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Abstract

Semantic segmentation is a widely studied visual recognition task that focus on assigning a
semantic label to each pixel in an image, offering a detailed understanding of the scene. How-
ever, training semantic segmentation models typically requires large amounts of high-quality
pixel-level annotations. These annotations are often limited in many specific fields, as they
require a significant human effort. Wildlife monitoring, and specially underwater imagery, is
a clear example of a very relevant domain where such detailed annotations are scarce. This
lack of pixel-level annotations and the huge human effort required to produce them, motivates
the need to develop automatic tools that ease the labelling process required to train a semantic
segmentation model for such a specific domain.

In this work, we propose to leverage powerful foundation models to develop weak supervi-
sion strategies that generate dense and detailed labels from limited annotations. This approach
could significantly reduce the time spent on manual labelling, making ecological research more
efficient and helping researchers analyze into the health and dynamics of wildlife environ-
ments. Specifically, we explore label augmentation focusing on the next challenge: generate a
“dense” semantic segmentation of an underwater image from a set of sparse point-level labels
provided by an expert. Our approach is built upon SAM2 segmentation and DINOv?2 features
extraction capabilities. It starts with the propagation of all sparse point-labels across the image
which is followed by a posterior refinement of the propagated segmentation by predicting la-
bels for the remaining unlabeled pixels. As result, we generate a dense semantic segmentation
from minimal annotations.

The experiments demonstrate that our approach outperforms current state-of-the-art super-
pixel based method in terms of label augmentation quality. This improvement is particularly
highlighted when we start from a extremely low number of point-labels (~ 0.01% of image
pixels) and when we qualitatively compare the mask shapes. Furthermore, we validate our
approach, training a semantic segmentation model like SegFormer using only our augmented
labels as supervision for the model. The results show that our SegFormer training strategy
achieves competitive performance than when we trained it with dense ground truth labels.
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Chapter 1

Introduction

1.1 Motivation

Understanding ecosystems, biodiversity, and natural processes is essential for environmental
research and conservation. Wildlife monitoring is a fundamental practice in this field, allowing
researchers to gather critical data on the health and dynamics of ecosystems. However, there
are some environments in which wildlife monitoring is quite challenging (Figure 1.1). In this
context, the integration of autonomous systems, such as Autonomous Underwater Vehicles
(AUVs) and drones, and artificial intelligence (Al) is revolutionizing these efforts, allowing
efficient and automated data collection in remote and challenging environments [1, 2, 3].

Artificial visual recognition, a subfield of Al, aims to enable computers to understand and
interpret visual information (images or videos) as humans do. Within this domain, semantic
segmentation is a highly-explored task that involves assigning a semantic label to each pixel
in an image, providing a detailed understanding of the scene (Figure 1.2) [4]. To accurately
address this task, semantic segmentation models require an extensive training with a signifi-
cant amount of high-quality pixel-level annotated data. Unfortunately, in many scientific fields,
such as marine biology, this kind of detailed annotations are often scarce due to specific-domain
interests and the significant human effort required for annotations. Much of the available anno-
tations are scarce labels and rely on sparse point-level labels, bounding boxes, text prompts, or
other limited forms of annotation. In such specific fields in which ground truth data is scarce,
other strategies must be explored to develop powerful segmentation models.

Foundation models are large-scale models trained on massive and diverse datasets, acquir-

(a) Underwater coral reef. (b) Dense seaweed bed. (c) African savanna.

Figure 1.1: Different wildlife monitoring environments in which wildlife monitoring is challenging.
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Figure 1.2: Semantic segmentation examples in a variety of scenarios.

ing a world knowledge that enables them to achieve a remarkable performance across a wide
range of tasks. For example, in visual recognition, models such as DINOv2 [5], CLIP [6], and
SAM (Segment Anything Model) [7] have demonstrated remarkable capabilities across vari-
ous visual recognition tasks, including semantic segmentation. By exploiting their capabilities,
we can build a weak supervision strategy that addresses the challenge to generate dense and
detailed labels from scarce ground truth labels. This advance has the potential to significantly
reduce the reliance on labor-intensive annotation, facilitating more efficient monitoring tasks
and ecological applications, and ultimately improving the accuracy and scope of biodiversity
studies. These motivations lead us directly to the main objective described in the next section.

1.2 Goal and tasks

The overall goal of this master’s thesis is to investigate and develop weakly supervised segmen-
tation strategies leveraging the power of visual recognition foundation models in the context of
wildlife monitoring. Specifically, we will develop a system capable of generating “dense” la-
bels from sparse point-level labels. The work will focus on underwater imagery from different
wildlife scenarios. To achieve this goal, the following tasks were accomplished throughout the
project (its distribution along the months may be observed in Table 1.1):

1. A complete state-of-the-art (SOTA) study of weakly supervised and unsupervised seg-
mentation techniques. This task aimed to provide a clear understanding of the cur-
rent SOTA in the field and to identify techniques to densify sparse point-level labels.
Superpixel-based approaches and segmentation foundation models like SAM were con-
sidered.
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2. Testing the studied techniques on several real underwater biology benchmarks to iden-
tify weaknesses and potential areas for improvement. During this task, we adapted and
tested existing methods to know how they performed in challenging underwater scenes.

3. Design and implementation of a semantic segmentation approach with minimal super-
vision in labeling by taking advantage of foundation models. The system first augments
the sparse point-level labels into dense mark labels, and second, it generates new masks
by exploiting visual knowledge of foundation models.

4. Evaluation of the system in two ways: (1) dense augmentation accuracy and (2) the
impact of automatically augmented labels in the training of a semantic segmentation
model.

5. Documentation and intermediate presentations. Write a comprehensive report docu-
menting the work carried out, including the methodology, results and a detailed review
of the relevant literature. The report will also discuss the implications, limitations and
possible future directions of the research. In addition, give several intermediate pre-
sentations to supervisors and colleagues during the project, encouraging feedback and
discussion to improve the quality and rigour of the research.

Task Jul | Sep | Oct | Nov | Dec | Jan
Study
Benchmarks
Segmentation Approach
Evaluation
Documentation

Table 1.1: Gantt diagram representing the distribution of the tasks done along the months.

1.3 Context and tools

This work was developed in the Robotics, Computer Vision, and Artificial Intelligence group at
the University of Zaragoza, within the Institute of Engineering and Research of Aragon (i3A).
It serves as the starting point for my PhD thesis and will be further developed in future research.
Also it is a continuation of a previous work done during a 4-month internship in this group that
concluded with the publication of an article in a national journal, Revista Iberoamericana de
Automdtica e Informdtica Industrial (RIAI), which is about automatic scene understanding
in underwater environments utilizing depth estimation and unsupervised segmentation tech-
niques [8].

Additionally, this project is part of a multidisciplinary collaboration with The Byrnes Lab,
a marine ecology laboratory at the University of Massachusetts, Boston (UMass Boston). The
lab provided point-labeled underwater image data, primarily focusing on coral and flora. Our
system could support their research by enabling efficient analysis and interpretation of complex
underwater images, eliminating the need for exhaustive and costly labeling efforts.

The main programming language used for this project was Python, using Visual Studio
Code as development environment and Ubuntu 22.04 LTS as operating system. Conda (version
24.7.1) was used as package and Python environment management system. The experiments
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were run using widely known machine learning libraries such as Numpy (base version 1.26.4),
OpenCV (version 4.7.0) and PyTorch (version 2.5.0).

The hardware used to run the experiments was a local machine with a NVIDIA GeForce
RTX 4090 GPU. PyTorch library leverages GPU acceleration to significantly speed up com-
putations, reducing execution times for the large models and datasets used during this master’s
thesis.

The project documentation was created using the widely-used and well-established type-
setting system I&TEX, with editing done on Overleaf.

In Appendix A.1, we reference the GitHub repository hosting the software tool developed
as part of this work.

1.4 Project structure

The master’s thesis documentation is divided into the following chapters:

» Chapter 1 of the project, the introduction, provides an overview of the context, tools,
objectives, and tasks of the project.

» Chapter 2 provides an overview of the key background concepts that form the basis
of this project. The first section explores foundation models, with a particular focus
on those designed for visual recognition, discussing their capabilities and relevance to
the field. The second section delves into semantic segmentation, tracing its evolution
from classical approaches to SOTA techniques, with an emphasis on the role of founda-
tion models in this domain. The chapter concludes with a discussion on weakly super-
vised learning, highlighting the challenges it addresses and introducing label propagation
methods as a key strategy in this context.

