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Abstract
Object detection is widely recognised as a foundational task within computer vision,
with applications spanning automation, medical imaging, and surveillance. Although
numerous models and methods have been developed, attaining high detection accuracy
often requires the utilisation of complex model architectures, especially those based on
transformers. These models typically demand extensive computational resources for
inference and large‐scale annotated datasets for training, both of which contribute to
the overall difficulty of the task.

To address these challenges, this work introduces a novel methodology
incorporating the Learning Using Privileged Information (LUPI) paradigm within the
object detection domain. The proposed approach is compatible with any object
detection architecture and operates by introducing privileged information to a teacher
model during training. This information is then distilled into a student model, resulting
in more robust learning and improved generalisation without increasing the number of
model parameters and complexity.

The methodology is evaluated on general‐purpose object detection tasks and a
focused case study involving litter detection in visually complex, highly variable outdoor
environments. These scenarios are especially challenging due to the target objects’
small size and inconsistent appearance. Evaluation is conducted both within individual
datasets and across multiple datasets to assess consistency and generalisation. A total
of 120 models are trained, covering five well‐established object detection architectures.
Four datasets are used in the evaluation: three focused on Unmanned Aerial Vehicle
(UAV)‐based litter detection and one drawn from the Pascal VOC 2012 benchmark to
assess performance in multi‐label detection and generalisation.

Experimental results consistently demonstrate improvements in detection
accuracy across all model types and dataset conditions when employing the LUPI
framework. Notably, the approach yields increases of 0.02 to 0.15 in the strict mean
Average Precision (mAP)@50–95metric, highlighting its robustness across both general‐
purpose and domain‐specific tasks. In nearly all cases, we observed performance
improvements, indicating that the proposed methodology achieves such results without
increasing the number of parameters or altering themodel architecture. This supports its
viability as a lightweight and effective modification to existing object detection systems.

Keywords: Learning Using Privileged Information, Object Detection, Knowledge
Distillation, Computer Vision, Litter Detection
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Chapter 1 Introduction

“The real voyage of discovery consists
not in seeking new landscapes, but in
having new eyes.”

– Marcel Proust

1.1 Introduction

Object detection is considered a foundational problem within the field of Computer
Vision (CV), central to numerous applications ranging from medical analysis [1, 2]
and autonomous systems [3, 4] to the monitoring of environmental degradation [5,
6], including the identification and classification of litter [7, 8]. In recent years, the
field has seen a marked expansion in computational depth, with models capable of
detecting increasingly complex visual patterns across several domains. Nevertheless,
the issue of achieving consistently high detection accuracy persists. Many high‐
performing models are heavily dependent on intricate architectures [9, 10] or extensive
labelled datasets [11], both of which introduce significant practical constraints. Deep
models typically require prolonged training cycles and considerable computational
power, while large‐scale datasets necessitate laborious annotation procedures that
are both costly and time‐consuming [12]. In contexts where labelled data is scarce
or prohibitively expensive, such as detecting environmental waste across irregular
natural terrain or within densely populated urban settings, the limitations of current
methods become especially pronounced [7, 13]. Furthermore, deploying such models
in practical scenarios often demands rapid inference and reliable performance under
limited computational resources–requirements that many conventional approaches are
ill‐equipped to satisfy [11].

Given these challenges, alternative learning strategies that can improve
performance without imposing additional demands on model complexity or dataset
scale have become increasingly relevant. One such strategy is Learning Using Privileged
Information (LUPI), a training paradigm in which supplementary information is made
available exclusively during the learning phase but not during inference [14]. The
privileged data may take various forms: detailed texture maps, depth cues, high‐
resolution images, or domain‐specific expert input [14–16]. Crucially, the model learns
to internalise these richer signals during training, thereby producing a more refined
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feature representation that ultimately bolsters its predictive capabilities under normal
test‐time conditions. By improving generalisation and accelerating convergence, LUPI
provides an opportunity to compensate for sparse annotations or imbalanced datasets
without increasing inference time or architectural depth.

This becomes especially significant in environmental monitoring contexts, where
object detection is applied to dynamic, cluttered, and often unpredictable scenes [13,
17]. Automated litter detection, for instance, requires the localisation and classification
of debris in varied lighting, terrain, altitude, and background conditions [7, 13]. Models
must learn to distinguish waste from non‐waste in a manner that is both accurate and
efficient, particularly where rapid deployment and scalability are necessary. In such
scenarios, the integration of privileged information may offer substantial improvements.

1.2 Motivation

Within the broader effort to improve object detection performance in challenging visual
contexts, automated systems designed for the identification of environmental waste
have become as a growing area of interest within applicable Artificial Intelligence (AI)
technology. Although several datasets and models have emerged to address this task
[7, 8, 18], consistently accurate detection remains elusive. Litter manifests in a wide
range of shapes, sizes, materials, and colours. Often, it appears partially obscured or
embedded within complex backgrounds. These conditions demand not only high spatial
sensitivity but also strong contextual reasoning, both of which are difficult to achieve
with conventional architectures trained on limited or imbalanced data.

Notably, an increasingly explored direction involves the use of aerial imagery,
captured via unmanned aerial vehicles, to expand the scale and coverage of litter
detection systems [13, 19, 20]. While promising in terms of spatial reach and operational
efficiency, aerial viewpoints introduce their own set of challenges. As the altitude of
image capture increases, litter would start to appear at much smaller scales, becoming
less distinct and occupying only a few pixels in high‐resolution images. This reduction
transforms the detection problem into one of identifying small objects, which remains an
ongoing challenge in computer vision due to low signal‐to‐noise ratios and ambiguous
boundaries [21, 22].

In addition to these technical considerations, the practical deployment of drone‐
based detection systems is also governed by legal and operational frameworks. To gain
a deeper understanding of the regulatory aspects surrounding drone usage, the author
obtained both A1/A3 and A2 drone operating licenses through a certification process
administered by Transport Malta.

Alongside the functional limitations faced by current detection systems lies
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a pressing concern regarding environmental sustainability [23]. Improvements in
accuracy are frequently achieved by expandingmodel depth or increasing computational
complexity [9, 10], both of which carry significant energy demands. While such
strategies may yield stronger performance on benchmark tasks, their long‐term viability
becomes questionable when deployed at scale, especially in scenarios where energy
efficiency is a priority [24]. As such, there is a clear need for approaches that can
maintain or improve predictive performance without exacerbating computational costs.

1.3 Problem Definition

In light of the identified problem, this study seeks to improve the accuracy of both
general object detection and litter detection, without significantly increasing the
computational costs associated with such systems. Recent advancements in the field
often associate improved accuracy with increasingly complex architectures. However,
such models typically incur higher energy consumption, which may undermine the
environmental objectives of litter detection systems.

To address this, the dissertation explores the potential of the LUPI paradigm
within object detection. This training framework introduces auxiliary data available
during learning, which may guide the model more effectively without requiring any
modification to its architecture or parameters during inference. The potential of
LUPI resides in its ability to bolster decision‐making by incorporating supplementary
information during the training phase while maintaining an efficient and streamlined
inference process.

Although LUPI has been applied in other contexts, its relevance to object
detection has yet to be thoroughly examined. This work proposes its application not
only in the context of general object detection but also in the specific context of litter
detection from aerial imagery. The latter remains a complex and largely unresolved
problem due to the visual ambiguity, occlusion, and scale variation of litter objects in
natural environments.

Furthermore, to evaluate the proposed method, a set of experiments will
be conducted across several object detection architectures. These will assess the
performance of the proposed approach on established datasets that reflect varied
and realistic environmental conditions. The ultimate aim is, first, to derive a rigorous
methodology for integrating privileged information into object detection models; and
second, to determine whether incorporating LUPI within object detection pipelines
can lead to improved performance without necessitating the use of computationally
expensive architectures that increase inference time.
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1.4 Aims and Objectives

This study aims to explore the potential of integrating the LUPI paradigm with
object detection models to improve the accuracy and efficiency of both general and
litter detection in various environmental contexts. The primary goal is to develop
models that could identify and classify objects in diverse settings while minimising
computational costs. This study aims to achieve this by leveraging additional privileged
information during the training phase to improve model robustness without increasing
the complexity of the detection architecture. To meet these objectives, the research will
focus on the following aims:

Objective (O1) Derive a rigorous methodology for integrating the LUPI paradigm into
object detection models in the context of litter detection, where its use
remains largely unexplored.

Objective (O2) Evaluate this methodology across a variety of renowned object
detection architectures to determine its adaptability and performance.

Objective (O3) Test the proposed approach on widely recognised litter detection
datasets, examining both within‐dataset and cross‐dataset evaluation.

Objective (O4) Assess the trade‐off between detection accuracy and computational
cost, and explore the method’s broader applicability through testing on
other detection datasets.

1.5 Main Contributions

Introduction of LUPI to Object Detection This dissertation demonstrates that inte‐
grating the LUPI paradigm into object detection, particularly for litter detection,
enhances performance. This methodology, applied across five prominent object
detection models, does so without altering model architecture or increasing
inference time.

Improved Litter Detection and Localisation This research establishes that the applica‐
tion of LUPI significantly elevates litter detection accuracy, particularly in the
detection of smaller objects. Notably, more substantial gains are observed in
binary detection (object localisation) compared to multi‐label detection, although
advancements are evident in both areas.

Model‐Agnostic Performance Improvement The proposed approach is shown to be
model‐agnostic, achieving strong performance without increasing model param‐
eters or inference time. Although training time increases because of the
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additional requirement to train the teacher model, computational efficiency during
deployment remains unaffected.

Generalisation Across Litter Detection Datasets This dissertation also demonstrates
that the proposed methodology generalises effectively both within the SODA
dataset [13] and across other litter detection datasets, including BDW [17] and
UAVVaste [19]. Extensive experimentation underscores the trained models’
improved ability to detect small and partially occluded objects when applied to
different contexts beyond those they were trained.

Generalisation Across Object Detection Datasets Finally, this dissertation highlights
its contribution beyond litter detection, particularly in the broader context of
object detection. The proposed methodology demonstrated improved multi‐label
detection performance when evaluated on the Pascal VOC 2012 dataset [25],
which includes all 20 object classes. However, performance tends to decline as
the number of classes increases.

1.6 Publications

During the writing of this dissertation, the key milestones of the study, including work
conducted in the area of object detection, were documented in papers and published in
internationally recognised, peer‐reviewed conferences and journals:

1. M. Bugeja, M. Bartolo, M. Montebello, and D. Seychell, “MRTMD: A Multi‐
Resolution Dataset for Evaluating Object Detection in Traffic Monitoring
Systems,” IEEE Access, vol. 13, pp. 134460–134483, 2025. doi:
10.1109/ACCESS.2025.3585986. [26]

2. M. Bartolo, K. Makantasis, and D. Seychell, “Learning Using Privileged Information
for Litter Detection,” in Proc. 2025 13th European Workshop on Visual Information
Processing (EUVIP), 2025. [27]

1.7 Dissertation Overview

The dissertation is structured as follows:

Chapter 2 establishes the foundational concepts of object detection and examines key
detection models. It provides an in‐depth exploration of learning using
privileged information, followed by a review of literature on litter detection
approaches. The chapter concludes with a review of the application of
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learning using privileged information to computer vision, as well as the
performance metrics used for evaluation.

Chapter 3 details the study’s methodology, including the problem definition, theoretical
framework, and the proposed system architecture. Additionally, it discusses
the implementation of privileged information, knowledge distillation, and
the experimental setup, including model selection, data pre‐processing
techniques, and training parameters.

Chapter 4 evaluates the proposed system through a series of experiments on the SODA,
BDW, UAVVaste, and Pascal VOC 2012 datasets, including a preliminary
optimal tiling experiment. It compares the performance of various models
across these experiments, discussing the findings and their implications,
along with comparing their visual predictions and interpretability.

Chapter 5 concludes the dissertation by summarising the aims and objectives,
highlighting potential applications of the study, and discussing its limitations
and possible directions for further research.

1.8 Conclusion

This chapter introduced the motivation behind the study, offering a summary of the
research undertaken and the defined problem. It then presented the aims and objectives
of the dissertation, followed by an overview of the key contributions and publications,
and a brief outline of the chapters that follow.
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Chapter 2 Background and Literature Review

“We are like dwarfs sitting on the
shoulders of giants.”

– Bernard of Chartres

2.1 Introduction

This chapter opens by outlining the object detection problem and the primary difficulties
it entails, such as the presence of cluttered backgrounds, scale variation, and the
challenge of accurately detecting small objects. This section is then followed by
an overview of prominent methods developed before the rise of deep learning,
encompassing both traditional computer vision techniques and early machine learning
models. This is followed by a section that explores deep learning‐based approaches,
including one‐stage and two‐stage detectors, transformer‐based architectures, and
other notable frameworks. The subsequent section presents an overview of the
learning using privileged information paradigm, detailing its problem formulation and
associated techniques. Following this, a review of prominent litter detection approaches
is presented, encompassing both UAV and non‐UAV methods, along with an overview
of approaches leveraging the LUPI paradigm within the field of computer vision. The
chapter concludes by introducing relevant evaluation metrics that establish the criteria
for model performance assessment.

2.2 Object Detection

Object detection can be considered a pivotal problem within the field of computer
vision, encompassing the task of identifying and locating objects within an image from
a predefined set of categories [28]. At its core, the problem involves determining what
objects are and where they are located in an image [29]. This can be further broken
down into two interrelated tasks: object localisation, which focuses on pinpointing the
position of objects within an image, and object classification, which identifies the type
or category of each detected object [28, 30, 31].
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2.2.1 Object Localisation

To determine the position and presence of an object within an image, a bounding box (a
rectangular box) is used. Each object of interest is enclosed within such a box, drawn as
closely as possible around its outline tominimise the surrounding background. It iswithin
this context that, for every image, the task of object localisation requires outputting a
set of these bounding boxes, each defined by four parameters: bx, by, bw, and bh. The first
two parameters, bx and by, specify the coordinates of the bounding box’s centre, while
bw and bh represent its width and height (see Figure 2.1) [30].

Figure 2.1 Visual representation of the bounding box coordinate system on a modified
image taken from the SODA dataset. (Source: [13]).

2.2.2 Object Classification

While a bounding box indicates the location of an object, identifying the type of object
detected is equally important. The result of the object classification task is usually
presented as a label, which denotes the class or category assigned to the detected object
from a predefined set of categories. Typically, alongside the label, the outputs from
detection models also include a confidence score, indicating the degree of certainty that
the object belongs to the assigned category [30]. Figure 2.2 provides a visual example of
the classification and localisation tasks, illustrating multiple detections across different
categories.

2.2.3 Challenges in Object Detection

Although the object detection problem can be divided into two subproblems and may
initially seem straightforward, it is far from simple. Developing models capable of
robustly detecting multiple objects across a variety of images with diverse backgrounds
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Figure 2.2 Visual representation of the classification and localisation tasks, showing
multiple detections across various categories, based on an image from the SODA

dataset. (Source: [13]).

is a highly complex task. Furthermore, it is crucial to consider the demands of
computational efficiency and real‐time performance, as these factors are integral to the
practical application of detection models. As highlighted by [11], the object detection
problem encompasses several key challenges:

1. Complex Backgrounds and Interferences: In real‐world situations, especially
in outdoor environments, backgrounds tend to be complex and cluttered [11,
30]. Natural settings introduce factors such as weather conditions, lighting
changes, shadows, and occlusions, which blur the distinction between objects
and their surroundings, complicating the detection process [29]. Furthermore,
the wide range of object categories and shapes adds another layer of difficulty, as
different detectors may categorise the same object in varying ways. In dynamic
environments, objects within the same category can appear in different poses,
necessitating that object detectors generalise effectively [11].

2. Scale Variability: Objects in real‐world images often appear at varying scales. For
instance, in aerial imagery, litter may appear much smaller compared to close‐up
photographs. Additionally, the size disparity between different types of litter, such
as a glass bottle and a cotton bud, further complicates detection. Designing an
algorithm that can effectively manage multi‐scale variations and generate multi‐
scale feature representations remains a significant challenge. To this end, such
tasks typically require techniques like multi‐scale input processing for robust
detection [11, 29].
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3. Object Occlusion: Object occlusion presents another common challenge in
detection tasks and can be classified into partial occlusion and complete occlusion
[11, 32, 33]. Complete occlusion is particularly problematic, as it prevents the
detector from extracting sufficient feature information, thus diminishing detection
accuracy [11]. In contrast, partial occlusion, while less severe, still results in parts
of the object being obscured by noise, which leads to a loss of important feature
information and a weaker feature representation.

4. Class Imbalance and Dataset Bias: In supervised learning, object detection
models rely on labelled datasets, where annotators identify object locations using
bounding boxes. These labelled images are then employed to train the detection
algorithm. However, datasets often suffer from class imbalances, with certain
object categories being over‐represented while others are under‐represented.
This imbalance can impair model performance, particularly when detecting less
frequent objects [11]. As noted by [34], class imbalance manifests in two forms:
foreground‐background imbalance, where background pixels dominate over object
pixels, and foreground‐foreground imbalance, where some object categories are
more prevalent than others. Both types of imbalance can hinder themodel’s ability
to accurately detect objects, especially in complex scenes [11, 34].

5. Small Object Detection: Small objects occupy only a small number of pixels
within an image, which makes it difficult for models to extract meaningful
features. Accurate localisation is essential, as even minor deviations in
bounding box predictions can result in detection failures [11]. Furthermore,
the limited feature representation of small objects, coupled with a lack of
sufficient contextual information and an inadequate number of positive examples
(foreground‐background imbalance), exacerbates the challenge of detecting such
objects [21, 29].

2.2.4 Object Detection Before the Rise of Deep Learning

In efforts to address the object detection problem and its associated challenges,
numerous approaches were developed using traditional and machine learning methods,
preceding the widespread adoption of deep learning techniques.

2.2.4.1 Traditional Methods

Early methods for object detection were heavily reliant on creative heuristics and the
efficiency of basic computational techniques. Simple strategies, such as background
subtraction [35], sought to identify objects by detecting fluctuations in pixel intensity
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across an image. As research progressed, more sophisticated feature‐driven approaches
emerged. One notable example was the development of Haar cascade classifiers [36,
37], designed particularly for face detection. These classifiers exploited Haar‐like
features, which captured essential edge and line structures within images. Another
prominent method introduced at the time was the Histogram of Oriented Gradients
(HOG) descriptor [38, 39], which was widely applied to tasks such as pedestrian
detection. HOG focused on the distribution of local gradient directions, capturing the
shape and appearance of objects through structured edge information.

Alongside these developments, several feature extraction techniques became
foundational. The Scale‐Invariant Feature Transform (SIFT) [40] algorithm identifies
distinctive keypoints within an image by detecting local extrema in a scale‐space
constructed from Difference of Gaussians (DoG), allowing for reliable feature matching
under variations in scale and rotation. The Speeded‐Up Robust Features (SURF)
algorithm [41] built upon these ideas, offering a faster alternative while maintaining
reliable performance under transformations such as viewpoint and illumination changes.
Later, the Oriented FAST and Rotated BRIEF (ORB) algorithm [42] emerged, combining
the efficiency of the Features from Accelerated Segment Test (FAST) keypoint detector
with the compactness of the Binary Robust Independent Elementary Features (BRIEF)
descriptor. ORB provided a computationally inexpensive, rotation‐invariant solution,
serving as a competitive alternative to SIFT and SURF in environments requiring faster
performance.

2.2.4.2 Machine Learning Approaches

In tandem with traditional methods, notable advances in object detection were made
through the adoption of Machine Learning (ML), a branch of AI focused on enabling
systems to learn patterns from data [43]. During this period, Support Vector Machines
(SVMs) [44] emerged as a pivotal tool, providing a strong classification framework,
specifically when combined with feature descriptors such as HOG [45]. Other machine
learning strategies also contributed meaningfully to the field’s development. Boosting
algorithms, such as Adaptive Boosting (AdaBoost), proved instrumental in the Viola‐
Jones face detection framework [46], while ensemble methods, including Random
Forests (RF) [47] and techniques utilising Red‐Green‐Blue‐Depth (RGB‐D) information
[48], further expanded detection capabilities. Although these approaches improved
performance by allowing models to learn directly from data, they continued to rely
heavily on manually engineered features. Additional progress came with Deformable
Part Models (DPM) [49], which represented objects as collections of interconnected
parts, enabling better modeling of appearance variations. These machine learning
methods advanced object detection and set the stage for deep learning approaches.
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2.2.5 Object Detection in the Era of Deep Learning

The introduction of Deep Learning (DL), most notably Convolutional Neural Networks
(CNNs), brought about a fundamental shift in the field of object detection [50]. In
contrast to earlier methods that depended heavily on labour‐intensive, hand‐crafted
feature engineering, CNNs are capable of automatically extracting features from large
datasets, thereby streamlining the detection process and improving overall efficiency
[51–53]. This progression led to the development of a new generation of object
detectors that demonstrated greater accuracy and reliability than their traditional
counterparts. Consequently, numerous object detection architectures have been
introduced, each offering distinct advantages and facing particular limitations.

CNN‐based object detectors are generally categorised into two principal types:
one‐stage detectors and two‐stage detectors [54]. More recently, transformer‐based
models, originally proposed for natural language processing tasks [55], have been
successfully adapted for computer vision applications, including object detection [9, 10],
pushing performance boundaries even further. Beyond these mainstream approaches,
emerging deep learning models increasingly incorporate visual attention mechanisms
to strengthen feature representation and contextual reasoning within images [56, 57].
Moreover, alternative paradigms, such as Reinforcement Learning (RL), have also been
explored to dynamically optimise object detection strategies [58, 59].

2.2.5.1 One Stage Detectors

One‐stage detectors address the problem of object detection by concurrently
performing localisation and classification within a single network, predicting bounding
boxes and corresponding labels in a single forward pass. OverFeat [60], introduced in
2013, marked an early application of deep learning to object detection. It employed
a multi‐scale sliding window method wherein a classifier generated class labels and
confidence scores at each spatial location. Prediction quality was subsequently
improved through adjustments in resolution and the merging of bounding boxes.

The You Only Look Once (YOLO) series significantly reshaped one‐stage
detection by reframing object detection as a regression problem. The original
YOLO model [61], released in 2016, partitioned images into an S × S grid, with
each cell responsible for predicting bounding boxes, confidence scores, and class
probabilities (refer to Figure 2.3). Later versions introduced several refinements:
YOLOv2 [62] integrated batch normalisation and optimised anchor boxes; YOLOv4 [63]
adopted a suite of training techniques commonly referred to as bag‐of‐freebies [64];
YOLOv5 [65] incorporated automatic anchor learning; and YOLOX [66] shifted towards
anchor‐free methodologies. More recently, YOLOv12 [67] introduced attention‐driven
designs, leveraging linear attention mechanisms and residual‐efficient layer aggregation
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networks.
Further adaptations have continued to emerge. For example, YOLO‐NAS [68]

improved detection efficiency by employing Neural Architecture Search (NAS) within a
quantisation‐friendly framework. Meanwhile, YOLO‐World [69] extended the model’s
capabilities to open‐vocabulary detection, integrating vision‐language path aggregation
and region‐text contrastive loss, achieving notable performance boosts in both speed
and accuracy over contemporary models.

Figure 2.3 YOLOv1 pipeline. (Source: [61])

In parallel with developments in YOLO, other notable one‐stage detectors have
emerged. Among them, the Single Shot MultiBox Detector (SSD) [70], released in 2016,
introduced an architecture that bypasses region proposal networks. Instead, it predicts
object categories and bounding box refinements directly over a fixed set of predefined
anchor boxes, known as default boxes. SSD builds on a modified VGG‐16 backbone,
where the fully connected layers are removed and replacedwith additional convolutional
layers. These progressively reduce spatial resolution, resulting in multiple feature maps
of decreasing size. Each feature map is responsible for detecting objects at a specific
scale, supporting effective multi‐scale detection.

To accommodate objects of varying sizes, SSD deploys default boxes with
multiple aspect ratios and scales across each feature map. At every level, lightweight
convolutional heads independently predict class labels and refine bounding box
coordinates. These operations are performed in parallel across all scales, enabling
the model to classify and localise objects within a single forward pass simultaneously.
This design achieves an effective compromise between computational efficiency and
detection accuracy. The complete architecture is illustrated in Figure 2.4.

Other prominent one‐stage detectors include RetinaNet [71], introduced in 2017
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Figure 2.4 SSD architecture. (Source: [70])

to mitigate the foreground–background class imbalance that commonly undermines the
performance of dense object detectors. Unlike two‐stage methods such as Faster R‐
CNN, RetinaNet performs classification and localisation in a single forward pass (see
Figure 2.5). It employs a ResNet backbone combined with an FPN to extract multi‐scale
features, followed by two parallel subnetworks: one for predicting object classes and
another for refining bounding box coordinates. A key innovation is the use of focal loss,
which shifts training focus toward difficult, misclassified examples by down‐weighting
easy negatives. To detect objects of different shapes and sizes, RetinaNet utilises anchor
boxes with varying scales and aspect ratios across feature levels. This design allows
the model to achieve accuracy comparable to that of many two‐stage detectors, while
maintaining the efficiency advantages of a single‐stage framework.

Figure 2.5 RetinaNet architecture. (Source: [71])

Building on the foundation of SSD, SSDLite was introduced in 2018 as a
lighter variant designed for mobile and resource‐constrained devices [72]. It replaces
the original SSD’s VGG‐16 backbone with MobileNetv2, which employs inverted
residual layers and linear bottlenecks to balance efficient feature extraction with model
capacity. This change significantly reduces computational demand. Furthermore,
standard convolutional layers in the detection heads are substituted with depthwise
separable convolutions (see Figure 2.6), which decrease parameter count and speed up
inference. Later iterations incorporated MobileNetv3 as the backbone, adding squeeze‐
and‐excitation modules and the h‐swish activation function for improved efficiency
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and accuracy (see Figure 2.7). These adaptations make SSDLite highly suitable for
deployment in environments with limited computational resources.

Figure 2.6 MobileNetV2‐SSDLite architecture. (Source: [73])

Figure 2.7 MobileNetv3 architecture. (Source: [74])

In contrast, FCOS [75], released in 2019, departs from traditional anchor box
approaches entirely. It adopts a fully convolutional architecture that directly predicts
object centre points and bounding box coordinates, simplifying the detection pipeline.
One distinctive feature is the addition of a centre‐ness branch, which estimates how
close a predicted box is to the actual object centre, helping suppress low‐quality
detections and reducing false positives (see Figure 2.8). Built on a ResNet‐FPN
backbone, FCOS leverages multi‐scale feature extraction to improve detection across
object sizes. Its output head consists of three branches: regression for bounding boxes,
classification for object categories, and centre‐ness for quality estimation, enabling
competitive performance without complex anchor matching.

