for mobile and
embedded applications. Using depthwise separable convolutions and an inverted residual

structure, it reduces computational demands while maintaining accuracy.

14 The University of Waikato
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* EfficientNetB0: Proposed by Tan and Le [33], EfficientNetBO employs a compound scaling
method that balances network width, depth, and resolution. This strategy enables state-of-the-

art performance with efficient resource usage.

In addition to these CNN-based models, more advanced methods have been developed to further

enhance the quality of image embeddings:

Autoencoders

Autoencoders are neural networks that encode input images into a lower-dimensional latent space
and then try to reconstruct the original input. Variational autoencoders (VAEs) and convolutional
autoencoders are particularly suitable for unsupervised image embedding extraction through learning

compact representations of complex data [34].

Siamese Networks

Siamese networks use identical sub-networks to process pairs of images and learn a similarity metric.
This approach is effective for tasks like face verification and image retrieval, where differentiating

between similar and dissimilar images is critical [35].

Triplet Networks

Generalizing from the Siamese architecture, triplet networks handle three images simultaneously: an
anchor image, a positive one, and a negative one. This arrangement warps the embedding space so

that similar images are grouped closer to each other and dissimilar images are left more apart [36].

Deep learning image embedding extraction techniques have revolutionized computer vision.
Architectures such as ResNet50, MobileNetV2, and EfficientNetBO offer high-performance, scalable,
and efficient methods for extracting features, but in addition, more advanced methods like autoen-
coders, Siamese networks, and triplet networks also drive increased accuracy and performance in

use across different scenarios.
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2.5 Application of Image Embeddings

Image embeddings refer to the representation of images as numerical vectors that encode their most
important features and patterns. These embeddings enable machines to represent, analyze, and
generate visual information—marking a significant milestone for computer vision technologies. This
section discusses diversified applications of image embeddings across several domains, including

object detection, image segmentation, medical imaging, and agriculture.

Object Detection: Image embeddings represent images as numerical vectors that capture their
most important features and patterns. These embeddings enable machines to represent, analyze,
and generate visual content—marking a great leap for computer vision technologies. This chapter
discusses diversified applications of image embeddings in diverse applications in object detection,

image segmentation, medical imaging, and agriculture.

Image Segmentation: Segmentation divides an image into semantically meaningful parts, allowing
individual objects or areas to be separated. Image embeddings enhance precision in such applications
as the separation of foreground objects from the background and the division of medical images
into anatomical structures. For instance, the U-Net architecture [37] has emerged as a favorite
for biomedical image segmentation, where it has proved very valuable for surgical planning and

monitoring treatment.

Medical Imaging: In the field of medicine, image embeddings are extremely important in
diagnosing diseases and planning treatment. Tumors, fractures, and lesions are some of the diseases
that can be diagnosed by utilizing embeddings extracted from medical images, i.e., MRI and CT
scans. Machine learning models trained on these embeddings can easily detect diseases with high
accuracy, which can aid radiologists in making faster and more accurate diagnoses [38]. In addition,
longitudinal imaging data-derived embeddings allow for the prediction of disease progression and

patient outcomes, making it possible to tailor treatment regimens.

Agriculture: In agriculture, embeddings enable early detection of plant diseases by analyzing
high-resolution imagery. They facilitate crop health monitoring and support precision agriculture

practices, allowing farmers to optimize yield and reduce losses caused by pests or diseases [39].

Other Applications: Image embeddings are also used in end-to-end learning for self-driving cars,

where they contribute to scene understanding and decision-making [40].
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Through these diverse applications, image embeddings have transformed fields ranging from

healthcare to agriculture, driving significant advances in computer vision.

2.6 Data Collection and Preprocessing

Data collection and data preprocessing are two of the greatest steps in the development of a deep
learning model—particularly while creating image embeddings. Adequate data handling facilitates
that clean, consistent, well-formatted input enters the model, which is imperative for learning
efficiently, developing strong performance, and making proper predictions. Data collection, data
preprocessing, and data augmentation have some essential concepts discussed here for an overview

of their significance and usage.

Data Sources

The foundation of a successful model lies in the quality and consistency of its data. Training images

are often sourced from:

* Public Datasets: Popular datasets such as ImageNet [41] and COCO [42] provide large,
annotated collections.

* Custom Sources: Data can also be collected via web scraping, camera systems, or manual

acquisition.

To ensure efficient processing, images should be standardized in file formats (e.g., JPEG, PNG,
TIFF) and resolutions. Consistency in formatting minimizes preprocessing overhead and reduces

potential errors during pipeline execution.

Preprocessing Techniques

Preprocessing converts raw image data into a format suitable for training, ensuring that the model

learns effectively from the data. Key techniques include:

Normalization and Standardization:

* Normalization: Scales pixel values to a specified range (typically [0, 1] or [-1, 1]), which

helps models converge faster by reducing the impact of varying pixel intensities.
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* Standardization: Centers and scales image features to zero mean and unit variance. In

mathematical terms, for an image with pixel values x, standardization is given by:

x J—
Xgd = —*, 2.7)
(oa

where u and o are the mean and standard deviation of the pixel values.

Contrast Enhancement: Techniques such as histogram equalization adjust image contrast to

make essential features more distinguishable.
Handling Class Imbalances: Addressing imbalanced datasets is crucial for unbiased learning.
Common methods include:

* Oversampling/Undersampling: Balancing class distributions by duplicating minority

samples or reducing majority samples.

* Class-Weighted Loss Functions: Assigning higher weights to underrepresented classes

during training [43].

Data Augmentation
Data augmentation artificially expands the dataset by introducing variations that improve the model’s
robustness and generalization ability. Key augmentation techniques include:
Geometric Transformations:
* Rotation, translation, scaling, and flipping help the model learn invariance to orientation, size,
and position changes.
Colour Adjustments:

* Brightness, contrast, and jittering adjustments simulate varying lighting conditions.

Advanced Techniques:

* Cutout: This method randomly masks out regions of an image, preventing over-reliance on

specific features [44].

* Mixup: Combines images to create synthetic samples, thus improving generalization [45].
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Dataset Splitting and Pipeline Design

For unbiased evaluation and model tuning, datasets are typically divided into:

* Training Set (70-80%): Used for model learning.

* Validation Set (10-15%): Used during training to tune hyperparameters and evaluate

intermediate performance.

* Test Set (10-15%): Reserved for final performance evaluation.

Maintaining consistent class distributions across these splits minimizes bias and ensures reliable
evaluation. In cases of imbalanced datasets, techniques such as stratified sampling can help preserve

class proportionality.

A well-designed data pipeline reduces preprocessing and augmentation while utilizing all available
resources. Libraries like TensorFlow [46], PyTorch [47], and OpenCV [48] make it easy to build
such pipelines by leveraging parallel computing on the GPU and CPU. The salient pipeline features

are:

* Automation: Consistent handling of preprocessing and augmentation steps for large datasets.
* Scalability: Adaptation to various hardware configurations, including GPU acceleration.

* Error Handling: Management of issues such as missing or corrupted files and NaN values.

Data processing is more than preparation—robust data processing is the basis of high-quality
embeddings and stable model performance. A pipeline that cleans, normalizes, and augments data
enables models to generalize better and also assists in fighting overfitting such that the embeddings

derived capture semantic information that’s helpful for downstream tasks.
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2.7 Evaluation Metrics for Image Embeddings

The evaluation of image embeddings is required to ascertain the quality of the features they embody
and their suitability for downstream tasks such as classification, retrieval, and clustering. In this

section, some of the metrics are presented used to explore the efficacy of image embeddings.

Classification Metrics

General metrics used to assess models built on top of image embeddings include:

Classification Metrics

General metrics used to assess models built on top of image embeddings include:

* Accuracy: The proportion of correctly classified instances out of all predictions.

* Accuracy@10: The proportion of cases with atleast one correct label in the top 10 retrieved
results. This metric is especially useful in retrieval-based applications where users often
inspect only the first few results [49].

* Precision: The ratio of true positive predictions to all predicted positives, indicating the

relevance of the retrieved results.

* Recall: The proportion of true positives identified out of all actual positives, reflecting the

model’s ability to capture all relevant instances.

* F1-Score: The harmonic mean of precision and recall, especially useful for imbalanced

datasets.

* Confusion Matrix: Provides a detailed breakdown of true positives, true negatives, false

positives, and false negatives, offering insight into specific misclassification patterns.

The inclusion of Accuracy @10 is particularly motivated by its practical significance in search
and recommendation systems. Many retrieval-based applications, such as image search engines,
prioritize ranking quality over absolute classification accuracy. Users typically engage only with
the top-k results rather than reviewing an entire dataset, making Accuracy @10 and similar ranking

metrics more meaningful [50].
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Embedding Quality Metrics

Metrics that directly assess the quality and structure of embeddings include:

Euclidean Distance: Measures the straight-line distance between embedding vectors.

* Cosine Similarity: Evaluates the cosine of the angle between two vectors, emphasizing

directional similarity.

Manhattan Distance: Sums the absolute differences of their coordinates, providing an

alternative distance measure.

Triplet Loss: A training metric ensuring that embeddings of the same class are closer together
while those of different classes are farther apart.
Retrieval Metrics

For retrieval tasks, the following metrics assess the system’s ability to return relevant items:

* Mean Average Precision (mAP): Aggregates precision values over multiple queries to yield

an overall measure of retrieval quality [51].

* Precision@K (P@K): Measures the fraction of relevant items within the top K retrieved

results.
* Recall@K (R@K): Calculates the proportion of all relevant items that appear within the top
K retrieved results.
Visualization Metrics

Visualization techniques help interpret and validate the structure of high-dimensional embeddings:

* Principal Component Analysis (PCA): Reduces embedding dimensionality by projecting
data onto new axes that capture maximum variance, simplifying analysis while preserving

structural information [52].

* t-Distributed Stochastic Neighbor Embedding (t-SNE): Maps high-dimensional embed-

dings into a 2D or 3D space, making clusters and separations visually interpretable [29].
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While visualization techniques do not replace traditional quantitative metrics, they serve as a tool
for gaining intuitive insights into how well the embeddings represent the underlying data structure.
In particular, they provide a qualitative perspective that can reveal patterns, clusters, and anomalies

that may not be evident through numerical evaluation alone.
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Ethical Considerations

The development of Al systems, particularly in the area of image retrieval, must meet ethical
requirements. In this chapter, the most significant ethical considerations are summarized and

discussed, including minimizing bias, transparency, societal impact, and system reliability.

3.1 Bias and Fairness

Fairness in the image retrieval system is a fundamental aspect of this research. Biases in the
datasets or the algorithms may vitiate the credibility and usefulness of the system [53]. These biases
were compensated for through a multi-level approach. Datasets were selectively collated first, to
include large and representative sets of instances. Algorithmic biases were systematically unearthed,

quantified, and addressed through design and validation exercises [54].

Existing research indicates that text-image retrieval models’ Al-generated images introduce
additional layers of bias, which have the potential to distort the fairness of results [55]. This calls for
examining the interaction between Al-generated and actual images in retrieval pipelines. Further,
dataset representation biases have been discovered to intensify geographical and demographic

imbalances, necessitating explicit action to measure and offset these imbalances [56].

The research employed a multi-dataset training, testing, and validation so that the images span a
variety of real-world conditions. This minimizes the chances of bias caused by specific features
inherent in a single dataset or inconsistent grading. Furthermore, any biases that were found were

documented and mitigated through repeated refinement, thereby ensuring the system is fair [57].

In addition, fairness was provided by keeping experimental conditions such as hyperparameters
and class distributions fixed so that the results reflect the system’s performance rather than artifacts
of imbalanced testing conditions. Nevertheless, it has been pointed out that test-time biases can still
occur due to distributional mismatches between training and real-world distributions, necessitating

post-training correction mechanisms [58].

Emphasis on fairness within this project is essential to designing Al systems that are actually fair
and unbiased. There is much more work that needs to be accomplished in formulating best practices

that integrate fairness-aware approaches into Al-based retrieval models.
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3.2 Transparency and Interpretability

Transparency and explainability of the image search system form the basis of its embedding strategy.
As there is increasing complexity in Al systems, the decision-making process gets blackboxed,
causing accountability and ethics in alignment concerns. The project aims to address such issues by

embedding mechanisms that reveal how decisions are made.

The system indexes and processes image data in high-dimensional embeddings, not just enabling
correct retrieval but also allowing for explainable explanation of patterns and relationships. All the
system’s decisions are made based on interpretable features in these embeddings so that users can

monitor and understand how data is processed and how results are delivered [59, 60].

The interpretability problem is most relevant in deep learning-based image retrieval systems
where convolutional neural networks (CNNs) learn abstract features that may not necessarily be
human interpretable. Saliency maps, layer-wise relevance propagation, and class activation maps
(CAM) are a few of the visualization methods that can be utilized to enhance the transparency of
such models [61]. Such methods allow the stakeholders to visually analyze which part of an image

had the largest effect on the retrieval result.

By promoting transparency, the system fosters user trust and meets the ethical requirements of Al.
A transparent system provides access to its internal workings, allowing stakeholders to verify that it
functions as intended in a wide range of real-world settings. This emphasis on the interpretability is
essential for high-stakes use cases, where understanding the justification behind the decisions is as

important as the decisions themselves [62].

Also, Al system explainability is important for regulatory compliance as most organizations
today demand Al decision systems to provide clear explanations for their results. Current research
emphasizes the creation of human-centered Al systems with approaches that assist users in
interacting with, questioning, and refining Al-based decisions [63]. This approach not only ensures

accountability but also encourages debugging and refining retrieval models.

In the end, the goal is to create a system that is not only effective but also fully open, in that its

complex inner mechanisms are accessible to its users and regulators too.
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3.3 Evaluation of System Impacts

Embedding-based image retrieval systems hold tremendous potential across a vast number of
industries, such as healthcare and autonomous systems. Their deployment, however, must be

assessed with high levels of care to ensure their usage remains ethical and reliable.

In the medical context, where the outcome concerns patients directly, accuracy and timeliness
are paramount. These systems can enhance diagnostic efficiency and accuracy but medical image
misinterpretation can lead to inaccurate diagnoses and loss of confidence between healthcare
professionals [64]. To counter these dangers, rigorous validation processes, constant monitoring of
performance, and provisions for regular updation are indispensable. Additionally, human control
must be present so that it can intervene if the behavior of the system deviates from typical trends,

hence safeguarding patients’ safety [65].

Current research highlights that Al-based healthcare systems require transparent validation
procedures and regulatory governance for reliability and fairness [66]. Haptic feedback in medical
imaging from Al has been viewed as a measure to advance interpretability of diagnosis results
and improve surgeon performance in robotic-assisted surgeries [67]. All these innovations go to

highlight the importance of systematic assessment before application in clinical environments.

Similarly, in autonomous systems—such as robot farming—accuracy and reliability are of the
essence. A failure in image retrieval can contaminate crop health or jeopardize operator safety.
To address these requirements, the system design incorporates fail-safe mechanisms that allow
for human intervention in case of anomalies being detected. This dual-track approach through
technological protectionism with people’s supervision will provide secure and dependable operations

for real-world applications [68].

Al applications in robotics and precision farming also have challenges in decision reliability when
there are environmental changes [69]. Researchers advocate for explainable AI (XAI) methods in
such fields, where autonomous systems need to justify their retrieval decisions to human operators
[70]. This falls under the overall trend of making Al-based automation more transparent and

accountable across industries.

Beyond healthcare and agriculture, embedding-based retrieval systems can affect numerous other
domains, each of which has its own ethical issues. Careful attention to system effects is required to

ensure that technological advancement does not come at the cost of ethical or societal well-being.
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3.4 Human Values and Ethics

The ethical design of Al systems is an important consideration in modern artificial intelligence
development. As Al technology becomes increasingly integrated into various different industries
across the globe, it is crucial to ensure that these systems align with fundamental human values such
as fairness, transparency, and accountability [71] to ensure safe operation and usage. This section
explores how embedding-based image retrieval systems can be designed in an ethically responsible

manner, adhering to principles of justice, equality, and sustainability.

One of the core challenges in ethical Al development is fairness. Machine learning models must
be designed to minimize bias and prevent discriminatory outcomes [72]. To achieve this, datasets
must be diverse and representative of different demographic groups to avoid underrepresentation.
Additionally, fairness-aware learning techniques should be incorporated to ensure that model
predictions do not favor specific populations. Regular audits of Al predictions are necessary to

detect and correct any unfair patterns, ensuring a more equitable Al system [73].

Transparency is another fundamental requirement for building trust in Al systems. Many deep
learning models operate as “black boxes,” meaning that their decision-making processes are difficult
to interpret [74]. To address this, different explainability techniques such as SHAP, Shapley Additive
Explanations, and LIME, Local Interpretable Model-Agnostic Explanations, can be used to provide
users with clear justifications and indications for image retrieval results. Ethical auditing tools
further ensure that Al-generated decisions can be reviewed and understood by stakeholders, while
open-source documentation offers insights into how the system functions, allowing developers and

policymakers to assess its fairness and reliability [75].

Privacy protection is another critical ethical consideration. Since Al systems frequently process
sensitive personal data, they must be designed with stringent privacy safeguards. Techniques
such as differential privacy help prevent unauthorized access to individual data, while secure
federated learning enables models to be trained on decentralized datasets without exposing sensitive
information. Moreover, strict data governance policies are necessary to ensure compliance with

regulatory standards like GDPR and other global data protection laws [76].

The environmental impact of Al systems has also emerged as a key ethical concern. Large-
scale deep learning models require significant computational resources, leading to high energy
consumption and increased carbon emissions. To mitigate these effects, Al systems should adopt
energy-efficient architectures and optimize resource allocation to reduce unnecessary computations.
Additionally, carbon footprint tracking mechanisms can be integrated to monitor and minimize the
environmental impact of Al development, aligning technological advancements with sustainability
goals [77].
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Beyond these technical considerations, Al systems must also be socially responsible. This
involves engaging stakeholders in Al governance, ensuring that affected communities have a voice
in decision-making processes. Ethical impact assessments should be conducted to evaluate the
potential consequences of Al deployment, particularly in high-stakes areas such as healthcare
and criminal justice. Regulatory compliance with global Al ethics frameworks, such as those
established by UNESCO and the European Union, is also essential to maintaining accountability in
Al development [78].

By incorporating the principles of fairness, transparency, privacy, sustainability and accountability.
Al-driven image retrieval systems can establish a new ethical standard for responsible Al development.
Future research should focus on continuous ethical evaluations to ensure that Al remains aligned
with evolving societal norms and values, thereby fostering the development of Al technologies that

are both innovative and ethically sound [79].

3.5 Validity and Reliability

Ensuring the validity and reliability of an embedding-based image retrieval system is fundamental
to its trustworthiness, effectiveness, and usability. Validity refers to the system’s ability to retrieve
relevant and accurate images, ensuring that results align with real-world expectations and domain
knowledge [80]. Reliability, on the other hand, focuses on the system’s ability to consistently
reproduce results under various conditions and across different datasets [81]. This section outlines
the methods employed in this project to maximize validity and reliability, ensuring that the system

meets rigorous standards of robustness and accuracy in real-world applications.

The validity of the system is measured by its precision and recall, which assess its ability to
correctly retrieve relevant images while minimizing false positives [82]. To ensure validity, the
system undergoes extensive training and validation on diverse, high-quality datasets that encompass
multiple real-world variations, including different lighting conditions, resolutions, and occlusions.
A multi-stage evaluation process incorporates cross-validation and real-world testing, ensuring
that the model generalizes effectively to unseen data [83]. Additionally, user feedback is actively
integrated into system refinement to ensure that retrieval outputs align with human expectations and

professional standards [84].

Reliability is concerned with the system’s ability to deliver consistent results under different
conditions. This is achieved through failure detection and mitigation strategies, including failover
mechanisms and redundancy protocols that maintain system performance even if certain components
fail [85]. Continuous model adaptation through online learning and periodic updates ensures that

the system evolves with new data and maintains robustness over time. Furthermore, the system
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strictly adheres to Al performance standards, such as the ISO/IEC 25010 framework for software

quality evaluation, to meet industry-wide reliability and stability benchmarks [86].

To comply with established Al testing and evaluation standards, this project follows a structured
benchmarking methodology. The system is tested against standardized datasets commonly used in
academic and industrial Al research, such as ImageNet, COCO, and OpenAl benchmarks. Model
performance is continuously assessed using key reliability metrics such as Fl-score, robustness
index, and confidence intervals [87]. Stress testing and adversarial attack simulations are also
conducted to evaluate the system’s resilience against potential biases, adversarial manipulations,
and domain shifts [88].

Beyond technical reliability, trust in Al systems is essential. Ethical reliability is ensured through
transparency in decision-making, allowing users to understand how retrieval results are generated
[89]. Bias mitigation strategies are incorporated to prevent the retrieval system from favoring certain
demographics, categories, or data distributions unfairly. Additionally, regulatory compliance is
maintained to align the system with Al governance frameworks such as the EU Al Act and IEEE Al
Ethics Guidelines.

By rigorously addressing both validity and reliability, this project aims to deliver an image
retrieval system that users can trust for informed decision-making. The integration of robust training,
continuous testing, ethical guidelines, and industry benchmarks ensures that the system is reliable,

fair, and adaptable to real-world challenges [90].
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4.1 The Need for Datasets with Variance

Datasets are crucial for benchmarking the performance of deep learning frameworks, especially
image retrieval systems. Variability in the dataset ensures that the system is able to generalize across

domains and scenarios and therefore enables one to thoroughly test its efficiency.

Testing against datasets from different domains, medical imaging, agriculture, and generic
classification (e.g., ImageNet [41] and COCO [42]), allows the system to learn how to be resilient to
real-world uncertainties, resulting in lower bias and more dependable outcomes. It is this iterative
testing cycle that exposes loopholes, making it possible to make continuous improvements and the

system strong and reliable.

Recent research focuses on the importance of variance, preserving deep metric learning in image
retrieval based on content, such that models learned from diverse sets outperform models learned
from domain-specific sets in achieving better feature generalization [91]. Further, utilizing scale
varied and intra-class diversified datasets plays an important role in improving the ability of deep

learning models for accurate image retrieval in multiple classes [92].

For instance, deep convolutional feature representations have been found to be more robust
when trained on datasets that show a broad spectrum of image variations, including illumination
changes, occlusions, and distortions [93]. Similarly, researchers have identified that instance retrieval
performance is significantly enhanced when models are trained on datasets that cover a variety of
visual domains [94]. This highlights the need for incorporating variance in training data to obtain

resilient and scalable deep learning systems.