 Chapter 3 focuses on the proposed approach for label augmentation. It starts by defining
the problem and introducing the explored methods used as starting point and for com-
parison. The chapter then provides a detailed description of the developed approach,
highlighting its design and explaining the functionality of its individual modules. Fi-
nally, the chapter presents an example application where the augmented labels are used
to train a deep learning semantic segmentation model for a specific wildlife monitoring
task.

» Chapter 4 details the experiments conducted throughout the project. It begins by pre-
senting the experimental setup, including the datasets used and the evaluation metrics
applied. Next, the chapter presents the results of our approach, highlighting the per-
formance and limitations of label augmentation, as well as the impact of automatically
augmented labels on the training of a semantic segmentation model. Finally, it discusses
how the placement of initial sparse points influences the quality of the augmented labels.

* Chapter 5 presents the conclusions drawn from the obtained results, as well as a discus-
sion on the limitations of the work and possible future steps to be taken.



Chapter 2

Related work and Background

2.1 Foundation models

The rapid advancements in artificial intelligence can largely be attributed to the emergence of
foundation models. These models, pre-trained on massive datasets through techniques such
as self-supervised learning, are designed to capture general patterns and representations. As a
result, they are able to tackle a wide range of tasks with minimal fine-tuning or task-specific
adaptations. While foundation models were first popularized in natural language processing
with large language models [9, 10, 11] their success has inspired similar approaches in com-
puter vision.

Following the success of transformers in natural language processing, we have seen the
emergence of powerful generic visual recognition models built on Vision Transformers (ViTs) [12].
Unlike traditional Convolutional Neural Networks (CNNs) [13], which are inherently limited
to local information, ViTs use attention mechanisms across small patches of pixels, allow-
ing them to capture long-range dependencies and global context within the image, crucial for
understanding complex scenes [12]. This makes them especially effective for learning from
large-scale visual data. Notable examples include CLIP [6], which aligns images and text in
a shared embedding space, allows general-purpose visual understanding without the need for
task-specific fine-tuning. Another example is DINOv2 [5], a self-supervised model that trains
on images without using labels. It achieves strong performance in tasks like object detection,
segmentation and depth estimation, demonstrating the capability of Vision Transformers to
learn high-quality image representations. Finally, SAM and SAM?2 built on ViTs for univer-
sal segmentation tasks. SAM supports segmentation of objects in images using flexible user
prompts like points, boxes, or masks [7], while SAM?2 extends these capabilities to video data,
offering improved efficiency and segmentation accuracy for both images and videos [14]. In
this work, we leverage foundation models to improve weakly supervised segmentation models
focusing on wildlife monitoring scenarios.

2.2 Dense segmentation

We refer to dense segmentation as the task of partitioning an image into regions of similar
characteristics, such as color, texture, or intensity. Over the years, this field has evolved sig-
nificantly with various methods contributing to its advancement. Traditionally, unsupervised
methods have played a significant role in image segmentation. Superpixel techniques [15, 16,
17, 18] group neighboring pixels with similar color and texture properties. However, these

5
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(a) Query Image. (b) DINOvV2. (c) SAM2.

Figure 2.1: Semantic segmentation comparison between (b) DINOv2 and (c) SAM2 on a representative (a)
underwater image. Both models operate without any additional input beyond the image itself. DINOv2 extracted
features can be used for a variety of tasks, including semantic segmentation. It groups similar patches into the
same semantic category, even between distant areas of the image. In contrast, SAM2’s generates much sharper
and precise segmentations, but it does not semantically relate segments, treating each segment independently.

methods often struggle to accurately capture complex object boundaries and can be sensitive
to noise and variations in image appearance.

CNNs have played a key role in semantic segmentation. Early approaches involved extract-
ing features from the image using CNNs and then feeding these features to a fully connected
layer for pixel-wise classification. However, this approach had limitations, primarily due to
the loss of spatial information. Fully Convolutional Networks (FCNs) [4] addressed this by
replacing fully connected layers with convolutional layers. This allowed FCNs to process
images of arbitrary size and generate dense pixel-wise predictions. Examples of FCN-based
models include U-Net [19], a popular architecture for medical image segmentation known for
its encoder-decoder structure with skip connections that preserve fine-grained details, and the
DeepLab [20, 21, 22] family of models, which incorporate spatial pyramid pooling (SPP) to
capture multi-scale information effectively.

Recently, transformer-based architectures have revolutionized semantic segmentation. Some
examples of such architectures include SegFormer [23], which employs a hierarchical trans-
former encoder and a lightweight MLP (Multi-Layer Perceptron) decoder for efficient segmen-
tation, and Swin Transformer [24] which introduces a hierarchical and window-based approach
to efficiently process high-resolution images. As mentioned in previous section, ViT’s ability
to capture global relationships within an image has inspired the development of numerous
vision foundation models, some of which have shown remarkable performance in semantic
segmentation tasks. Among these, DINOv2 [5], SAM [7], and subsequently, SAM?2 [14] have
emerged as strong candidates. Both models extract image features, with DINOv2 providing
general-purpose features for various tasks, while SA,2 specializes on segmentation, generating
segment candidates over the image.

While models like SAM?2 and unsupervised techniques such as superpixels stand out at
generating dense segmentation of images based on visual similarity, they do so without estab-
lishing semantic relationships between the segmented regions (Figure 2.1). In this work, we
focus on semantic segmentation task which additionally classifies each generated segment
into a predefined set of categories. To address this task, we build an approach that leverages
these mentioned segmentation models (SAM, superpixels, DINOv2) to generate pseudo-labels
and, subsequently, train a semantic segmentation model.
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AL

(a) Sparse point-level (b) Bounding box (c) Text prompts

Figure 2.2: Examples of scarce initial labels that could serve as starting points for propagation using weak
supervision models to get our final generated dense masks.

2.3 Weakly supervised learning

Weakly supervised learning focuses on training models with limited or imprecise annotations
rather than exhaustive ground truth labels. This approach aims to balance model performance
with reduced labeling effort, often through strategies like label augmentation. Label augmen-
tation is a technique for transforming sparse annotations into dense predictions. For example,
in video action recognition, sparse annotations on select frames can be extended across entire
action clips [25, 26]. Also in videos a single annotated mask in one frame can be propagated
across subsequent frames to generate dense segmentations for the entire sequence [14]. Among
its applications, weakly supervised learning has been particularly impactful in semantic seg-
mentation, where the goal is to produce accurate dense pixel-level predictions from limited or
sparse annotations.

Weakly supervised semantic segmentation (WSSS) has been studied in the image domain,
with notable approaches including methods that leverage point-level supervision [27, 28],
methods that utilize image-level supervision to learn pixel-level semantic affinities [29], and
methods that leverage generative adversarial networks (GANSs) [30] that add large fake visual
data to force real data to be closer in the feature space, improving multi-class pixel classifica-
tion [31]. Also, it has been studied in 3D point cloud semantic segmentation, where annotation
challenges are compounded by the large data size and intricate geometric structures. These
approaches achieve competitive performance compared to fully supervised methods while sig-
nificantly reducing annotation costs [32, 33].

In the context of wildlife scenarios, acquiring pixel-level annotations for wildlife imagery
is even more challenging due to variations in lighting, occlusions, and the dynamic behavior of
wildlife. Consequently, it is common to encounter datasets scarce labeling, where annotations
are limited to sparse point-level labels, bounding boxes, text prompts, among others (Figure
2.2. Current methods for WSSS in underwater environments often rely on label augmentation
techniques from point-level labels. These methods aim to obtain a dense segmentation of the
images based on a limited number of sparse point-level annotations.

CoralSeg [34] utilizes a multi-level superpixel segmentation strategy for label propagation.
This approach iteratively applies superpixel segmentation with decreasing numbers of super-
pixels, starting with a high number of small superpixels to capture fine details and gradually
merging them in subsequent iterations. This multi-level strategy effectively addresses the limi-
tations of single-level approaches, which can suffer from either excessive unlabeled regions or
insufficiently accurate shape representation. Raine et al. [35] introduced a novel approach that
optimizes superpixel centers using a custom loss function. This loss function considers both
pixel feature similarity and the presence of conflicting class labels within each superpixel. By
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minimizing this loss, the method generates superpixels that closely conform to coral bound-
aries and minimize the inclusion of conflicting class labels. This approach utilizes the encoder
of the Superpixel Sampling Networks (SSN) [36] to extract informative features for super-
pixel generation. Furthermore, their recent work [37] explores a human-in-the-loop approach
to improve annotation efficiency, demonstrating significant gains in segmentation accuracy in
extremely sparsely labeled images.