2.2.5.2 Two Stage Detectors

In contrast to one‐stage detectors, two‐stage detectors separate region proposal from
classification and localisation. The R‐CNN family was instrumental in this approach,
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Figure 2.8 FCOS architecture. (Source: [75])

beginning with the original R‐CNN model [76]. This model used a selective search
to generate candidate regions, which were then passed individually through AlexNet
[77] to extract features. Each region was classified and refined through fully connected
layers. Although effective, this process was slow due to repeated feature extraction
for each region (see Figure 2.9). Fast R‐CNN [78] improved efficiency by computing
a convolutional feature map over the entire image once, and then applying region
proposals on this shared feature map. This reduced redundant computations while
maintaining detection accuracy.

Figure 2.9 R‐CNN architecture. (Source: [76])

A more pivotal advancement came with Faster R‐CNN [79], which introduced
the Regional Proposal Network (RPN). This component removed the dependency on
external region proposal algorithms by allowing the network to learn object proposals
directly from feature maps using anchor boxes of varying scales and aspect ratios. The
RPN shares convolutional features with the detection network, enabling efficient and
integrated region proposal generation. After region proposals are obtained, a shared
head performs both classification and bounding box regression, streamlining the process
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within a unified framework.
Subsequent improvements to Faster R‐CNN incorporated an FPN, significantly

enhancing the model’s ability to detect objects at multiple scales by enriching
feature representations across layers. This advancement became standard in later
implementations, exemplified by the ResNet‐FPN backbone architecture. Here, a shared
network efficiently performs both region proposal and detection tasks. After extracting
region proposals, a unified head simultaneously executes classification and bounding
box regression, preserving architectural simplicity while boosting efficiency. Building
upon this foundation, Mask R‐CNN [80] added a parallel branch to predict segmentation
masks for each Region of Interest (RoI), enabling instance segmentation alongside
detection.

Figure 2.10 Faster R‐CNN architecture with ResNet‐50 backbone and integrated FPN,
demonstrating a unified two‐stage detection pipeline for proposal generation,

classification, and bounding box regression. (Source: [81])

Complementing these technological advancements, FPN [82] improved detec‐
tion across all network layers by constructing a feature pyramid for improved multi‐
scale detection. This pyramid included bottom‐up pathways that captured semantic
information and top‐down pathways that refined these maps by merging high‐level
features with spatially rich information. The Region‐based Fully Convolutional Network
(R‐FCN) [83] integrated both classification and localisation tasks, utilising position‐
sensitive score maps to classify and refine bounding box coordinates. This approach
struck a balance between speed and accuracy by enabling shared computation across
regions. Building on these two‐stage frameworks, EfficientDet [84] incorporated an
EfficientNet [85] backbone and employed a weighted bi‐directional FPN for efficient
multi‐scale feature fusion (see Figure 2.11). Furthermore, it introduced a compound
scaling method that uniformly scaled resolution, depth, and width across the backbone,
feature network, and prediction networks.
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Figure 2.11 EfficientDet architecture. (Source: [84])

2.2.5.3 Transformer‐Based Detectors

Transformers, originally developed for natural language processing [55], have garnered
significant attention in computer vision [86], especially for object detection tasks. The
DEtection TRansformer (DETR) [9], introduced in 2020, marked a pioneering shift in
transformer‐based object detection by framing the task as a set prediction problem.
DETR removed the need for region proposals, employing a bipartite matching loss
that aligns predicted boxes with ground‐truth boxes. Its encoder‐decoder architecture
processes input data through self‐attention mechanisms, enabling it to distinguish
between individual instances successfully. This architecture supports both object
detection and panoptic segmentation tasks. The architecture for DETR is illustrated
in Figure 2.12.

Figure 2.12 DETR architecture. (Source: [9])

Several models have built upon the foundation laid by DETR. The DETR with
Improved deNoising anchOr boxes (DINO) framework [87–89] improved both training
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efficiency and overall performance. Grounding DINO [90] advanced zero‐shot object
detection by enabling the identification of objects without prior training on specific
categories. This was achieved through the use of natural language queries and the
multimodal fusion of textual and visual information. Real‐time transformer‐based
detection has also emerged as a significant advancement. The Real‐Time DEtection
TRansformer (RT‐DETR) [10] addressed the limitations of non‐maximum suppression
by incorporating a hybrid encoder and high‐quality initial queries. This made the
model more efficient and adaptable, eliminating the need for retraining. RT‐DETRv2
[91] further optimised training strategies and integrated bag‐of‐freebies techniques,
enhancing real‐time performance.

Vision‐language models have also adopted transformer architectures for object
detection. PaliGemma [92] combined a vision transformer for image encoding with a
transformer decoder to merge textual and visual data, framing object detection as a set
prediction task. Its successor, PaliGemma 2 [93], improved efficiency by incorporating
Gemma 2 language models with the SigLIP vision encoder, enabling it to handle multiple
input resolutions more effectively. Similarly, Florence‐2 [94] utilised a unified, prompt‐
based architecture with an image encoder and a multi‐modality encoder‐decoder to
address a range of vision‐language tasks, including object detection, captioning, and
segmentation (refer to Figure 2.13). These transformer‐based approaches collectively
represent a paradigm shift in object detection, offering end‐to‐end solutions that
eliminate traditional components, such as non‐maximum suppression, while enabling
more flexible, multimodal, and zero‐shot capabilities.

Figure 2.13 Florence‐2 architecture. (Source: [94])
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2.2.5.4 Other Deep Learning Approaches

Deep learning methodologies that go beyond traditional one‐stage, two‐stage, and
transformer detectors have emerged to tackle specific challenges in object detection.
These approaches can be categorised based on their underlying principles and technical
innovations. One prominent paradigm is reinforcement learning‐based detection
frameworks, starting with the approach by Caicedo et al. [59], which used class‐
specific Deep Q‐Network agents to iteratively refine object localisation by framing
detection as a Sequential Decision Making Problem (SDMP). Subsequent studies have
expanded on this foundation by incorporating multitask learning [95], integrating
saliency ranking [58], and developing other complementary strategies [96, 97] to
enhance the reinforcement learning paradigm for object detection. An example
architecture of such a reinforcement learning‐based framework for iterative object
localisation is depicted in Figure 2.14.

Figure 2.14 Architecture of a reinforcement learning‐based object detection
framework for iterative object localisation. (Source: [58])

Feature enhancement techniques represent another significant area, exemplified
by Deformable Convolutional Networks (DCNs) introduced in 2017 [98]. DCNs
improves feature extraction across various detector architectures by incorporating
deformable convolutional layers and RoI pooling, enabling adaptive sampling of input
features with learnt offsets. This approach better models spatial transformations
and bolsters the detection of objects with varying shapes and sizes. Point‐based
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and slicing‐based approaches offer alternative detection paradigms. CenterNet [99],
models objects as single points (the centres of their bounding boxes) and uses keypoint
estimation to identify these centres while regressing to other properties such as size
and orientation. This results in an end‐to‐end differentiable system that is simpler,
faster, and often more accurate than traditional bounding box‐based detectors. The
architecture of CenterNet is illustrated in Figure 2.15. Furthermore, the Slicing Aided
Hyper Inference (SAHI) framework [100] improves small object detection by dividing
input images into overlapping patches during both fine‐tuning and inference. This
increases pixel coverage for small objects, which are then reassembled through non‐
maximum suppression. These diverse approaches complement mainstream detection
architectures by addressing specific limitations and introducing novel perspectives on
the object detection problem.

Figure 2.15 CenterNet architecture. (Source: [99])

2.3 Learning Using Privileged Information

Unlike the conventional machine learning approach, which selects the most suitable
function from a predefined set based solely on input‐output training examples, the
LUPI paradigm introduces a richer structure. Proposed by Vapnik and Vashist [14, 101],
LUPI introduces an inherent asymmetry between training and inference: additional
informative inputs, referred to as privileged information, are available during training
but not at test time [15, 102]. This distinction aims to accelerate the learning process
by guiding the model with supplementary insights that cannot be exploited during
deployment.

LUPI is inspired by human learning, reflecting the idea that a single day with a
great teacher can be more valuable than a thousand days of independent study [14,
103]. Following the intuition that a student gains more than just examples, the teacher
provides explanations, comparisons, and context, which enhance understanding [14,
103, 104]. In much the same way, LUPI incorporates additional information, known
as privileged information (x∗), during training. This data, which is not available during
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testing, offers a deeper understanding beyond the standard input‐output (x, y) pairs.
As outlined in [14], the standard supervised learning framework is formally expressed
by a training set composed of input‐output pairs:

(x1, y1), . . . , (xl, yl), xi ∈ X, yi ∈ Y. (2.1)

Assuming that the data pairs (x, y) are generated according to a fixed but unknown
probability distribution P (x, y). The task is to select the function ŷ = f(x; θ∗), with
parameter θ∗ ∈ Θ, from a specified class of functions which minimises the probability of
misclassification. In this setting, the input vector xi ∈ X describes an instance, and yi

denotes its corresponding target label. The predicted output ŷ is the model’s estimate
of the true label y given the input x. In comparison, within the LUPI framework, training
data can be represented as a sequence of triplets:

(x1, x
∗
1, y1), . . . , (xl, x

∗
l , yl), xi ∈ X, x∗

i ∈ X∗, yi ∈ Y. (2.2)

These samples are assumed to be drawn from an unknown but fixed probability
distribution P (x, x∗, y). The task is to select, from a specified class of functions f(x, θ),
where θ ∈ Θ, the function y = f(x, θ∗) that minimises the probability of classification
errors. Although the aim remains the same as in the conventional supervised learning
setting, the LUPI paradigm introduces an additional element during training. Rather than
learning from pairs (x, y), the model receives triplets (x, x∗, y), where x∗ ∈ X∗ represents
privileged information. This privileged component belongs to a separate spaceX∗, which
need not coincide with the original input space X .

In addition, the LUPI framework can be extended to align with the concept of
knowledge distillation [105], as proposed in [103]. Both approaches can be viewed
as instances of a broader idea in which one model provides guidance to another, a
process referred to as generalised distillation. This unified perspective treats Hinton’s
distillation [105] andVapnik’s use of privileged information [14] as complementary forms
of machine‐driven instruction. In this framework, a teacher model is first trained on
standard input‐output (x∗, y) pairs. The teacher then produces soft labels, which act as
enriched supervisory signals. These soft labels are used inHinton’s distillationmethod to
train a student model. The student learns from the soft labels generated by the teacher,
benefiting from the additional information embedded in the teacher’s predictions, even
though it only receives standard input‐output (x, y) pairs [103].

Within practical implementations, LUPI in deep learning is generally realised
through a teacher–student structure embedded in conventional training pipelines. The
teacher network is trained using both regular inputs and privileged data. Its outputs,
such as soft predictions or intermediate feature representations, are used to supervise
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the student through additional loss functions [104]. Kullback–Leibler (KL) divergence is
often used for classification tasks, while cosine similarity is more suitable when aligning
continuous outputs or internal vector representations [102, 105]. The architectures of
the teacher and student are usually similar, though the teacher is adapted to accept the
extra input during training [102, 103]. This setup integrates into existing deep learning
workflows with minimal modification. Various strategies have been investigated for
distilling knowledge, such as matching output logits [106], aligning attentionmaps [107],
transferring hidden features [102, 108], and combining multiple forms of guidance to
strengthen the student’s learning process [103, 109]. The application of LUPI within
computer vision is examined in greater detail in Section 2.5.

2.4 Review of Litter Detection Methodologies

Within the broader context of object detection, the task of identifying litter poses
particular challenges, especially when employing a UAV to capture expansive outdoor
scenes. The difficulty lies in the nature of the environments: litter often appears amid
textured and irregular backgrounds such as rocky outcrops or dense vegetation, where
visual contrast is minimal [7, 18, 110]. Despite these difficulties, several studies have
addressed this problemby creating a dataset or proposing varied and increasingly refined
approaches. In what follows, the review concentrates on themost prominent andwidely
cited works, offering a representative view of the prevailing methodologies adopted in
recent research.

2.4.1 Bottle Detection in the Wild Using Low‐Altitude UAVs

To address the challenge of bottle detection, the BDW dataset, introduced in 2018, was
developed to identify plastic bottles across varied environments usingUAV imagery, with
the broader aim of supporting recycling initiatives. The dataset comprises of images
captured from a DJI Phantom 4 Pro quadcopter equipped with a 3‐axis stabilised gimbal.
The footage was taken at AGL altitudes ranging from 10 to 30 metres, with a resolution
of 5472 × 3078 pixels. To bolster dataset diversity and simulate real‐world conditions,
the dataset includes images featuring eight distinct background types: bush forest land,
step, flat land, sand land, wasteland, mixture, plastic stadium, and grassland, as illustrated
in Figure 2.16. This diversity of different backgrounds, presented as part of the dataset
engineering process, accounts for the complexities associated with varied backgrounds
in terms of generalising to real‐world data. Furthermore, the authors highlight that the
plastic bottles in the dataset are relatively small, with sizes less than 50× 50 pixels, and
are often transparent, which allows the background to be visible through the bottles,
thereby significantly increasing the detection difficulty [17].
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Figure 2.16 Showcasing the different backgrounds found in the BDW dataset. (Source:
[17])

The BDW dataset contains 25,407 annotated images with 34,791 object
instances, all belonging to a single category: plastic bottles. Annotations in the
BDW dataset utilise Object‐Oriented Bounding Boxes (OBBs), which include traditional
bounding box coordinates along with additional parameters: centre coordinates (cx,
cy), height (h), width (w), and orientation angle (θ), where θ represents the angle from
the horizontal axis. Additionally, the dataset was split randomly into training (64%),
validation (16%), and testing (20%) subsets [17].

In their study, the authors utilise the created BDW dataset in multiple
experiments to train popular object detection models, including Faster R‐CNN, SSD,
YOLOv2, and a Modified Rotation Region Proposal Network (RRPN) from [111]. Among
these models, RRPN uniquely predicts OBBs, whereas the others predict standard axis‐
aligned bounding boxes. Wang et al. report that these experiments demonstrate that
OBB regression is crucial for oriented object detection. In addition, RRPN achieved
superior localisation accuracy while minimising false alarms and false positives, making
it the most robust model in the study [17].

2.4.2 Optimising Beached Litter Monitoring through Aerial Imagery

Building on the concept of litter detection proposed by [17], Deidun et al. (2018)
introduced an optimised system for monitoring beach litter through aerial imagery [112].
Their study focused on three coastal stretches within the North‐East Marine Protected
Area of the Maltese Islands. The monitored areas included Baħar iċ‐Ċagħaq, specifically
thewestern and eastern flanks of its rocky peninsula. The data collection process utilised
a DJI Phantom 4 Pro drone, configured with a gimbal angle of ‐90 degrees and flown at
an AGL altitude of 30 metres. This altitude was empirically determined to balance image
quality and spatial resolution, following tests conducted at heights ranging from 20 to
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50 metres. Images were captured at varying ground resolutions, ranging from 2.5 to 50
centimetres per pixel, to provide detailed visual data [112].

The collected footage was processed using OpenDroneMap software [113],
which facilitated the creation of point clouds and texture maps. Georeferenced
orthophotomapswith a resolution of 1 centimetre per pixel were generated usingGlobal
Positioning System (GPS) metadata embedded in the Exchangeable Image File Format
(EXIF) data of each image file. These orthophotos were subsequently tiled and visualised
in Google Earth [112].

Figure 2.17 Showcasing snapshots from the digitised marine litter database,
highlighting litter detected in the west (left) and east (middle) bays of Baħar iċ‐Ċagħaq,
and Qawra Point (right). Legend: blue = plastics; green = rope; red = wood; black =

rubber; white = other non‐natural materials. (Source: [112])

The digitised database of detected marine litter, shown in Figure 2.17, was
created using 473 annotated images containing 608 labelled instances of litter. These
instances were categorised into five litter types: plastics, rope, wood, rubber, and non‐
natural items. While the study did not involve testing object detection algorithms, its key
contribution lies in presenting a robust data collection protocol and improving problem
understanding [112].

2.4.3 SuperDock: Automated Floating Trash Monitoring System

To address the environmental issue of trash in rivers, Niu et al. (2019) proposed an
automated river trash monitoring system called SuperDock [114]. This system consists
of a Remote Processing Unit (RPU), a docking station, and a UAV. SuperDock enables
the UAV to land precisely on the docking station, where automated battery replacement
is performed. This allows the UAV to resume its monitoring tasks without significant
wasted time. SuperDock incorporates a deep learning‐based trash detection module,
leveraging the YOLOv3 architecture. As illustrated in Figure 2.18, the system includes

25



Chapter 2. Background and Literature Review

three key components: the RPU, the docking station, and the UAV. The object detection
process uses data collected from a consumer‐grade UAV flying at an AGL altitude of 5
to 10 meters [114].

Figure 2.18 Block diagram of the automated SuperDock system. (Source: [114])

The dataset features 100 annotated images, divided into 80% for training and
20% for testing, with a total of 312 object instances. All types of litter in the dataset
are annotated under a single category: garbage. Data augmentation techniques were
applied, increasing the dataset size by a factor of five. Additionally, the authors used
Microsoft AirSim (Aerial Informatics and Robotics Simulation) to experiment with the
gathered data. The dataset was used to train and test three object detection models:
Faster R‐CNN, YOLOv3, and YOLOv3 with an improved loss function. Among these,
the improved YOLOv3 model demonstrated the best performance in terms of both
accuracy and processing time. While the study did not focus on creating a specialised
litter detection dataset, its primary contribution lies in developing an automated trash
monitoring system [114].

2.4.4 Detection andMonitoring of StyrofoamLitter usingUAV Imagery

To analyse the patterns of waste generation and distribution, as well as the factors
contributing to its inflow, Bak et al. (2019) proposed an automated floating trash
monitoring system based on deep learning [115]. Their study focused on Heungnam
Beach in Geoje, situated in Korea’s marine climate zone on the South Sea. The
system utilises SegNet [116], an instance segmentation model based on a convolutional
encoder‐decoder structure developed by the University of Cambridge, to detect beach
litter. While the authors did not specify the exact number of annotated images in the
dataset, UAV imagery was collected using DJI’s MAVIC 2 PRO, a multi‐rotor UAV. The
UAV operated at an altitude of 15 meters, chosen to account for the size of the beach
litter and the Ground Sampling Distance (GSD). Orthoimages were generated using
Pix4D and divided into 224×224‐pixel segments for neural network input, with positional
information recorded for each segment [115].
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Figure 2.19 Styrofoam detection results using the trained neural network. (Source:
[115])

The developed dataset only contained a single litter category, focusing on
detecting Styrofoam waste, and was notably imbalanced, as the majority of pixels
represented the background, with less than 5% occupied by detected objects. To
mitigate this imbalance, data augmentation techniques were employed. Despite
these challenges, the system achieved an impressive detection accuracy of 98.2%,
demonstrating its efficacy in identifying Styrofoam litter on beaches, as depicted in
Figure 2.19 [115].

2.4.5 Small Litter Detection in Highly Variable Backgrounds

In 2019, Schembri and Seychell proposed a case study focusing on litter detection
through aerial imagery to address challenges in small object detection in highly variable
backgrounds [110]. This study explored techniques for small object localisation using
CNNs to detect litter in outdoor, non‐urban imagery. The dataset for this research
was collected using a consumer‐grade UAVs at altitudes ranging from 5 to 10 metres
AGL. Compiled from land surveys conducted within the Maltese Islands, the dataset
includes 744 annotated images with all types of litter objects classified under a single
litter category [110]. The algorithmic pipeline proposed by the authors for small litter
detection, is illustrated in Figure 2.20. A slidingwindow techniquewas used to subdivide
the entire scene into tiles of 224 × 224 pixels with a 32‐pixel overlap, and each tile was
processed individually. Non‐relevant objects such as the sky, sea, and humans were
masked during a scene filtering stage to improve accuracy. The litter detection problem
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was tackled using a VGG‐16 CNNmodel, pre‐trained on ImageNet [117], and fine‐tuned
with the collected dataset. Data augmentation techniques were also applied to improve
the model’s robustness [110].

Figure 2.20 Data flow and process diagram of the litter detection algorithm. (Source:
[110])

Due to the dataset’s foreground‐to‐background sample ratio of 1:20, a
confidence threshold was used to refine the detection results. CAM was employed
to improve the Intersection over Union (IoU) score by highlighting relevant foreground
areas. Thresholding and normalising the heatmap allowed for generating masks
that effectively located the target objects. An IoU threshold of 0.01 for Non‐
Maximum Suppression (NMS) was used to facilitate the detection of very small objects.
Furthermore, the study identified that stones and vegetation were among the classes
frequently misclassified as litter. To address this issue, the authors proposed a two‐stage
model incorporating a terrain filter to automate the detection ofmisclassifications, which
provided improved results. They also concluded that litter with more defined shapes
was easier to detect for both human annotation and algorithmic detection. Finally,
the authors also trained the Faster R‐CNN detection model on the same dataset and
observed lower performance metrics, which were attributed to its inability in handling
highly variable background representations [110].

2.4.6 TACO: Trash Annotations in Context for Litter Detection

Detecting litter in natural environments presents considerable challenges due to the
variability of litter, which can be deformable, transparent, aged, fragmented, occluded,
and camouflaged. Furthermore, models must contend with the wide variety of features
found in natural landscapes. To tackle these issues, Proença and Simões introduced the
TACO dataset in 2020 [7]. This dataset was created to feature images captured from a
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variety of global environments, as shown in Figure 2.21, including beaches and urban
areas, with litter segmented and annotated according to a hierarchical classification
system [7].

Figure 2.21 Annotated images from the TACO dataset, with litter objects marked using
polygon masks for instance segmentation. (Source: [7])

The TACO dataset includes 60 distinct litter categories, organised into 28 top‐
level (super) categories, as observed in Figure 2.22. Unlike UAV‐based datasets, TACO
consists of images captured from ground‐level natural environments. At the time of
release, the dataset comprised 1,500 annotated images and 4,784 instances of litter,
with an additional 3,918 new images currently awaiting annotation. The dataset uses
polygon masks for annotation in an attempt to tackle the problem of both object
detection, and instance segmentation [7]. The authors conducted several experiments
using Mask R‐CNN to evaluate the dataset’s performance. Two configurations were
tested:

• TACO‐1: Identifying a single class of litter.

• TACO‐10: Identifying ten distinct litter classes.

The authors noted that the detection performance was notably low due to
challenges in detecting small items, particularly cigarette butts, which led to a high rate of
false positives and negatives. This was attributed to their small size, with most images
resized to 1024 × 1024 pixels, causing many small objects (less than 20 × 20 pixels) to
be missed. Larger objects, such as cans and bottles, were detected more accurately,
though a considerable number of bottles were misclassified as cans. Confusion was also
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Figure 2.22 Number of annotations per super category in the published version of the
TACO dataset. (Source: [7])

observed between plastic bags and other litter, which is understandable given thematerial
similarities between these categories [7].

2.4.7 Multi‐Level Approach to Waste Object Segmentation

In 2020, Wang et al. also sought to address the challenge of waste object segmentation
through a multi‐level approach [118]. To create their dataset, the authors collected
waste items from a university campus, photographed individuals holding these items,
and then annotated the images. The MJU‐Waste dataset focuses solely on a single
category, classifying all items under the label ofwaste. TheMJU‐Waste dataset contains
2,475 annotated images and 2,525 instances of litter, all of which are annotated using
polygon masks. Unlike UAV‐based datasets, the MJU‐Waste dataset consists of images
captured from controlled environments. The dataset includes segmentation masks,
along with both raw and processed depth maps for all litter instances, captured using a
Microsoft Kinect RGB‐D camera. However, due to sensor limitations, the depth frames
contain missing values, notably at reflective surfaces, occlusion boundaries, and distant
regions. To address this, a median filter was applied to fill in the missing data and ensure
the depth images were of high quality. Each image in the dataset was annotated with
pixel‐wise masks of the waste objects, and examples of colour frames, ground‐truth
annotations, and depth frames are provided in Figure 2.23. Alongside the semantic
segmentation ground truths, object instance masks are also available [118].
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Figure 2.23 Sample RGB images, ground‐truth annotations, and depth frames from the
MJU‐Waste dataset. (Source: [118])

The authors evaluate their proposed method against state‐of‐the‐art semantic
segmentation baselines. Their approach adopts a multi‐level strategy for waste object
segmentation, involving three key stages: first, scene‐level parsing for initial coarse
segmentation; second, object‐level parsing to refine object region proposals; and third,
pixel‐level refinement using colour, depth, and spatial affinities. By combining inference
from all three levels, the method achieves a coherent and accurate final segmentation.
In addition, the study focuses on two particularly challenging scenarios for waste object
localisation: the hand‐held setting, which is crucial for applications such as service robot
interactions and smart trash bins, and waste objects found in natural environments.
A significant challenge noted by the authors in both cases is the extreme variation
in object scale, which leads to suboptimal performance from standard segmentation
algorithms [118]. In comparison to the TACO dataset, the MJU‐Waste dataset is
split as follows: 60% for training, 10% for validation, and 30% for testing. The
evaluation metrics used include IoU, mean IoU, and pixel precision. The models tested
include FCN‐8s [119], PSPNet [120], CCNet [121], and DeepLabv3 [122]. Among
these, DeepLabv3 performed best in terms of IoU and mIoU, while CCNet excelled in
pixel precision. Notably, DeepLabv3 also outperformed other models when tested on
the TACO dataset. The authors also conclude that their multi‐level approach proved
effective, with scene‐level segmentation, object‐level segmentation, and pixel‐level
refinement working together to produce high‐quality localisation results [118].

2.4.8 UAVVaste: Vision‐Based Trash and Litter Detection in Low
Altitude Aerial Images

In 2021, Kraft et al. addressed the challenge of detecting litter and the associated issue
of mapping detected litter geographically [19]. Their proposed system employed a UAV
equipped with onboard sensors to process low‐altitude aerial imagery. A key feature
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of the system was its reliance on low‐cost, commercially available components, which
were integrated into a self‐contained solution capable of autonomous operation during
UAV patrol missions. A notable contribution of their research was the introduction of
an application‐specific dataset, UAVVaste. This dataset consists of 772 images with
3,716 bounding box annotations, as illustrated in Figure 2.24, and is dedicated to a single
category: litter, labelled as rubbish. The creation of this dataset was motivated by the
lack of domain‐specific data tailored to UAV‐based litter detection. Compared to the
TACO dataset, the UAVVaste dataset features a marked distribution shift, characterised
by smaller object sizes, reflecting the unique challenges of detecting litter in aerial
imagery [19].

Figure 2.24 Sample images from the UAVVaste dataset with litter objects annotated
using bounding boxes. (Source: [19])

The UAV hardware used in the study included a Pixhawk 2 autopilot controller,
a Here2 GPS/Global Navigation Satellite System (GNSS) module equipped with a
barometric pressure sensor, and a downward‐facing camera stabilised using a gimbal.
The computational platform featured multiple components, including an Nvidia Xavier
NX, a Google Coral USB (Tensor Processing Unit (TPU)), and a Raspberry Pi 4. A
variety of neural network architectures were evaluated for litter detection. These
included SSD detectors with lightweight backends optimised for TensorFlow Lite, which
operated efficiently on the Google Coral TPU, as well as YOLOv3 and YOLOv4 and
their lightweight variants. For models deployed on the Nvidia Xavier NX, TensorRT was
utilised to optimise performance. Additionally, EfficientDet with a MobileNet backend
was implemented. Training these models involved transfer learning, leveraging pre‐
trained weights from the COCO dataset to improve performance [19].