4.2 Agriculture - Leaf Disease Dataset

The selected Leaf Disease Dataset, Kaggle [95], is comprised of 45 classes of plant leaf disease.
It contains images that represent diverse crops, diseases, and symptoms and thus provide rich
real-world information required for agricultural uses. This dataset is particularly of interest to our

project because it replicates actual agricultural situations in which minor changes in disease-specific
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features have considerable effects on the retrieval system’s performance.

As can be seen from Figure 4.1, the dataset includes diverse instances that challenge the system
to focus on disease-specific features. This dataset would facilitate training the system to identify
diseases with high precision, thereby enabling farmers to initiate appropriate interventions—possibly
reducing the use of pesticides, improving the yield of crops, and aiding in sustainable farming.
Despite some limitations regarding class balance and quality of images, the dataset provides an

excellent base for conducting agricultural Al research.
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Figure 4.1: Sample images from the Leaf Disease Dataset.

4.3 Healthcare MRI - Brain Tumour MRI Dataset

The selected Brain Tumour MRI Dataset [96] includes over 3,000 brain image MRI scans used in the
classification of tumours into 44 groups, including benign, common, and very rare. These images

are of high resolution and take account of small details required to identify tumours correctly.

The dataset is important for the project because it acts as a testbed for assessing the system’s
precision in retrieving and classifying medical images. In medicine, where diagnostic choices
have a profound influence on patient outcomes, very high precision is very important. This dataset
allows the system to learn the inherent characteristics of different types of tumours, enabling proper
retrieval and classification. Inclusion of this dataset encourages the broader mission of developing

trustworthy Al systems for healthcare, with reliability and interpretability being top priority. The
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dataset provides anonymized data, and ethical standards are maintained as automated diagnostic

methods are advanced.

Brain Tumour MRI Dataset Distribution Acress Classes
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Figure 4.2: Sample MRI images from the Brain Tumour MRI Dataset.

4.4 Healthcare X-Ray — COVID-19 Dataset

The selected COVID-19 Digital X-rays Forgery Dataset [97] consists of close to 15,780 images
spread over nine classes, which include real and fake X-rays of COVID-19-infected lungs, viral
pneumonia, and other pathologies. It has examples of digital forgery techniques, such as copy-move

and splicing, that simulate cases of manipulated medical imaging.

This dataset is very helpful in training the systems to distinguish between original and falsified
medical images. Fake images are very risky in medical diagnosis since confusion may lead to the
use of the wrong treatments. This project utilizes this dataset to enhance the anomaly detection
capacity of the system to ensure the credibility of medical image analysis. Despite the heterogeneous
nature of the dataset, it emphasizes the need for developing retrieval systems that are resilient in
challenging conditions. This study contributes to the advancement of digital forensic capabilities in

medicine and ensures the integrity of medical imaging.
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COVID-19 Scans Dataset Distribution Across Classes
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Figure 4.3: Sample images from the COVID-19 Digital X-rays Forgery Dataset.

4.5 General Classification — Pokémon Dataset

The selected Pokémon Dataset [98] is a custom 7,000 image dataset tailored to a lightweight
classification problem between 150 diverse Generation One Pokémon. Each photograph has been
carefully hand-selected in order to rule out redundant background information, thereby increasing

clarity and making it simpler to place primary emphasis on the main subject.

Though this dataset is largely niche, it enables the evaluation of the retrieval system’s performance
on less straightforward classification instances. The consistent image quality and little background
variation enable it to serve well in testing the system’s general retrieval capacity at its most

fundamental level. But the uniformity of subject matter limits its application in larger domains.

Despite these limitations, the data demonstrates the flexibility of the retrieval system, showing its
applicability in numerous fields ranging from specialized domains like medical imaging to general
classification problems. Figure 4.4 provides a preliminary overall breakdown of the classes in the

dataset, and Figure 4.5 provides the rest of the classes used for classification.
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Pokemon Dataset Distribution Across Classes (Part 1)
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Figure 4.4: Overview of the Pokémon Dataset showing first portion of the 150 Generation One Pokémon
classes.

33 The University of Waikato



Chapter 4: Datasets and Data Considerations

Pokemon Dataset Distribution Across Classes (Part 2)
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Figure 4.5: Overview of the Pokémon Dataset showing second portion of the 150 Generation One Pokémon
classes.
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4.6 Visual Comparisons of Datasets

To provide a full representation of the datasets, two main visualizations are presented. The plots
depict both the data size and distribution in different datasets and how it helps in understanding their

impact on model generalization, training performance, and fairness.

4.6.1 Total Number of Images Across Datasets

The total number of images contained in each of the datasets utilized in this study is indicated
in the first plot (Figure 4.6). Dataset size is one crucial factor that influences the robustness and
generalizability of deep learning models [99, 100]. Large datasets minimize overfitting and allow
deep learning to learn more abstract feature representations, whereas small datasets may lead to

biased models with poor real-world generalization.

In addition, dataset balance also affects retrieval performance, particularly for multi-domain
image retrieval because an unbalanced dataset would cause model learned representations to be
biased towards [101]. For this purpose, in the compilation of this dataset collection, diversity while

balancing dataset size across domains was guaranteed and the possibility of model bias was reduced.

Total Number of Images of Datasets

15780

Dataset

Figure 4.6: Total number of images available across all datasets used in this study. The volume of data is a
crucial factor in ensuring robust deep learning models.
4.6.2 Dataset Splitting: Training, Validation, and Testing

The following graph (Figure 4.7) shows how datasets are split into training, validation, and test
subsets. Proper dataset split is important in order to estimate model performance on an unbiased

scale. A proper split guarantees that:
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* The training set is large enough to learn meaningful features without overfitting.

* The validation set provides an unbiased estimate for hyperparameter tuning and model

selection.

* The test set remains untouched during model development and serves as the final benchmark.

Recent research shows that typical splits (e.g., 80-10-10 or 70-15-15) may not be optimal in all
cases, especially for low-data regimes [102]. Therefore, dataset splitting in this work was done with

proper regard to domain constraints, availability of data, and representational fairness [103].

Train, Test and Validation Split of Datasets
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Figure 4.7: Train, test, and validation split of the datasets. Proper dataset partitioning is essential for reliable
evaluation and generalization.

4.6.3 Ensuring Generalization Through Diverse Splitting Strategies

The importance of dataset splitting methods has been underscored in domain adaptation and transfer
learning research, where test and training distributions typically mismatch [104]. Dataset splits in

this work were specifically designed to ensure:

* Representation of all major classes in training, validation, and test sets.

* No data leakage, ensuring that visually similar images do not appear in both training and

testing.

* Diverse domain representation, to simulate real-world scenarios.

By taking advantage of knowledge from large-scale dataset training research [105], initial
experiments were performed to evaluate the impact of varying split ratios on performance stability,

further narrowing down the choice of the final dataset partitions.
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4.6.4 Impact of Dataset Composition on Model Fairness

A central aspect of dataset selection is its effect on bias and fairness in image search models. Studies
have shown that model bias is exacerbated by imbalanced data distributions—i.e., face recognition
datasets with mostly particular communities perform poorly on minority populations [106]. To

mitigate this:

* Balanced sampling was employed to ensure no single category dominates.

* Bias auditing methods were applied to the dataset prior to training.

4.7 Dataset Class Imbalances

To quantify the imbalance of image counts per class in our datasets, we computed three statistics:
the Imbalance Ratio (IR), the Coefficient of Variation (CV), and the Normalized Entropy. These
statistics provide complementary views of the distribution of images per class and tell us whether a

dataset is balanced or skewed towards certain classes [107, 108].

Imbalance Ratio (IR)

The Imbalance Ratio (IR) is defined as the ratio between the image count of the most frequent

(majority) class and that of the least frequent (minority) class [109]:

_ max{N,.:ce€C}

IR = 4.1
min{N, : c € C}’ “.1)

where N, is the number of images in class ¢ and C is the set of all classes in the dataset. An IR
close to 1 indicates similar representation among classes, whereas a high IR indicates significant

imbalance.

Coeflicient of Variation (CV)

The Coeflicient of Variation (CV) measures the relative variability of class counts. It is calculated

as the standard deviation of the class counts divided by their mean:

ooy

= 4.2
H(N) *2)

where o (N) is the standard deviation and u(N) is the mean of the image counts across classes. A

higher CV indicates a greater imbalance [108].
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Normalized Entropy

Normalized Entropy is derived from Shannon’s entropy, which measures the uncertainty in a

probability distribution. For class counts, the entropy H is computed as:

H =~ p(c)logp(c), (4.3)
ceC
with
p(c) = SN (4.4)

The normalized entropy is then given by:

H

Hyorm = ——, 45
norm log |C| ( )

where log |C| is the maximum possible entropy for |C| classes. A Hporm close to 1 indicates a nearly

uniform (balanced) distribution, while lower values indicate imbalance [110].

Summary of Metrics

Table 4.1 summarizes the metrics computed for each dataset:

Table 4.1: Imbalance Metrics Across Datasets

Dataset Imbalance Ratio Coefficient of Normalized
(IR) Variation (CV) Entropy
Leaf Disease 36.23 0.88 0.92
Brain Tumour MRI Scans 21.71 0.84 0.92
COVID-19 Scans 2.35 0.25 0.99
Pokémon 2.54 0.15 1.00

Impact of Dataset Imbalance on Learning

Deep learning models trained on imbalanced data learn biased representations, overrepresenting
majority classes and underrepresenting minority classes [111]. Recent work shows that integrating
data augmentation and resampling techniques (e.g., SMOTE, evolutionary optimization) can solve

these issues by learning more balanced [110, 112].
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Dimensionality Reduction Analysis

In order to analyze how dataset characteristics influence the learned feature space, we performed
dimensionality reduction on the image embeddings.

Principal Component Analysis (PCA) was first applied to reduce the embedding dimensions
to 50, providing a balance between preserving meaningful variance and removing noise from
high-dimensional representations. This intermediate reduction helps retain the most significant
structure while filtering out less informative components, which can otherwise lead to overfitting or

distort visual patterns in subsequent steps.

After PCA, t-Distributed Stochastic Neighbor Embedding (t-SNE) was used to project the
embeddings into a two-dimensional space. This allowed a visual perspective to observe the
clustering tendency of images across different classes and dataset splits (train, test, and validation)

while making the visualization computationally more efficient and interpretable.
The following figures present the t-SNE visualizations for each dataset:

t-SNE Visualization of Leaf Disease Dataset Embeddings
(PCA Reduced to 50 dims)
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t-SNE Component 2

-50

100 ER 50 25 3
t-SNE Component 1

Figure 4.8: t-SNE Visualization of Leaf Disease Dataset Embeddings (PCA 50 dims). Large, dense clusters
correspond to majority classes, while minority classes appear in smaller pockets (IR = 36.23).
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t-SNE Component 2

t-SNE Visualization of Brain Tumour MRI Scans Dataset Embeddings
(PCA Reduced to 50 dims)
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Figure 4.9: t-SNE Visualization of Brain Tumour MRI Scans Dataset Embeddings (PCA 50 dims). Majority
classes form dense clusters, whereas minority classes are more dispersed (IR = 21.71).
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t-SNE Visualization of COVID-19 Scans Dataset Embeddings
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Figure 4.10: t-SNE Visualization of COVID-19 Scans Dataset Embeddings (PCA 50 dims). Classes are
nearly uniformly distributed (IR = 2.35).
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t-SNE Visualization of Pokemon Dataset Embeddings
(PCA Reduced to 50 dims)
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Figure 4.11: t-SNE Visualization of Pokémon Dataset Embeddings (PCA 50 dims). The near-uniform class
distribution is evident (IR = 2.54).

The visualization above in Figure 4.11 highlights that only a subset of the 150 possible classes
is actively color-coded, while the majority of the dataset remains in grayscale. This is due to the
Pokémon dataset containing a large amount of classes. The large presence of grey points indicates the
broader dataset distribution, where many classes are not explicitly distinguished in this visualization.
Despite this, meaningful clustering patterns, demonstrating the ability of the learned embeddings to

separate different categories can still be observed on the subset of classes.

Dataset imbalance has a direct impact on feature learning, clustering behavior, and model
generalization. Monitoring dataset balance using Imbalance Ratio (IR), Coefficient of Variation
(CV), and Normalized Entropy is crucial, along with applying techniques like SMOTE and adaptive
resampling to offset bias [111, 112]. Addressing dataset imbalance is essential for constructing

robust and unbiased image retrieval models.
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4.8 Background Inclusion: Insights and Implications

Backgrounds of image sets play an important role in impacting the performance of computer vision.
Experiments showed that background difficulty has a significant influence on the accuracy of the
deep learning model, even causing biases and unexpected relationships [113, 114]. Each data set

has unique problems:

Agriculture: Images often include complex backgrounds, such as shadows or natural textures,
which can obscure disease-specific features. Effective segmentation techniques are essential

to isolate these features [114].

* Medical Imaging: MRI scans typically feature controlled and minimal backgrounds that
focus solely on anatomical structures. However, variations in patient positioning or imaging

conditions can introduce inconsistencies that models must learn to navigate [115].

* Forgery Detection: In X-ray images, distinguishing genuine anomalies from forged elements
requires algorithms capable of understanding subtle contextual features. Studies suggest that

background noise filtering can significantly improve model accuracy in these domains [116].

* General Classification: The Pokémon dataset generally presents simple, uncluttered back-
grounds that minimize distractions. However, inconsistencies in image quality may still
affect model generalization. Research on image distortions has highlighted how even minor

variations in backgrounds can degrade deep learning performance [117].

Current work reveals that background suppression and augmentation methods can be employed
to reverse such effects [118]. For example, saliency-based object detection methods have been
proposed to ensure models focus on the object of concern and not the background, thereby improving
robustness [119].

By addressing these challenges, the project ensures that the retrieval system operates effectively
across diverse real-world conditions, thereby enhancing its robustness and applicability.

4.9 Exploring Deep Learning Techniques for Background Re-

moval

Background removal is an essential pre-processing technique in computer vision that forms the
backbone for many object-focused applications, especially when images have complicated or noisy

backgrounds. Removing extraneous visual information can improve classification accuracy by
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allowing models to focus on the relevant foreground. In this project, the Rembg algorithm, a state of
the art module powered by neural networks is employed to remove backgrounds. Its effectiveness,

however, depends on the specific characteristics of each dataset.

4.9.1 Rembg Algorithm

The Rembg algorithm specializes in segmenting the foreground from the background using advanced
neural network architectures. This process is especially useful for datasets with distracting or noisy

backgrounds, enabling the model to focus on the pertinent features.

Agriculture — Leaf Disease Dataset Findings: Application of the Rembg algorithm on the Leaf
Disease Dataset yielded promising results. Noisy backgrounds with shadows, were effectively

removed to allow the model to focus on diseased leaves. Key findings include:

* SSIM Score: Processed images achieved an SSIM score of 0.4093, indicating moderate

similarity between the original and processed images.

e Impact: Background removal enhanced interpretability and reduced noise.

Input Image Output Image (Background Removed)

Figure 4.12: Rembg algorithm results on a Leaf Disease sample image.

Healthcare MRI - Brain Tumour MRI Dataset Findings: For the Brain Tumour MRI Dataset,
the Rembg algorithm is less applicable since MRI images typically exhibit uniform, minimal
backgrounds (the brain is in sharp contrast to a dark background), rendering background removal

redundant.

When using the Rembg algorithm on an MRI scan image, the loss of color likely occurs due to

the way the tool processes foreground and background separation. Many MRI scans use false-color
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maps, such as heatmaps, to enhance visualization, but Rembg may strip this information, reverting

the image to grayscale.
Additionally, the tool often introduces transparency, and some image viewers interpret transparent

regions as black and white. If the MRI scan had a non-standard color profile or embedded metadata,

Rembg might not retain it, leading to a default grayscale rendering.

Input Image Output Image (Background Removed)

Figure 4.13: Rembg algorithm results on a Brain Tumour MRI sample image.

Healthcare X-Ray — COVID-19 Digital X-rays Forgery Dataset Findings: Similarly, the
COVID-19 Digital X-rays Forgery Dataset does not significantly benefit from background removal.

X-ray images naturally lack distracting backgrounds, as they focus on anatomical structures.
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Figure 4.14: Rembg algorithm results on a COVID-19 X-ray sample image.

General Classification — Pokémon Dataset Findings: In the Pokémon Dataset, the Rembg

algorithm proved useful by removing varied backgrounds, thus allowing the model to focus on the
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characters. Key findings include:

* SSIM Score: Processed images achieved a higher SSIM score of 0.5493, indicating closer

similarity between original and processed images compared to the Leaf Disease Dataset.

* Impact: Background removal improved the model’s generalization and classification accuracy.
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r

Figure 4.15: Rembg algorithm results on a Pokémon sample image.

4.9.2 Efficacy and Implications of Background Removal

The effectiveness of background removal varies significantly across datasets. One of the key metrics
used to evaluate the visual similarity between an original and a processed image is the Structural
Similarity Index (SSIM). SSIM compares luminance, contrast, and structural information between

two images. It is typically computed as:

(zlux,uy + Cl)(zo-xy + CZ)

SSIM(x, y) = ,
(Ui +p3+C)(of + 07 +Ca)

(4.6)

where u, and u, are the means, 0')% and O'y2 are the variances, oy, is the covariance of images x

and y, and C; and C; are small constants to stabilize the division [120].
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Figure 4.16: Similarity Index Scores (SSIM) of background removal on selected datasets.

These findings underscore that while background removal can be a powerful pre-processing tool,
its utility depends on the dataset:

* Effective Use Cases: Datasets with noisy or varied backgrounds (e.g., Leaf Disease and

Pokémon) benefit substantially from background removal.

* Limited Utility: Datasets with uniform or minimal backgrounds (e.g., Brain Tumour MRI

and COVID-19 X-rays) show little improvement.

Overall, the evaluation of the Rembg algorithm demonstrates the importance of tailoring pre-

processing techniques to the specific characteristics of each dataset to ensure optimal performance.

4.9.3 Other Background Removal Techniques Explored

Beyond Rembg, several alternative background removal techniques were investigated to assess their

suitability for our application. The evaluation focused on four critical factors:

* Segmentation Accuracy: How well the model separates the foreground from the background
while preserving fine details.

* Computational Efficiency: The memory and processing power required to run inference,
especially for large-scale datasets.
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* Ease of Integration: The complexity of implementing the method within an existing image

retrieval pipeline.

* Preservation of Critical Foreground Features: The extent to which important object details

are retained after segmentation.

Segment Anything Model (SAM): The Segment Anything Model (SAM) by Kirillov et al.
[121] 1s a foundation model for zero-shot and few-shot segmentation tasks. SAM consists of a
transformer-based image encoder with a promptable mask decoder, allowing it to generalize to a

wide range of segmentation problems.

Despite its high flexibility and state-of-the-art accuracy on diverse segmentation benchmarks,

SAM posed several challenges for our use case:

* Computational Overhead: The ViT-based backbone of SAM requires significant GPU

resources, making real-time processing impractical in retrieval pipelines [122].

* Integration Complexity: Unlike traditional U-Net-based architectures, SAM’s dependency

on prompt engineering made the integration into the retrieval pipeline complex.

* Inference Speed: On a NVIDIA RTX 3090, SAM took 0.5-1.2 seconds per image. this is
significantly slower than other models [123]. A benchmark study comparing SAM across 22
consumer GPUs confirmed that it has a low inference FPS (1-2 FPS on RTX 3090) compared
to other models tested [122].

* Unnecessary Generalization: SAM’s biggest strength lies in its ability to segment un-
known objects, but for these controlled dataset environments, this generalization / feature is

unnecessary.

Thus, while SAM is a really impressive tool, its real-time usability and capability in the proposed

retrieval system was limited due to high hardware requirements and complex integration challenges.

U-2-Net: The U-2-Net model, developed by Qin et al. [124], is a lightweight deep learning model
optimized for object detection. Its nested U-structure enhances fine-grained segmentation while

maintaining a low computational footprint.

Advantages of U-2-Net include:

 Efficient Feature Extraction: Its architecture captures multi-scale context, making it

particularly effective for detecting fine object boundaries.
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* Lower GPU Requirements: Unlike SAM, U-2-Net can be deployed on mid-tier GPUs such
as an NVIDIA GTX 1660 Ti, running inference at 2540 FPS [125, 124, 126].

Despite its efficiency, U-2-Net’s lower segmentation fidelity made it less effective for high-precision

retrieval tasks such as really complex edges and features.

DeepLabV3+: DeepLabV3+ [127] is a state-of-the-art semantic segmentation model that extends
DeepLabV3 by incorporating atrous spatial pyramid pooling (ASPP) for improved feature extraction

at multiple scales.

Strengths:

* Robust Semantic Segmentation: DeepLabV3+ delivers high segmentation accuracy across
various medical imaging, object detection, and satellite image processing, etc.

¢ Fine-Grained Detail Preservation: The use of encoder-decoder architecture allows it to

maintain fine spatial details.

However, the main limitations observed include:

* High Computational Cost: DeeplLabV3+ requires significantly more memory, making it

impractical for real-time applications [128, 129].

* Slower Inference Time: - On an NVIDIA RTX 3090, inference takes 180—260 ms per image
[130, 131, 132].

* Training Overhead: Fine-tuning DeepLabV3+ for the specific datasets used in this research

required extensive hyperparameter tuning, adding to overall complexity.

While DeepLabV3+ provided the best segmentation accuracy between all methods, its computa-

tional requirements and inference latency made it unsuitable.

Rationale for Choosing Rembg: After evaluating the alternatives, Rembg was chosen as the best

balance between segmentation accuracy and computational efficiency.

Key reasons for this selection:

* Low Computational Overhead: Rembg is optimized for fast processing, making it suitable for

real-time applications [133].
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* High Efficiency on Structured Backgrounds: It performed well on medical imaging and

synthetic datasets where backgrounds followed predictable patterns.

* Ease of Integration: Unlike SAM or DeepLabV3+, Rembg did not require extensive prompt

engineering or retraining, simplifying deployment in our retrieval pipeline.
* Consistent Foreground Feature Preservation: In contrast to U-2-Net, Rembg preserved finer
object details, making it better suited for retrieval-based applications.
Comparison of Background Removal Techniques

Table 4.2 summarizes the key findings from the analysis.