In our preliminary work [8], SAM?2 demonstrated superior accuracy in generating high-
quality segmentation masks compared to superpixel-based methods. SAM2’s ability to pro-
duce precise object boundaries and coherent masks significantly outperformed superpixel tech-
niques, even when applied in challenging scenarios. This precision was evident when expand-
ing individual point-labels into dense segmentations, addressing the challenge of aligning seg-
mented regions with actual object shapes. Superpixel-based methods, on the other hand, offer
the advantage of segmenting unlabeled areas by leveraging feature-based similarities. While
this is conceptually appealing, these techniques struggle when dealing with extremely sparse
point annotations. The reliance on over-segmentation (where object regions are segmented
too broadly, losing the detailed shape of the object) often leads to fragmented and confusing
results, as the generated superpixels fail to capture the complexity of object shapes in such
scenarios.

In this work, we augment point-level annotations into dense segmentation masks by prop-
agating labels based on spatial and feature-based similarities.



Chapter 3

Label augmentation

This chapter describes a novel point-level label augmentation approach leveraging vision foun-
dation models. By integrating the strengths of models like SAM?2, this approach aims to im-
prove the accuracy and coverage of dense segmentations generated from sparse point-level
labels. The chapter begins with a formal problem definition and a discussion of baseline meth-
ods before detailing the proposed approach. The methodology is divided into distinct modules,
including point label propagation and refinement. We conclude proposing an application for
the augmented labels by using them as training data for a deep learning semantic segmentation
model.

3.1 Problem definition

The goal is, given a set of sparse point-labels, to produce high-quality dense segmentation
masks in an image and assign a semantic label to each mask (Figure 3.1). Formally, given an
image I, and a set of point-label pairs P, = {(p1,1),(p2,2),...,(pn,1n)} Which each pair is
formed by a pixel coordinate p; € I and a ground truth (GT) semantic label /; € L.

The target is to generate a set of mask-label pairs M = {(my,1;),(m2,0L),...,(mg, 1)},
where each mask m; is a set of pixels such that the union of all masks covers the entire set of
image pixels, i.e., UI;':1 mj=1I,and [; € L.

(a) Image. (b) Sparse ground truth point-labels. (c) Dense semantic segmentation.

Figure 3.1: Example of the goal of our work: starting from (a) an image and (b) a set of sparse ground truth
point-labels, we aim to generate a (c) dense semantic segmentation of the image that covers it entirely.
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3.2 Approach

To address the challenge outlined in the problem definition, this section details the proposed
methodology for label augmentation.

3.2.1 Context: related works

The proposed approach is built upon two dense segmentation methods for transitioning from
sparse point-level labels to dense semantic segmentations. These methods serve as starting
point for the development of our framework.

Superpixel-based propagation (SPX) [35]

This method uses the point label aware superpixel approach introduced by Raine et.al [35],
which generates superpixels optimized for pixel feature similarity. It formulates the superpixel
generation process as a clustering problem, where the location of each superpixel center is
optimized through a loss function. The loss function combines two terms:

1. Distortion Loss: This term encourages the formation of superpixels by grouping pixels
based on feature similarity. Pixel features are extracted using a feature extractor encoder,
such us the SSN [36] or ResNet-18 [38] encoders.

2. Conflict Loss: This term ensures that each superpixel contains pixels from a single
class by penalizing superpixels that include conflicting point-labels. The conflict loss
minimizes the overlap in fuzzy memberships of labeled pixels with different classes,
resulting in superpixels that better fits to object boundaries and are more suitable for
label propagation.

This method works with pre-trained feature extractors (e.g., ResNet-18 from ImageNet [39])
and performs comparably well to approaches that fine-tune or train on specific datasets.

Once it creates the superpixel map, ensuring non conflicting labels, the label propagation
is performed in two stages. First, for each superpixel containing at least one point label, it
propagates that label to the superpixel. Second, for each unlabeled superpixels -i.e. those
superpixels that do not contain any labeled point-, it compares their features with respect to the
features of labeled superpixels, and it assigns the class of the most similar labeled superpixel
(Figure 3.2). This ensures that every pixel in the image receives a label, resulting in a fully
dense semantic segmentation, consistent with the original sparse annotations.

While this approach effectively propagates labels in certain scenarios, it can struggle with
extremely sparse annotations, often leading to over-segmentation and a higher rate of false
positives.

SAM2 segmentation [14]

SAM?2 is the state-of-the-art for image and video segmentation. It can generate segmentation
masks in two ways: (1) automatically using a SAM2AutomaticMaskGenerator object (Figure
3.3.a), or (2) guided by specific input queries, by loading the image into a SAM2ImagePredictor
object, which calculate the image embedding and allows mask prediction for different queries,
such as points (Figure 3.3.b) or bounding boxes.

While SAM2 provides high accuracy in defining object boundaries, it is limited by its re-
liance on query-specific input, meaning it can only segment regions associated with the labeled
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(a) Query image and point-labels. (b) Superpixels generation. (c) Label propagation.

Figure 3.2: Point label aware superpixel approach: starting from (a) the query image and a set of point-labels
(where each color denotes a different semantic category), it creates (b) a superpixel map generation ensuring non-
conflicting labels, and it finally performs (c) label propagation across the superpixels.

(a) Automatic segmentation. (b) Segmentation from query point. (c) Segmentation from query bounding box.

Figure 3.3: SAM2 segmentation usage modes: (a) automatic segmentation of the entire image, where SAM?2
generates all possible masks without external queries, and query-based segmentation, where SAM?2 predicts masks
guided by specific inputs, such as (b) points or (c) bounding boxes.

points. SAM?2 can generate masks independently, but determining the correct label for such
segments without guiding queries remains an unresolved challenge.

3.2.2 Overview

Our aim is to produce high-quality dense segmentation masks in an image and assign a seman-
tic label to each mask, starting from a set of sparse point-labels. To achieve this goal, we build
an approach upon the two previous explained works (SPX and SAM?2). Our pipeline is divided
into two main stages, represented by separate modules: Label Propagation and Refinement
(Figure 3.4). The system takes as input an image and a .csv file containing the position and
semantic label of the sparse points, and outputs a dense segmentation of the image through two
different alternatives. Here is a short description of each module:

1. Label Propagation: This module processes the raw image and sparse point-level anno-
tations. Two parallel strategies are used:

* SPX propagation: Produces a fully labeled semantic segmentation without unla-
beled pixels. While this segmentation is complete, it lacks the precision of SAM?2
expansions and serves as an intermediary output for subsequent processing in the
next module.
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1.Label Propagation SPX 2.Refinement

Method A
—— SPX Propagation [35] AT

SPX-based Fill-in . Output A: SAM2 + SPX
(SPX SAM2) Augmentation

SAM2
+
Label
propagation SAM2

SAM2-based Propagation B 1
q Feature-Guided Mask Matching B.2
Generated
. SAM2 Masks

(Generation)

Mask Matching
unlabeled - labaled/

Figure 3.4: Overview of the proposed label augmentation framework. The system takes an image and sparse
point-labels as input, exploring two distinct methods for label augmentation through two main stages: Label
Propagation and Refinement. In label propagation stage, labels are propagated using: A.1.1 SPX propagation and
A.1.2/B.1 SAM2-based propagation. In refinement stage, the system addresses unlabeled regions in two ways:
A.2 SPX-based fill-in, which uses A.1.1 to fill gaps in A.1.2, and B.2 feature-guided mask matching. The latter
method generates new SAM?2 masks based on B.1, and leverages DINOv2 features to compare these new masks
(unlabeled) with the initial ones (labeled), assigning labels based on feature similarity. So the two explored
methods for label augmentation are: MethodA = (A.1.1 + A.1.2) + A.2 and MethodB = B.1 + B.2.

Output B: SAM2 +
DINOv2 Augmentation

Features

DINOv2

* SAM2-based propagation: Propagates each labeled point into a mask, which are
then merged to resolve overlapping regions and assigns the label of the point to
the generated mask. It produces accurate but incomplete segmentations with some
unlabeled areas which are passed to the next module for refinement.

2. Refinement: In this module, we try to assign a label the unlabeled regions of the SAM?2-
based propagation output using two distinct strategies:

* SPX-based fill-in: The SPX-based propagation from the previous module is used
to fill the unlabeled regions in the SAM2 masks. This results in the first alternative
of our system.