A significant portion of this study also involved developing a geolocation
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algorithm to map detected litter using UAV sensor data. Camera calibration and
distortion correction were performed to ensure accurate mapping, assuming the camera
faced directly downward. The algorithm used the UAV’s altitude and camera angles
to estimate ground coverage, with localisation accuracy largely dependent on altitude
measurement precision. Alongside this spatial mapping component, model performance
was evaluated using standard detection metrics. The evaluation included the Mean
Average Precision (mAP) scores from the COCO dataset, calculated at IoU thresholds
of 0.5 and 0.95. Separate mAP and recall scores were also reported for small, medium,
and large objects. Among the models tested, YOLOv4 achieved the highest mAP, while
EfficientDet excelled in recall, particularly for smaller objects [19].

2.4.9 ZeroWaste: Towards Automated Waste Recycling

In 2022, Bashkirova et al. introduced the first industrial‐grade, in‐the‐wild waste
detection and segmentation dataset, ZeroWaste, making a significant contribution to
computer‐aided waste detection [8]. The dataset features four categories of litter:
cardboard, soft plastic, rigid plastic, and metal. Unlike UAV‐based datasets, the images in
ZeroWastewere captured in real‐world settings. The ZeroWaste dataset includes 10,715
annotated images, collected from a high‐quality paper conveyor at a single‐stream
recycling facility in Massachusetts, containing 27,744 instances of litter, all annotated
in polygon format, as illustrated in Figure 2.25. Data augmentation was also applied
to the dataset to improve model generalisation by artificially increasing the variety of
training samples. Furthermore, this four‐class labelled dataset captures various waste
items identified during the sorting process at the facility, which aims to separate high‐
quality paper from contaminants such as metal, plastic, brown paper, and cardboard [8].

The data was gathered using two compact recording systems placed at the start
and end of the conveyor belt during the facility’s routine operations. The footage
consists of 12 video sequences with a total duration of 95 minutes and 14 seconds,
recorded at a frame rate of 120 FPS and a resolution of 1920 × 1080. To ensure high‐
quality data, the footage was processed to correct optical distortions, crop unnecessary
elements, and remove motion blur. The ZeroWaste dataset was divided as follows:
65% for training, 15% for validation, and 20% for testing. The evaluation metrics used
include Average Precision (AP) and mAP at various thresholds, IoU, and pixel precision.
Additionally, the models tested include RetinaNet, Mask R‐CNN, TridentNet [123], and
DeepLabv3, and a series of experiments were conducted, including fully, semi, and
weakly supervised learning. The results revealed that the ZeroWaste dataset posed
considerable challenges for state‐of‐the‐art detectors such as Mask R‐CNN. However,
TridentNet emerged as the top‐performing detector, while DeepLabv3 achieved the best
results in terms of segmentation [8].
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Figure 2.25 Sample images (left) and ground truth polygon annotations (right) in the
ZeroWaste dataset. (Source: [8])

2.4.10 PlastOPol: Litter Detection with Deep Learning

To address the issue of litter accumulation, Córdova et al. investigated the efficacy
of lightweight neural networks for detecting litter in real‐world environments with
complex and crowded image backgrounds [18]. The study also evaluated the feasibility
of deploying these models on mobile devices with limited memory capacity. Their
2022 publication presented two key contributions: a comparative analysis of state‐of‐
the‐art deep learning techniques for image‐based litter and waste detection and the
introduction of a novel dataset, PlastOPol, comprising 2,418 images captured in real‐
world conditions with 5,300 litter annotations. The PlastOPol dataset includes a single
class, with all litter items categorised under the label litter. The dataset consists of
images from natural settings rather than being derived from UAV data. These images
were sourced using theMarine Debris Tracker and are publicly available under a Creative
Commons Attribution licence. The dataset was annotated in a bounding box format and
focused on the problem of object detection. Of the 5,300 annotated instances, 90.98%
are large objects, 8.40% are medium objects, and only 0.62% are small objects [18].

To assess the performance of various deep learning models in detecting litter,
the authors used both the proposed PlastOPol dataset and the publicly available TACO
dataset. For the PlastOPol dataset, the data was split into 80% for training and 20% for
testing. Evaluation metrics included AP, mAP at IoU threshold 0.5, F1 score, and recall.
The models tested included EfficientDet, Faster R‐CNN, Mask R‐CNN, RetinaNet, and
YOLOv5. As shown in Figure 2.26, the visual detection results on the PlastOPol dataset
highlight the performance of these models in identifying litter objects across different
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Figure 2.26 Visual detection results on the PlastOPol dataset. (Source: [18])

environments. The experiment results demonstrated that YOLOv5 was the best‐
performing model overall. The authors also observed that YOLOv5 and EfficientDet
were the fastest models, even when deployed on mobile devices. However, they noted
that all methods struggled with detecting small objects, such as cigarette butts. Notably,
YOLOv5x outperformed Faster R‐CNN and Mask R‐CNN in terms of speed [18].

2.4.11 Real‐Time UAV Trash Monitoring System

In 2022, Liao and Juang developed a marine litter detection system using UAVs [124].
Their goal was to reduce reliance onmanual efforts and offer a more efficient method for
identifying marine debris. The real‐time UAV trash monitoring system consisted of nine
components: UAVs, a message queuing system, a database, a video streaming server, a
connector, a UAV control station, a web service, a UAVmap, and a data analysis module,
as illustrated in Figure 2.27. The ground station incorporated key elements, such as the
video streaming server, Kafka, the Kafka connector, MongoDB, and the web service.
The system addressed two key challenges: object detection and geolocation, and as
part of the system’s development, the authors introduced the HAIDA dataset. This
dataset, collected on the NTOU campus, was used to train the object detection model
and contains two types of litter objects: garbage and bottles. The data was gathered
using a UAV equipped with a Pixhawk controller and an NVIDIA Jetson Xavier NX. The
UAV operated at altitudes ranging from 1 to 10 metres AGL [124].

The HAIDA dataset comprises 1,319 annotated images, with 6,475 instances of
litter, including 3,904 garbage objects and 2,571 bottle objects. Additionally, 456 images
in the dataset contain no litter. The authors utilised the dataset to train a YOLO object
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Figure 2.27 The system architecture of the real‐time UAV trash monitoring system.
(Source: [124])

detection model (version unspecified). The results showed that the model was able to
identify trash objects with an AP of over 70% at a 0.5 IoU threshold. Notably, as shown
in Figure 2.28, the detection confidence for small objects was high, with confidence
scores of 98.27%, 64.65%, and 91.86% for different categories of litter. The real‐time
UAV trash monitoring system operated by first collecting UAV footage as the drone
flew across predetermined waypoints. The footage was then transmitted to a server via
Kafka, where it was stored in an online database such as Oracle, MySQL, or MongoDB.
Using this stored data, the server applied the trash detection model to identify litter
both in the images and on a map. Control stations, both mobile and desktop, could
make requests to the server to retrieve the map data, which displayed the locations of
detected litter [124]. To estimate litter geolocation, the authors followed an approach
similar to that in [19], calculating pollution area based on UAV altitude, camera angles,
and object size in the image. This enabled a reliable approximation of both the position
and extent of detected waste [124].

(a) (b)

Figure 2.28 UAV trash monitoring results on the NTOU campus. (a) Detection results
from the UAV. (b) Detected litter plotted on a map, showing real‐time monitoring and

detection. (Source: [124])
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2.4.12 Outdoor Trash Detection in Natural Environment

As populations in underdeveloped nations continue to grow, the challenges associated
with trash production and disposal have become more urgent. Aware of the time‐
consuming and potentially hazardous nature of manual litter classification, Das et al.
(2023) aimed to tackle this issue by developing automated methods for more efficient
and safer waste management [125]. To achieve this, they focused on collecting data
that accurately captured the complexities of litter in Bangladesh, creating an outdoor
dataset, and incorporating OpenLitterMap to broaden its scope. This dataset comprises
images from natural settings, not UAV‐based data, and includes ten categories of litter:
tissue paper, plastic, medical waste, rope, paper, cigarette butts and boxes, metal, glass,
organic waste, and textiles. Initially consisting of 1,283 annotated images, the dataset
was expanded to 4,418 by integrating data from OpenLitterMap, a global database
containing litter and plastic images. The Bangladeshi dataset contains 6,178 instances
of litter, which was extended to 8,077 while retaining the ten distinct classes [125].

(a)

(b)

Figure 2.29 Litter detection results using different versions of the YOLOv5 model on
the Bangladeshi dataset. (a) 2 instances of litter; (b) 17 instances of litter. (Source:

[125])

The experimental setup used for this study involved a comparison with the TACO
and PlastOPol datasets. The Bangladeshi dataset was divided as follows: 80% for
training, 10% for validation, and 10% for testing. The evaluationmetrics includedAP and
mAP at IoU thresholds from 0.5 to 0.95, as well as F1 score and recall. Several models
were tested, including different versions of YOLOv5, YOLOv6, YOLOv8, and Faster R‐
CNN. The authors also employed data augmentation techniques during training and
optimised model performance by adjusting hyperparameters. In their study, the authors
reported that YOLOv5x was the best‐performing model, as visually demonstrated in

37



Chapter 2. Background and Literature Review

Figure 2.29, which shows a comparison of the detection bounding boxes on the images,
demonstrating the improved mAP for the expanded dataset. However, single‐class
detection experiments on the TACO and PlastOPol datasets yielded better results
compared to the Bangladeshi dataset. Das et al. also highlighted that in future work,
they plan to expand the dataset to include a broader range of categories, such as ocean
waste, which is currently absent. Additionally, other object detection methods, such as
SSD, Mask R‐CNN, and EfficientDet, could also be evaluated using their dataset [125].

2.4.13 Use of UAVs and Deep Learning for Beach Litter Monitoring

In 2023, Pfeiffer et al. proposed a framework for an autonomous beach litter monitoring
and retrieval system based on drone surveys and object detection using deep learning
techniques [126]. Their research combined drone footage collected from the islands of
Malta and Gozo, Sicily (Italy), and the Red Sea coast with publicly available litter datasets,
which were subsequently used to train an object detection model for identifying litter in
the captured footage. Figure 2.30 illustrates the overall framework of the proposed
beach litter monitoring system. To address both object detection and geolocation
challenges, the authors compiled a UAV dataset collected with a DJI Phantom 4 Pro
2.0 and a DJI Mavic 2 UAVs. The dataset covered altitudes ranging from 10 metres
above ground level to 60 metres above sea level and included 67 types of litter, which
were categorised into seven meta‐classes: clothing & fabric, glass, small objects, metal
litter, paper & cardboard, plastic, and other waste. Additionally, the collected Beach Litter
Dataset contains 4,126 annotated images and 10,611 litter instances, including 1,154
images with no litter present. The dataset was divided as follows: 60% for training, 20%
for validation, and 20% for testing. The models were evaluated using metrics such as
AP,mAP (at 0.5–0.95), F1 score, and recall, with the YOLOv5 model being the primary
model used for training [126].

The authors also created a geolocation algorithm to link detected litter with a
debris‐retrieving robot, requiring that detection coordinates be translated into real‐
world positions. This process used GPS‐tagged footage and involved calculating pixel
dimensions, spatial distances, and converting image offsets into geographic coordinates.
Accuracy was further refined by incorporating UAV height and camera angle, ensuring
reliable localisation for robotic retrieval [126]. The results of their experiments using
the YOLOv5 model on the labelled dataset were as follows: precision of 0.695, recall of
0.288, mAP@50 of 0.314, and mAP@50‐95 of 0.2. The model performed most reliably
on the following ten classes: plastic bottle, metal can, plastic bottle cap, plastic container,
shoe, cardboard, pop tab, rope & string, wood, and glass bottle [126].
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Figure 2.30 The system architecture of the real‐time UAV beach litter monitoring and
geolocation system, highlighting the two main pipelines: training (in red) and prediction

(in green). (Source: [126])

2.4.14 TrashNet: Real‐Time Object Detection for Trash Classification

In 2024, Veeravadivel Santhanalakshmi, and Nguyen introduced TrashNet, an object
detectionmodel designed to classify images of waste in real time. The dataset employed
to train the TrashNet network comprises six primary categories of litter: cardboard, glass,
metal, paper, plastic, and general waste. This dataset, derived from an image classification
dataset on Kaggle, does not utilise UAV‐based data. Furthermore, the TrashNet dataset
comprises 2,524 annotated images, each featuring a single object instance. The authors
explain that the dataset was divided into three subsets for model development: 70%
for training, 20% for testing, and 10% for validation. In this study, the YOLOv5 object
detection model was used, and its performance was evaluated using metrics such as
mAP, precision, recall, and F1 score. The authors highlight that the primary aim of this
studywas to develop a real‐time system to assist individuals in identifying the correct bin
for various types of waste near rubbish disposal areas, as seen in Figure 2.31. Notably,
the model successfully fulfilled this objective, achieving an accuracy of 90% on both the
validation and testing sets [127].

2.4.15 SODA: Small Objects at Different Altitudes

Modern UAVs are equipped with high‐resolution cameras capable of capturing detailed
pictures and videos of their surroundings. However, when the UAV is flying at higher
altitudes, objects in the images may look very tiny, occupying only a few pixels. This
poses substantial hurdles for spotting such objects. To tackle this issue, Pisani et al.
(2024) introduced the SODA dataset, designed to aid research focused on small object
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Figure 2.31 Litter detection results generated by the TrashNet detection model.
(Source: [127])

detection in aerial imagery [13]. The dataset features six primary types of litter, derived
from the TACO dataset: clear plastic bottles, other plastic bottles, glass bottles, glass jars,
drinking cans, and drinking cartons. Figure 2.32 illustrates examples of litter categories
used in the SODA dataset. Furthermore, the images were collected using a combination
of DJI Mini 2 and DJI Air 2S UAVs at various altitudes, including 1m, 5m, 10m, 15m,
20m, 25m, and 30m [13, 20].

Figure 2.32 The six object categories featured in the SODA dataset. (Source: [13])

The SODA dataset consists of 829 annotated images, with 452 (54.52%) taken
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at 1 metre and 377 (45.48%) captured from altitudes of 5 metres or more. The SODA
dataset supports multi‐class classification, with each object annotated with a distinct
label using polygons rather than bounding boxes. The authors explain that polygons offer
a more accurate fit around the object, whereas bounding boxes often capture additional
background. Additionally, they clarify that polygons provide precise alignment during
augmentations, such as rotation. Techniques for annotating with polygons and applying
these augmentations are outlined in [128]. However, although the SODA dataset is
annotated using polygons, the authors focus on the challenge of object detection rather
than instance segmentation. To address the challenge of detecting small objects across
multiple categories of litter, the authors employed three different training strategies.
The first approach involved segregating the training dataset according to altitude. In
the second approach, the dataset was merged while maintaining multi‐class labels. The
third approach also merged the dataset, consolidating all categories into a single litter
class. Notably, a key feature of this study was the application of a tiling methodology
to improve the detection of small objects. This technique divides an image into a grid
and splits it into smaller, equally sized sections, which were used in both the training
and inference stages. The authors note that the grid size can significantly influence
detection performance, with smaller grids, such as 2 × 2 (refer to Figure 2.33), used
at lower altitudes and larger grids, like 5 × 5, applied at higher altitudes. For the SODA
dataset, a 5× 5 grid was used across all altitudes and images [13, 20, 129].

Figure 2.33 Application of a 2× 2 tiling grid to aerial imagery captured at an altitude of
5 metres. (Source: [20])

Three object detectionmodels were trained for this study: YOLOv5 and YOLOv8
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(both one‐stage detectors) and Faster R‐CNN (a two‐stage detector). Models trained
using the second and third approaches were evaluated on the BDW dataset. The
results indicated that the third approach, which merged all classes into a single litter
category, outperformed the second approach. Additionally, the evaluation revealed that
the SODA dataset was lacking a sufficient number of images of clear plastic bottles.
In terms of mAP, the results for the different models were as follows: Faster R‐CNN
achieved a mAP of 0.921, YOLOv5 had a mAP of 0.854, and YOLOv8 performed with
a mAP of 0.728 [13, 20]. Conclusively, this study contributes to the use of UAVs for
capturing aerial imagery and applying computer vision techniques to detect and classify
objects within these images. The authors emphasise its significance as a crucial phase
and a stepping stone towards the automation of litter collection for cleanup efforts [13,
20, 129].

2.4.16 Discussion

The reviewed datasets and approaches highlight the growing potential, and popularity of
UAV‐basedAI systems for litter detection andmanagement. While certain datasetswere
originally developed for recycling classification in indoor or controlled settings, others
target outdoor environments, which present significantly greater challenges. Datasets
that rely on UAVs are particularly affected by the difficulty of identifying small objects
from aerial perspectives. The variation across datasets reveals a wide range of technical
and contextual difficulties associated with litter detection, as shown in Table 2.1. For
example, datasets such as TrashNet [127], MJU‐Waste [118], and ZeroWaste [8] were
created under artificial conditions. In contrast, datasets like PlastoPol [18], TACO [7],
and several UAV‐oriented collections [13, 17, 19, 112, 114, 124, 126] contain real‐world
data collected in natural and urban environments.

Honing in on UAV‐based litter deteciton, a recurring limitation evident in UAV
datasets is the restricted number of annotated categories. In many cases, only one
category is included. To this end, when multiple categories are included in a dataset,
a common practice observed was to conduct an experiment by merging all classes into
a single general litter category. Another challenge lies in the height at which data are
collected. Most UAV‐based datasets capture images at around 10 metres AGL or less.
Exceptions such as BDW [17] and SODA [13] extend this altitude to 30metres, while the
Beach Litter Dataset [126] reaches up to 60 metres. Notwithstanding this, from among
the UAV litter datasets only the SODA dataset [13] provides altitude‐specific subsets of
data. Notably, the diversity of litter datasets and public accessibility is a key factor in
supporting further development of AI‐based litter detection systems. Although several
of the reviewed datasets have been featured in international peer‐reviewed conferences
and journals, only a limited number are available to the public. As illustrated in Table

42



Chapter 2. Background and Literature Review

2.1, the publicly accessible datasets include BDW [17], TACO [7], MJU‐Waste [118],
UAVVaste [19], ZeroWaste [8], PlastoPol [18], HAIDA [124], TrashNet [127], and SODA
[13], with just four of these specifically developed for UAV applications.

In terms of detection methods, data augmentation is frequently employed to
improve model performance. This is a common practice across both UAV and ground‐
based approaches. Techniques such as image tiling or slicing are especially important to
facilititate UAV‐based litter detection. High‐resolution drone footage, often recorded in
4K, provides greater visual detail, which helps in identifying smaller objects. However,
standard object detection models typically require downscaled inputs, ranging between
640 and 1280 pixels. This reduction can enable small litter objects even harder to detect.
Splitting the original image into smaller tiles helps to preserve object size and minimise
the loss of pixel detail. Nevertheless, proper experimentation of this method must be
ensured, as adopting this process increases the computational load.

Name Year No of. Images UAV AGL Altitudes Dataset Details No of. Categories Available

BDWDataset [17] 2018 25,407 Yes 10m–30m Detection 1 (Litter) Yes

UM Geo. Survey [112] 2018 472 Yes 30m Data Collection 5 (Litter) No

SuperDock [114] 2019 100 Yes 5m–10m Detection 1 (Litter) No

StyrofoamMonitoring [115] 2019 N/S1 Yes 15m Detection, Segmentation 1 (Litter) No

Small Litter Detection [110] 2019 744 Yes 5m–10m Detection 1 (Litter) No

TACO Dataset [7] 2020 1,500 No N/A2 Detection, Segmentation 60 (Litter) [28 Super] Yes

MJU‐Waste Dataset [118] 2020 2,475 No N/A2 Segmentation 1 (Litter) Yes

UAVVaste Dataset [19] 2021 772 Yes low‐altitude Detection, Geolocation 1 (Litter) Yes

ZeroWaste Dataset [8] 2022 10,715 No N/A2 Detection, Segmentation 4 (Litter) Yes

PlasOPol Dataset [18] 2022 2,418 No N/A2 Detection 1 (Litter) Yes

HAIDA Dataset [124] 2022 1,319 Yes 1m–10m Detection, Geolocation 2 (Litter) Yes

Bangladeshi Dataset [125] 2023 4,418 No N/A2 Detection 10 (Litter) No

Beach Litter Dataset [126] 2023 4,126 Yes 10m–60m Detection, Geolocation 67 (Litter) [7 Super] No

TrashNet [127] 2024 2,524 No N/A2 Detection 6 (Litter) Yes

SODA Dataset [13] 2024 829 Yes 1m, 5m–30m Detection, Segmentation 6 (Litter) [4 Super] Yes

Table 2.1 Comparison of datasets and approaches, systematically organised, with
litter‐related images captured from both UAV and non‐UAV data.

In addressing the problem of litter detection, most studies rely on deep learning
models. The most commonly used architectures include variants of YOLO [61, 65,
130], along with Faster R‐CNN [79], RetinaNet [71], SSD [70], and EfficientDet [84].
A typical approach involves using these general object detection models as out‐of‐the‐
box solutions for the task [13, 18, 20, 126]. Other studies, such as those by [110, 115],

1N/S: The amount of images was not specified.
2N/A: Not applicable for non‐UAV‐based litter detection datasets.
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have explored modifications to the architecture and incorporated techniques such as
background removal and CAM to improve results. Additionally, some methods [7, 8,
118] approach the problem not just as an object detection problem but also as one
of litter instance segmentation. In this regard, models like DeepLabv3 [122] and Mask
R‐CNN [80] have gained prominence. Interestingly, other UAV‐based approaches [19,
124, 126] aim to address litter geolocation or georeferencing. These methods develop
algorithms based on drone properties and mathematical formulas, allowing integration
with the detection outputs to determine the precise locations of the detected litter.

2.5 Review of Learning Using Privileged Information in
Computer Vision

At the time of writing this dissertation, the application of the LUPI paradigm within
object detection remains underexplored. One early attempt is the work of Feyereisl
et al. (2014) [131], who employed segmentation masks and SURF features as privileged
information for object localisation. Their approach enabled a Structural SVM+ algorithm
to incorporate privileged information on the Caltech‐UCSD Birds 2011 dataset [132].
However, this study is relatively old, addressed only the problem of general localisation,
and did not involve modifications to deep learning–based object detection models. The
reported improvements from privileged information were also marginal. A later study by
Sun et al. (2018) [133] also used the Caltech‐UCSDBirds dataset to examine localisation
with privileged information. In their work, segmentation masks were applied to a subset
of imageswhere the birds appeared relatively large andwell‐defined. Themethod, based
on the Joint Kernel Support Estimation (JKSE) algorithm [134] and evaluated on this
subset, achieved only limited improvements in localisation accuracy as measured by the
IoU metric. These works highlight that research on LUPI in detection and localisation
remains at an early stage. More broadly, in computer vision, applications of LUPI are
still sparse, even though many tasks involve an asymmetry between the information
available during training and that at test time [135], a setting where LUPI is particularly
relevant.

Sharmanska et al. [135, 136] explore four distinct forms of privileged information
for image classification: semantic attributes, bounding boxes, textual descriptions, and
annotator rationale. Their experiments apply these types of privileged information
within a rank transfer framework compatible with SVM solvers, focusing on the
SVM+ algorithm. Their findings indicate a measurable improvement in classification
performance when LUPI is integrated into the learning process [135, 136]. In a
related contribution, Wang et al. [15] also address multi‐label image classification by
incorporating privileged information during training. Their approach employs similarity
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constraints derived from privileged inputs, along with ranking constraints informed
by multiple labels, to develop a more effective classifier. High‐resolution images and
associated image tags serve as the privileged data, available solely during training. The
method is evaluated across several benchmark datasets, and the results suggest that
the inclusion of privileged information, alongside an awareness of label dependencies,
contributes meaningfully to improved model performance [15].

Although not directly related to LUPI, a substantial body of work aligns
conceptually through the use of knowledge distillation techniques within computer
vision [108, 109]. Knowledge distillation is a prominent method in machine learning,
facilitating the transfer of information from a high‐capacity model to a smaller, more
efficient counterpart [105]. This process enables the distilled model to retain essential
predictive capabilities while reducing computational overhead.

In the context of vision‐based tasks, various distillation methods have been
explored, including those based on output responses, internal feature representations,
and inter‐feature relationships [109]. These techniques are applicable across a range
of visual domains, including image classification, object detection, and multimodal
frameworks. Specific to object detection, two widely adopted strategies are feature
imitation and logit matching, which aim to replicate intermediate activations and
output distributions respectively [108]. A noteworthy development is the concept
of localisation distillation, as proposed in [108], which refines the transfer process
by concentrating on spatial regions deemed informative for both classification and
localisation. This targeted distillation allows the student model to better capture
salient visual patterns by selectively attending to regions that contribute meaningfully
to detection accuracy.

2.6 Metrics

To objectively assess the performance of object detection systems, it is necessary to rely
on standardised evaluation protocols. These metrics enable a consistent comparison
between different models and methodologies, independent of the datasets or specific
applications involved. In the context of object detection, evaluation typically involves
comparing predicted bounding boxes and class labels against annotated ground truth
data using metrics derived from the IoU criterion. This section outlines the most widely
used performance metrics in vision‐based detection tasks.

Performance is typically measured by comparing predicted bounding boxes and
class labels against annotated ground truth using the IoU metric, which quantifies
the overlap between predictions and actual annotations. The IoU threshold defines
the minimum required overlap for a detection to be accepted as a true positive.
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Lower thresholds (e.g., 0.5) allow for more leniency, while higher thresholds (e.g., 0.75)
enforce stricter accuracy requirements [137]. This threshold informs the calculation
of standard indicators: True Positives (TP), which represent correctly detected objects;
False Positives (FP), indicating incorrect or insufficient detections; and False Negatives
(FN), which refer to missed objects that appear in the ground truth. True Negatives (TN)
are generally excluded from these evaluations, as they pertain to correct predictions of
object absence.

IoU, or Jaccard’s Index, serves as a metric for evaluating the overlap between the
predicted bounding box and the ground truth, offering a quantitative measure of the
precision in object localisation. As demonstrated in Equation2.3, b denotes the predicted
bounding box, while g refers to the ground truth. A higher IoU value, with a maximum
of 1, signifies greater accuracy in the predictions, indicating a smaller deviation between
the predicted bounding box and the ground truth.

IoU(b, g) =
area(b ∩ g)

area(b ∪ g)
. (2.3)

Precision, as outlined in Equation 2.4, measures the proportion of relevant items
retrieved by the model. It is determined by the ratio of TP, which are objects correctly
identified as relevant, to the sumof TP and FP,which denotes the total number of objects
that were mistakenly identified as relevant.