Table 4.2: Comparison of Background Removal Techniques

Method Accuracy Speed (FPS) Hardware Req. Integration
Complexity

SAM High 1-2 FPS High Complex

(GPU-heavy)
U-2-Net Medium 25-40 FPS Low Medium
DeepLabV3+ High 4-6 FPS High Complex
(VRAM-intense)
Rembg Balanced 45+ FPS Low (CPU/GPU- Easy
friendly)

Through analysis, Rembg was the most feasible solution, balancing speed, accuracy, and ease of
deployment. While SAM and DeepLabV3+ yielded better segmenting accuracy, their hardware
constraints and higher inference times made them unfeasible for real-time image retrieval. U-2-Net,
though efficient, was not effective with domain-specific images, making Rembg the best choice for

our application.
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Deep Learning for Image Retrieval: Models, Methods,

and Pipelines

5.1 Deep Learning Framework Overview

Deep learning frameworks are the fundamental building blocks for designing, training, and deploying
intricate neural network structures. They support Al breakthroughs across a wide range of areas
by providing robust infrastructures for model design and deployment. This section highlights key
aspects of two leading frameworks, TensorFlow and PyTorch, and explains why TensorFlow was

chosen for this project’s embedding-based image retrieval system.

5.1.1 TensorFlow vs. PyTorch: A Comparative Analysis

Among the deep learning frameworks, TensorFlow and PyTorch are the most popular. Their
design philosophies and cultures are distinct, so it depends on the situation. Table 5.1 provides a

comparative summary of the frameworks.

For this project, TensorFlow was chosen over PyTorch due to its production-ready features and
superior performance in handling large-scale embedding-based workflows. Key considerations

include:

* Scalability: TensorFlow seamlessly scales across multiple CPUs, GPUs, and TPUs, meeting
high-throughput demands.

* Embedding Tools: TensorFlow provides specialized libraries for creating and managing

embeddings, which are essential for image similarity calculations.

* Community and Documentation: Its extensive documentation and large developer commu-

nity expedite troubleshooting and feature implementation.

* Deployment Readiness: The static computation graph ensures efficient resource utilization

and optimized execution for real-time applications.
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Table 5.1: TensorFlow vs. PyTorch Comparison

Feature TensorFlow [134] PyTorch [135]
Developer Google Brain Facebook Al Research
Computation Graph  Static (optimized for performance = Dynamic (optimized for flexibility
and scalability) and ease of experimentation)
Ease of Debugging More challenging due to static Easier due to immediate feedback
graph compilation
Performance Optimized for large-scale Suitable for research and
deployments; excels in distributed smaller-scale experiments
computing
Scalability Seamless scaling across CPUs, Scalable, but less streamlined in
GPUs, and TPUs distributed environments
Community Support Large developer community, Strong support among researchers,
extensive documentation growing in production
Embedding Support  Dedicated libraries and tools for =~ Requires custom implementation or
managing embeddings third-party libraries
Integration Tight integration with Keras, Supports TorchServe and other
TensorBoard, and TensorFlow Lite libraries

5.1.2 TensorFlow: A Technical Overview

TensorFlow is an open-source deep learning library that was developed by the Google Brain team,
renowned for its versatility in production and research settings. Its comprehensive range of tools for
constructing, training, and deploying machine learning models makes it the ideal choice for this
endeavor. TensorFlow’s ecosystem supports all from rapid prototyping to wide-scale production

deployments, and therefore, it is a robust platform to use for embedding-based image retrieval tasks.

Key Features:

* Computational Graphs:

— TensorFlow employs a static computation graph that allows for efficient execution and
optimization on a broad spectrum of hardware platforms. The static graph approach
delivers graph-level optimizations for improved runtime performance and reduced

memory footprint.

— Each node in the graph represents a mathematical operation, while edges represent tensors
(multidimensional arrays) that flow between these operations, ensuring a structured and

predictable workflow.
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* Scalability:

— TensorFlow makes it simple to scale from single-device training to distributed training
on large clusters. It is also compatible with specialized hardware accelerators such
as GPUs and TPUs, which are essential in handling large volumes of image data and

complex deep learning models.

— The framework’s robust distributed computing capabilities allow it to efficiently process

large datasets, a critical requirement for embedding-based image retrieval systems.
* Integration with Keras:

— TensorFlow has strong integration with Keras, a high-level API that provides an easier
method of designing, training, and testing neural network architectures. It provides a

familiar interface that accelerates model creation and experimentation.

— Keras’ modular design, combined with TensorFlow’s powerful backend, enables rapid
prototyping while still offering the flexibility to deploy models in production environments

with minimal modifications.
* Embedding Support:

— TensorFlow includes dedicated libraries and tools for creating and managing embedding
layers, which are essential for converting images into compact feature vectors used in

similarity calculations.

— These tools facilitate efficient training and deployment of models that rely on high-
dimensional embeddings, contributing to both faster inference and improved retrieval

accuracy.
* Deployment and Ecosystem:

— TensorFlow offers a comprehensive ecosystem for deployment, including TensorFlow
Serving for scalable model deployment, TensorBoard for visualization and debugging,

and TensorFlow Lite for deploying models on mobile and embedded devices.

— Its wide-ranging API support and active community provide extensive documentation
and tools, ensuring that both researchers and practitioners can implement state-of-the-art

solutions effectively.

Overall, TensorFlow is the framework of choice for this project because it handles the computational

needs and scalability concerns that are associated with embedding-based image search most effectively.

52 The University of Waikato



Chapter 5: Deep Learning for Image Retrieval: Models, Methods, and Pipelines

While PyTorch offers a highly flexible environment that is best suited for research, TensorFlow’s
emphasis on deployment efficiency, robust production-level features, and rich ecosystem make it

more suitable for real-world applications [134, 136].

5.2 Models Selected and Constructed

5.2.1 Lightweight Model

This lightweight CNN model design is intended to be capable of providing useful image classification
with predictive accuracy balanced with computational efficiency. The design is intentionally made
straightforward so that it can continue to be flexible for different datasets and platforms, and hence it

is best suited to implement on mobile and web applications.

The model begins with a convolutional layer with 32 filters of kernel size 3x3 and stride 1, and
the ReLLU activation function to acquire low-level features such as edges, textures, and basic shapes.
The reason for the 3x3 kernel size is borrowed from the effective designs of the original CNN
architectures [25, 137], where smaller filters excel at capturing fine-grained details. An additional
convolutional layer of 64 filters next specializes these features and extracts still higher-level detailed
information. This growth in layer number is consistent with strategies adopted by deeper networks

for gradually enriching feature complexity without increasing parameters unnecessarily.

To reduce computational complexity and reduce spatial dimensions, each layer of convolution is
followed by a max pooling layer. Max pooling not only reduces the computational complexity but
also provides a kind of translation invariance by selecting the most significant features from each
region [137]. In this design, the max pooling layers help to extract the important information from

the feature maps before they are passed to the fully connected layers.

After the convolutional and pooling layers, the output feature maps are flattened into a one-
dimensional vector. This vector is fed through a dense layer with 64 neurons and ReLLU activation
that further refines and concatenates the learned features. A dropout layer with a 50% dropout rate
is applied at training time to avoid overfitting and promote generalization, a technique that has been
demonstrated to be very effective at reducing model variance [138]. In addition, the network uses
He initialization [139] to initialize the weights to appropriate initial values for ReLU activations,

which allows for faster convergence and improved training stability.

Finally, a softmax activation layer outputs a probability distribution across all classes, so this
model is well suited for multi-class classification problems. The light weight structure, with reduced
numbers of parameters and less complex architecture, is well suited for those situations where

inference time and memory usage are significant factors.
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Figure 5.1 presents a flowchart summarizing the architecture of the lightweight CNN model.

Lightweight Model Architecture
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Figure 5.1: Flowchart of the Lightweight CNN Model Architecture.
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5.2.2 Moderate Model

This moderate model is constructed to strike a good balance of computation and deep, complex
feature extraction, and hence it is well-suited for applications that entail extensive image analysis.
Following the widely used ResNet50 architecture, the model consists of multiple convolutional
layers with successively larger numbers of filters to capture fine-grained patterns and maximize

feature representation.

The model begins with a convolutional layer of 32 filters with a size of 3x3 and a stride of 1
followed by the ReLLU activation function to learn low-level features such as texture and color
information. The subsequent convolutional layers increase the number of filters step by step to 64,
128, and then 256 in order to capture increasingly finer and more complex features [28, 25]. This
gradual increase allows the network to learn a hierarchical abstraction of the input information but

with reduced numbers of parameters.

After each convolutional layer, max pooling with window size 2x2 is applied. Max pooling
not only decreases the dimension of the feature maps to save computational expenses but also
helps preserve the most outstanding features for the next processing [137]. Utilization of batch
normalization (which is not actually mentioned here, but can prove useful) may also stabilize and

accelerate the process of training.

Following the convolutional blocks, the feature maps are flattened into a one-dimensional vector.
This vector is input through a dense layer with 512 neurons and RelLU activation, providing enough
capacity for higher-level feature processing. A dropout layer with a dropout rate of 0.5 is applied
after this dense layer to ensure overfitting is prevented by randomly dropping out neurons during
training [138]. The network then goes on to further refine the features in a second dense layer of

256 neurons, with another dropout layer, before the final classification layer.

The output layer employs a softmax activation function to produce a probability distribution over

all predefined classes, making the model suitable for multi-class classification tasks.

In summary, this moderate architecture is a nice trade-off between computational efficiency and
analytical depth. Its design, several convolutional layers, dense layers, and dropout regularization,
grants robustness and flexibility, allowing the model to generalize well to a range of image

classification tasks while maintaining computational requirements in line.
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Moderate Model Architecture
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Figure 5.2: Flowchart of the Moderate CNN Model Architecture.
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5.2.3 Heavy Model

This heavy model is constructed for highly accurate image classification tasks that require high levels
of feature extraction. It is best suited to process complex and diverse datasets by leveraging deep
convolutional layers, batch normalization, and strategic dropout, which collectively offer consistent

performance even in the worst-case scenarios.

The architecture begins with a 32 filter of size 3x3 convolutional layer with ReLLU activation to
extract low-level features such as edges and textures. Batch normalization is employed to normalize
the activations and to stabilize the learning process [140]. A second 32 filter convolutional layer
with batch normalization refines the initial features further. This is followed by a max pooling layer
(2x2) and a dropout layer with rate 0.25 to prevent overfitting while preserving low-level features of
highest significance.

In the next phase, the filters are set to 64 so that the model can recognize more complex and subtle
patterns. Two additional convolutional layers with batch normalization are employed to further
process these features. Again, a max pooling layer and a dropout of 0.25 are employed to reduce the
spatial dimensions and maintain computational overhead in check. This stage allows the network to
build a more complex representation of the input data without being hampered by overwhelming

parameter growth.

The third stage introduces even more intricacy with 128 filters to enable even more complex
patterns and finer details to be separated. As in each of the preceding stages, every convolutional
layer at this stage is accompanied by batch normalization, max pooling, and a dropout of 0.25 to

enable stability and robust regularization across the network.

After the convolutional blocks, the model transitions to fully connected layers via flattening of
the multi-dimensional feature maps into a one-dimensional vector. The one-dimensional vector is
then fed into a dense layer with 512 neurons and ReLLU activation, which provides high capacity for
further feature refinement. To allow generalization, batch normalization is used again, followed by
the use of a dropout rate of 0.5—a rate chosen in an effort to heavily mitigate overfitting during
this high-capacity stage [138]. The model concludes with an output dense layer using a softmax
activation function, mapping the final logits to a probability distribution over the target classes,

making the model suitable for multi-class classification problems.

Key aspects of the heavy model include:

* Complexity: The model progressively increases the number of filters from 32 to 128, facilitat-

ing hierarchical feature extraction that captures both low-level and high-level representations.

* Batch Normalization: Consistently applied after each convolutional layer to stabilize and
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accelerate training by reducing internal covariate shift [140].

* Dropout: Strategically employed with rates of 0.25 in the convolutional layers and 0.5 in the

dense layers to mitigate overfitting while maintaining essential feature learning [138].

* Fully Connected Layers: The dense layer with 512 neurons refines the extracted features

before the final classification, ensuring that the network is capable of high-level abstraction.

In summary, this heavy model delivers deep insight and detailed sophistication, making it highly
effective for applications such as medical image analysis, industrial defect detection, and high-level
object recognition. Its design balances computational complexity with precision, ensuring both

training stability and generalizability in challenging classification scenarios.

Heavy Model Architecture
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Figure 5.3: Flowchart of the Heavy CNN Model Architecture.
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5.2.4 ResNet50 Model

ResNet50 is a deep convolutional neural network that has been hailed in executing complex image
processing operations efficiently and resiliently. The architecture of the network utilizes residual
connections, a paramount innovation that circumvents the vanishing gradient problem inherent
in very deep networks, thereby enabling the network to gain depth without compromising its

performance.

The network begins with the initial convolutional layer with a 7x7 kernel of 64 channels and a
stride of 2. The initial set of feature maps is generated by this layer from raw pixel data. A max
pooling layer with a stride of 2 and a kernel of 3x3 follows this. The spatial dimension of the feature
maps is reduced through this, and therefore the amount of computation decreases, preparing the

data for deeper layers.

ResNet50 is built from residual blocks. A block contains a number of convolutional layers
with batch normalization and ReLLU activation. Shortcut connections are included in these
blocks—identity mappings when the sizes are equal, and convolutional (1x1) mappings when they
are not—to enable smooth backpropagation of gradients. The basic idea behind a residual block can
be represented by the equation:

y =% {W}) +x,

where x is the input to the block, F (x, {W;}) represents the residual function (i.e., the stacked
convolutional layers), and y is the output of the block [28]. As the network deepens, the number of

filters increases progressively (64, 128, 256, and 512), capturing increasingly complex features.

After the residual blocks, the network employs a global average pooling layer that squeezes each
of the feature maps to one single value, practically aggregating the most significant features learned.
Pooling output goes to a fully connected layer to output logits for all classes. A softmax activation
function then finally converts these logits to probabilities and ResNet50 is hence properly suitable

for multi-class classification.

Key Features

* Initial Layers: A 7x7 convolutional layer and 3x3 max pooling extract initial features and

reduce spatial dimensions.

* Residual Blocks: Stacked convolutional layers with shortcut connections (both identity and

convolutional) mitigate vanishing gradients, enabling effective training of very deep networks.

* Global Average Pooling: Aggregates feature maps into single values that emphasize critical
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features while reducing the total number of parameters.

* Fully Connected Layer & Softmax: Converts the pooled features into class logits and

outputs a probability distribution over the target classes.

Figure 5.4 illustrates the ResNet50 layers architecture, adapted from [141, 142]. Additional details
on residual learning can be found in the original ResNet paper [28], which provides a comprehensive

analysis of the advantages offered by these shortcut connections.
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Figure 5.4: Illustration of ResNet50 layers architecture. Adapted from [141, 142].
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5.2.5 MobileNetV2 Model

MobileNetV2 is a convolutional neural network architecture specifically designed for mobile and
embedded vision applications. Building on the success of MobileNetV1 [143], MobileNetV2
introduces key innovations, such as inverted residual blocks with linear bottlenecks and depthwise

separable convolutions, that strike a balance between computational efficiency and accuracy.

The network starts with a convolutional layer that has a 3x3 kernel with 32 output channels and a
stride of 2. The layer is succeeded by batch normalization and a ReLLU6 activation, which clamps the
activation to six to facilitate quantization and performance on mobile devices. The key innovation of
MobileNetV2 is in its inverted residual blocks. These blocks first project the low-dimensional input
into a higher-dimensional space, apply transformation to the features, and then project them onto
a lower-dimensional representation. When the input and output dimensions are equal, a residual
(or skip) connection that directly adds the input to the output is employed to avoid losing essential

information. This residual mapping can be expressed mathematically as:

y=F(x) +x,

where x is the input to the block and 7 (x) represents the transformation performed by the block

(i.e., the series of convolutions, non-linearities, and linear bottlenecks) [28].

One of the key characteristics of MobileNetV2 is using depthwise separable convolutions, which
separate a regular convolution into two: a depthwise convolution and a pointwise convolution.
For a regular convolution with kernel size k X k, input channels M, and output channels N, the

computational complexity is on the order of:

kxkXMXNXDgpXDp,

where D X D is the spatial dimension of the output feature map. In contrast, depthwise

separable convolution first applies a depthwise convolution with cost:

kXkXMXDpXDp,

followed by a 1 X 1 pointwise convolution with cost:

MXNXDpXDrpg.

61 The University of Waikato



Chapter 5: Deep Learning for Image Retrieval: Models, Methods, and Pipelines

The total cost is significantly reduced, making the architecture more efficient.

The network is organized into several stages:

» Stage 1: Uses an expansion factor of 1 with 16 output channels, repeated once with a stride
of 1.

» Stage 2 onward: Employ an expansion factor of 6, with progressively increasing output
channels (e.g., 24, 32, 64, 96, 160, 320) across multiple repetitions and strides to reduce

spatial dimensions and deepen the network.

In the later layers, the number of channels is increased to 1280 (or 1024 in some variants) by
another convolutional layer, batch normalization, and ReLLU6 activation. Every feature map is then
condensed to a single value by a global average pooling layer. The resulting feature vector is fed
through a fully connected layer that produces logits for classification, which are finally converted to

probabilities by a softmax activation function.

Key Features:

* Depthwise Separable Convolutions: Significantly reduce the number of parameters and

computational cost by decoupling spatial and channel-wise operations.

* Inverted Residual Blocks: Use skip connections that preserve essential information while

maintaining computational efficiency, as captured by the residual mapping equation above.

* Linear Bottlenecks: Prevent information loss in low-dimensional representations by omitting

non-linear activations in the bottleneck layer.

* ReLU6 Activation: Optimized for quantization, enhancing performance on resource-

constrained devices.

MobileNetV2 represents a significant advancement in neural network design for resource-
constrained environments, balancing efficiency and accuracy. Its architecture makes it an excellent

choice for real-world deep learning applications.

Figure 5.5 illustrates the overall architecture of the MobileNetV2 network.
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Figure 5.5: The architecture of the MobileNetV?2 network. Adapted from [144].
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5.2.6 EfficientNetB0 Model

EfficientNetBO is an advanced CNN architecture that achieves state-of-the-art performance with
exceptional computational efficiency. Developed by Google Al, it introduced a novel compound
scaling methodology that uniformly scales network depth, width, and resolution using fixed
coefficients. This balanced scaling enables EfficientNetBO to outperform many existing models

while requiring significantly fewer parameters compared with older designs [33].

EfficientNetBO builds upon concepts from MobileNetV2 by incorporating Mobile Inverted
Bottleneck Convolution (MBConv) blocks enhanced with Squeeze-and-Excitation (SE) modules.
Each MBConv block consists of?:

* Expansion Layer: Increases the number of channels to capture detailed features.

Depthwise Convolution: Efficiently captures spatial relationships.

* Projection Layer: Reduces channels back to a lower dimensionality for computational

efficiency.

* Squeeze-and-Excitation Modules: Recalibrate channel-wise feature responses to emphasize

the most informative features.

The model starts with the initial convolutional layer having a 3x3 kernel, 32 output channels, and
a stride of 2. This is then followed by batch normalization and Swish activation function, providing
smoother gradients and higher expressiveness than ReLLU. The network goes through multiple stages
of MBConv blocks:

e Stage 1: An MBConvl block with a 3x3 kernel, 16 output channels, and stride 1.

» Stages 2 to 8: MBConv6 blocks with varying kernel sizes (3x3 or 5x5) and progressively
increasing output channels (ranging from 24 to 320), with appropriate strides to downsample

spatial dimensions.

After the MBConv stages, there is a convolutional layer whose channels are increased to 1280
(1024 in some versions), followed by batch normalization and Swish activation. Then, global
average pooling reduces the value of every feature map down to one number. A fully connected
layer lastly produces logits to be classificated with, which is then converted to probability using

softmax activation.
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A key innovation in EfficientNet is its compound scaling method. Instead of scaling network
depth, width, and resolution arbitrarily, EfficientNet scales these dimensions uniformly using a

compound coefficient ¢. This is expressed as:

subject to the constraint « - ﬁz . )/2 ~ 2, where d, w, and r denote depth, width, and resolution,
respectively, and «, 3, y are constant scaling factors determined via grid search [33]. This systematic

scaling allows EfficientNetBO0 to achieve a better trade-off between accuracy and computational cost.

Key Innovations

* Compound Scaling: Uniformly scales depth, width, and resolution using fixed coefficients

for balanced resource usage and optimal performance.

* MBConv Blocks: Leverage depthwise separable convolutions and linear bottlenecks for

computational efficiency.

* Squeeze-and-Excitation Modules: Enhance representational capacity by recalibrating

channel-wise feature responses.

* Swish Activation: Provides smoother gradient flow and superior performance compared to
ReLU.

EfficientNetBO represents a breakthrough in neural network design by offering an innovative
and efficient approach to scaling, making it ideal for real-world applications that require a balance

between performance and resource constraints.

Figure 5.6 illustrates the detailed architecture of EfficientNetBO.
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Figure 5.6: EfficientNetB0O Model Selected Architecture. Adapted from [145].
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5.2.7 Other Models Considered and Limitations

In the process of developing the embedding-based image retrieval system, several other deep learning
architectures were explored before finalizing on the chosen models of ResNet50, MobileNetV2,
EfficientNetBO0, and the custom models. The following discussion takes into account the alternatives,

their positives, and the limitations that led to the final model selection decisions.

Inception Networks Inception-based architectures (e.g., GoogleNet, Inception-v3) employ multi-
scale convolutions within the same layer, allowing the network to capture spatial hierarchies at
different resolutions simultaneously [146]. This approach has been shown to enhance feature

diversity and improve classification performance.
Advantages:
» Multi-scale feature extraction enhances robustness to variations in object size and orientation.

* Improved accuracy on large-scale datasets such as ImageNet.
Limitations:

* Computational Overhead: The multi-branch architecture increases the number of operations

per layer, requiring significantly higher GPU memory and inference time.

* Complexity in Deployment: Inception-based models demand optimized execution frame-
works to maintain efficiency, making integration into a lightweight image retrieval pipeline

challenging [91].

Due to these constraints, Inception architectures were deemed less suitable for real-time retrieval

applications, where inference speed and memory efficiency are critical.

VGG Networks The VGG family of networks (VGG16, VGG19) is characterized by a simple and

uniform deep architecture, using small (3x3) convolutional filters stacked in depth [147].

Advantages:

» Strong Baseline Performance: The deep and uniform architecture is well-studied and serves

as a strong feature extractor.