* Feature-guided mask matching: This method enhances the SAM2 propagation by
generating candidate masks over a modified image (by blacking out the expanded
masks). Features are extracted from the original image using DINOvV2, and each
unlabeled mask is assigned to the label of the most similar labeled mask in the
feature space. This results in the second alternative of our system.

In Section 3.2.3, we detail Label Propagation module, while Section 3.2.4 explains Refine-
ment module.

3.2.3 Module 1: Label Propagation

The Label Propagation module is responsible for propagating the sparse point-level labels into
a more complete semantic segmentation by leveraging two methods: SPX propagation and
SAM?2-based propagation. Each method has distinct features that contribute to generating
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different dense label segmentations. The module takes as input the image and the point-level
labels and performs the following steps.

SPX propagation (A.1.1)

This module section which is part of our MethodA (Figure 3.4) utilizes the superpixel propa-
gation approach explained in Section 3.2.1. This generation will be used later in Label Refine-
ment module of the Method?2 to fill the gaps of the SAM2-based propagation.

SAMZ2-based propagation (A.1.2 and B.1)

The SAM2-based propagation submodule which is part of our two methods (Figure 3.4) utilizes
SAM?2 to generate masks from query points and assign the point label to the mask. This deci-
sion is based on findings from preliminary studies made during my internship, which showed
that propagation is faster than generating all masks automatically and then identifying those
containing the points. Also, automatic mask generation could skip producing detailed masks
for objects with assigned points. Thus, this approach involves using SAM?2 to expand each
point label into a segmentation mask and then resolving overlaps among these masks as part of
the process.

Expanding point-labels. First, we generate a mask with SAM?2 from each of the query
points. In this way, we run as many inferences of SAM2 as point-labels we have. For each
inference, we follow the next steps:

1. Mask prediction: By default, all pixels are considered as “background” before the
mask prediction. For each labeled point, three candidate masks are predicted for the
given point label using SAM2 with multimask_output enabled. The multimask ap-
proach addresses the inherent ambiguity of a single-point prompt by producing multiple
segmentation options. Sparse points labeled as background are not expanded, both to
improve computational efficiency and because, they are already treated as background.

2. Mask selection: Among the three masks, the most suitable one is selected using a
weighted scoring scheme based on the following:

* Confidence (s): Provided by SAM2 for each mask, it represents the model’s con-
fidence in the prediction. However, in practice, we observed that a high confidence
does not always lead to accurate expansions. Therefore, additional metrics are con-
sidered to ensure better mask selection.

* Compactness (c): A measure of the geometric regularity of the mask, calculated

as:
¢ = min <10g <1+2\;ﬂ> ,1) , (3.1)

where A is the mask area and P is the perimeter. Higher values indicate more
compact masks, approaching a shape with minimal perimeter for a given area. This
formulation penalizes irregular and and highly scattered shapes but avoids over-
rewarding highly compact shapes, such as perfect circles.
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(a) Query. (b) GT mask. (c) Candidate 1. (d) Candidate 2. (e) Candidate 3.

Candidate  Confidence (s) Compactness (¢) Size penalty (p)  Score

Candidate 1 0.0361 0.4114 -0.0081 0.4394
Candidate 2 0.1611 0.4065 -1.5686 -1.0010
Candidate 3 0.2559 0.2542 -0.1816 0.3285

Figure 3.5: Mask selection example. (a) Query image with a point label to be propagated, (b) ground truth
(GT) mask, and (c)-(e) mask candidates predicted by SAM2. The table shows the scores used to select the best
candidate mask. Although (c) has the lowest confidence score, its high compactness and low size penalty make it
the selected mask, as it is also closest to the ground truth. (d) demonstrates a poor prediction, nearly covering the
entire image and being heavily penalized by the size penalty term p.

* Size Penalty (p): A penalty applied to discourage masks that are too small or too
large relative to the image size. It is defined as:

p=n+ps+pi, (3.2)

where 7 is the normalized mask area, defined as the ratio of mask pixels to the total
number of pixels in the image, and

n*, ifn<0.001 (n—0.4)* ifn>05
Ps = ) P1=

: . (3.3)
0, otherwise 0 otherwise

are the penalties for too small masks (less than 1% of the image) or too large masks
(more than 50% of the image), that ensure the mask size is reasonable. These cov-
erage percentages were selected manually after examining numerous examples of
expanded point-labels in coral reef images, which indicated that these are reason-
able minimum and maximum sizes, specially considering that the mask is generated
from a single point.

The final weighted score for each mask is calculated as:

Score = wgs +welog(1+c¢) —wgp, (3.4)

where w;, w. and w, are weights for s, ¢, and p, respectively. The values of these weights
were fine-tuned through qualitative testing on images from the UCSD Mosaics [40]
dataset, focusing on scenarios where the three masks predicted by SAM2 varied sig-
nificantly in size and shape. In certain cases, some masks covered almost the entire
image, throwing off label propagation. To address this, we adjusted the weights to prior-
itize smaller masks, which despite having lower confidence, to better preserve the mask
selection process. The mask with the highest weighted score is selected as the final
expansion for the point label (Figure 3.5).
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Label assignment. Once all masks are generated from the point-labels, we assign a label to
each generated mask. Some masks may overlap with others of different labels. To resolve these
conflicts, the algorithm first identifies the overlapping regions by checking for intersections
between the bounding boxes of all mask pairs. The intersecting pixels are then grouped, and
the masks involved are recorded.

Next, the algorithm assigns a label to these overlapping regions based on the distribution of
point-labels of the involved masks. If one semantic label has the majority of point-labels in the
overlap, that label is assigned to the entire region. If no majority exists, the semantic label of
the closest point-label to the centroid of the overlap region is used for all pixels in that region.

Finally, pixels that do not overlap are added directly to the output mask with their original
labels. This ensures that all pixels are labeled, and conflicts in overlapping areas are resolved by
considering both the majority of point-labels and the proximity to the closest point-label. The
label assignment algorithm is available in Appendix A.2. Example results for three different
overlap solving cases are shown in Figure 3.6.

Also, Figure3.7 illustrates some SPX and SAM?2-based propagation examples for compar-
ison.

! Background l:l Mask 1 ! Mask 2 ! Labels Mask 1 D Labels Mask 2 ! Overlap

Figure 3.6: Overlap Solving. Top row: examples of overlap between two masks. Bottom row: resolved overlaps.
In the first two cases, resolution is based on the majority label within the overlap area, determined by the point-
labels inside it. The third case is resolved by proximity to the point-labels.

3.2.4 Module 2: Refinement

The Refinement Module addresses the unlabeled pixels remaining after the SAM?2 propagation.
While SAM?2 is effective at generating high-quality segmentations, it has a limitation: regions
without masks will remain unlabeled. The objective of this module is to label these unlabeled
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SAM2 SAM2+SPX
” Background

Figure 3.7: Successful examples where SPX+SAM improves coverage, addressing gaps in the SAM2 propaga-
tion. Each row shows, from left to right: the query image, ground truth (GT), SAM2 propagation, SPX propaga-
tion, and SAM2+SPX augmentation.

pixels as accurately as possible. To achieve this, two distinct approaches are explored to handle
the unlabeled areas, aiming to improve the completeness and precision of the final semantic
segmentation while maintaining the consistency with the existing labels.

SPX-based Fill-in (A.2)

This submodule is part of the MethodA and it is charge of refining SAM?2 propagation by filling
in unlabeled regions using the SPX propagation from Section 3.2.3 (Figure3.4). Unlabeled
pixels in the SAM2 output are directly replaced with the corresponding labels from the SPX
propagation. In mathematical terms,

SAM2,cfined = SAM2 U (SPX — SAM2). (3.5)

This straightforward filling process complements SAM?2’s accurate boundary delineations
by utilizing the SPX propagation’s dense coverage, aiming to provide a more complete labeling
of the image. This approach enhances coverage in scenarios where SAM2 expansions are small
and leave significant unlabeled regions (Figure 3.7), however, it also introduces a drawback.
In some cases, specially with a low number of sparse point-labels, the SPX propagation over-
segments -i.e.the segmentation covers more area than it should- certain shapes that SAM2
captures accurately, reducing the accuracy of the combined segmentation. This is evaluated
deeply in Section 4.2.1 (Figure 4.1).