Precision =
TP

TP+ FP
=

IoU(b, g) > threshold
IoU(b, g) > threshold+ FP

. (2.4)

Recall, as presented in Equation 2.5, evaluates the model’s ability to identify all relevant
items. Recall is calculated as the ratio of TP to the sum of TP and FN, with FN
representing relevant objects that the model failed to detect.

Recall =
TP

TP+ FN
=

IoU(b, g) > threshold
IoU(b, g) > threshold+ FN

. (2.5)

The F1 Score, represented in Equation 2.6, is the harmonic mean of precision and recall,
offering a balanced evaluation of both. It is computed by taking the product of precision
and recall, doubling it, and dividing by the sum of precision and recall, thereby reflecting
the model’s overall ability to identify relevant objects.

F1 Score = 2× Precision · Recall
Precision+ Recall

. (2.6)

Average Precision (AP), as outlined in Equation 2.7, evaluates the overall precision at
various recall levels, Rk, where k represents a recall threshold between 0 and 1. AP
reflects the balance between FP and FN, providing a more nuanced evaluation of model

46



Chapter 2. Background and Literature Review

performance. It can also be interpreted as the area under the precision‐recall curve
(AUC), with higher values signifying better model performance.

Average Precision (AP) =
n∑

k=0

(Rk −Rk−1) · Pk. (2.7)

The Mean Average Precision (mAP), as represented in Equation 2.8, computes the
average precision across allN classes by summing the individual average precision values
(APi) and dividing by the total number of classes. mAP values range from 0 to 1, with
higher values indicating better model performance.

Mean Average Precision (mAP) =
1

N

N∑
i=1

APi. (2.8)

The Mean Average Recall (mAR), as defined in Equation 2.9, measures the model’s
average recall across all N classes. For each class, recall is computed at several IoU
thresholds, typically ranging from 0.50 to 0.95 in steps of 0.05. These per‐class recall
values are first averaged across IoU levels, then across all categories. This results in a
singlemAR score that reflects themodel’s ability to detect objects across varying overlap
conditions. Additionally, mAR can be reported at different detection counts, such as
mAR@1, mAR@10, and mAR@100. These settings restrict the evaluation to the top 1,
10, or 100 predicted boxes per image, respectively [137].

Mean Average Recall (mAR) =
1

N

N∑
i=1

ARi(IoU). (2.9)

The confusion matrix, shown in Equation 2.10, is a metric that summarises a
classification network’s performance by reporting TP, FP, FN, and TN for each class. In
the context of object detection, a background class (denoted asBG) is added to account
for regionswithout objects. Thematrix includes all object categories themodel is trained
to detect, collectively represented as the set C . A strong diagonal in the matrix suggests
high accuracy, indicating that predicted labels closely match the actual ones.

Confusion Matrix
c ∈ {BG, 1, . . . , C}

=

Predicted Positive Predicted Negative

Actual Positive TPc FNc

Actual Negative FPc TNc

. (2.10)

2.7 Conclusion

This chapter has provided a structured foundation for understanding the task of object
detection, describing its core challenges and progressing through the evolution of

47



Chapter 2. Background and Literature Review

methodologies, from traditional techniques to contemporary deep learning models. It
has also outlined the conceptual basis and definition of the LUPI framework, highlighting
its potential to address information asymmetries during training by incorporating
privileged data and distilling knowledge effectively. The discussion then turned to
existing approaches in litter detection, considering both aerial and ground‐based
methods, as well as the broader application of LUPI within computer vision. Collectively,
these sections provide the necessary foundation for a focused examination of how
models trained using the LUPI framework may improve both the performance and
robustness of litter detection systems. To complete the framework, relevant evaluation
metrics were introduced, setting the stage for the rigorous assessment of these models
in subsequent chapters.

48



Chapter 3 Methodology

“We cannot solve problems with the
same thinking we used when we created
them.”

– Albert Einstein

3.1 Introduction

This chapter opens with a formal mathematical formulation and theoretical context
for the problem under investigation, specifically addressing how LUPI may be
incorporated into object detection. This initial section establishes the conceptual basis
before proceeding to define the role of privileged information within this context.
Subsequently, the chapter presents an overview of the object detectionmodels selected
for this study. This is followed by a detailed account of the modifications made
to these models to facilitate the construction of the teacher and student networks.
An architectural overview is provided to clarify the interrelation between these
components and the general configuration adopted. The following section outlines
the implementation details, including the training parameters employed during the
experiments outlined in the next chapter. Furthermore, this section also covers the
pre‐processing and post‐processing steps applied uniformly across all models. The
discussion then turns to the datasets employed in this study. Both UAV‐based litter
detection datasets and the Pascal VOC 2012 dataset are examined, highlighting the
dataset pre‐processing techniques required for each. The structure and nature of the
data are also considered in relation to the proposed evaluation methodology.

3.2 Problem Definition

To properly investigate the role of learning using privileged information in object
detection and assess its feasibility, as per the first objective (O1), it is first necessary
to understand the core problem being tackled and the required outputs. As outlined
in Section 2.2, the object detection problem can be decomposed into two distinct
components: localisation and classification. With respect to the localisation component,
the objective is to predict a bounding box (b) that encapsulates the object of interest. This
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bounding box can be formally represented as a set of coordinates:

b = {bx, by, bw, bh}, where 0 ≤ bx < W, 0 ≤ by < H, 0 ≤ bw ≤ W, 0 ≤ bh ≤ H, (3.1)

where bx and by denote the coordinates of the box’s centre, while bw and bh represent
the width and height of the box, respectively, constrained by the image dimensions
W (width) and H (height). In contrast, the classification component aims to assign a
categorical label to the detected object. Let l denote this predicted class label for a
single object of interest:

l ∈ L, (3.2)

whereL represents the set of all possible class labels defined during the training process.
For instance, in the case of COCO, trained models predict 80 distinct labels, i.e., L=
{l1, l2, . . . , l80}, while for Pascal VOC, the label set is smaller, with L= {l1, l2, . . . , l20}.
Thus, for multi‐label object detection, the predicted output for a given image can be
defined as a set of detections (O), whereby each tuple in the set consists of a bounding
box and a class label:

O = {(b1, l1), (b2, l2), . . . , (bi, li)}Ni=1 , where N ∈ N. (3.3)

Here, N represents the total number of detections (or predictions) made for the given
image, which is typically determined by the model’s output layer and the number of
objects detected in the scene.

After establishing the output, the next step is to focus on the predicting function
f(x), where x represents the input image fed into the network. In the context of
object detection, this prediction can be split into two tasks: predicting the bounding
box coordinates through a regression process and predicting the class label through a
classification task. Therefore, the prediction function can be expressed as:

f(x) = r(x)⊕ c(x). (3.4)

In this formulation, r(x) the regression component is responsible for estimating
the bounding box coordinates, while c(x) the classification component is responsible for
assigning a class label to the image. The operator “⊕” denotes set element addition,
combining the outputs from both the regression and classification components to form
the final output set, denoted by O.

The object detection task, as formulated in the LUPI paradigm, incorporates both
standard input data (x) and privileged information (x∗), where the latter is only available
during training. This combination enhances the model’s performance by providing
additional context. Formally, the object detection problem is defined using a training
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set consisting of triplets, as follows:

Dtrain = (xi, x
∗
i , yi)

N
i=1, xi ∈ X, x∗

i ∈ X∗, yi ∈ Y. (3.5)

In this formulation, X represents the space of input images, X∗ denotes the space of
privileged information instances, and Y comprises the space of bounding boxes with
their associated class labels. Given a teacher model defined as:

fteacher : X ∪X∗ → Y, (3.6)

which accurately predicts y based on both x and x∗, the objective is to develop a student
model:

fstudent : X → Y, (3.7)

that effectively maps X to Y by leveraging not only the intrinsic information in X , but
also the knowledge encoded within fteacher. In other words, during training, fstudent learns
tomapX to Y through knowledge distillation from fteacher and the information contained
in the labelled examples from the training set Dtrain.

3.3 Proposed Approach

Given the problem definition, the proposed approach aims to integrate LUPI into object
detection. To this end, both the fteacher and fstudent models are implemented as deep
neural networks, each consisting of L layers. These models are represented as a series
of transformations:

fteacher = f
(t)
1 ◦ f (t)

2 ◦ · · · ◦ f (t)
l ◦

{
f
(t)
r ◦ f (t)

r+1 ◦ · · · ◦ f
(t)
r+k

f
(t)
c ◦ f (t)

c+1 ◦ · · · ◦ f
(t)
c+m

}
◦ f (t)

L , (3.8)

fstudent = f
(s)
1 ◦ f (s)

2 ◦ · · · ◦ f (s)
l ◦

{
f
(s)
r ◦ f (s)

r+1 ◦ · · · ◦ f
(s)
r+k

f
(s)
c ◦ f (s)

c+1 ◦ · · · ◦ f
(s)
c+m

}
◦ f (s)

L , (3.9)

where the operator ◦ denotes function composition, and f
(t)
i and f

(s)
i represent the

i‐th transformation layer in the teacher and student networks, respectively. The l‐th
layer of both networks, f (t)

l and f
(s)
l , is constrained to have identical dimensionality,

ensuring that the shared latent representation is consistent across both models.
This shared representation serves as the foundation for deriving both the regression
and classification outputs. Specifically, the regression branch, consisting of layers
f
(s)
r , f

(s)
r+1, . . . , f

(s)
r+k, predicts the bounding box coordinates, while the classification

branch, consisting of layers f
(s)
c , f

(s)
c+1, . . . , f

(s)
c+m, assigns class labels to the detected

objects. In our implementation, the number of layers in both branches is the same
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(k = m), and the outputs of both branches, which produce vectors of compatible
dimensions, are combined (e.g., concatenated or stacked) and then fed into the final
layer f (s)

L to form the final detection output (O) as defined in Equation 3.3.
In this formulation, both teacher and student networks follow a structure similar

to standard object detectors such as RetinaNet, with their detailed architectures and
training setup described in the subsequent sections. The indices r and c denote the
starting layers of the regression and classification branches, respectively, while k andm
specify the number of layers within those branches. The index l identifies the shared
intermediate layer used for representational alignment between the two models and
serves purely as a reference point for comparison rather than a fixed architectural
parameter.

To enable knowledge transfer between the models, a distance function
D(f

(t)
l , f

(s)
l ) is minimised, thereby aligning the internal representations of the teacher

and student at layer l. For each training triplet (xi, x
∗
i , yi) ∈ Dtrain, where xi denotes

the standard input, x∗
i denotes the privileged information, and yi is the target label,

the teacher computes a more expressive latent representation due to access to both
xi and x∗

i . The student, restricted to xi, is guided to approximate this representation via
distillation.

The student network is optimised using a composite loss function (LS ) that
incorporates both supervised learning and representational distillation. The overall loss
is defined as:

LS = (1− α) · L(fstudent(x, y)) + α ·D(f
(t)
i , f

(s)
i ), (3.10)

where L(fstudent(x, y)), represents the standard supervised loss for the student network,
which encompasses both regression and classification tasks. The term D(f

(t)
i , f

(s)
i )

denotes the distillation loss, measuring the difference between the teacher and
student networks’ internal representations at the i‐th layer. The scalar parameter
α ∈ [0, 1] controls the balance between standard supervision and distillation.
Specifically, α determines howmuch the student network relies on the teacher’s internal
representation as opposed to learning from labelled data. When α = 0, the student
learns solely from labelled data, while α = 1 implies that the student depends entirely
on the teacher’s internal representations for guidance.

To compute the dissimilarity between the latent feature representations of the
student and teacher (D), the cosine distance function is employed:

D(f
(t)
i , f

(s)
i ) = 1−

∑d
j=1 f

(t)
i,j f

(s)
i,j√∑d

j=1(f
(t)
i,j )

2

√∑d
j=1(f

(s)
i,j )

2

. (3.11)

Here, f (t)
i and f

(s)
i represent the feature vectors of the teacher and student networks
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at layer i, each of length d, with j indexing the components of the vectors. Here,
the cosine distance captures the angular difference between these representations. By
encouraging alignment at a shared intermediate layer l, the student can benefit from
the privileged information available during training, even though only the input x is
accessible at inference.

Given this general formulation of how we integrated LUPI within the context of
object detection, the next step, in alignment with the stated objectives, is to delve into
the nature and role of the privileged information itself.

3.4 Privileged Information for Object Detection

Determining the appropriate form for privileged information that can be effectively used
for object detection is challenging. Identifying the relevant information that enables
detection networks to achieve improved results requires extensive research. Recent
studies have delved into similar aspects of this issue, aiming to understand how humans
detect objects in a scene [138]. In [138], it was highlighted that physical reasoning, such
as the centre of mass, is a key factor humans rely on when locating objects. This suggests
that physical reasoning and vision are intertwined, rather than one process solely
depending on the other. The relationship between the two is sufficiently strong that
physical reasoning can predict the location of objects more effectively than processes
like spatial memory and attention. In related studies in deep learning, saliency [139, 140]
and depth prediction [141, 142] outputs were analysed to determine which sources
most strongly correlate with object detection [56]. The results showed that saliency
prediction had a stronger correlation with the object detection problem [56]. Building
on these findings, a preliminary experiment was conducted to assess several renowned
saliency methods, including the Itti [139] and DeepGaze IIE [140] models, as well as
popular depth prediction models such as Depth Anything [141] and DPT‐Large [142].
Figures A.1 and A.2 illustrate the findings. However, these single‐channel privileged
information sources did not prove to be particularly successful in improving detection
performance.

To further investigate the types of privileged information that could be beneficial
in this regard, inspiration was drawn from psychological concepts related to human
perception [143, 144]. Specifically, the spotlight principle was investigated in the
context of identifying privileged information that could potentially improve detection
accuracy [144]. According to [144], spatially directed attention significantly improves
visual perceptual processing. Drawing from this attention spotlight principle in the
human visual cortex [144], this study explored how a similar concept might be applied
to object detection, albeit in a different format. The underlying idea is straightforward:
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given an image, how can an object detection network be guided to focus on areas containing
the objects of interest? Although the network already receives guidance through
the ground‐truth bounding boxes during training, the study considered whether an
additional channel could be integrated to streamline and aid the search process. It is
within this context that this study proposes a bounding box mask as a potential solution.

(a) (b)

Figure 3.1 Visual illustration of generated privileged information: (a) a three‐channel
RGB image from the SODA dataset [13], and (b) the corresponding generated

privileged information represented by a single‐channel bounding box mask image.

The bounding box mask image proposed in this study serves as a structured form
of privileged information, developed to support object detection networks across both
localisation and classification tasks. The generated image consists of a black background,
representing non‐object regions. Over this, bounding boxes are drawn to indicate the
locations of objects, thereby addressing the localisation problem. To simultaneously
encode class‐specific information, each bounding box is filled with a distinct shade of
grey corresponding to its class label in order to tackle the classification problem. This
approach is visually exemplified in Figure 3.1.

Moreover, a single‐channel grayscale format in the range [0, 255] was used to
represent the generated privileged information image. This kept the representation
simple, preserving essential structure and meaning, without adding extra computational
load. This single‐channel format was selected in preference to RGB representations, as
it simplifies the data without compromising the richness of the information conveyed.
The algorithm used to generate this form of privileged input is presented in Algorithm 1.
Special attention was given to reducing object occlusion within the privileged mask. To
achieve this, a sorting step was introduced before rendering the bounding boxes onto
the black mask image. The boxes were ordered in descending size, allowing the larger
ones to be drawn first. This approach helped to reduce the likelihood of smaller objects
being obscured.

It is important to note that the generation of this privileged layer makes use
of the ground‐truth annotations provided in the training dataset. The bounding box
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coordinates and class labels are used to create the grayscale mask, where each object
class is assigned a unique shade of grey. This allows different object types to be
visually distinguishable within the privileged image. However, this information is only
available during training and is therefore considered privileged. At inference time,
such annotations–including bounding boxes and class labels–are not accessible, as they
represent the outputs produced by the object detection network rather than its inputs.
Consequently, only the teacher network can make use of this additional information,
while the student network learns from the teacher’s guidance without directly accessing
these annotations.

Algorithm 1 Generating Bounding Box Mask (Privileged Information) for Object
Detection
Input: Bounding boxes, labels, image width, height, number of classes
Output: Single‐channel grayscale bounding box mask
1. Initialise a blank grayscale image of size (width, height)
2. Load annotations: bounding boxes and class labels
3. Assign distinct grayscale values in range [55, 255] to each class label to avoid overlap
4. Sort annotations by bounding box area (descending order) to reduce occlusion
for each annotation i do
5. Extract bounding box coordinates (bx, by, bw, bh) and label l
6. Retrieve grayscale value corresponding to l
7. Fill the box region in the image with this value

end for
8. Save as a single‐channel grayscale mask image

In addition to this, polygon or segmentation masks are often regarded in
the literature [128, 131, 133] as offering greater precision in object representation.
However, in this study, the bounding box mask was preferred over these alternatives
for two principal reasons. The first is that the majority of object detection datasets are
annotated using bounding boxes rather than polygon formats. Consequently, obtaining
a polygon mask from a bounding box would require the use of a segmentation model
such as [80, 122, 145, 146] to predict the polygon mask. Such a prediction cannot be
regarded as ground truth and would therefore introduce an additional error surface.

The second reason concerns the control of the error margin. The aim was
to improve object detection accuracy without adding unnecessary complexity by
introducing shape details that could confuse the model. Preliminary experiments with
polygon masks indicated further challenges, particularly in handling overlapping objects.
Since these were not represented as squares, identifying the object’s corners and
thereby locating its centre proved difficult. Nevertheless, the potential of polygon
or segmentation masks as privileged information for object detection merits further
investigation in future studies.
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3.5 Deep Learning‐Based Object Detection Architectures

A structured methodological framework was devised to investigate the influence of
LUPI in object detection and assess whether it provides measurable improvements in
accuracy, without necessitating increasingly complex or computationally demanding
architectures, to address the first objective (O1). This framework relied on utilising
pre‐trained models with few structural adjustments, as briefly hinted in the preceding
sections, thereby presenting a methodology capable of accommodating the integration
of LUPI into existing detection pipelines to tackle the second objective (O2). To ensure
scientific rigour and relevance, a selection of renownedmodelswas employed to test this
hypothesis–models that feature prominently in object detection literature and are also
commonly used in litter detection (see Section 2.4). Five architectures were selected for
their distinct algorithmic principles and practical relevance: Faster R‐CNN [76], SSD [70],
RetinaNet [71], SSDLite [72], and FCOS [75]. All of these models are open‐source and
publicly available through the torchvision1 library, with pre‐trained weights sourced
from the COCO dataset. Furthermore, these pre‐trained configurations provided a
uniform baseline for all subsequent experimental comparisons.

Although the study drew upon the full suite of pre‐trained object detection
models offered through the torchvision Application Programming Interface (API),
these five were selected particularly for their representational breadth and relevance
across differing detection paradigms. Together, these models cover both one‐stage and
two‐stage detection paradigms, as well as lightweight and computationally intensive
architectures, providing a balanced basis for assessing the contribution of LUPI. Their
selection ensured that any findings are not confined to the characteristics of a single
architecture but instead speak to broader trends observable across different model
types.

3.6 Learning Using Privileged Information for Object
Detection

Having established the architectures and defined the privileged information for this task,
the next stage involved integrating this information into each model through a unified
training pipeline. This is done by adapting each architecture to support a teacher–
student training setup. In this pipeline, the teacher model is trained using RGB images
(x), privileged information (x∗), and the corresponding labels (y). The student model,
sharing the same architecture, is trained only with RGB images and labels, mimicking

1https://pytorch.org/vision/main/models.html#object‐detection
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the input conditions expected at deployment. This setup ensures that the student does
not rely on any modality unavailable at test time.

Knowledge transfer between the teacher and student models is performed
through distillation, which allows the student to learn from the teacher’s enriched
representations derived from bounding box mask privileged information. To ensure
methodological consistency and isolate the effect of privileged information, both
the teacher and student models employ identical architectures. This approach
simplifies the alignment of intermediate features or output logits during training
and eliminates architectural differences as a confounding factor. Consequently, any
observed improvements in detection performance can be confidently attributed to the
incorporation of privileged information rather than variations in model design. For
example, a RetinaNet teacher model is exclusively paired with a RetinaNet student
model, avoiding cross‐architecture training scenarios such as pairing a Faster R‐CNN
student with a RetinaNet teacher.

3.6.1 Teacher Network

To incorporate privileged information, the teacher network was modified to accept
both the RGB image and its corresponding bounding box mask. Since conventional
models typically process three‐channel RGB inputs, the input layer was adapted to
accept a four‐channel tensor, combining the RGB data with the single‐channel mask.
More generally, the architecture was extended to handle inputs with N channels,
accommodating additional privileged sources. This modification affected the initial
convolutional layer, requiring reinitialisation of its weights. To maintain consistency with
pre‐trained parameters and ensure stable training, Kaiming Normal initialisation [147]
was applied to the adjusted layer.

3.6.2 Student Network

With the teacher network established, the subsequent step involved defining the
student network. While the student learns under the supervision of the teacher, it does
not receive any privileged information as input. Consequently, the input layer of the
student network remained unaltered, allowing the direct use of a standard pre‐trained
object detection model. To incorporate teacher supervision during training, however,
the student’s loss function had to be adjusted to include a distillation term, as described
in Equation 3.10.

To enable meaningful feature‐level distillation, this approach required the
selection of a shared internal layer from both networks, one that captures semantically
rich representations and allows for direct comparison. In this study, the final backbone
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layer was selected for distillation, in line with existing approaches in this area [102, 103,
108]. Specifically, for architectures such as Faster R‐CNN, RetinaNet, and FCOS, which
rely on the ResNet‐FPN backbone, this corresponded to the final convolutional layer
preceding the FPN. The feature layer used for distillation in SSD, and SSDLite was taken
just before the auxiliary detection heads, corresponding to the final layer of the VGG‐16
and MobileNetv3 backbones, respectively.

While previous studies have commonly employed the final backbone layer
for knowledge transfer, it is important to acknowledge that this choice may not be
optimal across all network architectures. The varying designs of FPNs and detection
heads introduce complexities that might be better addressed by distillation applied at
multiple levels or different points within the model. Intermediate layers, for example,
may contain distinct or complementary features that the final backbone layer does
not capture, potentially bolstering the knowledge transfer process. Due to practical
limitations and to preserve consistency across experiments, this investigation did not
evaluate alternative distillation layers or experiment with different architectural points
for knowledge transfer. Nonetheless, identifying the most suitable layer or combination
of layers for knowledge transfer in each architecture represents a valuable avenue
for future investigation. Given the variability in architectural design, their response
to distillation may differ, and further research could refine and improve the current
approach.

Once the appropriate layer was selected, the corresponding latent feature
representations were extracted during training from both the student and the teacher.
These outputs were then flattened into vectors, allowing for a similarity comparison
using the Cosine Distance (D) function. This metric quantifies the angular divergence
between the two feature vectors, offering a precise scalar measure of their alignment in
feature space. The resulting distance value was then integrated into the student’s total
loss function. As outlined in Equation 3.10, an α parameter controls the influence of this
distillation loss, balancing the learning from direct supervision against the soft guidance
offered by the teacher.

3.6.3 Proposed Architecture

Bringing together all the elements described in this section, the incorporation of
privileged information into any object detection model can be formally represented
through the architecture depicted in Figure 3.2. This method rests on two core
alterations: adapting the teacher network to process both RGB images and the
corresponding privileged input and introducing a loss adjustment in the student
model to enable distillation. These adjustments are deliberately kept minimal to
prevent unnecessary architectural complexity or increased computational demands. The

58



Chapter 3. Methodology

required changes are confined to modifying the input layer of the teacher model and
integrating a distillation mechanism during the student training. Moreover, generating
the privileged information, such as bounding box masks, remains a simple and direct
process.

Training an optimised detection model in this study began with the teacher
network, which was configured to learn from a richer four‐channel input composed
of RGB data and privileged information. Once the teacher was trained, its parameters
were frozen, and it served as a guide for the student model. During this training phase,
the student processed only the standard RGB images, ensuring no modifications to the
existing detection architecture while strictly preventing any data leakage from privileged
information into the student model or inference process. Feature representations
were drawn from the final layer of the backbone in both networks. Using identical
architectures for the teacher and student simplifies implementation, as it guarantees
that the resulting feature vectors are dimensionally aligned and directly comparable.

Figure 3.2 General architecture for integrating the LUPI paradigm into any object
detection model. The diagram illustrates the incorporation of both RGB images and
bounding box masks as inputs to the teacher network, the use of a standard RGB input
for the student network, the selection of the final backbone layer for knowledge
distillation, and the generation of output predictions from the student model.

The similarity between the latent feature representations—obtained by compressing
feature maps into continuous vectors—was measured using a cosine distance function
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(see Equation 3.11), producing a distillation loss that captures how closely the student
aligns with the teacher. This loss was backpropagated through the student model
alongside standard detection losses such as regression and classification, as well as
additional losses specific to each architecture, including the FPN loss for Faster R‐
CNN and the centerness loss for FCOS. The influence of the teacher’s guidance on the
overall training objectivewas controlled by a tunable parameter, α, which determines the
weight given to the distillation term. Once training was complete, the teacher model
was no longer needed, as privileged information, such as bounding box ground truth,
cannot be accessed during inference when detections must be produced autonomously.
Nevertheless, the student model, having learned under the teacher’s supervision, retains
the benefits of this privileged knowledge despite relying solely on standard RGB inputs
at test time.

Figure 3.3 Detailed architecture of the training setup showing the teacher network
receiving both RGB images and privileged input channels. The student network

processes only RGB data but is trained with additional supervision through knowledge
distillation. A baseline RGB‐only model is included for comparison.

To complement the overview presented in Figure 3.2, Figure 3.3 offers a more
detailed and structured illustration of the training framework. This expanded diagram
does not revisit the mathematical details but clarifies the data flow and knowledge
distillation process. It highlights that the teacher model receives a richer input,
combining standard RGB channels with additional privileged information. Meanwhile,
both teacher and student models operate in parallel, with the loss computation (refer
to Equation 3.10) abstracted into a simplified and more interpretable visual form.
Furthermore, the baseline model, relying exclusively on standard RGB input, serves
as a reference point within this framework. The emphasis remains on contrasting
this baseline with the student model, which, although identical in architecture during
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inference, benefits from the teacher’s additional supervision during training.