* Pretrained Availability: VGG models have widely available pretrained weights, making

transfer learning straightforward.
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Limitations:
* High Parameter: Count VGG architectures have 138M+ parameters, making them computa-
tionally expensive [148].

* Large Memory Footprint: The high number of parameters increases VRAM requirements,

making deployment on mobile and edge devices impractical.

» Slow Inference: The sequential layer structure results in higher latency compared to more

optimized architectures like ResNet [149].

Despite their strong feature extraction capabilities, VGG networks were excluded due to high

memory usage and slow inference speed.

DenseNet DenseNet introduces dense connectivity, where each layer is connected to every
other layer in a feed-forward manner [150]. This design maximizes feature reuse while reducing

redundancy.

Advantages:

* Parameter Efficiency: DenseNet achieves comparable accuracy with fewer parameters than
VGG.

* Improved Gradient Flow: Direct connections between layers mitigate vanishing gradient

issues, facilitating deeper networks.

Limitations:

* Increased Memory Usage: While parameter-efficient, the dense connections increase activation
memory requirements, posing challenges for training and deployment on GPUs with limited
VRAM [93].

* Computational Complexity: Feature concatenation at every layer introduces higher computa-

tional overhead, affecting inference speed.

Although DenseNet provides high accuracy, its increased memory usage and computational

complexity made it less practical for our real-time retrieval pipeline.
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Custom Lightweight Architectures Various custom lightweight CNN architectures were explored
to optimize speed and efficiency. These models were designed to minimize FLOPs (floating point

operations) and parameter count, reducing computational cost.

Observations:

* Lightweight models performed well in general classification tasks but failed to capture deep

feature representations necessary for fine-grained image retrieval [91].

* Lack of pretrained weights made training more data-intensive compared to established models
like ResNet and EfficientNet.

While custom models were promising for efficiency, they lacked the feature depth necessary for

medical imaging and domain-specific retrieval tasks.

The final model selection was based on a trade-off between accuracy, computational efficiency,

and deployment feasibility:

* ResNetS50 offers robust feature extraction with its residual connections, ensuring high accuracy

even in complex image retrieval tasks.

* MobileNetV2 and EfficientNetB0 provide an optimal balance between efficiency and accuracy,

making them ideal for real-time applications on resource-constrained devices.

* Custom models were fine-tuned to meet specific domain requirements, ensuring flexibility in

handling specialized datasets.

While architectures such as Inception, VGG, and DenseNet are also satisfactory, the demands of
real-time performance, computational efficiency, and domain-specific accuracy of the application
made it clear to select ResNet50, MobileNetV2, and EfficientNetB0O. Ensemble methods or hybrid
models can be studied in the future to further enhance retrieval performance.
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5.3 Image Retrieval Methods

Image retrieval refers to the search and retrieval of images from a dataset ordered based on similarity
to a query image. Using embeddings and similarity measures, the retrieval system returns the most
similar images. Two primary methods of implementing image retrieval in this project are FAISS
and K-Nearest Neighbors (KNN).

5.3.1 K-Nearest Neighbors (KNN)

KNN is a straightforward yet effective algorithm for image retrieval based on embeddings. It
involves finding the K most similar embeddings to a query embedding by calculating similarity or

distance metrics such as Euclidean distance or cosine similarity [151, 152].

Key Features:

* Simplicity: KNN is easy to implement and does not require any prior model training.

* Distance-Based Search: It retrieves neighbors by comparing distances between embeddings,

making it flexible with various similarity metrics.

* Scalability Challenges: For very large datasets, KNN becomes computationally expensive

because it requires pairwise comparisons between the query and all embeddings [152, 153].

5.3.2 FAISS (Facebook AI Similarity Search)

FAISS is an efficient library developed for large-scale similarity search and clustering of dense
embeddings. It is particularly well-suited for high-dimensional data, such as image embeddings
[154, 155].

Key Features:

* Optimized for Scalability: FAISS employs advanced indexing structures such as the Inverted
File Index (IVF) and Product Quantization (PQ) to efficiently handle billions of embeddings.

* GPU Acceleration: FAISS supports GPU-based computations, which significantly speed up

search operations.

* Customizable Indexing: It provides multiple indexing techniques, allowing users to balance

speed and retrieval accuracy based on their specific requirements.
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5.3.3 Comparison of KNN vs. FAISS

Table 5.2 summarizes a comparison between KNN and FAISS in terms of scalability, speed, ease of

use, and flexibility.

Table 5.2: Comparison of KNN vs. FAISS

Aspect KNN FAISS
Scalability  Limited by dataset size; slower for large Optimized for large-scale datasets;
datasets. supports billions of vectors.

Speed Relatively slow for large datasets. Fast due to advanced indexing and GPU
support.

Ease of Use Simple to implement. Requires setup and configuration but

offers extensive features.
Flexibility Works with various distance metrics. ~ Customizable indexing with advanced
trade-offs.

Both KNN and FAISS are solid image retrieval algorithms. KNN is straightforward and handy for
small datasets, but FAISS takes the lead in large scale due to its advanced indexing data structures
and GPU acceleration [154, 155].

5.3.4 Other Retrieval Methods Considered and Limitations

Apart from KNN and FAISS, other retrieval techniques were also explored to verify their peformance
and usage in this application setting. However, owing to the tests for performance and hardware

constraints, these were not selected for the final retrieval system.

Approximate Nearest Neighbors (ANN) Algorithms: A number of ANN algorithms (i.e., Annoy
[156] and FLANN [157]) were considered due to their ability to provide efficient retrieval times
at the expense of large sets. While such methods are competitive in performance, they sacrifice
precision for speed. In the experiments, the lowest loss of retrieval precision was not acceptable in

light of our application’s precision requirements.

Hashing-based Methods: Such methods as Locality Sensitive Hashing (LSH) [158] were
experimented with. LSH can drastically accelerate search time by mapping high-dimensional data
to short binary codes. But in the process of transformation, loss of information occurs, resulting in

low retrieval quality, particularly when fine-grained discrimination is called for.
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Graph-based Methods: Graph-based retrieval methods construct a similarity graph among data
points and perform search by walking on the graph [159]. Although such methods can obtain high
retrieval precision, they are typically hard to implement and require much memory and thus are less

suitable for real-time applications.

The final selection of KNN and FAISS was driven by an equally weighted balance between
accuracy, computational expense, and ease of integration. KNN, despite being computation-
constrained for very large datasets, possesses the simplicity and flexibility that are appropriate for
small to medium-scale applications. FAISS, on the other hand, boasts greatly enhanced scalability
and GPU capabilities, and is thus appropriate for large-scale retrieval tasks. The other methods,
promising as they were in certain conditions, were unable to meet the overall needs of high precision

at affordable resource use and deployment convenience.
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5.4 Image Retrieval Pipelines

5.4.1 Domain-Specific Retrieval Pipeline (DSRP)
Pipeline Construction and Overview

The Domain-Specific Retrieval Pipeline is an end-to-end image retrieval pipeline that facilitates
effective and efficient search using K-Nearest Neighbors or Facebook Al Similarity Search (FAISS).
The pipeline offers the possibility of using custom-trained models (specific to the task at hand) as
well as widely used pre-trained models such as ResNet50, EfficientNetB0, and MobileNetV2. The
models can be fine-tuned on the destination dataset for learning domain-specific features. This
two-forked approach offers great flexibility and improved retrieval accuracy in diverse application
fields. The entire pipeline is conceived to be modular, clear, and highly scalable, making each
component comprehensible, extensible, and adaptable to various types of data and hardware setups
[160].

Pipeline Architecture

DSREP is set up in a modular and transparent manner. Each of the configuration parameters such as
data path, model selection, fine-tuning flags, image size, neighbors count, retrieval method (KNN or
FAISS), and device mode (CPU or GPU) are managed by a YAML config file. It allows for simple
modification without changing the underlying codebase.

The pipeline dynamically modifies the computation context by perceiving and utilizing GPU
resources when they are available, otherwise falling back to CPU, thus enabling support for
heterogeneous hardware configurations. Regarding model selection, DSRP supports off-the-shelf
structures (e.g. ResNet50, EfficientNetB0, MobileNetV2) as well as user-trained models. Models
are fine-tuned on domain-adapted data for enhanced ability in feature extraction, which is crucial to

acquire high retrieval precision [161].

In the pipeline, training images are resized, preprocessed, and mapped to feature vectors with
robust processing for unreadable images or NaN values. Test images are treated in a typical manner
to guarantee completeness of classes. Either FAISS or KNN is utilized for building a retrieval index
by normalizing feature vectors for precision and efficiency. In retrieval, query images are matched
against the index and performance is evaluated using measures such as majority voting and Top-N
accuracy. Finally, the pipeline logs performance metrics such as inference time, CPU, and memory

usage and offers valuable insight into the computational efficiency and real-world utility of the
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system [162].

Flowchart

Figure 5.7 shows the flowchart of the Domain-Specific Retrieval Pipeline (DSRP). The diagram
outlines key components of the pipeline—from data ingestion and preprocessing to feature extraction,

index building, and retrieval evaluation, illustrating its modular and transparent design.

Domain-Specific Retrieval Pipeline (DSRP) Flowchart
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Figure 5.7: Domain-Specific Retrieval Pipeline (DSRP) Flowchart.
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5.4.2 Pre-trained Feature Extraction Pipeline (PMRP)
Pipeline Construction and Overview

The Pre-trained Model Retrieval Pipeline (PMRP) is a lightweight and efficient image retrieval
system based solely on pre-trained models without fine-tuning. In contrast with the Domain-
Specific Retrieval Pipeline (DSRP), PMRP leverages general-purpose embeddings of widely used
architectures such as ResNet50, EfficientNetB0, and MobileNetV2. PMRP is designed for rapid
deployment and scalability and can be used for real-time applications or when domain-specific
fine-tuning is infeasible. The PMRP focuses on simplicity, resource usage, and configuration ease

while supporting heterogeneous hardware environments [160].

Pipeline Architecture

The PMRP is constructed with a modular design that promotes consistency and transparency. Key

components include:

* Configuration Management: A YAML configuration file controls essential parameters,
such as dataset paths, model selection, image size, retrieval method (KNN or FAISS), and
device type (CPU or GPU), which makes the pipeline highly adaptable without modifying the

underlying code.

* Hardware Resource Setup: The pipeline dynamically configures computational resources,
automatically detecting and utilizing GPUs if available, and defaulting to CPU otherwise.

This ensures broad hardware compatibility.

* Pre-trained Model Usage: Unlike DSRP, PMRP relies exclusively on pre-trained models
from TensorFlow Keras applications (e.g., ResNet50, EfficientNetB0, MobileNetV?2) to extract

general-purpose feature embeddings from both training and test images.

* Preprocessing: Training images are pre-processed through resizing, normalization, and
passing through the selected pre-trained model to obtain feature embeddings. Test images are

processed in the same way to ensure consistency.

* Indexing and Retrieval: Depending on the retrieval method specified (KNN or FAISS), the
pipeline builds a retrieval index using normalized feature vectors. Query test images are
then matched against this index, and performance is measured using accuracy metrics (e.g.,

majority voting and Top-N accuracy).
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* Performance Monitoring: The pipeline also tracks computational performance metrics such

as average inference time, CPU, and memory usage to assess efficiency.

Flowchart

Figure 5.8 illustrates the overall architecture and workflow of the Pre-trained Model Retrieval

Pipeline (PMRP). This flowchart outlines the modular steps—from configuration and preprocessing

through embedding extraction, index building, and retrieval evaluation—highlighting the streamlined

design intended for resource-efficient, large-scale or real-time applications.

Pre-trained Model Retrieval Pipeline (PMRP) Flowchart
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Figure 5.8: Pre-trained Model Retrieval Pipeline (PMRP) Flowchart.
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Experimental Setup and Results

6.1 Overview

Experimental evaluation was developed on a solid test across two image search pipelines, i.e.,
Pre-trained Feature Extraction Pipeline (PMRP) and Domain-Specific Retrieval Pipeline (DSRP),
on four various datasets divided across healthcare, agriculture and general domains, such as the
Pokemon dataset. Setup consisted of current deep learning architecture models for feature extraction,
involving fine-tuning and background removal approaches for domain specificity. Furthermore,
FAISS indexing was introduced to enhance computation efficiency through vast reductions in

inference times with complete preservation of accuracy [154].

Each dataset, ranging from the Leaf Disease [95] and Brain Tumour MRI scans [96] to the
COVID-19 Digital X-Ray Forgery [97] and Pokémon benchmark [98], was hand selected in
such a way as to represent subtle challenges such as class imbalance, suble visual changes, and
forgery detection [41, 42, 152]. The experiment demonstrated that DSRP provides consistently
higher precision for domain-specific applications while PMRP can serve as a robust, lightweight
substitute for general retrieval instances. In conclusion, the experiments validate the effectiveness of
embedding-based retrieval systems, highlighting their scalability, effectiveness, and applicability to

real-world applications in high-stakes environments [160, 162].

6.2 Hyperparameter Configuration

Hyperparameter selection is an essential deep learning model optimization element, which affects
training stability, convergence speed, and generalizability of the overall model [163]. For stable
evaluation on all datasets, a 70/15/15 train/validation/test split was used. Empirically, this ratio
was chosen following best practices to leave enough data for model learning as well as for testing

generalization [164].
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Training Constraints and Epoch Selection

Due to hardware constraints, dataset heterogeneity, and the broad range of models tested, training
was restricted to 20 epochs per model. This comparatively modest duration was used to trade

computational practicability against sound benchmarking.

Reasoning for 20 Epochs Selection:

* Studies have shown that most deep learning models exhibit rapid improvements in the first

10-20 epochs, after which performance gains begin to plateau [165].

* Longer training durations improve accuracy but come at the cost of increased computation
time and GPU energy consumption, which is a major concern in large-scale retrieval systems
[166].

Implications of Limited Epochs:

* Faster benchmarking allowed for comparative model evaluation across different architectures.

* While additional training could yield slight accuracy gains, the objective was to identify the

most efficient models rather than overfit on specific datasets.

Optimization Techniques Used

To counteract the limited training epochs, several hyperparameter tuning strategies were employed:

Learning Rate Scheduling:

» Adaptive learning rates using a cosine decay schedule helped prevent overshooting optima.

* This approach was found to be computationally more efficient than static learning rates [167].
Batch Size Selection:

» Batch sizes were set to 32 or 64, balancing GPU memory constraints with gradient stability.

* Studies have shown that smaller batch sizes (e.g., 16) result in noisier gradients, while larger

batches (e.g., 128) increase memory usage with diminishing accuracy gains [168].

Regularization and Dropout:
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* Dropout rates of 0.2-0.3 were used to reduce overfitting, which is particularly beneficial for

small datasets.

* L2 weight decay helped improve generalization by penalizing large weights.

These hyperparameter choices were informed by empirical studies that emphasize the trade-off

between model accuracy and computational efficiency in deep learning applications [169].

6.3 Resource Consumption

The experiments were conducted on a high-performance workstation equipped with an Intel® Core™
19-10885H CPU running at 2.40GHz, 32 GB of RAM, and an NVIDIA Quadro RTX 3000 with
Max-Q Design. This configuration provided a robust balance between CPU and GPU capabilities.

The resource usage estimation in image retrieval pipelines differs with changes in hardware
settings, background concurrent tasks, and inherent workload fluctuations [170]. The values of
resource usage presented here are averages over several runs and intended to provide general insights

rather than precise measurements.

Variability in Measurements
Resource utilization is highly dependent on the following:

» Background Processes: System-level tasks and I/O operations affect available CPU/GPU

power.

* GPU Memory Allocation: Memory fragmentation can lead to VRAM underutilization or

overflow errors.

* Dynamic Workloads: Batch size, model complexity, and dataset size all contribute to variations

in inference speed and training efficiency.

To mitigate fluctuations, all experiments were conducted under controlled conditions, with

background processes minimized where possible.

Overhead from Additional Scripts

Execution of preprocessing, logging, and visualization scripts introduces additional CPU/GPU load,

which must be accounted for when analyzing efficiency.

Logging Mechanisms:
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* GPU/CPU usage was monitored using NVIDIA’s System Management Interface (nvidia-smi).

* Real-time memory tracking ensured that VRAM bottlenecks were detected early.
Data Preprocessing Costs:

* Feature extraction and data augmentation increase CPU usage, especially for large image

datasets.

Approach to Reporting Resource Use

To ensure consistent reporting, all resource metrics were averaged across multiple experimental runs,

accounting for minor fluctuations caused by hardware variations and system-level processes [165].

Key Metrics Considered:

* Inference Time: Average time per query or batch retrieval.
* Hardware Utilization: Peak and average GPU/CPU usage during training and inference.

* Memory Usage: RAM and VRAM consumption over multiple runs.

Findings on Resource Consumption
Training Efficiency:

* Models with higher parameter counts (e.g., ResNet50, DenseNet) required more GPU resources
but converged faster.

* MobileNetV2 and EfficientNetBO demonstrated lower memory requirements, making them

ideal for resource-limited devices.
Inference Performance:

* ResNet-based architectures exhibited higher GPU utilization (80-90%) but provided better

retrieval accuracy.

* Lightweight models (MobileNetV2, EfficientNetB0) achieved lower inference latency, con-
suming 30—40% less memory than heavier models.

While these findings highlight the importance of balancing computational efficiency with accuracy,
they should be interpreted as approximations due to variations in real-world deployment environments
[166].
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6.4 Analysis of Model Architectures

The neural network structure, how many parameters and layers, for example is central to their ability
to learn sophisticated features, their ability to support wide ranges of datasets, and their ability to
generalize. These characteristics are outlined below and their utility in image retrieval is addressed.

Comparison of Selected Models

Table 6.1 summarizes a comparison of the number of parameters and layers for selected models.

Table 6.1: Comparison of Number of Parameters and Layers for Selected Models

Model Number of Parameters Number of Layers
Lightweight ~12,000,000 8
Moderate ~19,000,000 14
Heavy ~38,000,000 23
ResNet50 ~26,000,000 50
MobileNetV?2 ~3,400,000 53
EfficientNetBO ~5,300,000 82

Figures 6.1 and 6.2 show plots of the number of parameters and layers for each model, respectively.
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Figure 6.1: Plot of Number of Parameters for Each Model.
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Number of Layers for Each Model
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Figure 6.2: Plot of Number of Layers for Each Model.
Lightweight Model

It can seen that the lightweight model has a high parameter count because the architecture contains
fully connected Dense layers after convolutional and pooling operations. The Dense layer with the
highest contribution is directly connected to the Flatten layer, which is the first Dense layer. For an
input of 224x224 image size, assume that the feature map output of the second MaxPooling layer is
56x56 with 64 channels, i.e.,

56 X 56 x 64 = 200704 features.

These features are flattened and fed into a Dense layer of 64 units. The number of parameters in this

Dense layer is:
(200704 + 1) x 64 ~ 12 845 440 parameters.

On the other hand, the convolutional layers have relatively fewer parameters to account for e.g., 896
for the first and 18,496 for the second. Without optimizations such as Global Average Pooling from
[171], which reduces dimensionality before the Dense layers, the number of parameters explodes.
While the architecture is straightforward, it renders the resulting model less parameter efficient
than models such as MobileNet that utilize depthwise separable convolutions in an effort to reduce

parameters drastically [143].

Moderate Model

The moderate model has a deeper architecture with additional convolutional layers and wider Dense

layers. Its four convolutional layers have filter counts of 32, 64, 128, and 256, respectively. For
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example, the parameters for these layers are computed as:

e First layer: (3 x3x3+1) %32 =896,
* Second layer: (3 X3 x32+ 1) x 64 = 18496,
* Third layer: (3 X3 x 64+ 1) x 128 = 73 856,

* Fourth layer: (3 X3 X 128 + 1) x 256 = 295 168.

After these convolutional layers, assume the feature map is reduced to 14 X 14 x 256 = 50176
features, which are then flattened. The first Dense layer, with 512 units, contributes:

(50176 + 1) X 512 =~ 25690 624 parameters.

Subsequent Dense layers add more parameters e.g., the second Dense layer with 256 units adds
(512 +1) x 256 = 131 328 parameters, and the final Dense layer adds (256 + 1) X N parameters for
N output classes. Although the deeper architecture adds representational capacity, it significantly
increases the number of parameters and cost of computation, and the model will be prone to

overfitting unless suitably regularized.

Heavy Model

The heavy model introduces additional complexity with additional convolutional layers, Batch
Normalization [140], and a large Dense layer. Each convolutional block consists of two Conv2D
layers with Batch Normalization and MaxPooling. Batch Normalization layers add a few trainable

parameters per channel for scale and shift but are computationally inexpensive.

In the first convolutional block, two 3x3 Conv2D layers with 32 filters contribute:

e First layer: (3 x3x3+1) %32 =896,

» Second layer: (3 X3 x32+1) x32=9248.
Subsequent blocks with 64 and 128 filters add:

« Second block: (3x3x32+1) x 64 = 18496 and (3 x 3 x 64 + 1) x 64 = 36928,

* Third block: (3 X3 x64+1)x 128 =73856and (3 x3 x 128+ 1) x 128 = 147 584.
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After these layers, MaxPooling reduces the feature map to 28 x 28 x 128 = 100 352 features. These

are flattened and passed to a Dense layer with 512 units, contributing:
(100352 + 1) X 512 = 51 262 464 parameters.

The final Dense layer adds (512 + 1) X N parameters for N output classes. While Batch Normal-
ization improves training stability and Dropout reduces overfitting, the fat model becomes overly
computationally expensive because of its reliance on heavy Dense layers. Models such as MobileNet
and EfficientNet use depthwise separable convolutions and Global Average Pooling to achieve

significantly more cost-effective parameter usage [143, 33].

ResNet50

ResNet50 is a widely adopted deep convolutional neural network that employs residual learning to
ease the training of very deep networks. The use of skip connections allows gradients to bypass

several layers, effectively mitigating the vanishing gradient problem. Key characteristics include:

* Architecture: Consists of 50 layers organized into residual blocks.
* Parameters: Approximately 26 million parameters.

* Design: Utilizes a bottleneck design with 1x1 convolutions to reduce dimensions, followed

by 3x3 convolutions and another set of 1x1 convolutions to restore dimensions.

The residual connections enable the network to learn identity mappings easily, improving both

convergence and performance on complex tasks such as image retrieval.

MobileNetV2

MobileNetV?2 is optimized for mobile and embedded vision applications, where computational
resources and power are limited. Its design focuses on parameter and computation efficiency by

employing:

* Architecture: Uses inverted residual blocks and depthwise separable convolutions.
* Parameters: Contains roughly 3.4 million parameters spread over 53 layers.