To solve this, the next approach, focuses on feature space matching using DINOv2 and
SAM2 to make better use of SAM2’s accuracy.
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Feature-Guided Mask Matching (B.2)

This alternative used in MethodB improves SAM2-based label propagation strategy by com-
bining the automatic mask generation capability of SAM2 with feature information from DI-
NOv2. In this way, this approach labels previously unlabeled regions by generating candidate
masks and assigning labels based on semantic similarity in the feature space (Figure3.4).

Generating new masks with SAM2 The first step involves isolating the unlabeled regions
from the SAM2 propagation described in Section 3.2.3. To ensure subsequent operations focus
exclusively on the unlabeled areas, a modified version of the original image is created by
applying a binary mask that blacks out all labeled regions by the SAM?2 propagation (Figure
3.8.0).

The modified image is then processed by SAM2, which enables the generation of candidate
masks without any query. Figures 3.8.d to 3.8.f show the difference between generating the
masks, using the blacked-out image and using the original image. We can see that, using the
blacked-out image we obtain new generated masks that align better with the original predicted
masks. In Figures 3.8.e and 3.8.f, the yellow squares highlight areas where no mask was gen-
erated, even though these regions correspond to previously expanded masks. Since masks are
generated directly on the original image, SAM2 does not produce masks in these areas. In
the same way, the pink squares indicate discrepancies in the mask boundaries. This misalign-
ment occurs because generating masks on the original image resulted in different boundaries
compared to when the blacked-out image was used.

In conclusion, we chose to generate the new masks using the previously expanded masks,
leveraging both SAM2’s prediction and automatic mask generation capabilities. This approach
ensures better alignment between the new candidate masks and the expanded masks. It also
ensures that all expanded point-level labels are used in the process. If we would generate
the masks directly on the original image, relying only on SAM?2’s automatic mask generation
without using the prediction part, some point-level labels could be lost, as certain masks that
should include these labels might not be generated.

DINOv2 feature extraction After generating new masks that cover the entire image, the
next step is to assign labels to these masks. To do this, we use DINOv2 [5] to extract feature
embeddings from the original image. DINOv2 generates an embedding with a fixed feature
dimension of 1536 for each patch of 14 x 14 pixels (e.g., 37 x 37 for a 512 x 512 input image).
These embeddings are then upsampled using bilinear interpolation to match the original image
size (Figure 3.9). For each SAM2-generated mask, whether it is one of the original predicted
masks expanded from labeled points or one of the newly generated masks, we calculate a
mean embedding feature vector by averaging the embeddings of the pixels within the mask’s
region, resulting in a feature vector per mask of 1536 dimensions. This process ensures that
both predicted and newly generated masks are consistently represented in the feature space,
enabling comparisons between labeled and unlabeled masks.

Label Assignment via Embedding Similarity Once each mask has its corresponding em-
bedding, we iterate over all unlabeled masks to assign them a label. For each unlabeled mask u,
we calculate the cosine similarity between its embedding vector e, and the embedding vectors
e; of all labeled masks /, defined as:

eu . el

Cosine Similarity(e,,e;) = TeuTlerl e-1,1]. (3.6)
u l
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¥ g o
(d) Generated over black (GoB). (e) GoB, on top of original. (f) Generated over original.
l Background ” Blacked out masks ” Predicted l Generated

Figure 3.8: SAM2 mask generation comparison. (a) The original image with point-labels. (b) Predicted masks
from SAM2 expansion. (c) Blacked-out version of the image, with labeled regions removed. (d) Generated masks
over the blacked-out image. (e) Generated masks over the blacked-out image, but displayed on top of the original
image. (f) Generated masks over the original image. Red boundaries represent newly generated masks, and blue
boundaries in (d) represent the original predicted masks. In (e), the generated masks align well with the blacked-
out areas in (d), ensuring better mask coherence. In (f), without generating new masks over the blacked-out image,
the masks fail to align with the SAM2 expansion (pink squares) or are completely missing (yellow squares).
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Figure 3.9: DINOV?2 feature extraction. The original image is (a) passed through DINOv2 model, producing (b) a
feature embedding with a fixed depth of 1536. The embeddings are then (c) upsampled using bilinear interpolation
to match the original image dimensions.

To improve robustness, we introduce a threshold similarity T = 0.6, chosen manually in
Appendix B.1. If the maximum similarity for a given unlabeled mask is below this threshold,
the mask remains unlabeled and is treated as background. This step ensures that only masks
with a strong correspondence to existing labeled masks are assigned a label, reducing the risk
of incorrect assignments. Figure 3.10.c shows the cosine similarity confusion matrix among
all the ground truth labels of the UCSD Mosaics [40] dataset. To get this plot, we compute for
each image the mean feature vector of each mask and its cosine similarity with respect to all
other mask features of the image (Figure 3.10.b). We may deduce from this plot that DINOv?2
features can be useful to propagate labels among masks inside an image.

(a) GT semantic segmentation masks. (b) Sim. of reference (white) mask to others. (c) Mean similarity confusion matrix.

Figure 3.10: DINOV?2 features capability. We show (a) the ground truth semantic labels of an image and (b) the
cosine similarity of a reference (white) mask features with respect to all other mask features of the image. Lastly,
we show (c) the average similarity confusion matrices of all the images. The visible diagonal indicates that the
model correctly assigns high similarity to pairs of masks with the same label. However, some high similarity
values off the diagonal reveal instances where masks of different labels are incorrectly considered similar. White
elements represent pairs of semantic labels that never co-occur within the same image.

This label assignment method ensures that only masks with a strong similarity to labeled
masks are assigned a label, reducing incorrect assignments due to weak correspondences.
However, the effectiveness of this approach depends heavily on the quality of DINOv?2 features.
In these complex underwater environments with similar objects across different classes, the
mean embeddings per class can lead to incorrect label assignments. Despite these challenges,
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SAM2. SAM2+DINOV2.

” Background

Figure 3.11: Example of SAM+DINOV?2 label refinement. It shows new masks both correctly (green squares)
and incorrectly (red squares) labeled.

SAM2+DINOvV2 often succeeds in generating correctly labeled masks, improving semantic
segmentation coverage in prior unlabeled areas. Figure 3.11 illustrates both the strengths and
weaknesses of this method.

3.3 Application of the Augmented Labels

The scarcity of annotations in wildlife imagery datasets is a major challenge. Manual labeling
requires significant time and effort, making it difficult to train machine learning models for
tasks like semantic segmentation. Finding ways to address this limitation is essential. Our
label augmentation approach helps to solve this problem by generating pseudo-labels that can
be used to train models as we would do with ground truth labels. As result, our target is
to prove that using only our generated pseudo labels we could train a model that achieves a
similar performance than training it with all the dense ground truth labels. In this situation, we
would achieve the same model performance but having reduced considerably the human effort
for labeling.

For this purpose, we utilize SegFormer [23], a Transformer-based framework that combines
the representational power of Transformers with lightweight MLP decoders. SegFormer’s de-
sign makes it efficient and capable of learning multi-scale features, achieving strong perfor-
mance across benchmarks. Its lightweight architecture allows for quick evaluation of the im-
pact of pseudo-labels on model training. While our main contribution is the augmentation of
labels, using them to train a model demonstrates their practical value and potential applica-
tions. The evaluation of the model training using augmented labels is presented in Section
4.2.3.

Beyond their role in training machine learning models, these pseudo-labels are valuable for
researchers themselves, as they provide deeper insights into complex environments, supporting
better analysis and measurement.
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Experiments

In this chapter, we present the experimental setup and results of the proposed label augmen-
tation framework. We begin by outlining the experimental setup, including the datasets used
and the evaluation metrics used. Next, we present the results of our approach, highlighting
the performance and limitations of all methods explored. Later, we discuss how the placement
of initial sparse points influences the quality of the augmented labels. Lastly, we analyze the
performance of a semantic segmentation model trained uniquely from our generated pseudo-
labels.

4.1 Experimental Setup

4.1.1 Datasets

We evaluated our framework using datasets that represent complex wildlife underwater envi-
ronments.

UCSD Mosaics-. The UCSD Mosaics dataset [40] consists of 16 large mosaics of multi-
species coral reefs, each with a resolution exceeding 10K x 10K. For our experiments, we used
a cropped version of this dataset, where the mosaics were divided into 512 x 512 resolution
images, resulting in 262,144 pixels per image. This yields a total of 3974 training images and
696 test images. The dataset includes 34 semantic classes, excluding the background class,
and provides dense annotations for every pixel in each image.