3.7 Training Parameters

To evaluate the proposedmethodology across the five selected object detectionmodels,
a uniform experimental training protocol was employed throughout, in alignment
with the second objective (O2). The primary aim was to determine whether the
integration of the LUPI framework could yield improvements in detection accuracy
without imposing additional computational demands on the baseline architectures. To
ensure that any observed improvements in performance could be attributed solely
to the inclusion of LUPI, the training configuration was intentionally kept simple and
consistent. Each model was trained for 100 epochs using the Adaptive Moment
Estimation (Adam) optimiser [148], with a fixed learning rate of 1 × 10−3. Preliminary
tests compared alternative optimisers and learning rates [149]. Although the Stochastic
Gradient Descent (SGD) optimiser was initially considered, Adam achieved comparable
convergence to the same minimum but with greater efficiency. Various learning rates
were also explored, including 0.1, 0.01, 0.001, 1 × 10−3, and 1 × 10−4. Among these,
1× 10−3 consistently provided the most stable convergence across the selected models.
In addition, an early stopping callback was applied based on validation loss, with a
patience threshold of eight epochs. A model checkpointing mechanism was also used
to retain the weights corresponding to the best‐performing epoch, thereby minimising
the risk of overfitting. Moreover, following standard practice when training object
detection models for a given application or dataset [13, 67, 79, 150], all models were
initialised with pre‐trained weights from the COCO dataset. The detection heads were
subsequently adapted to match the number of target classes present in the specific
dataset used during training.

3.8 Pre‐processing Steps

In addition to the training parameters, a consistent set of preprocessing steps
was applied across all experiments to maintain comparability of results. These
transformations applied to the input images of the detection networks include image
normalisation, resizing, and per‐channel standardisation, each of which is outlined in
detail below.
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3.8.1 Min‐Max Normalisation

The initial step involves normalising the image pixels to a uniform scale. This is done to
ensure equal weighting across all image inputs and channels. Both the RGB inputs and
the additional privileged information channels are scaled using Min‐Max normalisation
[151], as described below:

Inorm =
I − Imin

Imax − Imin
. (3.12)

Here, I refers to the original image, Imin and Imax are the minimum and maximum pixel
intensity values computed across the entire dataset for each respective channel. The
inputs are scaled to lie within the range [0, 1], thereby normalising the input space for
both the teacher and student networks. Crucially, normalisation is performed separately
for the RGB images and the privileged information channels to maintain the distinct
statistical properties of each modality.

3.8.2 Image Resizing

Following normalisation, all images are resized to a fixed resolution of 800 × 800 pixels.
This resizing step allows for the formation of input tensors with consistent dimensions,
a prerequisite for batch training in CNNs. The resolution of 800 pixels was selected
as a compromise across the models employed in this study. Although models such
as SSD and SSDLite typically operate on smaller input resolutions (e.g., 300 × 300 or
320 × 320), detectors like Faster R‐CNN, RetinaNet, and FCOS adopt a minimum resize
of 800 pixels. The choice of a larger image resolution also contributes to preserving fine‐
grained features, which is especially relevant for detecting small‐scale objects that might
otherwise lose distinctive characteristics if downsampled excessively.

3.8.3 Channel‐Wise Standardisation

The final step in the pre‐processing pipeline involves statistical normalisation by
subtracting the channel‐wise mean and dividing by the standard deviation. These
parameters are computed over the training dataset and are applied individually to each
channel, including both RGB and privileged input. This transformation ensures zero‐
mean and unit‐variance inputs, which helps stabilise training and accelerate convergence
[151]. This standardisation is carried out automatically by the model during training,
based on mean and standard deviation values calculated from the specified dataset.
The computed mean and standard deviation values for each training dataset and input
channel are summarised in Table 3.1, with the corresponding datasets explored in
Section 3.10.
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Dataset Channel Mean Standard Deviation

SODA Litter (1‐Metre Altitude)

Red 0.434 0.261
Green 0.406 0.249
Blue 0.320 0.238
Bounding Box Mask 0.144 0.135

SODA Litter (All Altitudes)

Red 0.467 0.255
Green 0.430 0.240
Blue 0.357 0.233
Bounding Box Mask 0.021 0.129

Pascal VOC 2012

Red 0.452 0.275
Green 0.431 0.273
Blue 0.399 0.284
Bounding Box Mask 0.142 0.216

Table 3.1 Channel‐wise mean and standard deviation values for the Red, Green, Blue,
and Bounding Box Mask channels, computed over the training sets of the Pascal VOC

2012 and SODA Litter datasets.

Overall, these pre‐processing transformations were kept deliberately minimal,
consistent, and alignedwith the general standards in object detection research to ensure
that the influence of the LUPI methodology could be fairly and transparently evaluated
without extraneous confounding factors.

3.9 Post‐processing Steps

In addition to the pre‐processing techniques applied to the input images, a consistent
post‐processing stepwas introduced to ensure uniformity across all five selectedmodels.
This step employed non‐maximum suppression [152], a widely used method for refining
object detection results by eliminating redundant predictions. The suppression process
ranks all predicted bounding boxes according to their confidence scores. When two
or more boxes significantly overlap, only the one with the highest score is retained.
In this study, the significant overlap was defined using an IoU threshold of 0.5. Any
box exceeding this level of overlap with a higher‐scoring prediction was removed by
the NMS. Applying this method consistently was essential for a fair evaluation. Some
of the chosen models already had NMS integrated internally, while others required an
external implementation. By enforcing a common post‐processing step, the outputs
became directly comparable, regardless of any differences in model architecture.
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3.10 Datasets

The object detection problem, which is regarded as a supervised learning task,
necessitates the use of datasets for both training and validating detectionmodels. These
datasets typically consist of image sequences annotated with ground truth bounding
boxes and class labels, specifying the type and location of each object [25, 137]. To
evaluate the proposed methodological architecture in alignment with the third objective
(O3), UAV‐based litter detection was chosen as the target problem to assess the
feasibility of the proposed approach. This problem presents a considerable challenge
due to the need to detect small objects in varied terrain and under differing altitudes
[13]. Moreover, the complexity of this task makes it a suitable benchmark for evaluating
both the generalisability and precision of the proposed framework.

Currently, only four UAV‐based litter detection datasets are available (see Table
2.1): BDW [17], UAVVaste [19], HAIDA [124], and SODA [13]. Among these datasets,
BDW2, UAVVaste3, and SODA4 are accessible through the Roboflow dataset annotation
platform. Although the HAIDA dataset is publicly available on Github5, it could not be
used due to inaccessible annotations. As a result, the evaluation focused on the three
datasets available through Roboflow. In addition, the well‐established Pascal VOC 2012
dataset [25], also accessible on Roboflow6, was included to give a broader perspective.
It was chosen to test the proposed approach for multi‐label detection across a larger
variety of classes.

3.10.1 SODA: Small Objects at Different Altitudes

As discussed in Subsection 2.4.15, SODA serves as a representative UAV‐based litter
detection dataset. It includes six litter classes and contains image subsets captured at
a range of altitudes, which reflects more realistic operating conditions for UAV‐based
detection. However, as shown in Table 3.2, one of the key issues with this dataset is
class imbalance. Certain categories, such as drink can and clear plastic bottle, contain
significantly more annotations than others. There is also an uneven distribution of
images across altitudes, with noticeably fewer samples at higher elevations. Despite
these limitations, SODA remains a valuable dataset in this area of research. Among the
three datasets selected in this study, SODA covers the widest range of altitudes.

In the original publications that introduced the SODA dataset and used it for
training detection models [13, 20], the authors adopted a tiling technique [100, 153].

2https://universe.roboflow.com/bottles‐in‐the‐wild
3https://universe.roboflow.com/mcast/uavvaste‐avcle
4https://universe.roboflow.com/soda‐dataset/
5https://github.com/LiaoSteve/HAIDA‐Trash‐Dataset‐High‐Resolution‐Aerial‐image
6https://public.roboflow.com/object‐detection/pascal‐voc‐2012/1
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AGL (m) Total Images Total Annotations Drink Can Clear Plastic Bottle Glass Bottle Other Plastic Bottle Drink Carton Glass Jar

1 452 712 256 180 96 71 54 55

5 202 1839 837 429 183 152 136 102

10 50 1138 491 268 128 106 88 57

15 35 956 434 232 93 87 67 43

20 30 763 324 199 68 79 57 36

25 30 709 327 174 46 79 57 26

30 30 602 270 149 36 82 55 10

Total (Incl. 1m) 829 6719 2939 1631 650 656 514 329

Total (Excl. 1m) 377 6007 2683 1451 554 585 460 274

Table 3.2 Summary of annotated objects across different altitudes AGL in the SODA
dataset. (Source: [13])

This method aimed to improve the detection of small objects, particularly in images
taken at higher altitudes, bymagnifying specific regions. In [20], they applied a 5×5 tiling
strategy, resizing each tile to 640×640 pixels to match the input dimensions required
by the YOLOv8 [130] network employed in their study.

To understand why such an approach becomes necessary, visual exploration of
the data proves useful. Figure 3.4 illustrates this clearly. Subfigure (a) presents an
annotated image captured at 15 metres altitude, which is half the maximum altitude
in the dataset. If the entire image is resized directly to 640×640 pixels without tiling,
as shown in subfigure (c), the result is a significant loss in feature detail. This version
represents the full image as it would be input to the detection network in one pass.
Applying tiling, shown in subfigure (b), divides the original image into smaller sections.
Taking the 13th tile–resized and displayed in subfigure (d)–as an example, it shows litter
with greater clarity and scale. This makes detection of litter from UAV footage easier.
A side‐by‐side comparison with the corresponding region from the non‐tiled image
(subfigure (e)) highlights the reduction in granularity that occurs without tiling. However,
this improved resolution comes at the cost of longer inference times [153], since the
model must process several images rather than one. As a result, selecting appropriate
tiling parameters involves balancing detection accuracy with computational efficiency.

For this study, a 3×3 grid was used to tile the SODA dataset. This choice is
supported by the experimental findings discussed in Section 4.4. Additionally, a resize
dimension of 800 pixels was applied, based on the rationale presented in Subsection
3.8.2. No data augmentation techniques were introduced to maintain simplicity and
ensure that any observed improvements could be attributed directly to the proposed
methodology. As a result, the total number of images and annotations increased
substantially. The original version of the SODA dataset contained 829 images. After
tiling, this figure rose to 7,461. The image distribution across the category split is
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(a)

(b) (c)

(d) (e)

Figure 3.4 Visual illustration highlighting the need for tiling. (a) Annotated image of
litter captured at 15 metres altitude from the SODA dataset [13]; (b) 5×5 tiling of the
original image, with each tile resized to 640×640 pixels; (c) original image resized
directly to 640×640 pixels; (d) the 13th tile from the tiling approach, resized; (e) the

corresponding region extracted from the non‐tiled image.
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presented in Figure 3.5. Notably, despite the application of these pre‐processing steps,
the original ratio between the training, validation, and testing sets remains consistent
before and after tiling.

Additionally, with the use of tiling, the spatial distribution of object annotations
changed significantly. As the number of images increased, the objects became larger
and more defined, helping to mitigate the annotation bias present in the original SODA
dataset. This is illustrated in Figure 3.6. In subfigure (a), the heatmap before tiling shows

(a)

(b)

Figure 3.5 SODA dataset image distribution: (a) before 3×3 tiling, and (b) after 3×3
tiling.
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a strong centre bias. After tiling, shown in subfigure (b), this bias is less pronounced, with
a more even distribution across the heatmap, though some focus on the centre remains.
The pixel intensities also increased due to the larger number of images and annotations.

Tiling unintentionally worsened the class imbalance. As images were split into
smaller sections, some object bounding boxes were also divided. This was especially
the case for objects near the edges or those covering a larger area. Common categories

(a)

(b)

Figure 3.6 SODA dataset annotation heatmap: (a) before 3×3 tiling, and (b) after 3×3
tiling.
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(a)

(b)

Figure 3.7 SODA dataset annotation distribution per category and split: (a) before 3×3
tiling, and (b) after 3×3 tiling.

like drink can and clear plastic bottle, which were already more frequent, appeared even
more often after tiling. This shift is reflected in the category distribution shown in Figure
3.7. Meanwhile, less frequent classes such as glass jar and drink carton showed amarginal
increase in representation. Interestingly, glass bottle surpassed other plastic bottle in the
number of annotations, reversing their relative frequencies before tiling.

The increase in annotations due to tiling had a significant impact on the overall
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(a)

(b)

Figure 3.8 SODA dataset object size distribution: (a) before 3×3 tiling, and (b) after
3×3 tiling.

distribution of object sizes. Using the object size classifications from the COCO dataset
[137], where objects are defined as small (less than 32×32 pixels), medium (ranging from
32×32 to 96×96 pixels), and large (greater than 96×96 pixels), a clear shift in object size
distribution can be observed. As shown in Figure 3.8, while the total number of objects
has increased, the proportion of small objects has decreased, with a corresponding rise
in both medium and large objects. This shift in distribution suggests an improvement
in the dataset’s size balance, which should improve the detection of previously smaller
objects. With the larger objects now more prominent, the detection models can benefit
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from improved size constraints, making these objects easier to detect.
In summary, tiling has proven to be quite beneficial in improving the detection

of objects in the SODA dataset, particularly for smaller objects. While it helped reduce
some of the bias in annotations, it also introduced new challenges, especially regarding
class imbalance. This tiling setup has been utilised to magnify and address the issue of
small litter detection for the chosen case study, which will be used in the experiments
discussed in Section 4.5.

3.10.2 BDW: Bottle Detection in the Wild

The BDW dataset [17], mentioned in Subsection 2.4.1, contains 25,407 images taken at
altitudes between 10 and 30 metres, but it focuses only on detecting bottles. For this
study, this dataset will be used solely for evaluation, as it only covers the representation
of bottles, thus limiting the generalisability of the results. Therefore, only the testing set,
consisting of 5,078 images, will be used to evaluate the models. Although the dataset
claims to include images captured at higher altitudes, the objects in these images, as
shown in Figure 3.9, appear relatively large and clear. This suggests that an image‐
splitting technique may have been applied during data collection.

Figure 3.9 Sample images from the test subset of the BDW dataset, illustrating the
general nature of the data. (Source: [17])

3.10.3 UAVVaste

UAVVaste [19], the final publicly available UAV‐based litter detection dataset chosen
for this study, and as discussed in Subsection 2.4.8, contains 772 images captured at
unspecified low altitudes, with various forms of litter annotated under a single waste
category. In this study, the dataset will be used exclusively for evaluation, as its focus on
low‐altitude imagery limits generalisation. Only the testing set, containing 77 images,
will be used to evaluate the trained models. A visual inspection of the dataset, as shown

71



Chapter 3. Methodology

in Figure 3.10, suggests the images were likely captured at altitudes between 5 and 10
metres AGL.

Figure 3.10 Sample images from the test subset of the UAVVaste dataset, illustrating
the general nature of the data. (Source: [19])

3.10.4 Pascal Visual Object Classes

Pascal VOC is a widely used benchmark dataset in object detection, featuring 20 object
categories including people, animals, vehicles, and various household items [25]. Figure
3.11 shows sample images that illustrate the diversity of the dataset. The dataset
includes images annotated with object class labels, bounding boxes, and pixel‐level
segmentationmasks, enabling its use acrossmultiple computer vision tasks. In this study,
the Pascal VOC2012 dataset is used for both training and validation to test the proposed
methodology beyond the context of UAV‐based litter detection, per the fourth objective
(O4). This helps assess whether the approach remains effective across a broader set of
object classes.

Figure 3.11 Sample images from the Pascal VOC 2012 dataset, showcasing the
diversity in object categories included in the dataset. (Source: [25])
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The dataset utilised in this study, sourced fromRoboflow, contains 17,112 images
in total. Of these, 13,690 are assigned to the training set, and 3,422 are designated for
validation. However, the Pascal VOC 2012 dataset also suffers from class imbalance, as
shown in Figure 3.12. There is a disproportionately high number of instances labelled
as person compared to other categories. While the remaining classes show smaller gaps
among themselves, class imbalance is still present, with bus being the least represented
category.

Figure 3.12 Class distribution of the Pascal VOC 2012 dataset, highlighting the
imbalance across different categories, with the number of objects per class from both

the training and validation splits.

3.11 Conclusion

This chapter has provided a structured framework for understanding the integration of
LUPI in object detection, beginning with a formal mathematical formulation and the
theoretical context surrounding the problem. It has established the conceptual basis
for incorporating privileged information and defined its role within this context. The
discussion then turned to the object detection models selected for this study, outlining
the modifications made to facilitate the construction of teacher and student networks.
The implementation details, including training parameters and the consistent application
of pre‐processing and post‐processing steps, were also covered. Furthermore, the
chapter examined the datasets used in this research, highlighting the necessary pre‐
processing steps involved and analysing the structure of the data in relation to the
proposed evaluation methodology.
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“It is not the strongest of the species
that survive, nor the most intelligent,
but the one most responsive to change.”

– Charles Darwin

4.1 Introduction

This chapter begins by outlining the hardware setup and evaluation strategy that
form the foundation for the experiments. It then proceeds to describe the optimal
tiling experiments conducted on the SODA dataset, a necessary preliminary step to
achieving the set objectives. The following section focuses on the within‐dataset
evaluation, specifically UAV‐based litter detection, covering three experiments carried
out on the SODA dataset. Next, the chapter moves on to the cross‐dataset evaluation,
where experiments on the BDW and UAVVaste datasets are presented to assess the
generalisability of the trained models. An additional section examines the detection
performance in relation to object size, with special focus on determining whether
the proposed LUPI approach improves the recognition of objects at small scales.
The subsequent section details the Pascal VOC 2012 evaluation, which tests the
methodology’s ability to perform multi‐label detection across a large number of
categories. This is followed by an ablation study on the alpha parameter, a visual
comparison of model predictions across all evaluated datasets, and an analysis of
the model’s interpretability. The chapter then discusses the limitations encountered
in generating effective privileged information to guide the model’s internal feature
representations. Finally, the chapter concludes with a synthesis of the results and a
discussion on whether the research question was successfully addressed to the stated
objectives.

4.2 Hardware Setup

All experiments involving deep learning models were conducted using two primary
hardware configurations. Training was performed on systems equipped with an NVIDIA
GeForce RTX 4070 and an RTX 4090 Graphics Processing Unit (GPU), both supporting
Compute Unified Device Architecture (CUDA)‐enabled acceleration. These setups were
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used across different experiments as needed, enabling parallel computation and helping
to reduce training times significantly. Furthermore, a batch size of 16 was consistently
used across all experiments for training the deep learning models. Within this setup, a
fixed random seed of 42, symbolically representing the ”seed of life,” was used, and all
architectures were configured to employ deterministic algorithms. Several preliminary
tests were carried out to verify that the results were consistent between runs. Minor
variability in the reported results may still occur due to inherent non‐deterministic
operations on the GPU, but this was observed to be negligible, supporting the reliability
of the findings.

4.3 Evaluation Strategy

To accomplish the research objectives, a comprehensive evaluation strategywas devised
to systematically assess the proposed methodology. The evaluation comprised a
series of experiments using five distinct object detection architectures (refer to Section
3.5). For each architecture, both baseline models and their modified versions trained
under the LUPI framework were compared. This comparison provided insight into the
feasibility and adaptability of the proposed approach across diverse detection models.

The primary application domain for evaluation was UAV‐based litter detection,
a challenging problem due to the small size of target objects and the complexity of
aerial imagery. Experiments leveraged several datasets outlined in Section 3.10. A
within‐dataset evaluationwas conducted using different subsets of the SODA dataset to
examine performance under controlled conditions. A cross‐dataset evaluation was also
carried out on the BDW and UAVVaste datasets to test the generalisation capabilities
of the trained models on other UAV‐based litter detection tasks. To assess the broader
applicability of the method, experiments were also carried out on the Pascal VOC 2012
dataset, which featured a larger variety of object categories and greater complexity.

Evaluation metrics were standard within object detection research, as detailed
in Section 2.6. These included mAP calculated at different IoU thresholds, along
with precision, recall, and F1 score. Additionally, mAR was employed to provide
a comprehensive perspective on detection performance. The evaluation also
incorporated COCO‐style metrics, which were essentially variations of mAP computed
separately for small, medium, and large objects. These metrics offered a more granular
understanding ofmodel performance across object sizes, whichwas particularly relevant
given the emphasis on detecting small‐scale litter objects.

Key experiments included validating the tiling preprocessing strategy on SODA to
ensure appropriate input representation; conducting within‐dataset and cross‐dataset
evaluations to test detection performance and generalisation; analysing performance
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based on object size to determine whether the LUPI framework improves small‐
object detection; and evaluating generalisability on the diverse Pascal VOC 2012
dataset. An ablation study examined the effect of the α parameter, a key element of
the proposed methodology, on detection performance and computational trade‐offs.
Finally, qualitative analyses, including visual comparisons and interpretability studies
using Grad‐CAM variants, were performed to complement quantitative metrics by
examining model decision‐making processes and attentional focus.

This evaluation strategy was carefully designed to cover all the key objectives:
developing, evaluating and refining the methodology (Objectives O1 and O2), testing
it across various litter detection datasets (Objective O3), and examining both the
computational trade‐offs and wider generalisation of the approach (Objective O4). A
summary of how each experiment relates to these goals is detailed in Table 4.1.

Experiment Dataset/s Metric/s Objective/s Purpose

Optimal Tiling SODA Small Object Ratio
per Image

preliminary for
O1, O2, O3

Validate tiling preprocessing;
no reason presented in
literature

Within‐Dataset Evaluation Subsets of SODA mAP, Precision,
Recall, F1 Score,
mAR, Confusion
Matrix, Training
Time, Model Size,
FPS, GFLOPS

O1, O2, O3,
partially O4

Test methodology on
UAV‐based litter detection

Cross‐Dataset Evaluation BDW, UAVVaste mAP, Precision,
Recall, F1 Score

O3 Assess generalisation to
other UAV litter detection
datasets

Object Size Performance Analysis Subsets of SODA,
BDW, UAVVaste

mAP (small, medium,
large)

O2, O3 Evaluate small‐object
detection improvements

Pascal VOC 2012 Evaluation Pascal VOC 2012 mAP, Precision,
Recall, F1 Score,
mAR, Confusion
Matrix, Training
Time, Model Size,
FPS, GFLOPS

O4 Test generalisability on a
larger dataset with a broader
range of object categories

Ablation Study on Alpha (α) Subsets of SODA,
Pascal VOC 2012

mAP, F1 Score O2, partially
O4

Assess impact of critical
alpha (α) parameter

Visual Comparison All datasets Qualitative
comparison

— Visually inspect
improvements beyond
metrics

Visual Interpretability Primarily SODA, but
also evaluated on
other datasets with
similar results

Grad‐CAM variants — Explore model decision
processes and attention

Table 4.1 Summary of the evaluation strategy, detailing the conducted experiments,
datasets used, key metrics, aligned research objectives, and the purpose of each

experiment.

76



Chapter 4. Evaluation

4.4 Optimal Tiling Experiments

To determine the most suitable tiling parameter for pre‐processing the SODA dataset,
which serves as an essential preliminary step in addressing objectives O1, O2, and O3,
a series of experiments was conducted. The objective was to identify an appropriate
grid size for effective tiling. Although the authors in [20] proposed a 5×5 configuration,
they offered no clear justification for selecting that specific size. Tiling is applied in this
context to magnify the size of small litter objects, which appear relatively diminished
due to the high‐altitude perspective (see Figure 3.4). As the grid becomes finer, these
objects occupy a larger proportion of each tile. This can potentially improve detection
accuracy. A larger grid size, therefore, appears beneficial in this respect.

However, increasing the grid size introduces new challenges. Themost significant
issue is the additional burden on processing and inference time. More tiles are produced,
which in turn means more data needs to be handled during model inference. This
added complexity can lead to slower performance if not carefully managed [153].
Thus, choosing a grid size involves balancing two competing goals. One is to make
small objects more detectable. The other objective is to prevent a significant rise
in computational cost. Identifying an optimal balance between object visibility and
processing efficiency requires further exploration.

In this study, an experiment was carried out to identify the optimal tiling grid
size by measuring the rate of change in the number of small objects and the number
of resulting images as the grid size increases. The first step involved establishing a
classification scheme for object sizes. For this purpose, the definitions provided by the
COCO dataset [137] were adopted, and are summarised below:

Small: Objects occupying an area of less than 32× 32 pixels.

Medium: Objects with sizes ranging from 32× 32 to 96× 96 pixels.

Large: Objects exceeding 96× 96 pixels in area.

With these definitions in place, the experiment proceeded by testing a range
of grid sizes from 1 to 10. A grid size of 1 represents the original image with no
tiling applied, while a grid size of 10 results in each image being divided into 100 tiles.
For each configuration, the rate of change was recorded for small, medium, and large
objects, as well as the total number of annotations and images. A key consideration
was the treatment of annotations that spanned tile boundaries. In such cases, these
annotations were duplicated across the relevant tiles, leading to an expected increase
in annotation count. This effect was deliberately preserved to reflect how tiling may
influence the volume of training data. Each tile was also resized to 800 by 800 pixels to
ensure consistency in size across all tiling configurations. This resizing was essential for
maintaining uniform object scale during analysis, as 800 pixels was the chosen model
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input size throughout this study (refer to Subsection 3.8.2).

(a)

(b)

Figure 4.1 Optimal tiling experiment results on the SODA dataset, illustrating the
increase in the number of images and annotated objects as the grid size increases. (a)
Results over the full altitude range (1–30 metres), and (b) results on a subset of

altitudes (5–30 metres) from the SODA dataset.

Two separate experiments were conducted. The first included the full SODA
dataset, covering altitudes from 1 metre to 30 metres. The second considered a subset
with altitudes ranging from 5 metres to 30 metres. These configurations were selected
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(a)

(b)

Figure 4.2 Ratio of small objects to the number of images plotted against tiling grid
size, highlighting the observed elbow point in red. (a) Results over the full altitude
range (1–30 metres), and (b) results on a subset of altitudes (5–30 metres) from the

SODA dataset.

to examine whether including very close‐range images (such as those at 1 metre) would
affect the optimal grid size. The ultimate objective is to develop a single detection
model capable of operating effectively across various altitudes. The outcomes of these
experiments are illustrated in Figure 4.1.

The results of both experiments demonstrate that, as grid size increases,
the number of images and annotations also increases. Conversely, the number of
small objects decreases, while the count of medium and large objects rises. In the
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experiment covering all altitudes, the rate of change was more pronounced, largely
due to the presence of large objects captured at the 1‐metre altitude. In contrast, the
experiment excluding 1‐metre data showed more gradual, consistent changes. Despite
this difference, both experiments exhibited the expected trends based on the tiling
methodology. However, these outcomes alone do not provide a direct conclusion
regarding the optimal grid size. The goal remains to identify a configuration that reduces
the proportion of small objects without introducing excessive computational overhead
from processing a high number of tiles. To this end, the ratio of small objects to the
number of generated tiles was examined across grid sizes, as shown in Figure 4.2.

To determine the optimal grid size, the elbow point [154] method was applied.
This approach involved calculating the first and second derivatives of the curve and
identifying the point at which the rate of change begins to level off. The second
derivative was essential in locating the inflection point, where diminishing returns set
in. Interestingly, both experiments pointed to a 3×3 grid as the optimal configuration.
It is worth noting, however, that although the trends across both plots were similar, the
ratio of small objects per tile was higher in the all‐altitudes experiment. This suggests
that including close‐range imagerymay influence the density of small object annotations.
As a result of this experiment, the tiling configuration used for dataset pre‐processing
in this study was set to a 3×3 grid for the SODA dataset (refer to Subsection 3.10.1), in
line with the findings outlined above.