 Efficiency: The use of depthwise separable convolutions drastically reduces the number of

parameters and computational cost compared to traditional convolutions.
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This model strikes a balance between performance and efficiency, making it a strong candidate for

real-time image retrieval tasks where low latency is crucial.

EfficientNetB0

EfficientNetBO0 introduces a novel compound scaling method that uniformly scales network depth,
width, and resolution. This systematic approach allows EfficientNetBO to achieve high accuracy

with fewer parameters:

* Architecture: Built using a baseline network that is scaled up using compound scaling.
* Parameters: Approximately 5.3 million parameters across 82 layers.

* Design Innovations: Incorporates squeeze-and-excitation optimization and employs Global

Average Pooling to reduce the parameter count before classification.

EfficientNetB0’s compound scaling provides a strong performance-to-parameter ratio, making it

effective for both image classification and retrieval tasks while maintaining computational efficiency.

This evaluation highlights the trade-off between model complexity and computational cost. Light
models are easier to train and offer faster inference but may lag in their capability to capture
complex patterns, whereas heavier models can capture complex features but at the expense of greater

computational costs and possible overfitting.
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6.5 Introduction to the Retrieval Pipeline Results

In this section, a detailed analysis of the retrieval performance for the selected datasets (i.e., Leaf
Disease, Brain Tumour MRI Scans, COVID-19 Scans, and Pokemon) using both the Domain-Specific
Retrieval Pipeline (DSRP) and the Pre-Trained Feature Extraction Pipeline (PMRP) are presented.

The evaluation is based on key metrics such as Top-10 accuracy and F1 scores calculated at ranks
5 and 10 (F1@5 and F1@10). The Top-10 accuracy indicates the proportion of cases where the
correct label appears within the top 10 retrieved results, which is a critical measure of the retrieval
system’s robustness. Similarly, the F1@5 and F1@10 metrics provide a balanced view of the

precision and recall performance at these specific retrieval cutoffs.

Furthermore, this section explores the impact of background presence on the retrieval performance
by comparing scenarios with and without background removal. Different models, ranging from
lightweight to heavy as well as deep learning architectures, such as ResNet50, MobileNetV?2, and
EfficientNetBO0, are analyzed using two retrieval strategies, KNN and FAISS. In addition to accuracy
metrics, the inference time performance and hardware usage are assessed, offering a holistic view of

both the computational efficiency and scalability of the proposed methods.

The subsequent subsections detail the performance outcomes under each condition, highlighting
cases where certain models benefit from background removal and the consistent efficiency gains
observed with FAISS over KNN. This comprehensive analysis helps in understanding not only the

effectiveness of the models but also the practical considerations for deploying such systems.
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6.6 Retrieval Pipeline Results

6.6.1 Domain-Specific Retrieval Pipeline (DSRP)

Leaf Disease (6.5.1.1)
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Figure 6.3: Plot showcasing Leaf Disease performance with background present using KNN and FAISS —
DSRP Retrieval.
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Figure 6.4: Plot showcasing Leaf Disease performance with no background using KNN and FAISS — DSRP
Retrieval.

Retrieval Results The above graphs (Figures 6.3 and 6.4) shows the performance of the Leaf
Disease dataset under two conditions, background present and background removed, on both KNN

and FAISS. The result is that the moderate model works extremely well as shown by a Top-10
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accuracy of 0.99 and good precision, recall, and F1 values (approximately 0.98-0.99) regardless of
background presence or retrieval method. Contrary to this is the case with the lightweight model,
where it achieves Top-10 accuracy of 0.98 with and 0.96 without background, while the heavy
model shows considerable improvement without background (accuracy increases from 0.94 to 0.99,

precision and recall being roughly 0.96).

Additionally, the ResNet50 model showcases robust performance with a accuracy of 0.99, recall
0.99, and precision 0.90 without background. The MobileNetV2 and EfficientNetBO models also
achieve promising results with accuracies of 0.99, although MobileNetV?2 experiences minor declines
in precision and recall, approximately 0.86—0.89, without background. Overall, EfficientNetBO
generalizes well across conditions, and FAISS consistently offers marginal improvements in F1

scores for most models.
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Figure 6.5: Plot showcasing the Leaf Disease inference time performance for background and no background
conditions using KNN and FAISS — DSRP Retrieval.

Inference Time Performance Figure 6.5 showcases the inference time performance for the
Leaf Disease dataset. For the lightweight model, KNN takes approximately 0.0806 seconds with
background compared to 0.0665 seconds with FAISS, and without background, KNN takes 0.0807
seconds versus 0.0711 seconds with FAISS. Similar improvements are observed across the the
different models i.e. the moderate, heavy, and deep learning models (ResNet50, MobileNetV2,

EfficientNetBO0), confirming FAISS consistently reduces the inference time.
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Table 6.2: Hardware Usage Comparison for KNN and FAISS in DSRP Retrieval (Leaf Disease)

Model Background KRN FAISS
CPU (%) Memory (%) CPU (%) Memory (%)

Lightweight Yes 4.8 47.6 0.1 48.1
Lightweight No 2.7 50.1 2.5 56.8
Moderate Yes 4.4 49.3 1.9 53.1
Moderate No 3.6 51.3 2.8 57.9
Heavy Yes 3.7 49.2 0.2 50.9
Heavy No 3.7 54.2 24 56.7
ResNet50 Yes 2.7 50.6 0.4 52.9
ResNet50 No 4.1 53.2 2.8 56.8
MobileNetV2 Yes 4.3 50.7 0.3 50.4
MobileNetV2 No 7.9 52.0 0.8 55.8
EfficientNetB0 Yes 3.6 47.4 1.5 50.4
EfficientNetB0 No 3.5 52.0 0.3 55.1

Hardware Usage Table 6.2 summarizes the hardware usage for KNN and FAISS across different
models and background conditions. The resource usage results indicate that FAISS reduces CPU
usage compared to KNN across most models, particularly when the background is present. For the
lightweight model, CPU usage drops from 4.8% with KNN to 0.1% with FAISS when background
is present. Similar trends are observed in the moderate, heavy, and deep learning models (ResNet50,
MobileNetV2, EfficientNetB0). The memory usage remains relatively stable, varying between

47.4% and 57.9% across all models and background conditions.

These results demonstrate that while the moderate model delivers exceptional retrieval performance
with a Top-10 accuracy of 0.99, with precision, recall, and F1 scores around 0.98-0.99, regardless
of background presence or retrieval method, both the lightweight and heavy models benefit from
background removal. Moreover, FAISS consistently outperforms KNN in terms of inference time
and CPU efliciency.
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Brain Tumour MRI Scans (6.5.1.2)

Brain Tumour MRI Scans Performance with Background
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Figure 6.6: Plot showcasing Brain Tumour MRI Scans performance with background present using KNN
and FAISS — DSRP Retrieval.

Retrieval Results Figure 6.6 above showcases the retrieval performance for the Brain Tumour
MRI Scans dataset under the Domain-Specific Retrieval Pipeline (DSRP) when the background is
present. The results indicate that the moderate model achieves an overall balanced performance
with a Top-10 accuracy of 0.92 and precision, recall, and F1 scores ranging from 0.80 to 0.86
using both KNN and FAISS. The lightweight model shows a modest performance with a Top-10
accuracy of 0.85 and lower precision and recall, approximately 0.48 to 0.77, with FAISS slightly
improving F1 scores to around 0.60. For the heavy model, the Top-10 accuracy is 0.88, with
consistent high precision and recall, around 0.83 to 0.87, and only minor differences between KNN
and FAISS. The deep learning models such as ResNet50, MobileNetV2, and EfficientNetB0 achieve
high Top-10 accuracies, 0.96-0.97, however, at a P@5 level, precision and recall are relatively lower,
approximately 0.66 to 0.68, while R@5 remains high around 0.94-0.96. FAISS provides minor

improvements in F1 scores for these models overall.
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Brain Tumour MRI Scans Inference Time Performance
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Figure 6.7: Plot showcasing Brain Tumour MRI Scans inference time performance for background conditions
using KNN and FAISS — DSRP Retrieval.

Inference Time Performance Figure 6.7 showcases the inference time performance for the Brain
Tumour MRI Scans dataset. The lightweight model shows that KNN takes approximately 0.1006
seconds while FAISS improves the time to 0.0881 seconds. The moderate model reduces from
0.0988 seconds with KNN to 0.0730 seconds with FAISS, and for the heavy model, from 0.1207
seconds to 0.0875 seconds. Amongst the deep learning models, ResNet50 is the slowest with KNN
around 0.1701 seconds and FAISS about 0.1015 seconds. MobileNetV2 and EfficientNetBO also

show significant improvements in inference time with FAISS.

Hardware Usage The hardware usage for the Brain Tumour MRI Scans dataset was evaluated
under background conditions using both KNN and FAISS. Table 6.3 summarizes the CPU and

memory usage for each model.

Table 6.3: Hardware Usage Comparison for KNN and FAISS in DSRP Retrieval (Brain Tumour MRI Scans)

Model Background KRN FAISS
CPU (%) Memory (%) CPU (%) Memory (%)

Lightweight Yes 4.1 56.2 3.1 553
Moderate Yes 6.1 50.2 2.1 53.0
Heavy Yes 4.1 51.2 24 46.5
ResNet50 Yes 3.0 50.2 1.2 45.0
MobileNetV?2 Yes 3.7 49.2 1.8 44.5
EfficientNetBO Yes 5.0 52.5 2.0 47.7
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The hardware usage results above in Table 6.3 shows that FAISS generally reduces CPU usage
compared to KNN across all models. For the lightweight model, CPU usage drops from 4.1% with
KNN to 3.1% with FAISS. Similar reductions are observed in the moderate and heavy models, as
well as in deep learning models such as ResNet50, MobileNetV2, and EfficientNetBO. Memory

usage remains relatively stable, ranging between approximately 44.5% and 56.2%.

These results demonstrate that while the moderate model achieves balanced performance in retrieval
metrics, both the lightweight and heavy models benefit from background removal. Additionally,

FAISS consistently improves inference time and CPU efficiency compared to KNN.
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COVID-19 Scans (6.5.1.3)
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Figure 6.8: Plot showcasing COVID-19 Scans performance with background present using KNN and FAISS
— DSRP Retrieval.

Retrieval Results The figure above Figure 6.8 illustrates the retrieval performance for the COVID-
19 Scans dataset under the Domain-Specific Retrieval Pipeline (DSRP) when the background is
present. The retrieval results shows that the moderate model achieves the most balanced performance
with a Top-10 accuracy of 0.93 and relatively good precision, recall, and F1 scores P@5 = 0.62,
R@5 = 0.62, F1 of 0.73-0.74. The lightweight model achieves a Top-10 accuracy of 0.93, but
with much lower precision P@5 of 0.38, though FAISS improves its F1 scores slightly to around
0.53-0.54. The heavy model achieves a Top-10 accuracy of 0.92 with P@5 around 0.58-0.59 and
improved recall and F1 scores approximately 0.70-0.71. For the deep learning models, ResNet50,
MobileNetV2, and EfficientNetB0O show high Top-10 accuracy 0.95-0.97, however, their precision
at P@5 is lower approximately 0.36—0.37, with modest F1 scores around 0.49-0.52. Overall, FAISS

provides minor improvements in F1 scores across all the models.
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COVID-19 Scans Inference Time Performance
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Figure 6.9: Plot showcasing the COVID-19 Scans inference time performance with background conditions
present using KNN and FAISS — DSRP Retrieval.

Inference Time Performance The figure above, Figure 6.9 displays the inference time performance
for the COVID-19 Scans dataset. The lightweight and moderate models have the fastest inference
times, with KNN times around 0.0676-0.0678 seconds and FAISS reducing these times to
approximately 0.0577-0.0630 seconds. The heavy model performs slower, with KNN taking
0.0868 seconds and FAISS 0.0831 seconds. Amongst the deep learning models, MobileNetV2 and
EfficientNetB0O have a good balance between speed and complexity, MobileNetV2 achieves 0.1123
seconds with KNN, 0.0681 seconds with FAISS, EfficientNetB0 achieves 0.1184 seconds with KNN,
0.0754 seconds with FAISS and ResNet50 achieves 0.1783 seconds with KNN and 0.1013 seconds
with FAISS.

Hardware Usage The hardware usage for the COVID-19 Scans dataset was evaluated under
background conditions using both KNN and FAISS. Table 6.4 summarizes the CPU and memory

usage for each model.
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Table 6.4: Hardware Usage Comparison for KNN and FAISS in DSRP Retrieval (COVID-19 Scans)

Model Background KRN FAISS
CPU (%) Memory (%) CPU (%) Memory (%)

Lightweight Yes 2.4 48.4 2.7 48.9
Moderate Yes 2.4 49.2 2.2 479
Heavy Yes 2.8 44.9 2.2 49.9
ResNet50 Yes 4.8 49.0 2.4 49.1
MobileNetV?2 Yes 8.2 48.6 0.7 47.1
EfficientNetBO Yes 4.6 48.6 1.8 47.2

The hardware usage results in Table 6.4 indicate that the lightweight and moderate models
maintain low CPU usage 2.4-2.7% with stable memory consumption around 47.9-49.2% across
retrieval methods. The heavy model shows slightly higher CPU usage with KNN around 2.8% that
decreases to 2.2% with FAISS. Amongst the deep learning models, ResNet50 and MobileNetV2
experience significant reductions in CPU usage with FAISS, ResNet50 reduces from 4.8% to 2.4%,
MobileNetV2 reduces from 8.2% to 0.7% and EfficientNetB0’s CPU usage drops from 4.6% to
1.8%. Memory usage remains relatively stable across models. FAISS consistently reduces CPU

usage for most models while keeping memory requirements steady overall.

These results demonstrate that while the moderate model achieves balanced retrieval performance
for COVID-19 Scans, the lightweight and heavy models benefit from background removal, and

FAISS consistently improves inference time and CPU efficiency compared to KNN.
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Pokémon (6.5.1.4)

Pokemon Performance with Background

Models
B KNN Top 10 Accuracy = KNN F1@10 B FAISS F1@5
m— KNN F1@5 W FAISS Top 10 Accuracy WS FAISS F1@10

Figure 6.10: Plot showcasing Pokémon performance with background present using KNN and FAISS —
DSRP Retrieval.

Pokemon Performance without Background

Scores

Models
== KNN Top 10 Accuracy ~ mmm KNN F1@10 mmm FAISS F1@5
m— KNN F1@5 W FAISS Top 10 Accuracy WS FAISS F1@10

Figure 6.11: Plot showcasing Pokémon performance with no background using KNN and FAISS — DSRP
Retrieval.

Retrieval Results The figures above, Figure 6.10 showcases the retrieval performance for the
Pokémon dataset under background present conditions, while the figures, Figure 6.11 shows
performance with no background present. The results indicate that both the moderate and heavy
models perform consistently well in both conditions. The moderate model, achieved a Top-10
accuracy is around 0.69-0.70, with P@5 improving to about 0.48—0.50 without background and a
stable F1 score of roughly 0.56—0.58. The heavy model achieves a Top-10 accuracy of approximately
0.70, with better precision and recall, P@5 0.66 and F1 0.67-0.68, consistently across both
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retrieval methods. The lightweight model performed the worst, with a Top-10 accuracy ranging
from 0.62 to 0.67 and a P@5 score of around 0.26-0.30, though FAISS slightly improves F1 scores
to approximately 0.36—0.39. Amongst the deep learning models, ResNet50 reaches an accuracy of
0.82-0.89, especially without background present, where precision is higher, P@5 0.51-0.55, and
F1 scores range from 0.60-0.67. The MobileNetV2 model performs better without background
present with a Top-10 accuracy of 0.85-0.87 and F1 scores around 0.60, while the EfficientNetBO
model achieves the best overall performance with Top-10 accuracy of 0.89—0.90, and strong precision
and F1 scores, P@5 0.55-0.58, F1 0.63-0.69. FAISS provides minor improvements in F1 scores

for all models overall.
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Figure 6.12: Plot showcasing the Pokémon inference time performance for background and no background
conditions using KNN and FAISS — DSRP Retrieval.

Inference Time Performance The figure above, Figure 6.12 showcases the inference time
performance for the Pokémon dataset. The inference times indicate that FAISS consistently
outperforms KNN, particularly in no background present scenarios. The lightweight model shows
an increase in KNN inference time without background from 0.0754 to 0.1128 seconds, while
achieving better times with FAISS, 0.0667 seconds with background and 0.0633 seconds without.
Similar trends are observed for the moderate and heavy models, with MobileNetV2 being the fastest

among deep learning models, and EfficientNetBO also benefiting significantly from FAISS.

Hardware Usage The hardware usage for the Pokémon dataset was evaluated under background
conditions using both KNN and FAISS. Table 6.5 summarizes the CPU and memory usage for each

model.
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Table 6.5: Hardware Usage Comparison for KNN and FAISS in DSRP Retrieval (Pokémon)

Model Background KRN FAISS
CPU (%) Memory (%) CPU (%) Memory (%)

Lightweight Yes 4.4 47.1 1.4 52.9
Lightweight No 43 47.0 0.9 46.6
Moderate Yes 3.7 47.3 1.5 53.2
Moderate No 6.1 49.0 2.0 49.5
Heavy Yes 4.9 48.9 1.2 53.5
Heavy No 3.7 53.1 22 48.4
ResNet50 Yes 4.2 51.6 1.9 53.1
ResNet50 No 4.4 51.2 2.0 48.3
MobileNetV2 Yes 2.4 53.3 2.6 44.0
MobileNetV2 No 2.8 49.8 2.7 47.7
EfficientNetB0 Yes 5.8 53.0 2.5 44.8
EfficientNetB0 No 10.9 41.0 3.1 47.7

The hardware usage results above in Table 6.5 showcases that, on average, FAISS reduces CPU
usage across models under background conditions. For the lightweight model, CPU usage decreases
from 4.4% with KNN to 1.4% with FAISS, while memory usage remains stable around 47-53%.
The moderate model sees CPU usage drop from 3.7% using KNN to 1.5-2.0% using FAISS, and
similar trends are observed for the heavy model and deep learning models, ResNet50, MobileNetV2,
EfficientNetBO. FAISS consistently improves CPU efficiency while memory consumption remains

nearly identical across models overall.

These results demonstrate that while the moderate model achieves stable retrieval performance for
Pokémon, both the lightweight and heavy models benefit from background removal. Additionally,

FAISS consistently enhances inference time and reduces CPU usage compared to KNN overall.
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Technical Summary: Domain-Specific Retrieval Pipeline (DSRP)

The experimental evaluation in the above section was performed using the Domain-Specific Retrieval
Pipeline (DSRP) on multiple datasets, including the Leaf Disease, Brain Tumour MRI Scans,
COVID-19 Scans, and Pokémon images. The evaluation compared various models, from custom
lightweight, moderate, and heavy architectures to deep learning models ResNet50, MobileNetV2,
and EfficientNetBO0, using two retrieval methods, KNN and FAISS.

Inference Time Performance

Across all datasets, FAISS consistently reduced inference times relative to KNN.

* Leaf Disease: For the lightweight model, KNN required approximately 0.0806 seconds with
background, 0.0807 seconds without background, which was reduced to 0.0665 seconds
with background and 0.0711 seconds without background using FAISS. Similar trends were

observed for the moderate, heavy, and deep learning models.

* Brain Tumour MRI Scans: The lightweight model’s inference time improved from about
0.1006 seconds using KNN to 0.0881 seconds using FAISS, with similar trends observed in

the moderate and heavy models.

* COVID-19 Scans: Lightweight and moderate models achieved inference times around
0.0676-0.0678 seconds with KNN, which were further reduced with FAISS, however, the

heavy model and deep learning models, especially ResNet50, exhibited longer inference times.

* Pokémon: FAISS outperformed KNN, particularly in no-background scenarios, with deep
learning models like MobileNetV?2 and EfficientNetB0 achieving a favorable balance between
speed and complexity.

Hardware Utilization

The evaluation of CPU and memory usage revealed that FAISS accelerates inference while reducing

CPU load across all models, with memory usage remaining relatively stable.

* Leaf Disease: For the lightweight model, the CPU usage decreased dramatically from 4.8%
with KNN to 0.1% with FAISS when background was present, similar trends were observed
in the moderate, heavy, and deep learning models. The memory usage varied between 47.4%
and 57.9% overall.
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* Brain Tumour MRI Scans: The lightweight model’s CPU usage dropped from 4.1% with
KNN to 3.1% with FAISS, while memory consumption remained relatively stable.

* COVID-19 Scans: The deep learning models like ResNet50 and MobileNetV2 experienced
significant CPU reductions, ResNet50 from 4.8% to 2.4% and MobileNetV2 from 8.2% to

0.7%, with nearly constant memory usage.

* Pokémon: FAISS consistently reduced the CPU usage under both background present and
no-background present conditions, with memory usage remaining within the approximate
range of 47% to 53%.

Retrieval Performance

Retrieval metrics, including Top-10 accuracy, precision, recall, and F1 scores, were analyzed across
the datasets.

* Leaf Disease: The moderate model delivered exceptional performance with a Top-10 accuracy
of 0.99 and precision, recall, and F1 scores around 0.98-0.99 regardless of background. The
lightweight model achieved 0.98 accuracy with background and 0.96 without, while the
heavy model improved from 0.94 to 0.99 without background. The deeep learning models,
ResNet50, MobileNetV2, EfficientNetB0, consistently reached around 0.99 accuracy overall.

* Brain Tumour MRI Scans: The lightweight model’s retrieval performance improved with
FAISS, though precision metrics were lower compared to the deeper models. While the
lightweight model maintained similar Top-10 accuracy with or without FAISS, the deeper

models benefited more in terms of retrieval quality overall.

* COVID-19 Scans: The moderate model achieved balanced performance with a Top-10
accuracy of approximately 0.93 and strong precision, recall, and F1 scores, P@5 around 0.62
and F1 between 0.73 and 0.74. The lightweight model, despite similar accuracy, exhibited
lower precision. The deep learning models showed high Top-10 accuracy of 0.95-0.97 but

modest precision.

* Pokémon: The moderate and heavy models both maintained consistent performance across
background present and no-background present conditions. The moderate model reached a
Top-10 accuracy near 0.70, while the heavy model demonstrated improved precision and F1
scores. Amongst the deep learning models, EfficientNetB0 achieved the highest performance

with Top-10 accuracy between 0.89 and 0.90.
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Overall Findings

The experimental results demonstrate that:

 Efficiency Gains: FAISS consistently outperforms KNN by reducing inference times and

lowering CPU usage, while memory usage remains stable.