SUIM-. The Semantic Segmentation of Underwater Imagery [41] (SUIM) dataset consists
of 1525 training images and 110 test images, all with dense annotations across eight object
categories: fish (vertebrates), reefs (invertebrates), aquatic plants, wrecks/ruins, human divers,
robots, and sea-floor. These images were carefully captured during oceanic explorations and
human-robot collaborative experiments, with annotations provided by human participants. For
our experiments, we resized all images to a consistent resolution of 640 x 480.

Additionally, we also evaluated two sets of images provided by our collaborator laboratory,
The Byrnes Lab at UMass: Boston. Both without dense annotations, so the evaluation of these
images will be qualitative, and no direct comparison to ground truth is possible (Appendix
B.2).

21
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4.1.2 Evaluation Metrics

We use standard metrics for semantic segmentation: mean pixel accuracy (mPA) and mean in-
tersection over union (mloU). These metrics are used for evaluation in both label augmentation
and in training a semantic segmentation deep learning model with the augmented labels.

Let TP;, FP;, and FN; represent the true positive, false positive, and false negative pixels
for semantic label /, respectively. Also, let Ly,ig represent the set of all semantic labels L,
excluding the background label.

Mean Pixel Accuracy (mPA)-. This metric calculates the average proportion of correctly
classified pixels across all Ly,jiq. The pixel accuracy (PA) for each label / is defined as the ratio
of correctly classified pixels to the total number of pixels belonging to that label in the ground
truth,

TP
PAj=— . 4.1)
TP; +FN;
The mPA is the average of the PA for all semantic labels in Ly,jiq:
pA= ! Y PA (4.2)
m = l- .
|Lvalid| leLvalid

This metric averages pixel accuracy across all Lyyig. Higher values indicate better seg-
mentation performance. Since false positives are not considered in the calculation of PA, it is
possible for a label / to achieve 100% mPA if all ground truth pixels for [ are correctly seg-
mented, even if some background pixels are incorrectly labeled as /. For example, if an image
contains only one semantic label / in addition to the background class, and we predict all pixel
images with label /, we will get mPA = 100%.

Mean Intersection over Union (mIoU)-. This metric quantifies the overlap between the
predicted segmentation and the ground truth for each semantic label in L,jiq. The intersection
over union (IoU) for label / is defined as the ratio of the intersection of the predicted and ground
truth regions to the union of those regions,

TP
IoU, = ! . (4.3)
TP; +FP; 4+ FN;
The mloU is the average of the IoU for all semantic labels in Lyajiq,
mloU = Y Iou;. 4.4)

[ Lvaiial €Lyaid

This metric measures both the model’s ability to correctly identify pixels for each label
and its ability to avoid misclassified pixels (false positives) and missed ground truth pixels
(false negatives). A higher mloU indicates better segmentation performance, providing a more
comprehensive measure of model accuracy than mPA. Therefore, we will consider this metric
as reference.
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4.2 Results

In this section, we evaluate the performance of our label augmentation framework both quanti-
tatively and qualitatively. We also test how effective are the augmented labels as training data
for SegFormer [23].

In order to obtain quantitative metrics, we randomly sample the set of point-labels from the
dense ground truth annotations of the UCSD Mosaics and SUIM datasets. We evaluated the
framework using fixed number of sparse points, specifically with 30 and 300 points, to analyze
how the number of sparse labels impacts the results.

Method nomenclature The label augmentation methods evaluated are:

* SPX: Point-aware superpixel propagation method [35] (Section 3.2.3). That is, this ap-
proach represents the output of A.1.1 submodule (Figure 3.4).

* SAM2: Our proposed point label propagation method based on SAM?2 [14], which is
explained in Section 3.2.3 and makes the A.1.2/B.1 submodule (Figure 3.4).

* SAM2 + SPX: Our proposed combination of SPX and SAM?2 propagations with SPX-
based Fill-in described in Section 3.2.4 that constitutes our MethodA.

* SAM2 + DINOV2: Our proposed refinement of SAM2-based label propagation using
generated new masks and DINOVv2 feature extraction, doing feature-guided mask match-
ing. It is explained in Section 3.2.4 and represents our MethodB.

4.2.1 Label Augmentation

We first compare the performance of the four label propagation methods presented before on
the UCSD Mosaics and SUIM datasets (Table 4.1).

Table 4.1: Performance of label propagation approaches in UCSD Mosaics and SUIM. Bold and underlined
means highest and second highest mloU, respectively. Computational times are given as mean (+£std) for all
images.

Method Ours UCSD Mosaics SUIM
mPA 1T mloU7 Time per Image (s) | ‘ mPA 1T mloU7 Time per Image (s) |

300 Sparse Points
SPX [35] X 90.90 71.96 2.02 (£0.10) 91.69 82.51 2.12 (£0.10)
SAM2 v 85.62 74.72 2.26 (+£0.89) 87.88 76.14 3.39 (£1.70)
SAM2 + SPX 4 94.54 72.87 4.20 (+0.90) 94.77 78.02 5.52 (£1.70)
SAM2 + DINOV2 / 88.23 66.45 17.79 (£3.47) 90.49 73.72 17.27 (£3.06)
30 Sparse Points
SPX [35] X 67.86 45.55 1.76 (£0.10) 79.63 62.77 1.93 (+0.14)
SAM2 v 52.11 49.30 0.83 (£0.35) 65.00 61.50 1.19 (£0.64)
SAM2 + SPX v 73.28 4991 2.60 (£0.37) 85.85 67.81 3.16 (£0.60)
SAM2 + DINOV2 / 61.31 50.00 13.58 (£0.90) 73.80 66.63 13.85 (£1.12)

When performing label propagation from 300 sparse point-labels, SPX performed well
overall, achieving the highest mloU on SUIM (82.51%) while keeping processing time low.
This mloU difference between SPX and the other methods is particularly remarkable in the
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Table 4.2: mloU per class in SUIM dataset for 300 sparse point-labels. Semantic classes in SUIM correspond
to: Human divers (HD), aquatic plants and sea-grass (PF), wrecks and ruins (WR), robots (RO), reefs and inver-
tebrates (RI), fish and vertebrates (FV), sea-floor and rocks (SR). While SPX and SAM2 share the best (bold)
IoU results per class, SAM2+SPX finds the balance achieving the second-best (underlined) performance for most
of all the classes. The images show an example of wrong propagation by SAM2 due to a PF point in the edge
between the waterbody and the seabed (red square). This is an example of the importance of the location of sparse
points that is discussed in Section 4.2.2.

| IoU per class |

Method | HD | PE | WR | RO | RI | FV | SR | mloU
SPX [35] 73.98 | 76.75 | 90.79 | 79.83 | 92.44 | 74.56 | 89.29 | 82.51
SAM2 83.68 | 62.44 | 76.76 | 86.06 | 74.49 | 77.25 | 72.32 | 76.14
SAM2+SPX 79.16 | 66.66 | 80.28 | 82.28 | 83.45 | 76.81 | 77.55 | 78.02

SAM2+DINOvV2 | 79.56 | 61.71 | 74.79 | 76.46 | 76.45 | 75.11 | 72.01 | 73.72

SPX. SAM2.

SUIM dataset which is carefully analyzed in Table 4.2 by way of an individual class perfor-
mance comparison.

On the UCSD Mosaics dataset, SAM?2 achieves the best mloU (74.72%) and has a runtime
similar to SPX. The SAM2+SPX method deliveres the highest mPA for both datasets, reaching
94.54% on UCSD Mosaics and 94.77% on SUIM, with solid mloU results. SAM2+DINOv2
shows accurate mPA but had lower mloU and required significantly more time due to the cost
of generating new masks.

In the case of 30 sparse point-labels, SPX maintained a balance between performance and
efficiency. SAM2, while being the fastest method and achieving competitive mloU in UCSD
Mosaics (49.30%), it provides low mPA in both datasets, mainly because of low coverage of the
segmentation, leaving many pixels unlabeled. SAM2+SPX again achieves highest mPA across
both datasets and performs nearly as well as SAM+DINOV2 in mloU for UCSD, with best
mloU in SUIM dataset. In this case, SAM2+DINOV2 offered competitive accuracy, specially
in mloU, but the computational demand remains high.

Overall, SAM2 and SAM2+DINOV2 consistently achieve the lowest mPA values due to
their tendency to leave large portions of the image unlabeled. This lack of coverage is penal-
ized by mPA metric. Conversely, SPX-based methods (SPX and SAM+SPX) cover more areas,
contributing positively to mPA. This could be because DINOv?2 features sometimes group simi-
lar objects from different classes, leading to incorrect label assignments. Additionally, complex
environments, with many similar objects across different classes, make it harder for the method
to differentiate correctly. SAM2+DINOV2 is also, by far, slower than the other methods, which
could limit its usage in certain cases.