4.5 Within‐Dataset Evaluation

To assess the proposed integration of the LUPI paradigm within object detection, UAV‐
based litter detection was selected as a case study, supporting the analysis of objectives
O1, O2, O3, and partially addressing O4. This task presents a particularly challenging
scenario, largely due to the frequent presence of small objects, which considerably
complicates the detection process. To examine the effectiveness of the proposed
methodology under such conditions, a within‐dataset evaluation was conducted using
the SODA dataset.

The SODA dataset was purposefully chosen as the principal dataset for training
UAV‐based litter detection models. Its selection stems from its capacity to represent a
diverse range of altitudes and litter types–characteristics not fully captured by the other
available UAV‐based litter datasets. The within‐dataset evaluation comprised three core
experiments: (i) binary litter detection using only the 1‐metre altitude subset with no
tiling; (ii) binary litter detection on the full SODA dataset, tiled using a 3×3 grid and
covering all altitudes; and (iii) multi‐label litter detection using the same 3×3tiled version
across all altitudes. Each of these configurations was chosen for a specific purpose:
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the first experiment targets detection at close range, the second expands the scope
across variable altitudes, and the third introduces additional classification complexity by
extending from binary to multi‐label tasks, distinguishing between various litter types
and the background.

For each of these experiments, the five object detection architectures chosen in
Section 3.5 were trained: Faster R‐CNN, SSD, RetinaNet, SSDLite, and FCOS. For each
architecture, a baseline model, a teacher model, and four student models were trained
with varying levels of teacher guidance. Consequently, 30 distinct models were trained
for each experiment.

The central objective was to determine whether student models trained using
the LUPI framework, with access to privileged training signals, could outperform their
respective baselines, which were trained using only standard input data. For each
architecture, a teacher model was first trained, followed by the training of student
models using five distinct α values: 0, 0.25, 0.5, 0.75, and 1. These values match those
used in related work in LUPI [102]. An α of 0 represents the baseline, where the student
is trained without any guidance from the teacher, while α = 1 reflects full reliance on
the teacher’s output during training. The intermediate values allowed a controlled study
of how varying degrees of teacher influence affected model performance.

Importantly, this study did not involve cross‐architecture distillation. In other
words, teacher models were used only to train student models of the same architecture.
This approach was adopted to avoid the added complexity of aligning latent feature
representations between different model types, which would have required additional
mechanisms and exceeded the scope of this work.

All models were trained using the designated training subsets, while validation
and testing were carried out on their respective set partitions. The evaluation employed
the detection metrics outlined in Section 2.6, providing a consistent and coherent basis
for comparison. A uniform pre‐processing pipeline and identical training configurations
were applied across all models, ensuring fairness in evaluation. Given this diverse range
of detection architectures and the controlled experimental setup, the resulting outcomes
offer a reliable and concrete basis for assessing the influence of LUPI in object detection.

4.5.1 Binary Litter Detection on the SODADataset at 1‐Metre Altitude

The first experiment aimed to assess the benefits of using the LUPI framework for close‐
range litter detection. To this end, a subset of the SODA dataset at a 1‐metre altitude
was selected, consisting of 452 images. These images were divided into 316 for training,
46 for validation, and 90 for testing. In this experiment, detection models were trained
to classify all litter into a single category, distinguishing between litter (foreground) and
background.
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The results of this experiment, comparing the baseline model with the best
student model across all five selected detection architectures, are presented in Figure
4.3. In all architectures, the student model outperformed the baseline, showing a
notable improvement in detection accuracy, particularly in the challenging mAP@50–
95 metric. Additionally, improvements were seen in other key detection metrics,
including precision, recall, and F1 score. Amongst the models, the RetinaNet student
achieved the highest performance, followed by the Faster R‐CNN and FCOS student
models. Across all metrics, the student models demonstrated an accuracy improvement
ranging from 0.05 to 0.15. Interestingly, when comparing the baseline models with
the student models, RetinaNet and SSD showed the highest improvements in detection
accuracy, with the student models outperforming their baseline counterparts. The other
architecture types, such as Faster R‐CNN and FCOS, also saw improvements, though the
performance boosts were somewhat smaller in comparison to those of RetinaNet and
SSD.

Figure 4.3 Comparison between the baseline and the best‐performing student models
across key detection metrics on the SODA dataset at a 1‐metre altitude for binary litter

detection.

While RetinaNet, FCOS, and Faster R‐CNN delivered the best results in this
experiment, which can be attributed largely to their complex architectures and the
use of the ResNet‐FPN backbone, notable improvements were also observed with the
SSD and SSDLite architectures. A closer examination suggests that this performance
boost is closely linked to the role of LUPI in refining the representational quality of the
ResNet‐FPN within the teacher model. In the course of training, the privileged spatial
information enables the teacher to acquire a more precise spatial understanding of the
scene, thereby increasing the spatial information captured by the backbone FPN and
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leading to higher‐quality proposals, which are subsequently transferred to the student
during distillation. This suggests that the LUPI method can improve litter detection
performance at close range, even in complex environments with backgrounds such
as rocks and plants. The results indicate that, regardless of the architecture, LUPI
significantly improves detection accuracy in close‐range binary detection.

In addition to the comparison between the baseline and studentmodels, a further
analysis was conducted to evaluate the performance of the different teacher models,
using the same evaluation metrics and experimental setup. The results are summarised
in Table 4.2, which presents the detection accuracy achieved by each teacher model
architecture. It can be observed that Faster R‐CNN, FCOS, and RetinaNet stood out
as the highest‐performing teacher models. Most of their detection metrics approached
1.0, suggesting near‐ideal detection performance across the evaluated scenes.

Model mAP@50–95 mAP@50 mAP@75 mAR@1 mAR@10 mAR@100 Precision Recall F1 Score

RetinaNet 0.94 0.98 0.96 0.63 0.96 0.96 0.93 0.99 0.96

FCOS 0.96 0.98 0.97 0.63 0.97 0.97 0.81 0.99 0.89

Faster R‐CNN 0.96 0.99 0.98 0.63 0.98 0.98 0.99 0.99 0.99

SSD 0.78 0.96 0.94 0.54 0.81 0.81 0.65 0.99 0.79

SSDLite 0.61 0.73 0.72 0.48 0.63 0.63 0.02 0.99 0.03

Table 4.2 Comparison of teacher model performance across key detection metrics,
trained on the SODA dataset at a 1‐metre altitude for binary litter detection.

On the other hand, the SSD and SSDLite teacher models, while still achieving
reasonable scores, demonstrated noticeably lower accuracy. Even when trained with
privileged information, these architectures did not attain the same level of conceptual
understanding, indicating limitations in adapting to this particular detection task.
Combined with the student model results in Figure 4.3, this suggests that these
architectures may be less suited to scenarios requiring high sensitivity to fine‐grained
object features.

Interestingly, while Faster R‐CNN proved to be the top‐performing teacher
model, it was not associated with the best‐performing student. That distinction went
to the RetinaNet student model. Given that both architectures share a similar ResNet‐
FPN backbone and were distilled at equivalent feature extraction layers, this outcome
suggests that RetinaNet may be structurally more compatible with learning using
privileged information in this context. Across all teacher models, recall was generally
high, while precision tended to be lower. This implies that the teacher models were
primarily geared toward minimising false negatives.

While the results clearly show that LUPI improves detection accuracy in this
particular experiment, it is also important to acknowledge that this improvement does
not come without cost. Training within the LUPI framework requires an additional
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Figure 4.4 Comparison of model training times on the SODA dataset at a 1‐metre
altitude for binary litter detection.

training phase, wherein a teacher model must be trained before the student. Moreover,
each model must process privileged inputs during training, resulting in larger tensors
and increased computational demands, despite only minor adjustments to the teacher
architecture and none to the student.

To examine the impact of these changes on training duration, Figure 4.4 presents
a comparison of training times across all models involved in this experiment. As shown
in the figure, both student and teacher models required substantially more time to train
than the baseline models. This increase is due in part to the two‐stage nature of the
training process and, for student models specifically, the added computation needed to
process the teacher’s outputs and compute the distillation loss. The time taken by the
teacher during inference directly contributes to the student’s overall training time.

In terms ofmodel‐specific performance, FCOS and SSDLite exhibited the shortest
training durations, whereas RetinaNet and Faster R‐CNN incurred the highest training
times, especially under the LUPI setup. Notably, teacher models consistently recorded
the longest training durations across all architectures.

Despite the increase in training time, a comparison of model size and parameter
count between the baseline and student models, as shown in Table 4.3, shows that
they remain identical across all architectures. This suggests that student models
achieve improved detection accuracy through LUPI without increasing model size or
computational demands during inference. This is supported by the identical GFLOPS
values, which represent the number of billions of floating‐point operations the model
performs per second, and comparable FPS measurements, indicating the number of
frames processed per second during inference—both of which are consistent across
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Model Configuration Type Size (MB) Parameters (M) GFLOPS FPS

Baseline

RetinaNet 122.72 32.17 254.58 32.84

FCOS 122.32 32.06 251.77 30.16

Faster R‐CNN 157.54 41.30 268.56 31.31

SSD 90.58 23.75 61.05 107.22

SSDLite 8.42 2.21 0.87 52.35

Student

RetinaNet 122.72 32.17 254.58 31.43

FCOS 122.32 32.06 251.77 32.07

Faster R‐CNN 157.54 41.30 268.56 31.56

SSD 90.58 23.75 61.05 105.70

SSDLite 8.42 2.21 0.87 52.20

Table 4.3 Comparison of model configurations for trained baseline and student models
on the SODA dataset at a 1‐metre altitude for binary litter detection, including model
type, size in megabytes, number of parameters (in millions), computational complexity

in GFLOPS, and inference speed in FPS.

models, as expected. In contrast to many modern detection models that require larger
storage and are computationally intensive at deployment [9, 10, 91, 155], the student
models preserve the compactness of their baseline versions.

It is also important to point out that Faster R‐CNN, FCOS, and RetinaNet occupy
more memory overall, as they rely on larger architectural designs. On the other hand,
SSD and SSDLite remain comparatively lightweight. Even so, the main observation
remains clear. In the context of binary litter detection, where lightweight architectures
are essential due to hardware limitations, LUPI enables improved detection accuracy
without increasing model size. This makes it a practical solution for situations where
both storage and computational efficiency are important.

4.5.2 Binary LitterDetection on the SODADataset Across All Altitudes

The second experiment aimed to build upon the context of the first by further exploring
the benefits of using the LUPI framework for litter detection at higher altitudes,
addressing the challenges posed by more complex detection scenarios. To this end, the
entire SODA dataset was tiled in a 3×3 configuration at all altitudes to reflect a more
complex, real‐world scenario forUAV‐based litter detection. This dataset included 7,461
images, with 5,238 allocated for training, 765 for validation, and 1,458 for testing. In
this experiment, detectionmodels were trained to classify all litter into a single category,
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focusing on distinguishing small litter from variable and challenging backgrounds.

Figure 4.5 Comparison between the baseline and best‐performing student models
across key detection metrics on the 3×3 tiled SODA dataset across all altitudes for

binary litter detection.

The results of this experiment, comparing the baseline model with the best
student model across all five selected detection architectures, are presented in
Figure 4.5. In most cases, the student models performed better than their baseline
counterparts, showing noticeable improvements in detection accuracy, particularly in
the more demanding mAP@50–95 metric and precision, recall, and F1 score metrics.
However, the SSD and SSDLite architectures exhibited little to no improvement.
Compared to the earlier experiment shown in Figure 4.3, the results here reflect a
tougher detection setting, which generally led to lower overall performance. Even so,
models trained with the LUPI framework still showed clear advantages.

Among all models, the student version of Faster R‐CNN delivered the best
overall results, followed by FCOS and RetinaNet. This marks a shift from the previous
experiment, where RetinaNet had achieved the highest scores. The performance of
Faster R‐CNN suggests that its two‐stage architecture may be better suited to the
demands of this task than the one‐stage approaches. Furthermore, the student models
outperformed their baseline counterparts across all evaluated metrics, with accuracy
improvements ranging from 0.01 to 0.11. FCOS and Faster R‐CNN recorded the most
noticeable performance boosts compared to their baselines. RetinaNet and SSDLite also
benefitted, though to a lesser degree. For SSD, the improvement was limited, appearing
only in the mAP@75 metric.

Moreover, the findings further support the selection of Faster R‐CNN, FCOS,
and RetinaNet as more effective detection architectures in this context, especially
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when compared to the lighter alternatives, owing to their structural complexity and
performance consistency. This continues to suggest that the individual components
of these networks, particularly the FPN, when trained with privileged information,
enable amore precise spatial representation, which in turn facilitates improved detection
outcomes.

In addition to this comparison, a further analysis was carried out to assess
the efficacy of different teacher models, following a similar approach to the previous
experiment. The outcomes, presented in Table 4.4, detail the detection accuracy
attained by each teacher architecture. Once again, Faster R‐CNN, FCOS, and RetinaNet
emerged as the top performers, with several of their metrics approaching ideal values,
though with slight reductions in some areas. These results indicate that, despite the
increased scene complexity, these models continue to demonstrate high detection
accuracy.

Model mAP@50–95 mAP@50 mAP@75 mAR@1 mAR@10 mAR@100 Precision Recall F1 Score

RetinaNet 0.90 0.95 0.94 0.34 0.83 0.91 0.41 0.98 0.58

FCOS 0.89 0.94 0.93 0.34 0.82 0.90 0.97 0.96 0.96

Faster R‐CNN 0.96 0.99 0.98 0.35 0.87 0.97 0.96 0.99 0.98

SSD 0.49 0.62 0.59 0.27 0.51 0.51 0.16 0.97 0.27

SSDLite 0.18 0.23 0.19 0.17 0.19 0.19 0.00 0.79 0.01

Table 4.4 Comparison of teacher model performance across key detection metrics,
trained on the 3×3 tiled SODA dataset across all altitudes for binary litter detection.

The SSD and SSDLite teacher models, while producing acceptable results,
exhibited a noticeable decline in detection accuracy relative to the other models. This
drop was especially evident when assessing performance through mAP and F1 score.
Moreover, their results showed a significant reduction compared to the first experiment,
further emphasising the limitations in their ability to generalise, particularly given the
added complexity introduced by small object detection.

In contrast to the first experiment conducted at 1 metre altitude, Faster R‐
CNN emerged as the best‐performing teacher and student model in this multi‐altitude
experiment. RetinaNet, which incorporates focal loss to address class imbalance
between foreground and background, underperformed relative to both Faster R‐CNN
and FCOS, with some detection metrics showing a gap of 0.1 or more in terms of the
models outlined in Figure 4.5. This suggests that RetinaNet may not be ideally suited for
detecting litter in scenes characterised by visually complex and variable backgrounds.
FCOS, leveraging centre‐ness loss to improve spatial accuracy, delivered results on par
with Faster R‐CNN across both baseline and student models, reinforcing its reliability
under these conditions.

Notably, the consistent use of the ResNet‐FPN backbone across Faster R‐CNN,
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Figure 4.6 Comparison of model training times on the 3×3 tiled SODA dataset across
all altitudes for binary litter detection.

FCOS, and RetinaNet likely contributed to their relative success. The FPN’s capacity for
multi‐scale object detection aligns well with the demands of UAV‐based litter detection
at varying altitudes. This architectural feature appears to bolster compatibility with
learning via privileged information.

Across the teacher models, recall remained consistently high, while precision
tended to be lower. Once again, this suggests that the models were primarily geared
toward reducing false negatives, which is generally beneficial in domains where missing
detections is costly. However, in the context of litter detection, this emphasis may be
less appropriate, as an increase in false positives can also undermine model reliability.

The training durations for all models employed in this experiment are presented
in Figure 4.6. The outcomes differ slightly from those of the first experiment (refer to
Figure 4.4). In certain instances, the student model required marginally less time to train
than its baseline counterpart, though this difference was observed solely in the case of
RetinaNet and was negligible.

Due to the increased number of training images, the overall time required rose
across all models. For the SSD and SSDLite models, both the student and baseline
versions required roughly the same duration to complete training. Nevertheless, two
further observations stand out. The FCOS student model took longer to train than
its teacher, which might be explained by the added computational cost of the centre‐
ness loss function. This component introduces further complexity to the optimisation
process and could account for the increased training time. Additionally, the Faster R‐
CNN teacher exhibited a comparatively long training duration. However, the difference
in training time between the Faster R‐CNN student and its baseline counterpart was
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minimal.

Model Configuration Type Size (MB) Parameters (M) GFLOPS FPS

Baseline

RetinaNet 122.72 32.17 254.58 38.30

FCOS 122.32 32.06 251.77 40.21

Faster R‐CNN 157.54 41.30 268.56 36.29

SSD 90.58 23.75 61.05 169.63

SSDLite 8.42 2.21 0.87 108.80

Student

RetinaNet 122.72 32.17 254.58 38.31

FCOS 122.32 32.06 251.77 39.94

Faster R‐CNN 157.54 41.30 268.56 36.15

SSD 90.58 23.75 61.05 169.73

SSDLite 8.42 2.21 0.87 104.89

Table 4.5 Comparison of model configurations for trained baseline and student models
on the 3×3 tiled SODA dataset across all altitudes for binary litter detection, including
model type, size in megabytes, number of parameters (in millions), computational

complexity in GFLOPS, and inference speed in FPS.

Interestingly, the Faster R‐CNNstudentmodel required less training time than the
RetinaNet student, despite achieving the highest accuracy among all student models.
This performance could be partly explained by the versatility of the region proposal
mechanism used by the network.

A comparison of model sizes, as shown in Table 4.5, reveals results identical to
those in Table 4.3 from the first experiment. This consistency is due to the use of
binary detectionmodels, meaning themodel heads remained the same. Despite this, the
observed improvement in detection accuracy across most model architectures indicates
that student models benefit from incorporating LUPI without incurring additional costs
in model size or computational load during inference, with only marginal variations in
FPS.

Overall, this experiment sought to introduce a more challenging setting in
which to evaluate the proposed methodology by extending the scope of the 1‐
metre experiment to incorporate altitude as an additional practical factor. This added
dimension increased the task’s difficulty. Despite this, the use of LUPI continued to show
improved accuracy in most models, although not universally. A noticeable decline was
observed across all metrics, reflecting the increased complexity of the problem being
tackled.
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4.5.3 Multi‐label Litter Detection on the SODA Dataset Across All
Altitudes

The third experiment aimed to build upon the context established in the second,
focusing again on multi‐altitude UAV‐based litter detection. However, this time, the
objective was to test the method’s generalisability in a multi‐label detection setting.
The experimental setup remained consistent with the previous trials, though the model
heads were reconfigured to classify six distinct litter categories, as defined in the 3×3
tiled SODA dataset. This dataset comprised 7,461 images, of which 5,238 were used for
training, 765 for validation, and 1,458 for testing. This experiment posed a significantly
greater challenge for the detection models. The task required accurate identification of
small, visually similar litter types, often set against complex and varied backgrounds.
The difficulty of distinguishing between these categories introduced a new layer of
complexity.

Figure 4.7 Comparison between the baseline and best‐performing student models
across key detection metrics on the 3×3 tiled SODA dataset across all altitudes for

multi‐label litter detection.

The results, comparing the baseline models with the best‐performing student
models across the five selected detection architectures, are illustrated in Figure 4.7.
In most cases, the student models outperformed their baselines, with improvements
particularly evident in the more demanding mAP@50–95 metric and precision, recall,
and F1 scores. However, these improvements were notably smaller than those observed
in the previous experiments. Given this added complexity, detection accuracy declined
across all models, with low metric scores observed throughout. The SSD and SSDLite
architectures in particular showed little to no improvement under these conditions,
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further exacerbating their limitations in the context of UAV‐based detection.
Compared to the earlier experiments, this setup presented a more difficult

detection scenario, leading to an overall drop in performance. Nevertheless, models
trained using the LUPI framework continued to show a measurable advantage in
most cases. Among all the models, the student version of FCOS delivered the best
overall results, followed by Faster R‐CNN and RetinaNet. While this represents a shift
from previous experiments, the general trend suggests that architectures using the
ResNet‐FPN backbone, which benefits from acquiring richer and more precise spatial
information, tend to bemore effective for this litter detection task. For all‐altitude binary
litter detection, Faster R‐CNN produced the best results, but in the multi‐label detection
experiment, FCOS was more successful. However, the differences between the two
wereminimal in both experiments. Furthermore, the studentmodels outperformed their
baseline counterparts across all evaluated metrics, with accuracy improvements ranging
from 0.01 to 0.08. Although these improvements gradually decreased, they still had a
noticeable impact. FCOS and Faster R‐CNN showed the most significant performance
boosts compared to their baselines. RetinaNet and SSD also showed some benefit,
though to a lesser degree. In contrast, SSDLite showed no improvement in any of the
metrics.

Figure 4.8 Comparison between the baseline and best‐performing student models
based on mean average precision by class on the 3×3 tiled SODA dataset across all

altitudes for multi‐label litter detection.

Having addressed multi‐label detection, a class‐specific analysis of detection
accuracy was also conducted. Figure 4.8 presents this evaluation using the AP@50–
95 metric. As seen, the same trend in model performance is maintained across
architecture types. FCOS and Faster R‐CNN again emerged as the best‐performing
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models, followed by RetinaNet, SSD, and SSDLite. The advantage offered by the LUPI
framework is especially pronounced here, with student models outperforming their
baseline counterparts in most individual AP scores.

When this performance is compared against the class imbalance found in the
SODAdataset, as shown in Figure 3.7, a consistent pattern is observed. The classes drink
can and clear plastic bottle, which are most frequent in the dataset, tend to record the
highest AP scores. Curiously, although glass bottle is more common than several other
classes, no detector in this study successfully identified it. This could be attributed to it
being misclassified as glass jar, due to the visual similarity between the two, leading to
incorrect predictions.

Unexpectedly, the models also performed well in detecting other plastic bottle,
despite its relatively low frequency in the dataset. This suggests that, in the context of
litter detection across varied backgrounds, this particular classmay presentmore distinct
visual features, making it easier to detect thanmore transparent items, which blendmore
easily with their surroundings.

In addition to the class‐specific results, the confusion matrix for this approach
provides further insight, as shown in Figure 4.9. This figure presents the normalised
confusion matrix for the best‐performing model, FCOS. Both baseline and student
versions exhibit a broadly diagonal structure, which is expected in successful
classification scenarios. However, a considerable number of litter items remain
unclassified, indicating a high rate of missed detections. Moreover, a portion of the litter
is misclassified under incorrect categories, suggesting a degree of confusion between
visually similar classes.

Notably, the student model demonstrates an improvement in this regard. The
confusion matrix reveals stronger diagonal values across most categories, indicating
better classification accuracy. Additionally, there are fewer unclassified instances,
though a slight increase in misclassifications is also evident. These patterns support
the overall finding that adopting the LUPI framework contributes positively to model
performance. Finally, the matrix highlights the underlying issue of class imbalance in the
dataset. As previously outlined, categories with higher representation tend to achieve
better scores.

In addition to the above comparisons, an extended analysis was conducted to
evaluate the accuracy of different teacher models, following a procedure consistent
with the earlier experiments. The results, summarised in Table 4.6, report the detection
accuracy achieved by each teacher architecture. As previously observed, Faster R‐
CNN, FCOS, and RetinaNet remained the strongest performers, with many of their
metrics approaching values that suggest effective learning of the target concept. While
minor declines were observed across several metrics, the increase in the mAR@1 score
may reflect improved top‐ranked predictions, though it does not necessarily indicate a
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(a)

(b)

Figure 4.9 Normalised confusion matrices for multi‐label litter detection on the 3×3
tiled SODA dataset across all altitudes, using the best‐performing models of the FCOS

architecture: (a) baseline model, (b) student model.
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broader improvement in recall performance. These findings imply that, even with the
added complexity of the scenes, these models continue to perform reliably in terms of
detection accuracy.

Model mAP@50–95 mAP@50 mAP@75 mAR@1 mAR@10 mAR@100 Precision Recall F1 Score

RetinaNet 0.88 0.92 0.91 0.66 0.89 0.89 0.76 0.97 0.85

FCOS 0.91 0.95 0.94 0.68 0.92 0.92 0.91 0.97 0.94

Faster R‐CNN 0.95 0.99 0.98 0.70 0.96 0.96 0.96 0.99 0.97

SSD 0.36 0.49 0.45 0.33 0.41 0.41 0.59 0.76 0.63

SSDLite 0.11 0.13 0.13 0.13 0.13 0.13 0.00 0.37 0.01

Table 4.6 Comparison of teacher model performance across key detection metrics,
trained on the 3×3 tiled SODA dataset across all altitudes for multi‐label litter

detection.

The SSD and SSDLite teacher models once again displayed a marked drop in
detection accuracy, both in comparison to other architectures and relative to their
performance in the preceding experiment. This further exacerbates their limited
capacity to generalise within this more demanding detection context. As observed
previously, Faster R‐CNN remained the most effective teacher model overall. However,
despite being the second‐best teacher, FCOS produced the highest‐performing student
in this multi‐label setup. RetinaNet continued to lag behind both Faster R‐CNN and
FCOS, showing comparatively weaker performance. Among all teacher models, recall
scores were consistently high, while precision varied more significantly. Notably,
SSDLite recorded a precision score of zero, whereas the remaining models achieved
more acceptable precision values, ranging from 0.59 to 0.96.

The training durations for all models used in this experiment are shown in
Figure 4.10. These results contrast significantlywith those from the previous experiment
(see Figure 4.6). Overall, training times increased across the board. Notably, the
student models required substantially more time to train compared to their baseline
counterparts, marking a sharp rise relative to the earlier experiment.

Interestingly, the teacher models now required less training time than their
corresponding student models, a trend observed across all architectures except for
Faster R‐CNN. The FCOS student model, despite requiring more training time than
RetinaNet, achieved the best performance overall. In contrast, Faster R‐CNN trained
faster than RetinaNet, and both Faster R‐CNN and FCOS required less cumulative time
for training (teacher and student combined) than the RetinaNet model. Meanwhile, SSD
and SSDLite remained the fastest to train, maintaining a similar trend to that observed
in previous experimental setups.

A comparison of model sizes and inference speeds, as outlined in Table 4.7,
reveals results that differ slightly from those observed in the previous experiments. This
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Figure 4.10 Comparison of model training times on 3×3 tiled SODA dataset across all
altitudes for multi‐label litter detection.

variation stems from the shift to multi‐label detection, which required modifying the
model head to predict a broader range of categories. Consequently, this adjustment led
to an expected increase in the parameter count within the detection head, consistent
with standard object detection practices. Nonetheless, the overall trend of improved
detection accuracy across most model architectures suggests that student models
continue to benefit from the application of LUPI, without incurring any added cost in
terms of model size or computational demand during inference, as also evident by the
similar GFLOPS and FPS values.