* Model Trade-offs: The moderate model generally provides balanced performance across
retrieval metrics, whereas both lightweight and heavy models benefit significantly from
background removal. The deep learning models, although achieving high accuracy, may incur

longer inference times, notably in the case of ResNet50.

* DSRP Effectiveness: The Domain-Specific Retrieval Pipeline (DSRP) effectively integrates
diverse models and retrieval methods to optimize both performance and hardware utilization

across varied datasets.

These findings offer valuable insights into the design and optimization of image retrieval tasks,
demonstrating that incorporating FAISS within the DSRP framework enhances computational

efficiency and retrieval performance overall.
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6.6.2 Pre-trained Feature Extraction Pipeline (PMRP)

Leaf Disease (6.5.2.1)

Leaf Disease Performance with Background
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Figure 6.13: Plot showcasing Leaf Disease performance with background present using KNN and FAISS -
PMRP Retrieval.

Leaf Disease Performance without Background
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Figure 6.14: Plot showcasing Leaf Disease performance with no background using KNN and FAISS — PMRP
Retrieval.

Retrieval Results The figures above, Figures 6.13 and 6.14 showcases the retrieval performance
for the Leaf Disease dataset under the PMRP retrieval pipeline. The results show that for ResNet50,
MobileNetV2, and EfficientNetB0, the Top-10 accuracies are very high, 0.98-0.99. The ResNet50
model maintains a Top-10 accuracy of 0.99 with very strong precision and recall, P@5 of 0.94

with background and 0.90 without, and its F1 score remains high at approximately 0.96 regardless
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of background. The MobileNetV2 model exhibits some degradation without background, P@5
decreases from 0.89 to 0.86 with KNN and from 0.91 to 0.87 with FAISS, with FAISS slightly
improving F1 scores, 0.93 with background versus 0.90 without. The EfficientNetBO model behaves
similarly, with a slight drop in precision and recall, P@5 from 0.92 to 0.88 with KNN, although
FAISS provides a marginal boost, F1 around 0.94 with background and 0.92 without.

Leaf Disease Inference Time Performance

Inference Time (seconds)

mmm KNN Inference Time = _FAISS Inference Time

Figure 6.15: Plot showcasing the Leaf Disease inference time performance for background and no background
conditions using KNN and FAISS — PMRP Retrieval.

Inference Time Performance The figure above, Figure 6.15 showcases that for most models,
FAISS slightly improves inference efficiency compared to KNN, especially without background
present. The ResNet50 models inference time improves from 0.1197 seconds KNN with background
present to 0.1041 seconds FAISS without background present. Similar trends are observed for
MobileNetV?2 and EfficientNetBO.

Hardware Usage The hardware usage for the Leaf Disease dataset under PMRP was evaluated for
ResNet50, MobileNetV2, and EfficientNetB0. Table 6.6 summarizes the CPU and memory usage
for each model under background conditions, comparing KNN and FAISS.
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Table 6.6: Hardware Usage Comparison for KNN and FAISS in PMRP Retrieval (Leaf Disease)

Model Background KRN FAISS
CPU (%) Memory (%) CPU (%) Memory (%)

ResNet50 Yes 13.0 48.4 12.6 52.2
ResNet50 No 10.7 54.2 12.6 52.5
MobileNetV2 Yes 14.7 44.7 12.1 54.8
MobileNetV2 No 13.6 51.9 10.2 52.1
EfficientNetB0 Yes 12.9 43.3 11.7 50.5
EfficientNetBO No 14.2 48.9 11.8 48.4

The hardware usage results above in Table 6.6 showcases that FAISS generally reduces CPU
usage compared to KNN. The MobileNetV2 model shows a reduction from 14.7% using KNN
with background, to 12.1% using FAISS with background, and similar trends are observed for
EfficientNetBO. The ResNet50 model shows comparable CPU usage with background, though

without background FAISS slightly increases usage compared to KNN. Memory usage remains

relatively stable across models.

These results demonstrate that under the PMRP, while retrieval performance for the Leaf Disease

dataset remains high for deep learning models, FAISS consistently improves inference time and

reduces CPU usage compared to KNN, with only minor fluctuations in memory usage overall.
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Brain Tumour MRI Scans (6.5.2.2)

Brain Tumour MRI Scans Performance with Background
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Figure 6.16: Plot showcasing Brain Tumour MRI Scans performance with background present using KNN
and FAISS — PMRP Retrieval.

Retrieval Results The figure above, Figure 6.16 showcases the retrieval performance for the Brain
Tumour MRI Scans dataset under the PMRP retrieval pipeline when the background is present. The
results reveal that ResNet50, MobileNetV2, and EfficientNetB0 achieve high Top-10 accuracies,
approximately 0.96-0.97, across both KNN and FAISS. However, their precision and recall metrics
are noticeably lower. For the ResNet50 model, P@5 and R@5 are 0.67 and 0.95, respectively, with
FAISS yielding F1 scores around 0.77 with KNN and 0.75 with FAISS. The MobileNetV2 model
shows similar performance, with P@5 approximately 0.66—0.67 and F1 scores close to 0.74-0.75.
The EfficientNetBO model follows this pattern, with a Top-10 accuracy of about 0.97, and slight
improvements by FAISS, P@5 values of 0.67 and F1 scores around 0.75. FAISS provides minor

improvements in F1 scores across these models overall.
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Brain Tumour MRI Scans Inference Time Performance
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Figure 6.17: Plot showcasing Brain Tumour MRI Scans inference time performance with background
conditions present using KNN and FAISS — PMRP Retrieval.

Inference Time Performance The figure above, Figure 6.17 showcases the inference time
performance. For instance, ResNet50’s inference time decreases from 0.1201 seconds with KNN to
0.1055 seconds with FAISS, MobileNetV2 improves from 0.0838 seconds using KNN to 0.0736
seconds using FAISS, and EfficientNetB0’s time is reduced from 0.0963 seconds to 0.0824 seconds
when using FAISS.

Hardware Usage The hardware usage for the Brain Tumour MRI Scans dataset under PMRP was
evaluated using both KNN and FAISS. Table 6.7 summarizes the CPU and memory usage for each

model under background conditions.

Table 6.7: Hardware Usage Comparison for KNN and FAISS in PMRP Retrieval (Brain Tumour MRI Scans)

KNN FAISS
Model Background
CPU (%) Memory (%) CPU (%) Memory (%)
ResNet50 Yes 11.6 44.9 11.3 47.5
MobileNetV2 Yes 12.7 49.9 11.3 49.2
EfficientNetBO Yes 12.5 51.7 11.5 49.9

The hardware usage results above in Table 6.7 showcases that FAISS slightly reduces CPU usage
compared to KNN across all the models. The ResNet50 model CPU usage decreases from 11.6%
with KNN to 11.3% with FAISS, the MobileNetV2 model drops from 12.7% to 11.3%, and the
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EfficientNetBO model decreases from 12.5% to 11.5%. The memory usage shows only minor

fluctuations, remaining generally comparable between the methods.

These results demonstrate that under the PMRP retrieval pipeline, the deep learning models
maintain high retrieval accuracy with FAISS yielding modest improvements in inference time and

CPU efficiency, while memory consumption remains stable overall.
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COVID-19 Scans (6.5.2.3)

COVID-19 Scans Performance with Background
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Figure 6.18: Plot showcasing COVID-19 Scans performance with background present using KNN and FAISS
— PMRP Retrieval.

Retrieval Results The figure above, Figure 6.18 showcases the retrieval performance for the
COVID-19 Scans dataset under the PMRP retrieval pipeline when the background is present. The
results indicate that ResNet50, MobileNetV2, and EfficientNetBO all achieve high Top-10 accuracy,
approximately 0.94-0.97, with both KNN and FAISS. However, their precision and recall scores are
considerably lower. The ResNet50 model achieves a P@5 of only 0.36 with KNN, with a higher
R@5 of 0.87, while FAISS provides a slight improvement in F1 scores increasing from 0.49 to
0.51. The MobileNetV2 model shows similar performance, with P@5 values of about 0.36 for
KNN that improve marginally when using FAISS, resulting in F1 scores around 0.49—0.50. The
EfficientNetBO model exhibits a P@5 of 0.37, with its F1 score remaining close, around 0.49-0.51,
when using FAISS.
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COVID-19 Scans Inference Time Performance
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Figure 6.19: Plot showcasing the COVID-19 Scans inference time performance with background conditions
present using KNN and FAISS — PMRP Retrieval.

Inference Time Performance The figure above, Figure 6.19 showcases that FAISS improves
inference time across all models. The ResNet50 model inference time decreases from 0.1197
seconds with KNN to 0.1049 seconds with FAISS, the MobileNetV2 models inference time drops
from 0.0956 seconds using KNN to 0.0726 seconds using FAISS, and the EfficientNetBO model
inference time reduces from 0.0973 seconds to 0.0804 seconds with FAISS.

Hardware Usage The hardware usage for the COVID-19 Scans dataset under PMRP was evaluated
for ResNet50, MobileNetV2, and EfficientNetB0. Table 6.8 summarizes the CPU and memory

usage for each model under background conditions.

Table 6.8: Hardware Usage Comparison for KNN and FAISS in PMRP Retrieval (COVID-19 Scans)

KNN FAISS
Model Background
CPU (%) Memory (%) CPU (%) Memory (%)
ResNet50 Yes 10.3 49.0 14.6 49.1
MobileNetV2 Yes 13.5 48.5 10.3 48.2
EfficientNetBO Yes 13.5 47.2 9.7 47.7

The hardware usage results above in Table 6.8 showcases that for the COVID-19 Scans dataset,
ResNet50 experiences an increase in CPU usage from 10.3% with KNN to 14.6% with FAISS. The
MobileNetV2 model CPU usage decreases from 13.5% to 10.3%, and the EfficientNetBO model
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CPU usage drops from 13.5% to 9.7%. The memory usage remains relatively stable across models,

typically ranging between 47% and 49%.

These results demonstrate that under the PMRP, while deep learning models achieve high Top-10
accuracy for COVID-19 Scans, their precision and recall scores are lower. FAISS improves inference
time and CPU efficiency for MobileNetV2 and EfficientNetBO0, although it increases CPU usage for
ResNet50 overall.
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Pokémon (6.5.2.4)

Pokemon Performance with Background
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Figure 6.20: Plot showcasing Pokémon performance with background present using KNN and FAISS —
PMRP Retrieval.
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Figure 6.21: Plot showcasing Pokémon performance with no background using KNN and FAISS — PMRP
Retrieval.

Retrieval Results The figures above, Figures 6.20 and 6.21 showcases the retrieval performance
for the Pokémon dataset under the PMRP retrieval pipeline. The results indicate that for ResNet50,
MobileNetV?2, and EfficientNetBO0, the Top-10 accuracies range from approximately 0.82—0.85 with
background and 0.88-0.90 without background. When the background is present, the precision
and recall scores are relatively low, the ResNet50 model achieves a P@5 of 0.35 and an F1@5 of
0.45. These metrics improve when the background is removed, with P@5 increasing to 0.51-0.55
and F1 scores reaching around 0.63 when using FAISS. The MobileNetV2 model also achieves an
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improvement in precision from 0.38 to 0.46—-0.48 without background, while the EfficientNetBO
model outperforms the others with a P@5 of 0.44 with background and 0.55 without, and its F1
scores increase from 0.52 to 0.66 with FAISS, indicating a well-balanced precision-recall trade-off.

Pokemon Inference Time Performance

Inference Time (seconds)

mmm KNN Inference Time  mmmm FAISS Inference Time

Figure 6.22: Plot showcasing the Pokémon inference time performance for background and no background
conditions using KNN and FAISS — PMRP Retrieval.

Inference Time Performance The figure above, Figure 6.22 showcases that FAISS improves
inference time across models. The ResNet50 model inference time is reduced from 0.1216 seconds
using KNN to 0.1068 seconds using FAISS with background, and from 0.1242 to 0.1080 seconds
without background. The MobileNetV2 and EfficientNetB0O models also show improvements, the
MobileNetV2 model decreases from 0.0876 seconds using KNN to 0.0755 seconds using FAISS
with background, and the EfficientNetBO model from 0.0969 seconds to 0.0825 seconds with

background, with similar trends observed in the absence of the background features.

Hardware Usage The hardware usage for the Pokémon dataset under PMRP was evaluated for
ResNet50, MobileNetV2, and EfficientNetB0. Table 6.9 summarizes the CPU and memory usage
for each model under background conditions, comparing KNN and FAISS.
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Table 6.9: Hardware Usage Comparison for KNN and FAISS in PMRP Retrieval (Pokémon)

Model Background KRN FAISS
CPU (%) Memory (%) CPU (%) Memory (%)

ResNet50 Yes 134 47.6 11.3 48.9
ResNet50 No 12.3 47.8 10.1 48.0
MobileNetV2 Yes 13.0 48.2 11.7 49.3
MobileNetV2 No 12.5 48.5 12.0 49.9
EfficientNetB0 Yes 12.8 48.8 10.6 48.7
EfficientNetBO No 12.8 48.2 11.5 50.2

The hardware usage above in Table 6.9 showcases that for the ResNet50 model, CPU usage
decreases from 13.4% with KNN to 11.3% with FAISS when the background is present, and from
12.3% to 10.1% without background. The MobileNetV2 model achieves a CPU usage drop from
13.0% to 11.7% with background, while remaining nearly steady from 12.5% to 12.0% without
background. The EfficientNetBO model shows a reduction from 12.8% using KNN to 10.6% using

FAISS with background, and from 12.8% to 11.5% without background. The memory usage across

models remains relatively stable, generally ranging between 47% and 50%. These findings suggest

that FAISS generally offers CPU efficiency advantages, especially when backgrounds are present.

These results indicate that under PMRP, while deep learning models achieve high Top-10 accuracy

for Pokémon retrieval, their precision and recall scores are relatively lower. FAISS slightly improves

inference time and CPU efficiency, particularly for MobileNetV2 and EfficientNetB0, and enhances

F1 scores modestly overall.

112

The University of Waikato



Chapter 6: Experimental Setup and Results

Technical Summary: Pre-trained Feature Extraction Pipeline
(PMRP)

The experimental evaluation in the section above was performed using the Pre-trained Feature
Extraction Pipeline (PMRP) on multiple datasets, including Leaf Disease, Brain Tumour MRI Scans,
COVID-19 Scans, and Pokémon images. The results compared deep learning models ResNet50,
MobileNetV2, and EfficientNetB0, using two retrieval methods, KNN and FAISS.

Retrieval Performance

* Leaf Disease: Figures 6.13 and 6.14 indicate that all models achieve very high Top-10
accuracies (0.98-0.99). ResNet50 maintains a Top-10 accuracy of 0.99 with strong precision
and recall (P@5 of 0.94 with background and 0.90 without) and an F1 score of approximately
0.96. MobileNetV2 shows slight degradation without background (P@5 decreases from 0.89
to 0.86 with KNN and from 0.91 to 0.87 with FAISS), with FAISS marginally improving F1
scores (0.93 with background versus 0.90 without). EfficientNetBO follows a similar pattern,
with a small drop in P@5 from 0.92 to 0.88 with KNN and a marginal F1 boost provided by
FAISS (around 0.94 with background and 0.92 without).

* COVID-19 Scans: Figure 6.18 shows that all models achieve high Top-10 accuracies
(approximately 0.94—0.97) with both KNN and FAISS; however, precision and recall remain
lower. For instance, ResNet50 obtains a P@5 of 0.36 with KNN (R@5 of 0.87), with FAISS
slightly improving the F1 score (from 0.49 to 0.51). Similar trends are noted for MobileNetV?2
and EfficientNetBO.

* Pokémon: Figures 6.20 and 6.21 reveal that for Pokémon, Top-10 accuracies range from
approximately 0.82-0.85 with background and 0.88—0.90 without background. With back-
ground, ResNet50 achieves a P@5 of 0.35 and an F1@5 of 0.45, which improve when the
background is removed (P@35 increases to 0.51-0.55 and F1 to around 0.63 with FAISS).
MobileNetV2 shows an improvement in precision from 0.38 to 0.46-0.48 without background,
while EfficientNetBO attains a P@35 of 0.44 with background and 0.55 without, with its F1
score increasing from 0.52 to 0.66 with FAISS.

Inference Time Performance

Across all datasets, FAISS consistently reduced inference times relative to KNN.
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* Leaf Disease: Figures 6.13—6.15 show that for the Leaf Disease dataset, FAISS improves
inference efficiency. For example, ResNet50’s inference time improves from 0.1197 seconds
(KNN, with background) to 0.1041 seconds (FAISS, without background), with similar trends
observed for MobileNetV?2 and EfficientNetB0.

¢ Brain Tumour MRI Scans: For this dataset, ResNet50’s inference time decreases from
0.1201 seconds (KNN) to 0.1055 seconds (FAISS), MobileNetV2 from 0.0838 seconds to
0.0736 seconds, and EfficientNetB0 from 0.0963 seconds to 0.0824 seconds.

* COVID-19 Scans: Figure 6.19 illustrates that FAISS reduces inference time across all
models, with ResNet50 improving from 0.1197 seconds (KNN) to 0.1049 seconds (FAISS),
MobileNetV2 from 0.0956 seconds to 0.0726 seconds, and EfficientNetBO from 0.0973
seconds to 0.0804 seconds.

* Pokémon: Figures 6.20-6.22 show that for Pokémon, ResNet50’s inference time is re-
duced from 0.1216 seconds (KNN) to 0.1068 seconds (FAISS) with background (and from
0.1242 to 0.1080 seconds without), while MobileNetV2 and EfficientNetBO display similar

improvements.

Hardware Utilization

Evaluation of CPU and memory usage indicates that FAISS generally offers modest gains in CPU

efficiency while memory consumption remains stable.

* Leaf Disease: As shown in Table 6.6, for ResNet50, CPU usage is 13.0% (KNN) versus
12.6% (FAISS) with background, and 10.7% versus 12.6% without background. MobileNetV2
drops from 14.7% to 12.1% (with background) and from 13.6% to 10.2% (without), while
EfficientNetB0 decreases from 12.9% to 11.7% (with background) and from 14.2% to 11.8%
(without). Memory usage remains within a similar range (approximately 43%—57%).

* Brain Tumour MRI Scans: Table 6.7 indicates that for ResNet50, CPU usage decreases
from 11.6% (KNN) to 11.3% (FAISS) and memory usage shifts slightly from 44.9% to 47.5%.
Similar improvements are observed for MobileNetV2 and EfficientNetB0.

* COVID-19 Scans: According to Table 6.8, ResNet50’s CPU usage increases from 10.3%
(KNN) to 14.6% (FAISS), while MobileNetV2 and EfficientNetBO see decreases from 13.5%

to 10.3% and 13.5% to 9.7%, respectively; memory usage remains nearly constant (around
47%—-49%).
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Pokémon: Table 6.9 shows that for ResNet50, CPU usage decreases from 13.4% (KNN) to
11.3% (FAISS) with background (and from 12.3% to 10.1% without), MobileNetV?2 drops
from 13.0% to 11.7% with background (remaining nearly steady without), and EfficientNetBO
decreases from 12.8% to 10.6% with background (and from 12.8% to 11.5% without). Memory

usage generally ranges between 47% and 50%.

Overall Findings

Overall, the PMRP results indicate that:

High Retrieval Accuracy: Deep learning models maintain high Top-10 accuracy across

datasets.

Inference Time Improvements: FAISS consistently improves inference time across all
datasets, with MobileNetV2 and EfficientNetBO exhibiting the most notable gains.

CPU Efficiency: FAISS generally reduces CPU usage, although in the COVID-19 Scans

dataset, ResNet50 shows an increase. Memory usage remains stable across methods.

Precision and Recall Trade-offs: While retrieval performance (in terms of Top-10 accuracy)
is high, precision and recall are lower for COVID-19 Scans and Pokémon, with FAISS

providing modest improvements in F1 scores.

In summary, the Pre-trained Feature Extraction Pipeline (PMRP) effectively leverages deep

learning models to achieve high retrieval accuracy, with FAISS offering incremental benefits in

computational efficiency and retrieval performance.
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6.7 Visual Results

6.7.1 Retrieval Results

Before presenting the figures, it is important to describe the query image selection process. For
this experiment, two images were randomly selected from the test subset of the Leaf Disease, Brain
Tumour MRI Scans, COVID-19 Scans and Pokemon datasets, ensuring that the model had no prior

exposure to these images during training.

Furthermore, for any selected image that also exists in the dataset with background removed,
1.e. the Leaf Disease and Pokemon datasets, its corresponding background removed version was

included in the retrieval results to evaluate the impact of background removal.

In each figure, the query images are displayed alongside their 10 closest retrieval neighbors
as determined by both the KNN and FAISS methods. Each neighbor is annotated with a color
indication outline, a green outline denotes a correct class match (i.e., classification), while a blue

outline indicates an incorrect match.

The images are arranged in corresponding order based on the retrieval accuracy metric, which
reflects the distance of the match for both KNN and FAISS. The query and retrieved images classes

are also displayed above each for a more clear indication.

It is also important to note that there are two retrieval pipelines, the Domain-Specific Retrieval
Pipeline (DSRP) and the Pre-trained Feature Extraction Pipeline (PMRP). However, only the results
for the DSRP pipeline are shown below. The PMRP pipeline exhibits extremely high accuracies,
resulting in all retrievals being correct. By highlighting the DSRP findings, we can visually inspect
instances of misclassification and gain deeper insights into the performance of the domain-specific

retrieval approach.
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Leaf Disease (6.6.1.1)

In this section, it shows the retrieval performance for the Leaf Disease dataset with background

present.

Retrieval Results for Query Images using Lightweight Model — Leaf Disease Background
KNN Results

FAISSRcsuIl:

KNN R.sul's

Figure 6.23: Retrieval Results for Query Images using the Lightweight Model, Leaf Disease with Background
present — DSRP Retrieval Method.

Figure 6.23 clearly demonstrates that the lightweight model achieves flawless retrieval, as every

returned image belongs to the correct class with no misclassifications.

Retrieval Results for Query Images using Moderate Model — Leaf Disease Background

KNN Results
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FAISS Results
Apple__Black rot
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Figure 6.24: Retrieval Results for Query Images using the Moderate Model, Leaf Disease with Backgroundp-
resent — DSRP Retrieval Method.