However, while quantitative metrics provide insight into how label propagation performs,
they do not fully capture the qualitative aspects of the segmentations, specially for low number
of sparse points. In this cases, the visual aspects of the segmentation, like over-segmented
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shapes, or leave areas unlabeled, become important for understanding how well the methods
work in, particularly for experts to use them. These visual differences highlight key trade-offs
that the metrics alone do not capture.

Qualitative evaluation When analyzing the segmentations with 30 sparse point-labels, SPX
propagation often shows noticeable over-segmentation. Due to the use of low number of sparse
points, the resulting superpixels are less but larger, each of them covering a big area. As each of
the superpixels gets labeled, this leads to an excessive coverage of the image. In consequence,
SAM2+SPX also shows this effect. Using only 30 sparse points SAM2 propagation usually
generates smaller propagations than each of the superpixels, so SAM2 propagated masks are
often completely covered in this approach. Figure 4.1 highlights how SPX-based segmenta-
tions tend to over-segment in both datasets. Although SPX achieves higher mPA score due to
its broader coverage, this comes at the cost of scene understanding. The over-segmentation
often hides important details and objects, making the segmentation harder to interpret and less
useful in real-world situations.

Focusing on SAM2+DINOvV2 method, it excels in scenarios with multiple similar objects
belonging to the same class, such as fish. In these cases, it can identify and correctly label new,
previously unlabeled objects, providing more complete segmentations. However, it sometimes
creates incorrect new labels, especially in scenes without these features, where it is harder to
distinguish between objects of different classes. Even with this drawback, SAM2+DINOv2’s
ability to label previously unlabeled areas adds value, especially when other methods miss
these objects. Figure 4.2 shows the strengths of this approach.

4.2.2 Impact of Sparse Labels Location

As we have seen, the number of initial sparse point-labels affect the performance of all la-
bel augmentation methods (Table 4.1). However, their spatial distribution with respect to the
objects in the image can significantly influence the label propagation process. Poorly posi-
tioned sparse labels such as those falling in not interesting or “background” areas, along object
boundaries, or unevenly distributed across the image, may lead to inaccurate or incomplete
augmentations (random or grid-based point distribution). An ideal alternative involves precise
label placement guided by experts. Expert-labeled points are typically centered in the objects
of interest, avoiding background areas and minimizing propagation errors caused by ambigu-
ous boundary locations.

To simulate the benefits of expert labeling in our analysis, we developed a smart sparse
labeling strategy that can be used on datasets that have dense ground truth semantic labels.
The algorithm uses SAM2 segmentation model to identify and segment objects in the image,
calculates the centroids of each segment, and ensures that selected points avoid background
areas by cross-referencing the ground truth semantic labels.

Table 4.3 compares mPA and mloU for each label augmentation approach using random
and smart sparse point-labels. The mPA and mloU metrics show that performance with ran-
dom points is generally better, although SAM2 and SAM2+DINOv2 come close in mloU,
while SPX-based methods achieve higher mPA using smart points. This lower performance
could be because the smart approach does not generate evenly distributed points sometimes,
selecting points in regions of the same object, that then will likely be expanded into small
segments, leaving unlabeled pixels, and therefore affecting the metrics. This effect is ampli-
fied when using few point-labels. However, similarly than previous experiments, we can see
how these commonly used semantic segmentation metrics do not always fully capture how
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Figure 4.1: Over-segmentation examples on UCSD Mosaics (first two rows) and SUIM (last two rows) datasets
with 30 sparse points by SPX-based label augmentation methods. SPX over-segmentation benefits mPA by cor-
rectly labeling many pixels, even though it also includes incorrectly labeled pixels in the segmentation. SAM2
obtains almost always better mloU values than SPX and SAM2+SPX. In last row, SAM2 segments the turtle
perfectly, providing a clearer and more interpretable result for this scene, despite having lower mPA and mloU
due to its incomplete segmentation of the seabed.

Query.

well the methods enable scene interpretation. In the qualitative example, we observe that
SPX-based methods fail to leave any region as background, over-segmenting the entire image.
This happens because no sparse points are labeled as background, and the method can only
assign superpixel labels based on the sparse point-labels provided. Conversely, SAM2 and
SAM2+DINOV?2 despite not having much better mPA and mloU, the generate much cleaner
segmentation results,

This strategy is a preliminary version and requires further development to address its lim-
itations. Currently, it does not always ensure an even distribution of points across the image
and, because of this, may leave some important objects without any labeled points, which was
the primary objective of the approach. Future refinements will focus on optimizing point se-
lection to improve coverage across all relevant objects while reducing redundancy, ensuring
better representation for a more accurate label augmentation.
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Figure 4.2: Examples showing good qualitative performance of SAM2+DINOv2 across four scenarios from
UCSD Mosaics (first two rows) and SUIM (last two rows) datasets, compared to SAM2 and SPX-based methods.
Despite mPA and mloU values are lower in some cases (rows 1 and 3), SAM2+DINOv2 demonstrates the ability
to find and correctly label new objects that were previously unlabeled by SAM2 method, particularly in scenarios
with multiple instances of the same class. While some incorrectly labeled objects are also present, these examples
highlight how metric values may not always capture label augmentation quality in terms of scene understanding.

4.2.3 Training with Augmented Labels

As introduced in Section 3.3, an application of the previous label augmentation methods is
when we want to train a semantic segmentation model and we require a great amount of dense
semantic segmentations. In this context, we could either manually annotate all these images or
manually label some sparse points and apply our best label augmentation approach to generate
pseudo-labels. In this section, we evaluate the effectiveness of these pseudo-labels by training
a model using SegFormer [23] and analyzing its performance.

In this context, we use SegFormer-B5, which is a relatively small model (§2M parameters)
oriented to address semantic segmentation task and which enables us to efficiently run multiple
experiments only varying the labels source of the training set. The remaining training and test
configuration is fixed for all the experiments in order to ensure a fair comparison. Specifically,
the training configuration includes the Adam optimizer with a learning rate of le-4, for 5
epochs. The training split consists of 80% of the 3974 train images in the UCSD Mosaic
dataset, with the remaining 20% reserved for validation, chosen randomly.

Table 4.4 compares the performance of SegFormer trained with labels from different sources
and varying numbers of labeled points. Thus, we first include as baseline the SegFormer per-
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Table 4.3: Comparison of mPA and mloU of label augmentations from 30 sparse point-labels distributed ran-
domly or with the smart approach. Bold and underlined means highest and second highest, respectively. The
images show a qualitative example of label augmentation using smart distribution where is noticeable that the po-
sition of each sparse point is centered in the different objects. However it may select points in regions that belong
to the same object, as happens in textures with high relief, such as corals. SPX-based approaches incorrectly label
all background points, leading into confusing segmentations, while SAM2 and SAM2+DINIOv2 obtain cleaner
results.

Method | Sparse Points Distribution | mPA | mloU
ar | 54| w
o | wm o aa[n
SAM2+SPX ri;io:l Z;igi_f, %
SAM2+DINOV2 random S | a0

Query. GT. SPX. SAM2. SAM2+SPX. SAM2+DINOv2

formance when trained with the dense ground truth masks of UCSD Mosaics. Besides, we
compare the SegFormer performance when trained with the pseudo-labels generated from all
the different label augmentation methods analyzed in the previous sections. All models are
evaluated on the test split of the UCSD Mosaics dataset, using mPA and mlIoU.

It is important to notice that, assuming that the ground truth labels are perfect, we can assert
that the baseline performance is the best performance that we could get with the SegFormer
model and the chosen training configuration. The results show that training with our pseudo-
labels achieve competitive performance compared to the baseline, if we consider the difference
of labeled points used. For 300 (~ 0.1% of image pixels) labeled points, SAM2+SPX achieve
best mPA and mloU. In contrast, when only 30 (~ 0.01% of image pixels) labeled points are
used, SAM2+DINOV2 provides higher mloU than SAM2+SPX.

We may conclude that with our label propagation approach we can considerably reduce the
human labelling effort to train and get an accurate semantic segmentation model.
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Table 4.4: Performance of SegFormer trained with different supervision strategies on the training set (3974
images) of UCSD Mosaics dataset. First row represents the model trained with dense ground truth labels as a
baseline, using all labeled points of every image. Rows 2 to 5 show the results for training with pseudo-labels
generated from different label augmentation approaches, varying the number of initial sparse point-labels (30 and
300).