Across these experiments, which span various realistic contexts and model
architectures, it has been demonstrated that incorporating LUPI in object detection
results in improved performance in the majority of cases. In instances where little to
no improvement was observed, this can generally be attributed to the limitations of the
architecture itself, which may not be optimised to handle the specific detection task.
Additionally, while there is a trade‐off in terms of increased training time due to the
necessity of training both a teacher and a student model, the overall model parameters
and sizes remain unchanged with the adoption of this approach.

4.6 Cross‐Dataset Evaluation

In addition to the within‐dataset evaluation, a separate cross‐dataset examination was
conducted to verify whether the models trained on the SODA dataset exhibited more
consistent learning when trained with LUPI, compared to their baseline counterparts, in
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Model Configuration Type Size (MB) Parameters (M) GFLOPS FPS

Baseline

RetinaNet 123.11 32.27 257.35 40.38

FCOS 122.36 32.08 252.08 40.88

Faster R‐CNN 157.64 41.32 268.61 37.45

SSD 93.13 24.41 61.55 147.09

SSDLite 8.68 2.28 0.89 92.65

Student

RetinaNet 123.11 32.27 257.35 38.30

FCOS 122.36 32.08 252.08 39.26

Faster R‐CNN 157.64 41.32 268.61 36.65

SSD 93.13 24.41 61.55 142.24

SSDLite 8.68 2.28 0.89 97.64

Table 4.7 Comparison of model configurations for trained baseline and student models
on the 3×3 tiled SODA dataset across all altitudes for multi‐label litter detection,
including model type, size in megabytes, number of parameters (in millions),

computational complexity in GFLOPS, and inference speed in FPS.

alignment with objective O3. To this end, cross‐dataset testing was carried out using
the two other available UAV‐based litter detection datasets: BDW [17] and UAVVaste
[19]. For the BDW dataset, models trained on the SODA dataset at 1‐metre altitude
were selected, given their closer alignment with the characteristics of the BDW data
(see Figure 3.9). For the UAVVaste evaluation, the binary litter detection models trained
on the 3×3 tiled version of the SODA dataset were used, again due to the similarity in
visual layout and scene composition (refer to Figure 3.10). In both cases, the models
applied were trained specifically for binary litter detection.

4.6.1 Binary Litter Detection on the BDWDataset

The results on the BDW dataset, as shown in Figure 4.11, demonstrate that student
models trained using the proposed LUPI‐based approach consistently outperformed
their baseline counterparts across all architectures. For each detection metric, student
models showed measurable improvements. In the more stringent mAP@50–95,
performance increased by between 0.04 and 0.13, while even larger margins were
observed in metrics such as mAP@50. Interestingly, although RetinaNet had been the
top performer in the within‐dataset evaluation for the 1‐metre altitude experiment, it
was FCOS that achieved the best results on the BDW test subset, closely followed by
RetinaNet and Faster R‐CNN. SSD also returned relatively high results, whereas SSDLite
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continued to trail behind the others.

Figure 4.11 Comparison of baseline and best‐performing student models on key
detection metrics using the BDW dataset. The evaluated models were trained on the

SODA dataset captured at 1‐metre altitude for binary litter detection.

Models using the ResNet‐FPN backbone continued to perform reliably well,
suggesting that this architecture suits the challenges of UAV‐based litter detection.
Overall, the results point to the value of integrating LUPI, which seems to produce
models that adapt better and generalise more effectively across datasets. While training
time is slightly worse, these benefits come without adding to the model’s size, which
retains the method’s efficiency and ease of deployment.

4.6.2 Binary Litter Detection on the UAVVaste Dataset

The cross‐dataset evaluation results on the UAVVaste dataset, shown in Figure 4.12,
largely confirm the earlier trend: the proposed approach incorporating LUPI tends to
improve detection performance for student models over their baseline counterparts. In
this setup, the binary detection models trained on the 3×3 tiled SODA dataset were
evaluated on the UAVVaste test set.

Faster R‐CNN, FCOS, and RetinaNet all produced better results under the student
setting, showing an improvement of around 0.03 to 0.11 in the more demanding
mAP@50–95 metric. In contrast, SSDLite failed to register any successful detections,
and SSD yielded identical mAP@50–95 scores between the student and baseline
models, though with slightly lower performance in the other metrics for the student
variant.
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Figure 4.12 Comparison of baseline and best‐performing student models on key
detection metrics using the UAVVaste dataset. The evaluated models were trained on

the 3×3 tiled SODA dataset across all altitudes for binary litter detection.

The weaker outcomes from SSDLite and SSD once again highlight their
unsuitability for UAV‐based litter detection, suggesting that the limited improvements
observed with LUPI stem from the inherent inefficiency of these architectures in
addressing this task. The drop in performance across all detectors likely stems from
how litter is represented in each dataset. As shown in Figure 3.10, the UAVVaste
dataset contains smaller and visually distinct litter representations compared to the
SODA dataset. Even so, several models produced accurate predictions, with most
student models outperforming their baseline counterparts.

4.7 Object Size‐Based Performance Analysis

In continuation of the within‐dataset and cross‐dataset evaluations, which have
consistently demonstrated the effectiveness of the proposed approach compared to
baseline models, it is important to highlight a fundamental challenge posed by the
problem of UAV‐based litter detection: its inherent focus on small object detection.
While improvements in overall metrics such as mAP and mAR have been observed,
a more detailed analysis is required to determine whether incorporating the LUPI
framework into existing object detection architectures specifically enhances the
detection of small objects.

Accordingly, this section examines this aspect in greater detail, in line with
objectives O2 and O3. The COCO evaluation metrics are utilised, which expand upon
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the standard metrics introduced in Section 2.6 by calculating mAP and mAR separately
for small, medium, and large objects. These size categories follow the conventions
established by the COCO dataset, with definitions consistent with those outlined earlier
in Section 4.4. Essentially, this involves applying the standard metrics to subsets of
objects grouped by size. Furthermore, the analysis focuses on results from both within‐
and cross‐dataset evaluations, aiming to determine whether the proposed methodology
offers distinct improvements across object sizes, with an emphasis on small object
detection.

Model Type mAP@50–95 mAPSmall mAPMedium mAPLarge mARSmall mARMedium mARLarge

RetinaNet
Baseline 0.61 – 0.44 0.64 – 0.50 0.71
Best Student 0.76 – 0.62 0.79 – 0.68 0.83

FCOS
Baseline 0.68 – 0.51 0.72 – 0.59 0.76
Best Student 0.73 – 0.62 0.76 – 0.67 0.80

Faster R‐CNN
Baseline 0.65 – 0.43 0.69 – 0.50 0.73
Best Student 0.74 – 0.67 0.76 – 0.70 0.81

SSD
Baseline 0.45 – 0.09 0.54 – 0.11 0.58
Best Student 0.59 – 0.50 0.61 – 0.55 0.66

SSDLite
Baseline 0.30 – 0.00 0.37 – 0.00 0.43
Best Student 0.41 – 0.01 0.50 – 0.01 0.54

Table 4.8 Comparison of the baseline and best‐performing student models across
COCO detection metrics on the SODA dataset at 1‐metre altitude for binary litter

detection, with results reported separately for each object size category.

Examining the results for the SODA dataset at 1‐metre altitude for binary litter
detection, as detailed in Table 4.8, it is important to note that both mAPSmall andmARSmall

are undefined, since this subset does not contain any small objects. However, for the
remaining object sizes, a substantial improvement is evident, with the best student
models significantly outperforming the baseline models. This is especially noticeable
for RetinaNet, Faster R‐CNN, and FCOS architectures, where consistent improvements
across all metrics are observed, underscoring their enhanced ability to detect medium to
large objects. While improvements for larger objects were expected and are consistent
throughout the experiments, it is interesting to observe that SSD achieved the largest
increase in mAPMedium compared to the other models, whereas SSDLite exhibited the
smallest gains, a trend that is mirrored in the mARMedium metric as well.

Tackling a more challenging problem with binary litter detection on the SODA
dataset, the application of a 3×3 tiling preprocessing step enables more detailed
analysis, as shown in Table 4.9. Unlike before, this dataset subset now includes small
objects, thus mAPSmall and mARSmall are defined. Notably, RetinaNet, FCOS, and Faster
R‐CNN demonstrate substantial improvements across object sizes. However, these
advances are less apparent for the SSD and SSDLite architectures. As expected, the
highest scores are generally observed for medium and large objects, but meaningful
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Model Type mAP@50–95 mAPSmall mAPMedium mAPLarge mARSmall mARMedium mARLarge

RetinaNet
Baseline 0.20 0.08 0.26 0.41 0.10 0.29 0.47
Best Student 0.31 0.11 0.43 0.59 0.14 0.50 0.65

FCOS
Baseline 0.29 0.15 0.37 0.49 0.19 0.44 0.54
Best Student 0.41 0.27 0.50 0.62 0.34 0.57 0.67

Faster R‐CNN
Baseline 0.29 0.13 0.36 0.55 0.16 0.44 0.62
Best Student 0.43 0.28 0.48 0.68 0.33 0.55 0.74

SSD
Baseline 0.18 0.02 0.25 0.43 0.03 0.30 0.49
Best Student 0.18 0.01 0.25 0.49 0.01 0.30 0.56

SSDLite
Baseline 0.08 0.00 0.01 0.39 0.00 0.00 0.47
Best Student 0.10 0.00 0.01 0.47 0.00 0.01 0.54

Table 4.9 Comparison of the baseline and best‐performing student models across
COCO detection metrics on the 3×3 SODA dataset across all altitudes for binary litter

detection, with results reported separately for each object size category.

improvements in mAPSmall and mARSmall are also visible, particularly for models with
ResNet‐FPN backbones. The other architectures tend to perform worse in this regard,
consistent with observations from Subsection 4.5.2. Interestingly, SSD is the only case
where the baseline outperforms the student model on small object metrics, which may
be attributed to the architectural limitations of SSD in capturing fine‐grained features
for small objects, resulting in less effective knowledge transfer through LUPI compared
to the other models.

Model Type mAP@50–95 mAPSmall mAPMedium mAPLarge mARSmall mARMedium mARLarge

RetinaNet
Baseline 0.06 0.02 0.09 0.14 0.02 0.11 0.18

Best Student 0.10 0.01 0.14 0.26 0.01 0.16 0.31

FCOS
Baseline 0.16 0.11 0.20 0.24 0.14 0.26 0.30

Best Student 0.23 0.13 0.30 0.35 0.17 0.38 0.46

Faster R‐CNN
Baseline 0.14 0.08 0.20 0.22 0.10 0.24 0.29

Best Student 0.22 0.14 0.26 0.33 0.19 0.33 0.39

SSD
Baseline 0.04 0.01 0.07 0.11 0.00 0.08 0.17

Best Student 0.05 0.01 0.10 0.11 0.01 0.12 0.18

SSDLite
Baseline 0.03 0.00 0.00 0.12 0.00 0.00 0.17

Best Student 0.03 0.00 0.00 0.13 0.00 0.00 0.18

Table 4.10 Comparison of the baseline and best‐performing student models across
COCO detection metrics on the 3×3 SODA dataset across all altitudes for multi‐label

litter detection, with results reported separately for each object size category.

Continuing to increase the complexity of the problem by targeting multi‐label
detection on the 3×3 tiled SODA dataset, the difficulty of the task naturally rises,
and the magnitude of improvements begins to diminish. Nonetheless, Table 4.10
continues to illustrate that the proposed approach generally improves multi‐label small
object detection. Specifically, marginal improvements were noted for Faster R‐CNN,
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FCOS, and to a lesser extent SSD. However, for RetinaNet and SSDLite, the baseline
models outperformed the student models in terms of small object detection. Despite
this, the student models consistently outperformed the baselines on medium and large
object metrics. These findings align with observations from Subsection 4.5.3, where a
significant drop in mAP and mAR scores was recorded due to the increased complexity.
Still, evenwith this heightened challenge, a marginal benefit from adopting the proposed
methodology remains evident.

Model Type mAP@50–95 mAPSmall mAPMedium mAPLarge mARSmall mARMedium mARLarge

RetinaNet
Baseline 0.29 – 0.14 0.35 – 0.20 0.47

Best Student 0.42 – 0.26 0.49 – 0.32 0.56

FCOS
Baseline 0.34 – 0.14 0.42 – 0.27 0.51

Best Student 0.46 – 0.26 0.54 – 0.39 0.62

Faster R‐CNN
Baseline 0.31 – 0.13 0.37 – 0.18 0.48

Best Student 0.41 – 0.24 0.47 – 0.29 0.55

SSD
Baseline 0.21 – 0.07 0.26 – 0.09 0.32

Best Student 0.37 – 0.19 0.43 – 0.25 0.52

SSDLite
Baseline 0.05 – 0.00 0.07 – 0.00 0.08

Best Student 0.09 – 0.01 0.12 – 0.00 0.13

Table 4.11 Comparison of the baseline and best‐performing student models across
COCO detection metrics on the BDW dataset, with models trained on the SODA

dataset captured at a 1‐metre altitude for binary litter detection, and results reported
separately for each object size category.

The results of the across‐dataset experiments, segregated by object sizes,
continue to align with the previously observed trends. As shown in Tables 4.11 and
4.12 for the BDW and UAVVaste datasets, respectively, the findings further support
this notion. For the BDW dataset, small object detection metrics are undefined due to
the absence of small objects. In this case, improvements are consistently seen in the
medium and large object categories, with student models outperforming their baseline
counterparts. Themost pronounced improvements are observed for large objects, which
is expected. While all models demonstrate this improvement, some achieve it to a
greater extent than others, consistent with the observations in Subsection 4.6.1.

For the UAVVaste dataset, a relatively clear improvement in small object
detection can be observed for the majority of models, with only a few outliers. This
pattern mirrors the findings in Subsection 4.6.2. While the improvements for small
objects are marginal, the largest performance boosts remain in the large object category,
as previously emphasised. Overall, the across‐dataset evaluations confirm that the
proposed methodology enables student models to outperform baseline models, a trend
that persists across all experiments.

Taken together, these findings suggest that the proposed methodology is capable
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Model Type mAP@50–95 mAPSmall mAPMedium mAPLarge mARSmall mARMedium mARLarge

RetinaNet
Baseline 0.03 0.02 0.10 0.04 0.02 0.16 0.20

Best Student 0.06 0.04 0.22 0.25 0.05 0.29 0.25

FCOS
Baseline 0.05 0.04 0.15 0.00 0.05 0.24 0.00

Best Student 0.13 0.09 0.34 0.40 0.13 0.42 0.40

Faster R‐CNN
Baseline 0.05 0.03 0.21 0.11 0.03 0.31 0.45

Best Student 0.16 0.13 0.39 0.40 0.17 0.50 0.40

SSD
Baseline 0.02 0.01 0.08 0.09 0.01 0.17 0.35

Best Student 0.02 0.01 0.09 0.12 0.01 0.15 0.35

SSDLite
Baseline 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Best Student 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 4.12 Comparison of the baseline and best‐performing student models across
COCO detection metrics on the UAVVaste dataset, with models trained on the 3×3
SODA dataset across all altitudes for binary litter detection, and results reported

separately for each object size category.

of delivering improvements across datasets and object size categories, albeit with
benefits that are at times modest. The recurrence of such outcomes under varied
experimental conditions points to a measure of robustness in the approach. Although
not uniformly transformative, the observed enhancements indicate that the method
holds meaningful potential for tackling a range of object detection scenarios.

4.8 Pascal VOC 2012 Evaluation

Although it has consistently been shown across both within‐dataset and cross‐dataset
evaluations that integrating LUPI into object detection allows student models to
outperform their baselines, proven even in demanding scenarios such as that of UAV‐
based litter detection and small object detection. A final experiment was conducted
to verify the generalisability of the proposed approach across larger object detection
datasets with a larger number of categories, addressing fully objective O4. To this end,
the Pascal VOC 2012 dataset was selected for its broader range of object categories and
increased complexity. With 20 object classes, the dataset provides a more challenging
test environment. As detailed in Subsection 3.10.4, Pascal VOC is a widely recognised
benchmark for object detection. It contains 17,112 images in total, with 13,690 used
for training and 3,422 for validation in this study.

The results of this experiment, comparing the baseline model with the best
student model across five selected detection architectures, are shown in Figure 4.13.
In most architectures, the student model outperformed the baseline, demonstrating a
marginal improvement in detection accuracy when compared to previous experiments,
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especially in the challenging mAP@50–95 metric. Among the models tested, the
SSDLite student achieved the highest performance, followed by Faster R‐CNN, FCOS,
and SSD student models. Across all metrics, the student models showed an accuracy
improvement ranging from 0.02 to 0.05, although slightly less when compared to the
other models presented in this study.

Figure 4.13 Comparison between the baseline and best‐performing student models
across key detection metrics on the Pascal VOC 2012 dataset for multi‐label detection

of 20 object classes.

Unfortunately, the Faster R‐CNN student architecture performed worse than its
baseline counterpart, while SSD and SSDLite models showed the largest improvements.
Interestingly, the architectures using the ResNet‐FPN architecture performed relatively
worse than the others, in contrast to the litter detection experiments. This can be
attributed to the nature of the data, as Pascal VOC contains images at relatively smaller
resolutions. This, combined with the initialisation of pre‐trained weights from models
trained on the COCO dataset (which contains images of higher resolution), may have
contributed to this performance discrepancy. It can also be the case that, in scenes
with overlapping objects, the nature of the privileged information confuses the RPN in
Faster R‐CNN, leading to less reliable proposal generation and contributing to its poorer
performance in comparison to the baseline. On the other hand, SSD and SSDLite take
low‐resolution images as input, which makes them more suited for this type of data and
likely explains their superior performance. In addition to this, Faster R‐CNN showed
limited improvement, whichmay be due to the teachermodel providing additional region
proposals to reduce false positives, a strategy believed to improve detection accuracy.

Upon reviewing the class‐specific metrics for each model, as detailed in Figure
4.14, a notable observation becomes apparent. Despite the pronounced class imbalance
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in favour of the person category, which is by far the most represented in the dataset (see
Figure 3.12), the average precision scores for this class were comparatively low. This
stands in contrast to categories with fewer examples, such as aeroplane, bus, train, and
tv monitor, which frequently yielded higher scores in this evaluation.

Figure 4.14 Comparison between the baseline and best‐performing student models
based on mean average precision by class on the Pascal VOC 2012 dataset for

multi‐label detection of 20 object classes.

Several factors may explain this disparity. Although a large number of person
instances might be expected to improve detection performance, the high variability
within this class likely introduces ambiguity, making accurate classification more
difficult. In contrast, the less frequent classes may have featured more visually distinct
or consistently structured examples, which likely contributed to stronger detection
outcomes.

This variation in performance was consistent across the evaluated models.
RetinaNet, for instance, showed only limited detection capabilities when compared
to the others. In contrast, Faster R‐CNN and SSDLite recorded the highest overall
scores. While the student version of Faster R‐CNN generally performed worse than its
baseline, certain classes saw an improvement in AP scores under the student model,
though this improvement was not consistent. Similar fluctuations were observed in
other models, where student variants outperformed their baselines for some classes
and underperformed for others.

Nevertheless, despite the variation and inconsistency, the broader pattern
indicates that student models frequently maintained or slightly improved per‐class
scores. Given the complexity of detecting across 20 classes, even marginal
improvements suggest meaningful progression. This pattern is also evident in the
normalised confusion matrix for the best‐performing model, SSDLite, shown in Figure
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4.15. Here, both the baseline and student versions show a largely diagonal structure,
which is expected in effective classification. However, a significant portion of objects
remains unclassified, highlighting ongoing challenges with missed detections and a
tendency to label uncertain regions as background.

The student model shows some improvement. Its confusion matrix presents
clearer diagonal lines across most categories, indicating more accurate predictions.
There are also fewer unclassified examples overall. The classes most reliably identified
by the student model are train, cat, and bus. These appear to be among the simpler
categories to detect, likely because they have more distinct and consistent visual
features than others.

Building on the earlier comparisons, an additional analysis was undertaken to
examine the performance of various teacher models, using the same experimental setup
as in the previous tests. The outcomes, detailed in Table 4.13, reflect the detection
accuracy achieved by each teacher architecture. Interestingly, Faster R‐CNN, FCOS, and
RetinaNet continued to yield the best results, though their performance metrics were
lower than the near‐ideal values reported in earlier evaluations.

Model mAP@50–95 mAP@50 mAP@75 mAR@1 mAR@10 mAR@100 Precision Recall F1 Score

RetinaNet 0.77 0.86 0.79 0.60 0.81 0.81 0.26 0.90 0.38

FCOS 0.80 0.88 0.82 0.61 0.84 0.84 0.43 0.91 0.56

Faster R‐CNN 0.77 0.91 0.82 0.59 0.82 0.82 0.56 0.91 0.68

SSD 0.42 0.56 0.49 0.41 0.48 0.48 0.25 0.69 0.36

SSDLite 0.49 0.61 0.54 0.46 0.55 0.55 0.04 0.79 0.07

Table 4.13 Comparison of teacher model performance across key detection metrics,
trained on the Pascal VOC 2012 dataset for multi‐label detection of 20 object classes.

A notable observation is that, despite their weaker performance as teacher
models, both SSD and SSDLite produced relatively robust studentmodels. This outcome
contrasts with RetinaNet and FCOS, which, despite achieving better detection scores as
teacher models, produced less accurate student versions.

FCOS, in particular, stood out as a strong teacher, closely following Faster R‐
CNN and even outperforming it in some metrics. A consistent pattern across all teacher
models was the high recall values, while precision scores showed greater variation.
SSDLite, in this context, had the lowest precision, whereas the other models achieved
values between 0.25 and 0.56. These figures were somewhat lower than anticipated,
especially considering the use of privileged information. The results also suggest that
increasing the number of classes introduces added complexity, which negatively affects
both teacher and student performance across all detection metrics.

The training times for all models used in this experiment are presented in
Figure 4.16. Compared to earlier experiments, these models generally required less
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(a)

(b)

Figure 4.15 Normalised confusion matrices for multi‐label detection of 20 object
classes on the Pascal VOC 2012 dataset, using the best‐performing models of the

SSDLite architecture: (a) baseline model, (b) student model.
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Figure 4.16 Comparison of model training times on the Pascal VOC 2012 dataset for
multi‐label detection of 20 object classes.

time to train. Notably, most models in this study exhibited a more uniform rate of
convergence, in contrast to the more varied patterns seen in earlier experiments.

RetinaNet and Faster R‐CNN had the longest training times for their student
models. On the other hand, SSD and SSDLite, which completed training more quickly,
produced the strongest student performances in this experiment. Across all models,
student training took longer than the corresponding baselines, while teacher models
consistently required the most time overall.

A comparison of model sizes and inference speeds, as detailed in Table 4.14,
reveals some differences from the findings of previous experiments. The models in
this study now feature more parameters and a larger overall size, primarily due to the
increased number of classes to 20. This expansion requires additional parameters in the
prediction head, which in turn increases the total model size.

Despite this growth, the results demonstrate that applying the proposed
methodology to any detector leads to improved detection accuracy. Importantly, this
improvement is realised without relying on more complex or computationally intensive
architectures. Through various experimental setups, each conducted with strict controls
and repeated testing, the method consistently delivered better performance while
keeping both model size and parameter count under control, with GFLOPS remaining
equivalent and FPS showing similar results during inference.
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Model Configuration Type Size (MB) Parameters (M) GFLOPS FPS

Baseline

RetinaNet 124.22 32.56 265.10 39.74

FCOS 122.48 32.11 252.94 39.55

Faster R‐CNN 157.92 41.40 268.75 30.66

SSD 100.27 26.29 62.94 67.44

SSDLite 9.42 2.47 0.95 36.74

Student

RetinaNet 124.22 32.56 265.10 38.00

FCOS 122.48 32.11 252.94 34.65

Faster R‐CNN 157.92 41.40 268.75 30.39

SSD 100.27 26.29 62.94 67.67

SSDLite 9.42 2.47 0.95 36.75

Table 4.14 Comparison of model configurations for trained baseline and student
models on the Pascal VOC 2012 dataset for multi‐label object detection, including
model type, size in megabytes, number of parameters (in millions), computational

complexity in GFLOPS, and inference speed in FPS.

4.9 Ablation Study on the Alpha Parameter

An ablation study was conducted to evaluate the effect of the α parameter, which
determines the importance given to the teacher network when distilling knowledge
to the student model. Following the approach outlined in [102], α values of 0, 0.25,
0.5, 0.75, and 1 were tested to systematically assess the model’s behaviour across the
full spectrum from relying solely on labelled data to relying entirely on the teacher’s
representations. The results of this study, presented in Figures 4.17 and 4.18, assess
which α value best supports the distillation process. These figures compare the
outcomes of both the within‐dataset experiments and the models trained on the Pascal
VOC 2012 dataset.

The principal finding from this analysis is that, across all experiments, the most
effective performance in terms of the primary object detection metric (mAP@50–95)
was observed when α values were set between 0.25 and 0.5. There were a few
isolated instances in which a value of 0.75 produced comparable results, but these were
exceptions rather than the norm. In general, when α was set to 1, which gives full
control to the teacher, all metrics showed near‐zero scores. For F1 scores, the trend for
achieving high object classification performance was observed at α values of 0.25 and
0.5. However, therewere a few exceptions in themulti‐label litter detection experiment,
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(a)

(b)

Figure 4.17 Assessing the impact of the alpha (α) parameter on student model
performance. (a) shows results for the SODA dataset at a 1‐metre altitude for binary
litter detection, while (b) presents results on the 3×3 tiled SODA dataset across all

altitudes for binary litter detection.

where FCOS and Faster R‐CNN performance favoured α = 0.75.
Further analysis revealed that for RetinaNet, on average, α values of 0.5 and 0.75

109



Chapter 4. Evaluation

(a)

(b)

Figure 4.18 Assessing the impact of the alpha (α) parameter on student model
performance. (a) shows results on the 3×3 tiled SODA dataset across all altitudes for
multi‐label litter detection, while (b) presents results on the Pascal VOC 2012 dataset

for multi‐label object detection.

yielded the best results, while for FCOS, the optimal values for mAP@50, mAP@75, and
F1 scores were similar, with α = 0.25 being optimal for the harder metric, mAP@50–
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95. For Faster R‐CNN and SSD, which followed a similar trend, α values between 0.5
and 0.75 delivered the best results. Finally, for SSDLite, α = 0.5 appeared to be the
most effective configuration. That said, this architecture generally deliveredweak results
across all metrics in the litter detection experiments. However, it did show a modest yet
meaningful improvement in the Pascal VOC 2012 evaluation.

Thus, the findings of this ablation study indicate that setting the α parameter
between 0.25 and 0.5 for the proposed approach provides the most consistent and
effective results across the detection metrics. Employing these values provides the
teacher enough say to help without overwhelming the student. When the teacher’s
influence was set to the maximum (α = 1), performance dropped sharply, showing that
too much reliance on the teacher can hold the student back. Although the results align
with those presented in [102], tuning α based on the particular task is still necessary.
Some models, for instance, performed better on the litter detection tasks when α was
set to 0.75, while the samemodels reached their best performance on Pascal VOC 2012
with a value of 0.25. The appropriate value depends on the nature of the data and the
specific problem being addressed.