In Figure 6.24, the moderate model demonstrates flawless retrieval performance, returning only

images from the correct class with no misclassifications observed.
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Retrieval Results for Query Images using Heavy Model — Leaf Disease Background
KNN Results

KNN Ro:ulis
Strawberry__healthy Strawberry__healthy Strawberry_healthy Strawberry__healthy Strawberry__heaithy Strawberry__healthy Strawberry__healthy

FAISS Results
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Figure 6.25: Retrieval Results for Query Images using the Heavy Model, Leaf Disease with Background
present — DSRP Retrieval Method.

In Figure 6.25, the heavy model exhibits flawless retrieval performance, with every returned

image accurately matching the correct class and no misclassifications observed.

Retrieval Results for Query Images using ResNet50 Model — Leaf Disease Background
KNN Results

Query Apple__Black_rot__Apple__Black ot Apple_Block rot Apple__Blackrot Apple_Black rot _Apple__Black rot _Apple_Black rot Apple__Blackrot _Apple_Black_rot
FAISSRcsuIl:

KNN Results

Figure 6.26: Retrieval Results for Query Images using the ResNet50 Model, Leaf Disease with Background
present — DSRP Retrieval Method.

In Figure 6.26, the ResNet50 model exhibits flawless retrieval performance, with every returned

image matching the correct class and no misclassifications observed.
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Retrieval Results for Query Images using MobileNetV2 Model — Leaf Disease Background
KNN Results
Apple__Block_rot

Apple__Block_rot _Apple__Block_rot _Apple__Black rot _Soybean__heolthy

FAISS Results

Figure 6.27: Retrieval Results for Query Images using the MobileNetV2 Model, Leaf Disease with
Background present — DSRP Retrieval Method.

In Figure 6.27, the MobileNetV2 model demonstrates near perfect retrieval performance. The
majority of returned images belong to the correct class, with a single misclassification, Soybean
Healthy,appearing at the end of the retrieval list, indicating that it has the greatest distance from the

query image.

Retrieval Results for Query Images using EfficientNetBO Model — Leaf Disease Background
KNN Results

FAISS Results

KNN R«ulis

Figure 6.28: Retrieval Results for Query Images using the EfficientNetBO Model, Leaf Disease with
Background present — DSRP Retrieval Method.

In Figure 6.28, the EfficientNetB0O model demonstrates perfect retrieval performance, with every

returned image belonging to the correct class and no misclassifications observed.
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Leaf Disease (No Background) (6.6.1.2)

The section below shows the retrieval performance for the Leaf Disease dataset with no background

present.

Retrieval Results for Query Images using Lightweight Model — Leaf Disease No Background
KNN Results

Figure 6.29: Retrieval Results for Query Images using the Lightweight Model, Leaf Disease with No
Background present — DSRP Retrieval Method.

In Figure 6.29, the lightweight model achieves flawless retrieval, with all returned images

belonging to the correct class and no misclassifications observed.

Retrieval Results for Query Images using Moderate Model — Leaf Disease No Background
KNN Results
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Figure 6.30: Retrieval Results for Query Images using the Moderate Model, Leaf Disease with No Background
present — DSRP Retrieval Method.

Above in Figure 6.30 the moderate model achieves perfect retrieval. All the correct classes are

returned and no classifications is observed.
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Retrieval Results for Query Images using Heavy Model — Leaf Disease No Background
KNN Results

Apple__Block rot  Apple__Block ot Apple__Blackrot
. {
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Figure 6.31: Retrieval Results for Query Images using the Heavy Model, Leaf Disease with No Background
present — DSRP Retrieval Method.

In Figure 6.31, the heavy model exhibits flawless retrieval performance, with every returned

image accurately belonging to the correct class and no misclassifications observed.

Retrieval Results for Query Images using ResNet50 Model — Leaf Disease No Background
KNN Results

Apple__Block_rot Apple__Block_rot Apple__Block_rot Apple__Block_rot  Apple__Blockrot Apple__Block_rot  Apple__Blockrot Apple__Block_rot Apple__Block_rot _Apple__Black_rot
FAISSRasuI!s

KNN Resul(s

trowberry__healthy Strawberry__healthy Strawberry__healthy Strowberry__heaithy Strawberry__healthy

Figure 6.32: Retrieval Results for Query Images using the ResNet50 Model, Leaf Disease with No Background
present — DSRP Retrieval Method.

In Figure 6.32, the ResNet50 model achieves perfect retrieval performance, with all returned

images belonging to the correct class and no misclassifications observed.
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Retrieval Results for Query Images using MobileNetV2 Model — Leaf Disease No Background
KNN Results

FAISS Results

KNN Resulls

ealthy Strawberry__heaithy

Figure 6.33: Retrieval Results for Query Images using the MobileNetV2 Model, Leaf Disease with No
Background present — DSRP Retrieval Method.

In Figure 6.33, the MobileNetV2 model demonstrates perfect retrieval performance, with every

returned image belonging to the correct class and no misclassifications observed.

Retrieval Results for Query Images using EfficientNetBO Model — Leaf Disease No Background
KNN Results

Qu Apple__Blockrot Apple__Block rot  Apple__Block_rot _Apple__Block_rot
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Figure 6.34: Retrieval Results for Query Images using the EfficientNetBO Model, Leaf Disease with No
Background present — DSRP Retrieval Method.

In Figure 6.34, the EfficientNetBO model demonstrates perfect retrieval performance, with all

returned images accurately belonging to the correct class and no misclassifications observed.
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Brain Tumour MRI Scans (6.6.2.1)

The section below shows the retrieval performance for the Brain Tumour MRI Scans dataset with

the background present.

Retrieval Results for Query Images using Lightweight Model — Brain Tumour MRI Scans

KNN Results
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Figure 6.35: Retrieval Results for Query Images using the Lightweight Model, Brain Tumour MRI Scans
with Background present — DSRP Retrieval Method.

In Figure 6.35, the lightweight model demonstrates near-perfect retrieval performance. While
most of the retrieval results are correct, a few misclassifications, spanning different classes, are
observed in both the KNN and FAISS retrieval outputs.

Retrieval Results for Query Images using Moderate Model — Brain Tumour MRI Scans
KNN Results
_NORMAL T1

FAISS Results
_NORMAL T1 _NORMAL T1

KNN Results
Carcinoma TIC+ _Carcinome T1C+ _Carcinoma TIC+ _Carcinoma TIC+ _Carcinoma TIC+ _Carcinoma T1C+

FAISS Results
i

Figure 6.36: Retrieval Results for Query Images using the Moderate Model, Brain Tumour MRI Scans with
Background present — DSRP Retrieval Method.

In Figure 6.36, the moderate model exhibits flawless retrieval performance, with every returned

image belonging to the correct class and no misclassifications observed.
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Retrieval Results for Query Images using Heavy Model — Brain Tumour MRI Scans
KNN Results
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FAISS Results
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Figure 6.37: Retrieval Results for Query Images using the Heavy Model, Brain Tumour MRI Scans with
Background present — DSRP Retrieval Method.

In Figure 6.37, the heavy model demonstrates near perfect retrieval performance. The majority of
the results are accurate, though a few misclassifications are observed in the KNN outputs, specifically

retrieving the Astrochloma T1 and Meningioma T1 classes.

Retrieval Results for Query Images using ResNet50 Model — Brain Tumour MRI Scans
KNN Results
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Figure 6.38: Retrieval Results for Query Images using the ResNet50 Model, Brain Tumour MRI Scans with
Background present — DSRP Retrieval Method.

In Figure 6.38, the ResNet50 model demonstrates near-perfect retrieval performance. Although
most results are accurate, a few misclassifications are observed in the KNN outputs, specifically

retrieving the Astrochloma T1 and Meningioma T1 classes, similar to the heavy model, Figure 6.37.
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Retrieval Results for Query Images using MobileNetV2 Model — Brain Tumour MRI Scans

KNN Re!ults
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FAISS Results
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Figure 6.39: Retrieval Results for Query Images using the MobileNetV2 Model, Brain Tumour MRI Scans
with Background present — DSRP Retrieval Method.

In Figure 6.39, the MobileNetV2 model demonstrates perfect retrieval performance, with all

returned images accurately matching the correct class and no misclassifications observed.

Retrieval Results for Query Images using EfficientNetBO Model — Brain Tumour MRI Scans
KNN Results
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Figure 6.40: Retrieval Results for Query Images using the EfficientNetBO Model, Brain Tumour MRI Scans
with Background present — DSRP Retrieval Method.

In Figure 6.40, the EfficientNetBO model demonstrates perfect retrieval performance, with all

returned images accurately matching the correct class and no misclassifications observed.
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COVID-19 Scans (6.6.3.1)

The section below shows the retrieval performance for the COVID-19 Scans dataset with the

background present.

Retrieval Results for Query Images using Lightweight Model — COVID—19 Scans
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Figure 6.41: Retrieval Results for Query Images using the Lightweight Model, COVID-19 Scans with
Background present — DSRP Retrieval Method.

In Figure 6.41, the lightweight model demonstrates substantial misclassification, with numerous

incorrect classes among the top retrieval results.

Retrieval Results for Query Images using Moderate Model — COVID—19 Scans
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Figure 6.42: Retrieval Results for Query Images using the Moderate Model, COVID-19 Scans with
Background present — DSRP Retrieval Method.

In Figure 6.42, the moderate model shows improved retrieval performance compared to the
lightweight model, Figure 6.41, with fewer misclassifications observed overall, although a few errors

still persist.
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Retrieval Results for Query Images using Heavy Model — COVID-19 Scans
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Figure 6.43: Retrieval Results for Query Images using the Heavy Model, COVID-19 Scans with Background
present — DSRP Retrieval Method.

In Figure 6.43, the heavy model shows strong retrieval performance overall. However, misclassi-
fications are observed, with the FAISS method retrieving F CM Normal and the KNN approach

retrieving F CM Viral incorrectly.

Retrieval Results for Query Images using ResNet50 Model — COVID—19 Scans
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Figure 6.44: Retrieval Results for Query Images using the ResNet50 Model, COVID-19 Scans with
Background present — DSRP Retrieval Method.

In Figure 6.44, the ResNet50 model exhibits a higher rate of misclassifications compared to the
moderate, Figure 6.42, and heavy models, Figure 6.43, With errors spanning a diverse range of

classes.
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Retrieval Results for Query Images using MobileNetV2 Model = COVID—19 Scans
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Figure 6.45: Retrieval Results for Query Images using the MobileNetV2 Model, COVID-19 Scans with
Background present — DSRP Retrieval Method.

In Figure 6.45, the MobileNetV2 model shows significant misclassification, with errors spanning

a diverse range of classes.

Retrieval Results for Query Images using EfficientNetBO Model — COVID—19 Scans
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Figure 6.46: Retrieval Results for Query Images using the EfficientNetBO Model, COVID-19 Scans with
Background present — DSRP Retrieval Method.

In Figure 6.46, the EfficientNetBO model exhibits significant misclassification, similar to the
ResNet50, Figure 6.44, and MobileNetV2, Figure 6.45 models. With errors spanning a diverse

range of classes.
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Pokémon (6.6.4.1)

The section below shows the retrieval performance for the Pokemon dataset with the background

present.

Retrieval Results for Query Images using Lightweight Model — Pokemon Background
KNN Results

1 Correct [l Incorrect

Figure 6.47: Retrieval Results for Query Images using the Lightweight Model, Pokémon with Background
present — DSRP Retrieval Method.

In Figure 6.47, the lightweight model displays varied performance across the two query images.
For the first query image, all retrievals are incorrect, whereas for the second query image, a few
correct classifications are achieved.

Retrieval Results for Query Images using Moderate Model — Pokemon Background
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Figure 6.48: Retrieval Results for Query Images using the Moderate Model, Pokémon with Background
present — DSRP Retrieval Method.

In Figure 6.48, the moderate model continues to show a pattern where the first query image yields
entirely incorrect classifications. For the second query image, while a few correct classifications are

observed, there is also a noticeable prevalence of visual patterns from the incorrect classifications.
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Retrieval Results for Query Images using Heavy Model — Pokemon Background
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Figure 6.49: Retrieval Results for Query Images using the Heavy Model, Pokémon with Background present
— DSRP Retrieval Method.

In Figure 6.49, the heavy model still returns entirely incorrect classifications for the first query
image, whereas it achieves perfect retrieval for the second query image, with all results correctly

classified.

Retrieval Results for Query Images using ResNet50 Model — Pokemon Background
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Figure 6.50: Retrieval Results for Query Images using the ResNet50 Model, Pokémon with Background
present — DSRP Retrieval Method.

In Figure 6.50, the ResNet50 model shows a mixed performance. For the first query image, a few
correct classifications are observed for the first time, while for the second query image, both correct

and incorrect results are evident.
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Retrieval Results for Query Images using MobileNetV2 Model — Pokemon Background
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Figure 6.51: Retrieval Results for Query Images using the MobileNetV2 Model, Pokémon with Background
present — DSRP Retrieval Method.

In Figure 6.51, the MobileNetV2 model retrieves entirely incorrect classifications for the first

query image, while the second query image shows an improvement with more correct classifications,
although some errors still persist.

Retrieval Results for Query Images using EfficientNetBO Model — Pokemon Background
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Figure 6.52: Retrieval Results for Query Images using the EfficientNetBO Model, Pokémon with Background
present — DSRP Retrieval Method.

In Figure 6.52, the EfficientNetBO model retrieves entirely incorrect classifications for the

first query image, whereas the second query image shows an improvement with more correct
classifications, though not all results are accurate.
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Pokémon (No Background) (6.6.4.2)

In this section, we analyze the impact of background removal on retrieval performance for the
Pokemon dataset. Notably, the first query image, processed with background removal, illustrates a

case where the Rembg tool inadvertently removed some of the image’s most distinctive features.

This degradation in visual cues makes the image significantly harder to classify, highlighting that

background removal techniques do not always produce optimal results.

Retrieval Results for Query Images using Lightweight Model — Pokemon No Background
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Figure 6.53: Retrieval Results for Query Images using the Lightweight Model, Pokémon with No Background
present — DSRP Retrieval Method.

In Figure 6.53, the lightweight model, without background, retrieves entirely incorrect classifica-

tions for the first query image, while the second query image yields only correct classifications.

Retrieval Results for Query Images using Moderate Model — Pokemon No Background
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Figure 6.54: Retrieval Results for Query Images using the Moderate Model, Pokémon with No Background
present — DSRP Retrieval Method.
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In Figure 6.54, the moderate model , without background, exhibits the same trend, all classifications
for the first query image are incorrect, while all classifications for the second query image are

correct.

Retrieval Results for Query Images using Heavy Model — Pokemon No Background
KNN Results
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Figure 6.55: Retrieval Results for Query Images using the Heavy Model, Pokémon with No Background
present — DSRP Retrieval Method.

In Figure 6.55, the heavy model, without background, shows that all retrievals for the first query are
incorrect, even though the retrieved images bear a close visual resemblance to the input. Conversely,

all classifications for the second query are correct.

Retrieval Results for Query Images using ResNet50 Model — Pokemon No Background
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Figure 6.56: Retrieval Results for Query Images using the ResNet50 Model, Pokémon with No Background
present — DSRP Retrieval Method.

In Figure 6.56, some correct classifications are observed for the first time, and some of the
retrieved images exhibit somewhat similar features to the query image. For the second query, the
majority of classifications are correct, but some misclassifications occur, with the incorrect results

displaying some resemblance to the query.
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Retrieval Results for Query Images using MobileNetV2 Model — Pokemon No Background
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Figure 6.57: Retrieval Results for Query Images using the MobileNetV2 Model, Pokémon with No
Background present — DSRP Retrieval Method.

In Figure 6.57, for the first query image, some correct classifications are observed while other
retrieved images exhibit similar features to the query. For the second query image, the majority of
the retrievals are correct, although the misclassified results lack colour similarity in features to the

query but similiar shape.

Retrieval Results for Query Images using EfficientNetBO Model — Pokemon No Background
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Figure 6.58: Retrieval Results for Query Images using the EfficientNetBO Model, Pokémon with No
Background present — DSRP Retrieval Method.

In Figure 6.58, for the first query image, some correct classifications are observed while other
retrieved images exhibit features similar to the query. For the second query image, the majority of

the retrievals are correct, although the misclassified results share similar shape features with the

query.
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6.7.2 Retrieval Results Post Analysis

Overall, the results demonstrate that the retrieval pipelines perform exceptionally well on the Leaf
Disease dataset. With the background present, all evaluated models, including the lightweight,
moderate, heavy, ResNet50, and EfficientNetBO architectures, achieve flawless retrieval, while
MobileNetV2 attains near perfect performance with only a minor misclassification at the far end of
the retrieval list. When background removal is applied, as illustrated in Figures 6.29 through 6.34,
every model retrieves only the correct classes, underscoring that the key distinguishing features in

the Leaf Disease images remain well preserved despite the removal of background information.

In contrast, the Brain Tumour MRI dataset yields near perfect retrieval overall. As seen in
Figures 6.35 through 6.40, the moderate, MobileNetV2, and EfficientNetB0O models achieve perfect
classification, while the lightweight model shows minor misclassifications across both the KNN
and FAISS pipelines. The heavy and ResNet50 models perform strongly, though occasional
misclassifications, particularly involving the Astrochloma T1 and Meningioma T1 classes, suggest

that subtle variations in model complexity can influence retrieval accuracy.

For COVID-19 scans with background, the performance is more varied. The heavy model, Figure
6.43 demonstrates strong retrieval performance despite misclassifications (e.g., FAISS misclassifying
F CM Normal and KNN misclassifying F CM Viral), while the ResNet50 model, Figure 6.44
exhibits a higher rate of errors across diverse classes. Both the MobileNetV2 and EfficientNetBO
models (Figures 6.45 and 6.46, respectively) show significant misclassifications, indicating that the
COVID-19 dataset presents inherent challenges for accurate retrieval under the domain specific

pipeline.

The Pokémon dataset reveals the most varied outcomes. With background present, as depicted
in Figures 6.47 through 6.52, the lightweight and moderate models fail entirely on the first query
image, although the moderate model shows some correct classifications for the second query despite
recurring error patterns. The heavy model returns completely incorrect results for the first query but
achieves perfect accuracy for the second, while the ResNet50 model displays mixed performance. In
the absence of background highlighted in Figures 6.53 through 6.58, the first query image is typically
misclassified, likely due to the removal of distinctive features by the Rembg tool. Conversely, the

second query is generally well retrieved across most models, though occasional errors persist.

In summary, while models exhibit excellent performance on the Leaf Disease dataset regardless
of background presence, the challenges in the COVID-19 and Pokémon datasets become more
pronounced, particularly when background removal obscures critical image features. The Brain
Tumour MRI dataset further illustrates that even minor differences in model architecture can lead to

subtle variations in classification accuracy. For detailed visual comparisons, refer to the key figures
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provided for each dataset and experimental condition.
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Discussion

7.0.1 Introduction

Embedding-based image retrieval systems are also promising solutions in most applications,
particularly in healthcare and agriculture, where accurate retrieval results, computing efficiency,
and flexibility are of the most concern. These systems are built upon deep learning models and
high-dimensional feature embeddings and enable accurate and scalable similar image retrieval
and are utilized for assisting medical diagnosis, crop monitoring, and machine decision-making
[172, 173].

One of the advantages of such retrieval pipelines is that they can generalize computationally
effectively across high-dimensional datasets. However, bias reduction, retrieval explainability, and
adversarial robustness remain open problems, particularly in high-stakes applications such as clinical
decision support and precision agriculture [174]. These are problems that must be resolved by

balancing accuracy, computational tractability, and ethical Al principles.

This work contrasts two disparate retrieval pipelines, the Domain-Specific Retrieval Pipeline
(DSRP) and the Pre-trained Feature Extraction Pipeline (PMRP), across four various datasets with
diverse retrieval difficulties. Contrast between approaches illustrates how embedding-based systems
are affected by disparate real-world conditions, from insidious medical image variation to regimented

benchmark circumstances.

7.0.2 Importance of Dataset Diversity and Selection

The choice of dataset is a key to the performance and generalization of embedding-based image
retrieval systems. A heterogeneous dataset ensures strong and transferable features learned by
models, improving the accuracy of retrieval on various domains [175]. Dataset validity and variance
are particularly crucial in retrieval applications that have large intra-class variations and subtle

inter-class differences.

Dataset Diversity and Its Impact

* Generalization Across Domains: A dataset with sufficient diversity allows models to
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generalize beyond specific contexts, reducing bias and improving real-world applicability
[91].

* Feature Learning and Representation: The inclusion of varied image structures ensures

that deep learning models capture meaningful and transferable embeddings [176].

* Bias Mitigation: Limited dataset diversity can introduce unintended biases, leading to
suboptimal performance in applications such as medical image retrieval or precision agriculture
[177].

For this research, dataset selection was carefully designed to ensure a comprehensive assessment
of retrieval performance. The chosen datasets span medical imaging, agriculture, and general

classification tasks, each presenting unique challenges:

* Medical Image Retrieval: Requires fine-grained feature extraction due to subtle pathological

variations.

* Agricultural Image Analysis: Demands robust domain adaptation due to environmental

factors.

* General Object Retrieval: Serves as a benchmark for retrieval efficiency and model

scalability.

In addition to qualitative selection, dataset imbalance ratios and class distributions were analyzed
so that retrieval accuracy will not be biased towards majority classes. Prior work has emphasized

the need for structured dataset variance analysis in retrieval-based Al applications [93].

By incorporating a diverse dataset pool, this study ensures that retrieval models are tested across

multiple real-world challenges, enhancing their robustness and applicability.

7.0.3 Findings

The technical evaluation of the two pipelines reveals several quantitative insights that are critical
for designing efficient image retrieval systems. In the Domain-Specific Retrieval Pipeline (DSRP),
domain-specific training and model fine-tuning are key to optimizing retrieval performance across
datasets. For example, in the Brain Tumour MRI dataset, moderate models achieve a top-10 accuracy
of 0.92 with precision at 5 (P@5) of 0.80 and F1 scores around 0.83, while lightweight models yield
a slightly lower top-10 accuracy of 0.85 and F1 scores near 0.55. Similar trends are observed in
the COVID-19 Scans dataset, where the moderate variant also attains a top-10 accuracy of 0.93

with P@5 values of 0.62, in contrast to the lightweight variant’s P@5 around 0.38. These metrics
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underscore the impact of model complexity on retrieval performance, with moderate and heavy
configurations delivering consistently superior precision, recall, and F1 scores compared to their
lightweight counterparts. In terms of inference efficiency, the DSRP demonstrates that using FAISS
significantly reduces retrieval latency; for instance, lightweight models show an inference time
improvement from 0.1006 seconds with KNN to 0.0881 seconds with FAISS.