Training strategy ‘ Test results
Label Source Supervision type  Num labeled points ‘ mPA 1+ mloU 1
Dense ground truth dense 262,144 (all) ‘ 67.60 56.91
SAM2 + SPX sparse 300 63.74  47.38
SAM?2 + DINOv2 sparse 300 62.01 43.59
SAM2 + SPX sparse 30 4691  31.99

SAM2 + DINOv2 sparse 30 42.48 33.45







Chapter 5

Conclusions, challenges and future work

5.1 Conclusions

We have developed a framework to explore label augmentation from sparse point-labels, lever-
aging the capabilities of foundation models in wildlife scenarios, where dense annotations are
often unavailable. This framework addresses the common challenges of scarce labeling by
introducing and evaluating new methods for propagating and refining sparse point-labels.

We have demonstrated that propagating sparse point-labels with SAM?2 generates more
accurate segmentations, particularly in terms of preserving object shapes, compared to cur-
rent state-of-the-art superpixel-based methods. However, with very few sparse labels, our
SAM?2 propagation method tends to leave significant portions of the image unlabeled. To
address this limitation, we proposed two refinement approaches to label these remaining areas.
The first combines SAM?2 propagation with a superpixel-based label propagation method [35]
(SAM2+SPX), while the second utilizes SAM?2’s ability to generate masks without prompts
and assigns labels to these new masks by identifying the most similar labeled mask in the
DINOvV2 embedding space (SAM2+DINOV2).

Our experiments highlighted the strengths and trade-offs of these approaches. SAM2+SPX
emerged as the most balanced method, offering strong performance in mPA, mloU, and com-
putational efficiency. Nevertheless, qualitative analysis showed that these standard seman-
tic segmentation metrics do not always capture segmentation quality, particularly for object
boundaries and fine details. SAM2+DINOv2 showed really good qualitative results in cer-
tain scenarios where the number of instances of objects of the same class is high, finding and
label correctly most of them. We also investigated the impact of label quantity and spatial
distribution by simulating expert labeling, demonstrating that not just the number, but also the
placement of sparse labels significantly affects the results. Finally, we showed that the aug-
mented labels can effectively be used to train SegFormer, a deep learning semantic segmenta-
tion model, achieving competitive performance compared to it trained with dense annotations,
even when using a tiny fraction of labeled points.

Overall, this work demonstrates the potential of leveraging foundation models to obtain
dense semantic segmentations from a small fraction of labeled image pixels, providing valu-
able insights for researchers in other disciplines to better understand these scenes, and offering
a weak supervision approach for deep learning semantic segmentation models, achieving com-
petitive performance.
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5.2 Challenges and limitations

The challenges and limitations encountered during this work highlight important areas for im-
provement. The limitations with label propagation are closely related to the sparse points them-
selves. While the number of labeled points is important, their location also plays a meaningful
role. If no point is placed within a specific class, objects of that class cannot be segmented
correctly. Similarly, points positioned near the boundaries of objects can lead to inaccurate
segmentations, as they may cause incorrect propagation across different regions.

Regarding refinement methods, SAM2+SPX performs well when the number of sparse
points is moderate (e.g., 300), but it tends to over-segment objects, particularly when very
few labels (e.g., 30) are available. In such cases, less superpixels are generated, each cov-
ering broader areas, often overriding accurate propagation achieved by SAM2. On the other
hand, SAM2+DINOv?2 excels in scenarios with multiple objects of the same class, but it often
mislabels objects due to high feature similarity between different classes. This is specially
challenging when no points are available for certain classes. Additionally, SAM2+DINOV2 is
computationally expensive, which could restrict its use in certain tasks.

5.3 Future work

This work opens several directions for future research. First, we aim to develop novel metrics
that more accurately represent the quality of our segmentations, beyond traditional metrics like
mPA and mloU. We also could enhance SAM2+DINOv2 method by not only finding similar
objects within an image, but also within the whole dataset, enabling accurate labeling even
when a class is absent in the current image’s sparse points.

Another possible direction is to further explore smart sparse point distribution, optimizing
for even class coverage. Pushing this idea, we could develop an interactive tool that guides the
human experts from other disciplines in placing sparse points strategically, maximizing class
coverage and reducing the human effort wasted for labelling.

Finally, we could explore the use of diverse label types, such as bounding boxes or even
text prompts, leveraging large language models capabilities, for more robust and flexible label
augmentation.
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Appendix A

Software and Algorithmic details

This appendix includes a brief description and pointer to the software tool developed as part of
this thesis as well as a more detailed algorithmic description of the label assignment algorithm.

A.1 Software

The software implementing our proposed framework is publicly available athttps://github.
com/cborjamoreno/PL_augmentation. It offers an easy-to-use tool for researchers, even
those without Al expertise, to augment sparse point-labels and create dense semantic segmen-
tations for their specific needs.
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A.2 Algorithms

Algorithm 1: Label Assignment. Pseudo-code of label assignment algorithm.
Input: M = {my,my,....mu}, PL={(p1,11),(p2,2),--,(Pn,1n)}
Output: mgy;
Mout = 0
overlap_dict_temp « 0;
overlap_dict < 0;
/* Detect overlapping masks */
foreach m; € M do
foreach m; € M where i # j do
b;,b; < bounding boxes of m;,m;
if b; and b overlap then
Poverlap —mimj;
overlap_dict_temp|Poyerlap] < overlap_dict_temp|Poverlap| + [i, j]:
end

end
end
/* Group pixels by overlapping masks x/
foreach (P,c/ip,involved) € overlap_dict_temp do
‘ overlap_dict[involved| < append Poyeriap;

end
delete overlap_dict_temp
/* Assign label to overlap areas x/

foreach (involved, Pyyer1ap) € overlap_dict do
PLoverlap <P within Poyer1ap for each label;
if majority_label exists then
‘ Mout[Poverlap] <— majority_label;
else
Prinvolved < Pr. within M,01ve4;
¢ < Centroid of Poyeriap;
(pclosesta lclosest) <—arg minp,lEPLinvolved ||C - P|
Mout [Poverlap] — lclosest;
end
end
foreach M; € Masks do
Pron-overlap < Identify non-overlapping pixels in M;;
Mot [Pnon—overlap] < Label of Pyon-overlaps
end
return M,,;;
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Appendix B

Additional Results

B.1 Similarity threshold selection

To determine the threshold similarity in Feature-Guided Mask Matching approach (3.2.4), we
manually select a value within the range [0.0, 1.0]. This threshold establishes whether the label
of a labeled mask is considered during the assignment of a new label to an unlabeled mask.
The evaluation of label augmentation was performed using threshold values across the range.
For this experiment we used the 696 test images from the UCSD Mosaics dataset, so we do not
use images that were evaluated in Label Augmentation results (4.2.1). 30 sparse point labels
were used for the augmentation.

7 | mPA (%) | mloU (%)
0.0 55.08 41.27
0.1 55.21 41.34
0.2 55.69 41.35
0.3 57.09 41.05
0.4 59.02 43.06
0.5 59.99 47.37
0.6 58.98 50.08
0.7 55.99 49.95
0.8 53.17 48.28
0.9 52.29 47.54
1.0 52.21 47.49

Table B.1: Performance of label augmentation for SAM2+DINOV2 approach across different threshold similarity
(7) values.

The best mPA metric is obtained with 0.5 T = 0.5, while the best mloU is achieved with

T = 0.6. As the difference between mloU is greater, we chose to use 7 = 0.6 as the predefined
threshold value.

39



40 Chapter B. Additional Results

B.2 Qualitative evaluation in other datasets

We evaluated qualitatively two additional set of images provided by The Byrness Lab, UMass:
Boston. Both with sparse segmentations:

* Miscellaneous Substrate Imagery A set of 46 images, taken in the Gulf of Maine, each
with a size of 1024 x 768. These images are randomly sampled and contain 20 semantic
classes.

* Kelp Imagery A set of 113 kelp images, each 1024 x 768 in size and grid-sampled,
containing 5 semantic classes.

Figures B.1 and B.2 show label augmentation examples with all methods for Miscellaneous
Substrate Imagery and Kelp Imagery datasets, respectively.
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Figure B.1: Label augmentation examples in Miscellaneous Substrate Imagery dataset.
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Figure B.2: Label augmentation examples in Kelp Imagery dataset.
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