4.10 Visual Comparison of Model Predictions

In addition to the evaluation outlined in the previous experiments, which is based
on established object detection metrics, it is equally valuable to consider whether
improvements can be observed visually through the integration of LUPI using the
proposed methodology. This form of comparison helps to assess whether the
predictions are qualitatively better. To address this, the following section presents visual
results across the various experiments, comparing outputs from bothwithin‐ and across‐
dataset models, as well as from those trained on the Pascal VOC 2012 dataset. The
aim is to compare the visual predictions from the best‐performing baseline and student
models of the same architecture type, using sample images taken from the test sets of
each dataset. The corresponding visual results are illustrated in Figures 4.19, 4.20, 4.21,
and 4.22.

Examining the visual results from the within‐dataset experiments, as shown in
Figure 4.19, it is evident that the integration of LUPI results in a noticeable improvement
over the baseline model. In subfigures (a) and (b), this improvement is clear: although
both RetinaNet models successfully detect all litter objects, the LUPI student model
produces higher confidence scores, notably in the scenario tailored for detection at a
1‐metre altitude. In subfigures (c) and (d), where detection becomes more challenging
due to the significantly higher altitude, the improvement achieved by the Faster R‐
CNN student model is even more evident. It identifies more litter instances than the
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(a) (b)

(c) (d)

Figure 4.19 Sample predictions on test subset images from detection models trained
on the SODA dataset. Subfigures (a) and (c) show outputs from the baseline models,
while (b) and (d) present predictions from their corresponding student models.

Subfigures (a) and (b) illustrate RetinaNet results at an altitude of 1 metre; (c) and (d)
show outputs from Faster R‐CNN.

corresponding baseline and assigns higher confidence scores to its predictions. This
further reinforces the practical value of incorporating the proposed approach.

(a) (b)

Figure 4.20 Sample predictions on test subset images from the FCOS detection model,
trained on the SODA dataset and evaluated on the BDW dataset. Subfigure (a) shows
outputs from the baseline model, while (b) presents predictions from the corresponding

student model.

In the cross‐dataset evaluation, where models trained on the SODA dataset
were tested on other binary litter detection datasets to assess how well the proposed
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(a) (b)

Figure 4.21 Sample predictions on test subset images from the best‐performing
detection model, Faster R‐CNN, trained on the SODA dataset and evaluated on the
UAVVaste dataset. Subfigure (a) shows outputs from the baseline model, while (b)

presents predictions from the corresponding student model.

approach generalises, the improvement is also clearly visible. This is illustrated in
Figures 4.20 and 4.21. For the BDW dataset, using the best‐performing model based
on the FCOS architecture, the student model detected more litter instances than the
baseline. Similarly, for UAVVaste, where the top‐performing model was Faster R‐CNN,
the student model again identified more objects. In both cases, the continued trend of
higher confidence scores reinforces the notion that integrating LUPI contributes to more
effective and robust learning.

A similar trend is evident in the general object detection task with multi‐label
detection, as demonstrated in the Pascal VOC 2012 experiment. The improvement is
especially noticeable when using the best‐performing architecture, Faster R‐CNN, as
shown in Figure 4.22. In the first example, the baseline prediction in (a) has a low
detection score, and the bounding box does not fully capture the object of interest.
In contrast, the student model produces a bounding box that accurately encloses the
object, reflecting a more precise prediction. In the second example, the baseline
prediction in (c) performs reasonably well but misses some important elements. It fails
to detect the person inside the car and overlooks the car in the background, while
also assigning relatively low confidence scores, which negatively impact the mAP. In
comparison, the student prediction in (d) correctly identifies all the relevant objects
except for the horse in the background. In the third example, the student model
correctly predicted both the type and the bounding box position of (f), while the
baseline model in (e) mistakenly labelled the sheep as a dog. This improvement in object
coverage, classification and confidence underscores the overall efficacy of the proposed
methodology, demonstrating its advantages in both litter detection and general object
detection tasks.

113



Chapter 4. Evaluation

(a) (b)

(c) (d)

(e) (f)

Figure 4.22 Sample predictions from the best‐performing detection model, Faster
R‐CNN, trained on the Pascal VOC 2012 dataset. Subfigures (a), (c), and (e) show
outputs from the baseline model, while (b), (d), and (f) present predictions from the

corresponding student model.

4.11 Visual Interpretability of Model Predictions

Additional testswere conducted to evaluate the visual interpretability of how themodels
make predictions on specific images. To facilitate this, three commonly used class
activationmapping techniqueswere employed to assess any improvements between the
baseline and student models from a feature‐based perspective. Thesemethods included
Grad‐CAM [156], Grad‐CAM++ [157], and Eigen‐CAM [158].

Grad‐CAM and Grad‐CAM++ both use a gradient‐based approach, where the
gradient of a target concept is propagated to the final convolutional layer, resulting
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in a coarse localisation map that highlights key regions in the image relevant for the
prediction. Grad‐CAM++ builds on this process by providing clearer visual explanations,
improving object localisation and enabling better interpretation of multiple object
instances within a single image[156, 157]. Meanwhile, Eigen‐CAM utilises principal
components derived from the learned features in the convolutional layers, offering a
different approach to explaining model predictions [158].

This test was carried out across all selected architecture types, using the specific
target layer where the distillation process took place for each model (see Subsection
3.6.2) to examine whether there were visual differences in feature‐based learning
between the baseline and student models. Although this analysis was conducted on all
trained models and across various images for consistency, only the results from models
trained on the SODA 1‐metre altitude dataset are presented here for brevity. This
decision was made as the experiment yielded the most significant improvements under
the proposed LUPI‐based approach, with the other experiments showing relatively
similar results. The visual outcomes of this test are shown in Figure 4.23.

A consistent trend observed in Section 4.10 is also evident here, with the student
models generally outperforming the baselines. For example, the Faster R‐CNN baseline
mistakenly identified rocks as litter, an error that the student model corrected. Likewise,
both the SSD and SSDLite baseline models missed certain litter objects, while the
student models successfully identified them.

Shifting the focus to the class activation maps, the visual differences between
baseline and student models are more subtle. While the activation maps from Grad‐
CAM, Grad‐CAM++, and Eigen‐CAM are relatively similar in overall appearance, some
meaningful observations can still be made. In the Grad‐CAM outputs, even for objects
that were not detected by the SSD and SSDLite baselines, some degree of attention was
still allocated to those regions. This suggests that although the models failed to classify
the objects correctly, they were at least partially aware of their presence.

A consistent pattern across the baselines, particularly in sceneswith rocky terrain,
was the misallocation of attention. The models often focused on background elements
such as rocks, which may have contributed to the misclassifications. In contrast, the
student models appeared to suppress this background attention, instead concentrating
more directly on the relevant object areas.

In the Grad‐CAM++ results, the effect of the challenging backgrounds became
even more evident. The baseline models directed substantial attention to the rocky
textures rather than the actual litter, which likely impaired their predictions. The student
models, however, showed a shift in behaviour: their attention was more evenly spread
across the scene but still retained a clear focus on the objects of interest, avoiding the
distractive influence of the background.

Finally, the Eigen‐CAM results also show a difference in attention. The student
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(a)

(b)

Figure 4.23 Visual comparison of object detection models using various CAM methods
on the SODA dataset at a 1‐metre altitude for binary litter detection. (a) shows
predictions from baseline models; (b) presents predictions from the corresponding

student models.
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models spread their focus more evenly across the entire image, including the object
regions, without being sidetracked by the background. In contrast, the baseline models
focused more on the litter objects. However, in this case, the baseline models did give
more attention to the specific litter, while the student models seemed to distribute their
attention more widely, including the background.

The results across the remaining datasets followed consistent patterns, rein‐
forcing the conclusion that the proposed LUPI‐based method improves detection
accuracy while helping the model focus more effectively. This ability to shift focus
away from irrelevant background features and towards the objects of interest, while in
cases of challenging backgrounds, dispersing attention across thewhole image instead of
fixating on specific background elements, appears to be a crucial factor in the improved
performance of the student models.

4.12 Limitations in Privileged Information Generation

While it has been demonstrated that leveraging privileged information in object
detection offers significant benefits, especially with simplified modifications and
lightweight alternatives to complex architectures, it is also prudent to consider the
limitations associated with this approach. One of the primary challenges lies in
generating the privileged information itself. As previously acknowledged, the increased
training time required for this method, compared to excluding privileged information, is a
key drawback. However, there are still issues in effectively representing certain objects
through this information.

These limitations can primarily be broken down into three key challenges: (i)
overlapping objects of the same type, (ii) large objects obscuring smaller ones, and (iii)
difficulties in distinguishing between object classes in datasets with a large number of
categories. In the case of UAV‐based litter detection, where litter objects are relatively
small and spaced apart (as seen in Figure 3.1), this method performs well. However,
in scenarios with overlapping objects, the challenge of encoding privileged information
becomes more pronounced.

Figure 4.24 highlights several challenges in generating privileged information
from the Pascal VOC 2012 dataset. In the first row, scene (a) shows an arrangement
of several chairs placed in close proximity. The bounding box view (b) reveals significant
overlaps between neighbouring chairs due to their similar positioning and orientation.
When translated into the privileged mask (c), these overlapping regions merge into a
single connected shape, obscuring the boundaries between objects. This merging can
lead the model to interpret separate chairs as a single instance, creating ambiguity in
training and reducing its capacity to distinguish multiple objects of the same category.
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The second row illustrates the impact of occlusion by large objects. Scene (d)
depicts a man standing in front of an aeroplane, with several buses positioned behind
it, none entirely obscured. The bounding boxes in (e) show that parts of these buses
intersect with the aeroplane’s bounding box. In the privileged mask (f), the bounding
boxes are processed in descending order of size, with the largest first, as described in
Algorithm 1; however, some of the buses are still partially obscured by the plane’s mask
in the privileged information. This limitation becomes evenmore pronounced in datasets
such as COCO, where dense scenes frequently contain many small objects overlapping
or clustered together, increasing the likelihood of important features being masked out.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 4.24 Examples of failure cases in privileged information generation. Subfigures
(a), (d), and (g) show original images from the Pascal VOC 2012 dataset, while (b), (e),
and (h) display the corresponding images with overlayed ground truth annotations.

Subfigures (c), (f), and (i) present the privileged information for these cases.
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The third row demonstrates limitations related to colour encoding. Scene (g)
presents a boy standing beside a motorcycle, with bounding boxes in (h) that touch at
their edges with some minor overlapping. The privileged mask (i) assigns each object
a different colour; however, the chosen colours are so similar that they are difficult to
distinguish. When a dataset contains many categories, the number of distinct colours
available for a grayscale mask becomes insufficient, leading to such near‐duplicate
shades being reused. This can create ambiguity, especially where objects are adjacent,
as their categories may be visually indistinguishable in the mask. While employing RGB
masks could allow each category to be assigned a unique colour, this approach would
substantially increase both training time and computational requirements due to the
greater input dimensionality.

Conclusively, these examples highlight the limitations inherent in generating
privileged information, particularly in encoding bounding box data for object detection
networks. The difficulties become more pronounced in scenarios involving overlapping
objects or complex scenes with numerous categories. While strategies such as sorting
or expanding the colour pool may alleviate some of these issues, there remains a
need for further investigation into how this method can be generalised for larger,
more intricate use cases. Nevertheless, the advantages of employing this approach
significantly outweigh its limitations, suggesting that continued research in this area is
both necessary and valuable.

4.13 Discussion

After carefully reviewing the experimental results, it is appropriate to consider how
they relate to the central research question. This study aimed to explore the feasible
integration of the LUPI paradigm into object detection frameworks and to assess
the practical viability of this approach. To support this investigation, four specific
objectives were drawn up. The first objective (O1) focused on evaluating the real‐
world applicability of the method, using the challenging use case of litter detection as an
example of small object detection. The second objective (O2) centred on implementing
and testing the approach across a broad selection of established object detection
models, to examinewhether the proposed strategy could generalise across architectures
with different design characteristics.

Objectives O3 and O4 broadened the scope of evaluation. These objectives
focused on assessing the method within a structured experimental framework,
considering both intra‐dataset and cross‐dataset performance. The intent was to
examine its effectiveness under progressively challenging conditions and varying
environmental factors. Particular emphasis was placed on the trade‐offs between
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detection accuracy and computational efficiency, both of which are central to assessing
practical viability. The results were consistent and encouraging. In three demanding
within‐dataset scenarios involving litter detection from UAV imagery, student models
trained using the LUPI paradigm consistently outperformed baseline models, achieving
clear improvements in detection accuracy.

Although the extent of improvement varied depending on the complexity of the
task, with more modest increases observed in more challenging scenarios, the approach
continued to demonstrate success, showing improvements ranging from 0.02 to 0.15
in the strict mAP@50–95 metric. Preliminary experiments also explored the selection
of optimal tiling parameters, contributing to the broader aim of determining feasibility
withinUAV‐based litter detection use cases. Further evaluation focused on themethod’s
ability to generalise to external datasets, specifically BDW and UAVVaste. These
experiments once again confirmed that incorporating privileged information resulted
in meaningful performance benefits. This outcome remained consistent even in cross‐
dataset evaluations, a setting where object detection models frequently encounter
difficulties in maintaining accuracy.

The Pascal VOC 2012 dataset was subsequently employed to assess the
method across a wider variety of object classes. The results demonstrated that
the proposed approach maintained robustness even in more general‐purpose object
detection scenarios. Throughout the full set of experiments, five commonly used
architectures were selected: Faster R‐CNN, SSD, RetinaNet, SSDLite, and FCOS. For
each architecture, three model variants were trained: a baseline, a teacher, and four
student models developed within the LUPI framework. Certain architectures, including
RetinaNet and FCOS, yielded better results in UAV‐based litter detection tasks, whereas
SSDLite and SSD achieved better performance in the Pascal VOC evaluation. Faster R‐
CNN demonstrated consistent performance across both contexts, although its relative
advantage varied depending on the dataset and detection challenge. This variation can
be attributed to the presence of overlapping objects in the privileged information, which
may have confused the RPN. Moreover, these outcomes suggest that differences in
baseline performance are likely driven by the degree to which each architecture is suited
to the characteristics of the target task, rather than by any inherent constraint of the
proposed LUPI approach.

In total, 120 object detection models were trained and evaluated, which made it
possible to conduct an ablation study on the α parameter to identify optimal conditions
for student model learning. Although the proposed approach leads to longer training
times and some minor limitations in the privileged information generation, it does not
impact the model size, the number of parameters, or the computational speed. As a
result, lightweight models remain suitable, as they can deliver improved accuracy while
maintaining efficiency during inference. Since inference is typically performed far more
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frequently than training in most deployment scenarios, this trade‐off is both practical
and worthwhile.

Finally, visual outputs and feature‐based analyses indicate that models trained
with the proposed method can detect a greater number of objects with higher
confidence. These models also exhibit stronger feature representations, further
supporting the robustness of the approach. Overall, the findings suggest that the
research question has been answered with a reasonable degree of confidence. The
method demonstrates practical feasibility, with quantifiable performance boosts in
detection accuracy. These improvements are especially significant in scenarios where
constraints on model size and inference speed are imperative, such as in UAV‐based
small object detection or other similar object detection applications.

4.14 Conclusion

This chapter began by outlining the hardware setup and evaluation strategy that
underpinned the experiments. It then moved on to the optimal tiling experiments
conducted on the SODA dataset, which were essential as a preliminary step in achieving
the study’s objectives. The subsequent section focused on thewithin‐dataset evaluation
of UAV‐based litter detection, covering three experiments performed on the SODA
dataset. The chapter then shifted to the cross‐dataset evaluation, where experiments on
the BDW and UAVVaste datasets were carried out to assess the generalisability of the
trainedmodels. Further analysis explored howdetection performance variedwith object
size, concentrating on whether the proposed LUPI methodology offered improvements
in recognising small‐scale objects. Following this, the Pascal VOC 2012 evaluation
tested the method’s ability to handle multi‐label detection across a wide range of
categories. An ablation study on the alpha parameter was then presented, along with a
visual comparison of model predictions and an interpretability analysis. The chapter
also addressed the limitations encountered in generating the privileged information,
concerning the bounding boxes used to augment the feature representations. The
chapter concluded with a synthesis of the results, confirming that the research question
has been addressed with a reasonable degree of confidence in light of the stated
objectives.
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“The end of one journey is simply the
beginning of another.”

– A. A. Milne

5.1 Summary and Revisited Objectives

Object detection remains a central problem within computer vision, supporting
applications ranging from medical diagnostics [2] and autonomous systems [4] to
environmental monitoring [6], including the detection and classification of litter [13].
Recent advances have produced deeper andmore complexmodels capable of identifying
intricate visual patterns. However, improvements in detection accuracy are often
accompanied by greater computational demands [9, 10], which raises concerns about
scalability and energy efficiency, especially in resource‐constrained settings.

Despite the abundance of object detection architectures made available through
the success of deep learning, the prevailing trend of increasing accuracy via added
model complexity remains dominant. Yet, the object detection task itself poses unique
challenges: it requires the identification of objects at varied scales, across cluttered
or occluded backgrounds, often under conditions of class imbalance and sparse data
distribution. These complexities call for alternative strategies that do not rely solely on
enlarging model capacity.

This dissertation explored the feasibility of adapting the LUPI paradigm to object
detection models, focusing on its potential for improving accuracy without increasing
model size or computational overhead. Such an approach addresses a common trade‐
off seen in many state‐of‐the‐art models [67, 91]. Although LUPI has shown promise in
other vision tasks, such as classification, its application to object detection has remained
largely unexplored. This gap served as the foundation for the research question: can
LUPI be effectively integrated into object detection models, and if so, how feasible and
generalisable is such an approach?

To meet objective O1, this work proposed both a theoretical framework and
a practical approach for incorporating privileged information, specifically in the form
of bounding box masks, into the object detection pipeline. This was achieved
through a teacher–student network design, where the teachermodel receives additional
information during training and distils this knowledge to the student network, which is
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then used at inference.
Objective O2 was addressed by applying the proposed methodology across five

widely used object detection architectures: Faster R‐CNN, SSD, RetinaNet, SSDLite,
and FCOS. These architectures were chosen to cover both one‐stage and two‐stage
detection paradigms, offering a comprehensive testbed for evaluating adaptability.

To evaluate objective O3, extensive experiments were conducted using both
within‐dataset and cross‐dataset evaluation. The SODA dataset served as the primary
benchmark in the context of UAV‐based litter detection, while BDW and UAVVaste
datasets were employed to assess generalisation performance. An additional optimal
tiling experiment was also carried out as a prerequisite for achieving this objective,
serving as a dataset pre‐processing step to improve model robustness in cluttered or
wide‐area aerial imagery.

Objective O4 involved assessing the trade‐off between detection accuracy and
computational cost, as well as examining broader applicability. This was accomplished
through further evaluation on the Pascal VOC 2012 dataset, a general‐purpose
detection benchmark. The findings showed that student models trained using the
LUPI‐based approach consistently outperformed their respective baseline counterparts,
achieving higher accuracy while maintaining the same model size. Inference time
remained constant across both student and baseline models, although the addition of
the teacher network increased training time.

Across all experiments, a total of 120 models were trained and evaluated.
These included baseline and student variants across all selected architectures and
datasets. Results confirmed that integrating LUPI into object detection workflows leads
to performance improvements without inflating model complexity or inference latency.
The baseline models remained unaltered in architecture and size, enabling a direct
and fair comparison with the LUPI‐trained student models. An ablation study on the
distillation coefficient (α) was also conducted to analyse its influence on learning stability
and performance. Additionally, visual comparisons of detection results were presented
to illustrate qualitative improvements and highlight the interpretability of the student
models.

In summary, all four objectives have been successfully met. The findings confirm
that LUPI presents a viable approach for improving object detection performance in
computationally constrained scenarios, without increasing model depth or parameter
count, and without affecting inference time.
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5.2 Applications

Whilst the proposed methodology is broadly applicable and can be integrated into
virtually any object detection framework, its strength lies in improving detection
accuracy without increasing model size or extending inference time. This makes it highly
suitable for deployment in contexts where lightweight models and efficient computation
are essential. The following are prominent examples where such qualities are especially
beneficial:

UAV‐based Litter Detection and Geolocation Systems As demonstrated in this study,
UAV‐based litter detection systems rely on fast, accurate detection under tight
hardware constraints. These applications demand real‐time processing for the
identification of small litter objects scattered across complex terrains. Within the
Aerial Waste Identification and Geolocation System (AWIGS) Project [159], this
requirement is exemplified by the need to process large volumes of UAV imagery
through lightweight AI models, verify detections through human oversight, and
generate precise geolocation coordinates to enable the rapid deployment of
cleanup teams to inaccessible areas. Such operations must be completed
within minutes of data acquisition, underscoring the necessity for models that
combine high accuracy with low computational overhead. Inspired by the AWIGS
Project, the proposed approach supports this need by increasing accuracy without
imposing a heavier computational load.

Traffic Monitoring Systems Real‐time traffic analysis systems must detect vehicles,
pedestrians, and infrastructure under varying and dynamic conditions, including
fluctuations in lighting and changes in weather. Resolution presents an additional
challenge for object detection models, as the use of computationally expensive
architectures combined with high‐quality imagery does not always guarantee
superior results. In certain cases, lightweight models have demonstrated
comparatively better performance than more resource‐intensive counterparts, as
noted in [26]. Incorporating the LUPI approach can further improve detection
accuracywhile retaining compactmodel architectures, making it a viable choice for
embedded systems that cannot accommodate large and complex networks [160].

Video Surveillance Monitoring Surveillance applications operate continuously and
often on resource‐constrained devices. Object detection must be responsive
and consistent, especially in crowded scenes or poor lighting. The proposed
LUPI‐based method offers more reliable detection outcomes while preserving
computational efficiency, supporting long‐term deployment in such systems [161].
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Underwater Exploration Systems Tasks such as underwater archaeology or marine
ecosystem monitoring are frequently limited by low visibility and constrained
onboard processing. By improving accuracy without adding complexity, the
proposed method is well‐suited for object detection in underwater environments,
where it can be implemented using compact models on submersible platforms
[162].

5.3 Limitations and Future Work

Limitations

While the proposed method offers clear benefits in detection performance, it also
introduces specific challenges that may affect its usability in real‐world scenarios. The
points below highlight areas where practical constraints or methodological assumptions
may limit adoption.

Training Overhead A major drawback of the proposed approach lies in the additional
training complexity introduced by the teacher–student setup. The need to train
an auxiliary model, alongside processing and integrating privileged information,
results in significantly longer training times. While this is acceptable for
offline applications, it presents a barrier for time‐sensitive or resource‐limited
deployments.

Privileged Information Availability For many object detection tasks, privileged data is
not naturally available. It often needs to be constructed or simulated, which can be
time‐consuming and labour‐intensive. In some cases, such as with hyperspectral
data, acquiring privileged information can be especially challenging. This limits
the method’s practical applicability to scenarios where such data is either readily
available or justifiable due to high‐performance demands.

Design Constraints on Privileged Inputs The effectiveness of privileged information
largely depends on the creativity of the researcher. For datasets such as Pascal
VOC and COCO, there is no predefined standard for how this supplementary data
should be structured. Its design needs to be customised for the specific task,
meaning the success of the approach often depends on the researcher’s ability
to create relevant and contextually appropriate representations.

Future Work

Although the current implementation shows promise, several directions remain open for
refinement and expansion. The following considerations outline how the method could
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be developed further to broaden its impact and application.

Exploring Advanced Architectures Future studies could examine how this method
performs when applied to more recent state‐of‐the‐art object detection frame‐
works. Architectures such as YOLOv12 [67], DETR [9], and RT‐DETR [10] offer
diverse design philosophies that test current assumptions regarding which forms
of knowledge can be transferred most effectively from teacher to student. Testing
across these frameworks may highlight new strengths or surface weaknesses in
the LUPI formulation.

Improved Encoding Strategies Further refinement is needed in how privileged informa‐
tion is presented to the teacher. The bounding box mask used in this study is just
one of many possible representations. Future work may explore semantic maps,
attention hints, or other structured cues that better capture object relationships
or contextual dependencies within the scene.

Expanded Knowledge Distillation Techniques One promising direction is modifying
how the teacher’s knowledge is transferred. Rather than focusing solely on
intermediate feature maps, the distillation process could be expanded to influence
directly both the classification and regression branches. This may improve
the alignment between teacher guidance and student predictions, especially for
harder‐to‐detect objects.

Architecture‐specific Optimisation The current study used consistent training parame‐
ters across all models to ensure uniformity. However, fine‐tuning hyperparameters
for each architecture could lead to further improvements in performance. This
includes adjusting learning rate schedules, exploring different data augmentation
techniques, and modifying loss function weights, which could bolster training
results.

Extension to Segmentation Tasks The method may also be adapted for dense predic‐
tion problems such as semantic or instance segmentation. Since segmentation
requires high spatial precision [80], incorporating privileged information could
support the network in learning subtle spatial cues without increasing its inference
footprint.

5.4 Concluding Remarks

This dissertation explored the feasibility of integrating the LUPI paradigm into object
detection models, with the overarching aim of improving detection accuracy without
increasing model size or inference time. To achieve this, a teacher–student framework
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was developed inwhich the teachermodel received privileged information in the form of
bounding box masks and distilled this knowledge to the student model, which was then
used at inference. The methodology was applied across five widely used architectures,
covering both one‐stage and two‐stage detection paradigms, and evaluated using
within‐dataset and cross‐dataset experiments, including UAV‐based litter detection and
general‐purpose benchmarks such as Pascal VOC 2012. The results illustrate that
LUPI‐trained student models consistently outperformed baseline counterparts across all
tested architectures and datasets, achieving higher accuracy while maintaining identical
model size and inference speed. An ablation study on the distillation coefficient further
confirmed the robustness of the approach, while qualitative evaluations highlighted
improved interpretability. Overall, this dissertation demonstrates that incorporating
privileged information via LUPI provides a practical, generalisable means to enhance
object detection performance in resource‐constrained scenarios, addressing all four
research objectives and laying the groundwork for future extensions and applications.
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Appendix A Preliminary Experiments

Figure A.1 Examples of generated privileged information derived from a selected image
in the SODA dataset [13]. The original image (RGB, three‐channel) is shown alongside
corresponding single‐channel representations, each depicting a distinct form of

privileged information that may be considered during training.

Figure A.2 Evaluation results on the SODA 1‐metre altitude dataset for the binary litter
detection task. The figure compares the RetinaNet baseline model with various
teacher models trained using different forms of privileged information. Among the
tested variants, the model utilising Bounding Box Mask privileged information yielded
the most notable improvement, while other types of privileged information resulted in

only marginal gains relative to the baseline.
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Appendix B Implementation Overview
The complete implementation of this work, including all relevant code and resources,
is available at the following GitHub repository: https://github.com/mbar0075/lupi‐for‐
object‐detection. The repository is thoroughly maintained, containing all the code
utilised in this study, covering both the system requirements and model setup. Detailed
instructions for setup and execution are provided within the repository.
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