In contrast, the Pre-trained Feature Extraction Pipeline (PMRP) leverages robust models such
as ResNet50, MobileNetV2, and EfficientNetBO to produce highly discriminative embeddings
without the need for extensive domain-specific adjustments. This approach yields near-perfect
top-10 accuracies in the Leaf Disease dataset, with accuracies reaching approximately 0.99 and F1
scores above 0.95. In the Brain Tumour MRI and COVID-19 Scans datasets, PMRP maintains high
performance with top-10 accuracies typically between 0.95 and 0.97 and consistent precision and
recall values that parallel those observed in the DSRP, though with less variability. The uniformity
in these metrics indicates that pre-trained models, by virtue of their exposure to large-scale datasets,
can generalize effectively across different domains. Moreover, PMRP benefits from a consistent
inference time profile; for example, the inference times for ResNet50 in the PMRP are recorded at
approximately 0.1180 seconds with KNN and 0.1197 seconds with FAISS, showcasing the pipeline’s
stability across diverse applications.

These numerical findings highlight the trade-offs between customization and consistency. The
DSRP’s tailored approach allows for fine-tuning that optimizes performance for specific datasets, as
evidenced by the marked differences in metrics between lightweight and heavier models. However,
this customization introduces variability and increased computational overhead. On the other hand,
the PMRP provides a robust baseline that achieves uniformly high accuracy and efficiency across
multiple datasets, making it a more scalable solution for real-time applications. The consistent
reduction in inference time using FAISS across both pipelines further emphasizes the importance
of selecting efficient retrieval algorithms, particularly when deploying systems in high-stakes

environments such as medical diagnostics.

Overall, these findings offer a comprehensive technical perspective, demonstrating that while
domain-specific tuning in the DSRP can lead to significant improvements in retrieval metrics
under certain conditions, the PMRP’s reliance on pre-trained models provides a consistently
high-performance alternative. This nuanced understanding of performance trade-offs, backed
by quantitative metrics, lays a solid foundation for future research and practical applications in

trustworthy Al systems.
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7.0.4 Considerations and Ethics

Deployment of embedding-based image retrieval systems to high-stakes environments not only
requires high performance and computational efficiency but also poses ethical and practical issues
that need to be considered with meticulous thoughtfulness. Algorithmic bias is a primary concern,
which could stem from data imbalance. In our Domain-Specific Retrieval Pipeline (DSRP), the
utilization of high-quality labeled datasets as the basis guarantees that even selection bias in the data
could result in biased retrieval outputs that have an unequal representation of majority classes. In
order to address this issue, upcoming research has to incorporate fairness-aware approaches, such as

domain adaptation and adversarial debiasing, to ensure fair performance for every class.

The second fundamental challenge is the inherent opaqueness of deep feature embeddings, which
makes it difficult for end-users to understand why a particular retrieval result is obtained. Greater
transparency and interpretability are essential, particularly in sensitive domains like healthcare and

legal use cases.

Embedding explainable Al (XAI) techniques, such as attention visualizations (e.g., Grad-CAM,
LRP) and saliency maps, can unveil significant information about the decision-making process
[178, 179]. These methods provide a way to trace back how specific features contribute to similarity
scores, enhancing user trust in the system’s outputs [180, 181]. Additionally, prototype-based
retrieval models and feature attribution techniques like SHAP and LIME help interpret latent space

representations in deep embedding-based retrieval systems [182, 183].

Aside from transparency and fairness, the robustness and security of these retrieval models against
adversarial attacks is also of paramount importance. For medical and forensic use cases, adversarial
manipulations can lead to false image matches, with catastrophic consequences. Therefore, future
research must ensure that it gives due attention to enhancing adversarial robustness through methods
such as adversarial training and robust feature extraction techniques so that the system is still reliable

even in hostile environments.

This paper demonstrates that embedding-based image retrieval systems offer an efficient and
scalable solution to image search in healthcare and agricultural applications. The evaluation
demonstrates that the Domain-Specific Retrieval Pipeline (DSRP) consistently delivers higher
precision for domain-specific applications, while the Pre-trained Feature Extraction Pipeline
(PMRP) is a general-purpose and lightweight solution. Despite these successes, bias mitigation,
interpretability, and security remain important challenges. Addressing these challenges is essential
to developing retrieval systems that are not only accurate but also transparent, fair, and resilient to

adversarial attacks.
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Conclusion

This study has provided a comprehensive evaluation of embedding-based image retrieval systems,
particularly focusing on their applications in healthcare and agriculture. By comparing the Domain-
Specific Retrieval Pipeline (DSRP) and the Pre-trained Feature Extraction Pipeline (PMRP) across
multiple datasets, we have demonstrated the nuanced trade-offs between domain-specific fine-tuning
and generalization. The findings illustrate that while DSRP excels in specialized applications
requiring precise feature extraction, PMRP offers a scalable and efficient alternative that maintains

consistently high retrieval performance across diverse datasets.

The technical analysis highlights key performance trade-offs, including the impact of model
complexity, dataset characteristics, and retrieval indexing techniques. DSRP benefits from domain-
specific adaptation, achieving superior precision in fine-grained medical and agricultural retrieval
tasks. However, this comes at the cost of increased computational overhead and variability in
performance. Conversely, PMRP leverages pre-trained models to achieve strong and consistent
results across datasets, providing a robust and computationally efficient approach suitable for
real-time applications [183]. The integration of FAISS indexing further enhances retrieval efficiency,

demonstrating the importance of algorithmic optimization in large-scale retrieval systems.

Beyond retrieval accuracy and computational efficiency, this research underscores the critical
ethical considerations surrounding bias mitigation, explainability, and adversarial robustness.
Algorithmic bias remains a significant challenge, particularly in high-stakes applications where class
imbalances can lead to unfair retrieval outputs. Future advancements must prioritize fairness-aware
learning techniques, such as domain adaptation and adversarial debiasing, to ensure equitable model
performance [182]. Furthermore, the opaqueness of deep feature embeddings raises concerns
about interpretability, necessitating the integration of explainable Al (XAI) methodologies, such as
attention visualizations and saliency maps, to enhance transparency and user trust [179, 178, 181].
Finally, adversarial robustness remains a pressing concern, particularly in medical and forensic
applications, where retrieval errors can have severe consequences. The development of adversarial
training strategies and resilient feature extraction techniques is essential to ensuring the security and

reliability of these systems.

Overall, this study reinforces the importance of tailoring retrieval strategies to specific domain
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requirements while balancing computational feasibility, accuracy, and ethical considerations. By
integrating these insights, future work can contribute to the development of more equitable,
interpretable, and resilient Al-driven image retrieval systems, with far-reaching implications in

healthcare, agriculture, and beyond.
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Future Work and Research

While this study has demonstrated the effectiveness of embedding-based image retrieval systems
in healthcare and agriculture, several areas remain open for further exploration. Future research
should focus on addressing key challenges related to dataset diversity, bias mitigation, explainability,
adversarial robustness, and scalability to enhance the practical applicability and trustworthiness of

these retrieval systems.

One of the fundamental areas for future improvement is the expansion of dataset diversity to
better represent real-world variations. Ensuring balanced intra-class and inter-class diversity will be
essential to prevent bias and improve retrieval performance across different domains [182]. Future
studies should explore collecting and curating larger and more representative datasets, developing
data augmentation techniques that simulate real-world variations, and investigating synthetic data
generation methods such as generative adversarial networks to improve retrieval robustness in

underrepresented classes.

Algorithmic bias remains a persistent challenge in image retrieval, particularly in high-stakes
domains like medical imaging, where misclassification can have significant consequences [179].
Future research should aim to integrate fairness-aware learning algorithms that address class
imbalances and reduce bias in retrieval outcomes. Additionally, developing domain adaptation
techniques to ensure equitable retrieval performance across different population groups and exploring
adversarial debiasing strategies will be crucial in mitigating unintended biases introduced during

model training.

The opacity of deep learning-based retrieval models presents a barrier to their adoption in
critical applications. Enhancing model explainability is essential to ensure user trust and regulatory
compliance. Future work should focus on implementing explainable Al techniques such as
attention visualizations and saliency maps to interpret retrieval decisions [178, 181], developing
post-hoc interpretability methods to provide insights into the similarity computations performed
by embedding-based models, and creating interactive visualization tools that allow end-users to

explore how different features contribute to retrieval outcomes.

As retrieval systems are increasingly deployed in real-world applications, their vulnerability to

adversarial attacks must be addressed. Future research should investigate developing adversarial
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training techniques to enhance model robustness against manipulative attacks, exploring secure
feature extraction methods that ensure the integrity of embeddings in high-stakes applications, and
implementing anomaly detection frameworks to identify adversarially altered inputs and mitigate

their impact on retrieval results [183].

For embedding-based retrieval systems to be adopted at scale, they must operate efficiently under
real-world constraints, particularly in resource-limited environments. Future work should focus
on optimizing indexing techniques such as FAISS and approximate nearest neighbor methods to
accelerate search efficiency while minimizing memory overhead [183]. Investigating lightweight
model architectures, such as MobileNet and EfficientNet variants, for deployment on edge devices
and embedded systems will also be crucial. Additionally, exploring distributed retrieval frameworks
that leverage cloud and federated learning paradigms can enable large-scale and privacy-preserving

retrieval.

Extending embedding-based retrieval beyond single-domain applications can unlock new possibil-
ities in medical diagnostics, agriculture, and other interdisciplinary fields. Future directions include
developing multimodal retrieval systems that integrate image embeddings with textual and structured
data for richer search capabilities, exploring cross-domain retrieval pipelines that generalize across
different imaging modalities, and investigating self-supervised learning approaches to improve

retrieval performance without extensive labeled data [182].

Finally, as Al-driven image retrieval systems continue to evolve, ensuring their ethical deployment
remains a priority. Future research should focus on developing Al governance frameworks that
align retrieval models with ethical principles and regulatory guidelines, investigating human-in-
the-loop approaches to enhance user oversight and decision-making in retrieval-based Al systems,
and designing privacy-preserving retrieval techniques that safeguard user data while maintaining

retrieval effectiveness.

By addressing these research directions, future work can contribute to the advancement of
robust, interpretable, and fair embedding-based image retrieval systems. These efforts will be
critical in ensuring that retrieval technologies are not only highly accurate and efficient but also
trustworthy, transparent, and adaptable to real-world challenges. As retrieval models continue to
evolve, interdisciplinary collaboration between Al researchers, domain experts, and policymakers
will be essential in guiding the responsible deployment of these systems in healthcare, agriculture,

and beyond.
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Chapter A

Domain-Specific Retrieval Pipeline (DSRP)

A.0.1 Leaf Disease Dataset Tables

Table A.1: Retrieval Results for Leaf Disease Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 F1@5 Fl1@10 | Top 10 Acc. P@5 P@10 R@5 R@10 F1@5 Fl@10
Lightweight Yes 0.98 089 089 097 098 091 0.91 0.98 089 088 096 098 092 0.93
Moderate Yes 0.99 098 098 099 099 0.99 0.99 0.99 098 098 099 099 098 0.98
Heavy Yes 0.94 083 082 092 094 086 0.85 0.94 084 083 093 094 088 0.88
ResNet50 Yes 0.99 094 092 099 099 0.96 0.95 0.99 094 092 099 099 096 0.95
MobileNetV2  Yes 0.99 089 087 099 099 092 0.91 0.99 091 088 099 099 095 0.93
EfficientNetBO  Yes 0.99 092 090 099 099 094 0.93 0.99 092 090 099 099 095 0.94
Lightweight No 0.96 082 081 094 09 0.85 0.85 0.96 082 082 094 09 088 0.88
Moderate No 0.99 097 097 099 099 098 0.98 0.99 097 097 099 099 098 0.98
Heavy No 0.99 096 096 099 099 097 0.97 0.99 096 095 099 099 097 0.97
ResNet50 No 0.99 090 087 099 099 092 0.91 0.99 090 088 099 099 094 0.93
MobileNetV2  No 0.99 086 083 098 099 0.89 0.88 0.99 087 084 098 099 092 0.91
EfficientNetBO  No 0.99 088 085 098 099 091 0.90 0.99 089 086 098 099 093 0.92

Table A.2: Inference Results for Leaf Disease Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
Lightweight Yes 0.0806 0.0665
Lightweight No 0.0807 0.0711
Moderate Yes 0.0866 0.0729
Moderate No 0.0855 0.0821
Heavy Yes 0.1125 0.0874
Heavy No 0.1145 0.0959
ResNet50 Yes 0.2394 0.1290
ResNet50 No 0.2554 0.1383
MobileNetV2  Yes 0.1737 0.0848
MobileNetV2  No 0.1805 0.0878
EfficientNetBO Yes 0.1753 0.0931
EfficientNetBO No 0.1871 0.0968

A.0.2 Brain Tumour MRI Scans Dataset Tables
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Chapter A: Domain-Specific Retrieval Pipeline (DSRP)

Table A.3: Retrieval Results for Brain Tumour MRI Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 Fl@5 F1@10 | Top 10 Acc. P@5 P@l0 R@5 R@l0 Fl@5 Fl1@l10
Lightweight Yes 0.85 048 044 077 085 055 0.53 0.85 049 045 076 0.85 0.60 0.59
Moderate Yes 0.92 080 080 0.89 092 0.83 0.82 0.91 082 081 0.89 091 0.85 0.86
Heavy Yes 0.88 083 083 087 088 0.84 0.84 0.87 084 084 087 087 0.85 0.85
ResNet50 Yes 0.97 0.67 056 095 097 0.5 0.66 0.97 0.67 057 095 097 0.79 0.72
MobileNetV2  Yes 0.96 0.66 056 094 096 0.74 0.65 0.96 0.68 056 095 09  0.79 0.71
EfficientNetBO  Yes 0.97 0.66 055 09 097 074 0.65 0.97 0.67 056 095 097 0.79 0.71

Table A.4: Inference Results for Brain Tumour MRI Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
Lightweight Yes 0.1006 0.0881
Moderate Yes 0.0988 0.0730
Heavy Yes 0.1207 0.0875
ResNet50 Yes 0.1701 0.1015
MobileNetV2  Yes 0.1285 0.0716
EfficientNetBO Yes 0.1194 0.0852

A.0.3 COVID-19 Scans Dataset Tables

Table A.5: Retrieval Results for COVID-19 Scans Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 Fl@5 F1@10 | Top 10 Acc. P@5 P@10 R@5 R@10 Fl@5 Fl1@10
Lightweight Yes 0.93 038 038 082 093 049 0.51 0.93 039 038 083 093 053 0.54
Moderate Yes 0.93 062 062 089 093 0.70 0.71 0.93 062 062 08 093 073 0.74
Heavy Yes 0.92 058 058 087 092 0.67 0.67 0.92 059 058 086 092 0.70 0.71
ResNet50 Yes 0.97 036 036 087 097 049 0.51 0.96 036 036 087 096 051 0.52
MobileNetV2  Yes 0.96 036 036 086 096 048 0.49 0.96 036 036 086 096 0.51 0.52
EfficientNetBO  Yes 0.95 037 037 086 095 049 0.51 0.95 037 037 086 095 052 0.53
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Chapter A: Domain-Specific Retrieval Pipeline (DSRP)

Table A.6: Inference Results for COVID-19 Scans Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
Lightweight Yes 0.0676 0.0577
Moderate Yes 0.0678 0.0630
Heavy Yes 0.0868 0.0831
ResNet50 Yes 0.1783 0.1013
MobileNetV2  Yes 0.1123 0.0681
EfficientNetBO Yes 0.1184 0.0754

A.0.4 Pokémon Dataset Tables

Table A.7: Retrieval Results for Pokémon Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 F1@5 Fl@10 ‘ Top 10 Acc. P@5 P@10 R@5 R@I10 Fl1@5 Fl1@l0
Lightweight Yes 0.62 026 023 052 062 032 0.30 0.62 027 025 052 062 036 0.36
Moderate Yes 0.70 045 044 064 070 0.50 0.49 0.70 048 047 064 070 0.55 0.56
Heavy Yes 0.70 066 066 0.69 070 0.67 0.67 0.69 068 068 0.69 0.69 0.68 0.68
ResNet50 Yes 0.82 035 026 072 082 045 0.37 0.83 038 029 077 083 0.51 0.43
MobileNetV2  Yes 0.81 038 029 073 081 0.47 0.39 0.83 040 030 075 083 0.52 0.44
EfficientNetBO  Yes 0.82 044 034 075 082 052 0.44 0.85 048 038 078 085 0.59 0.53
Lightweight No 0.67 028 025 056 067 034 0.33 0.67 030 027 057 067 039 0.38
Moderate No 0.69 048 045 064 069 0.52 0.50 0.69 050 050 0.64 0.69 0.56 0.58
Heavy No 0.71 062 062 068 071 0.63 0.63 0.67 064 064 067 067 0.65 0.65
ResNet50 No 0.88 051 040 0.83 088 0.5 0.51 0.89 055 045 085 089 0.67 0.60
MobileNetV2  No 0.85 046 036 0.80 0.85 0.55 0.46 0.87 048 038 081 087 0.60 0.53
EfficientNetBO No 0.89 055 045 085 0.89 0.63 0.55 0.90 058 048 0.86 090 0.69 0.63
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Table A.8: Inference Results for Pokémon Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
Lightweight Yes 0.0754 0.0667
Lightweight No 0.1128 0.0633
Moderate Yes 0.0821 0.0721
Moderate No 0.1480 0.0745
Heavy Yes 0.1024 0.0905
Heavy No 0.1169 0.0903
ResNet50 Yes 0.1525 0.1116
ResNet50 No 0.1633 0.1118
MobileNetV2  Yes 0.1178 0.1227
MobileNetV2  No 0.1154 0.0726
EfficientNetBO Yes 0.1271 0.1512
EfficientNetBO No 0.1204 0.0803
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Chapter B

Pre-trained Feature Extraction Pipeline (PMRP)

B.0.1 Leaf Disease Dataset Tables

Table B.1: Retrieval Results for Leaf Disease Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 F1@5 Fl1@10 | Top 10 Acc. P@5 P@10 R@5 R@10 Fl1@5 Fl@10
ResNet50 Yes 0.99 094 092 099 099 0.96 0.95 0.99 094 092 099 099 0.96 0.95
MobileNetV2  Yes 0.99 089 087 099 099 092 0.91 0.99 091 088 099 099 093 0.92
EfficientNetBO  Yes 0.99 092 090 099 099 094 0.93 0.99 092 090 099 099 094 0.93
ResNet50 No 0.99 090 087 099 0.99 0.92 091 0.99 090 088 099 099 093 091
MobileNetV2  No 0.98 0.86 0.83 098 0.99 0.89 0.88 0.98 0.87 0.84 098 0.99 0.90 0.89
EfficientNetBO No 0.99 0.88 0.85 098 0.99 0.91 0.90 0.99 089 086 098 099 092 0.90

Table B.2: Inference Results for Leaf Disease Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
ResNet50 Yes 0.1180 0.1197
ResNet50 No 0.1307 0.1041
MobileNetV2  Yes 0.0877 0.0716
MobileNetV2  No 0.0917 0.0741
EfficientNetBO Yes 0.0972 0.0823
EfficientNetBO No 0.1067 0.0848

B.0.2 Brain Tumour MRI Scans Dataset Tables

Table B.3: Retrieval Results for Brain Tumour MRI Scans Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 Fl1@5 Fl@10 ‘ Top 10 Acc. P@5 P@10 R@5 R@I10 Fl@5 Fl@l0
ResNet50 Yes 0.97 0.67 056 095 097 0.77 0.66 0.97 0.67 057 095 097 075 0.67
MobileNetV2  Yes 0.96 066 056 094 096 0.74 0.65 0.96 0.67 056 095 096 0.75 0.66
EfficientNetBO  Yes 0.97 066 055 096 097 074 0.65 0.97 0.67 056 095 097 075 0.66
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Table B.4: Inference Results for Brain Tumour MRI Scans Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
ResNet50 Yes 0.1201 0.1055
MobileNetV2  Yes 0.0838 0.0736
EfficientNetBO Yes 0.0963 0.0824

B.0.3 COVID-19 Scans Dataset Tables

Table B.5: Retrieval Results for COVID-19 Scans Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 Fl1@5 Fl@10 ‘ Top 10 Acc. P@5 P@10 R@5 R@I10 Fl@5 Fl1@l0
ResNet50 Yes 0.97 036 036 087 097 049 0.51 0.96 036 036 087 096 049 0.51
MobileNetV2  Yes 0.96 036 036 086 096 048 0.50 0.96 036 036 087 096 049 0.50
EfficientNetBO  Yes 0.95 037 037 086 095 049 0.51 0.94 037 037 086 095 049 0.51

Table B.6: Inference Results for COVID-19 Scans Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
ResNet50 Yes 0.1197 0.1049
MobileNetV2  Yes 0.0956 0.0726
EfficientNetBO Yes 0.0973 0.0804

B.0.4 Pokémon Dataset Tables
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Chapter B: Pre-trained Feature Extraction Pipeline (PMRP)

Table B.7: Retrieval Results for Pokémon Dataset

KNN FAISS
Model Background Top 10 Acc. P@5 P@10 R@5 R@10 Fl1@5 Fl@l10 ‘ Top 10 Acc. P@5 P@10 R@5 R@I10 Fl@5 Fl@l0
ResNet50 Yes 0.82 035 026 072 082 045 0.36 0.83 038 029 077 083 048 0.40
MobileNetV2  Yes 0.82 038 029 074 082 047 0.39 0.83 040 030 074 0.83 049 0.41
EfficientNetBO  Yes 0.82 044 034 075 082 052 0.44 0.85 048 038 078 0.85 0.56 0.49
ResNet50 No 0.88 0.51 040 083 088 0.59 0.51 0.89 055 045 085 089 0.63 0.55
MobileNetV2  No 0.85 046 036 080 085 055 0.46 0.86 048 038 081 086 0.56 0.48
EfficientNetBO No 0.89 055 045 085 089 0.63 0.55 0.90 058 048 086 090 0.66 0.59

Table B.8: Inference Results for Pokémon Dataset

Model Background KNN Inference Time (s) FAISS Inference Time (s)
ResNet50 Yes 0.1216 0.1068
ResNet50 No 0.1242 0.1080
MobileNetV2  Yes 0.0876 0.0755
MobileNetV2  No 0.0901 0.0761
EfficientNetBO Yes 0.0969 0.0825
EfficientNetBO No 0.0997 0.0840
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