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Resumo

O crescimento exponencial das colegoes de imagens produziu um aumento significativo
nas aplicagoes de aprendizado de maquina e recuperacao de imagens em diversos cenarios.
Apesar dos avancos recentes, muitos métodos ainda dependem fortemente de grandes
volumes de dados rotulados para treinamento, o que representa um obstaculo importante,
uma vez que produzir dados rotulados é geralmente custoso. Para enfrentar esse desafio,
varias técnicas foram desenvolvidas. Um aspecto critico de tais abordagens é definir a
similaridade entre imagens de maneira eficaz, o que continua sendo um desafio central em
aplicacoes de recuperacao e aprendizado de maquina, tais como classificacdo. A questao
central estd intrinsecamente relacionada a forma como a informacgao é representada e
aos métodos usados para comparar essas representagoes. Uma grande limitacao é que a
maioria ainda depende de medidas par-a-par e ignoram outras informacoes significativas
presentes na vizinhanca que podem ser usadas para melhorar os resultados. Este trabalho
foca em melhorar a eficicia da recuperacao de imagens por contetido visual e tarefas de
classificagdo usando similaridade contextual, indo além das métricas tradicionais par-a-par
para explorar as relagoes entre os elementos. O aprendizado de similaridade contextual é
empregado para explorar relagoes de vizinhancga entre os elementos, usando técnicas tais
como informagoes baseadas em ranqueamento, medidas contextuais, grafos e hipergrafos
para modelar a informagao contextual de forma eficaz. Esta tese propoe sete métodos novos
aplicados a cendrios de propdsito geral e re-identificagao de pessoas (Re-ID) abordando
diferentes contribuigoes. Trés tarefas principais foram consideradas: estimativa de eficacia
de consultas, recuperagao e classificacao de imagens. Foi realizada uma ampla avaliacao
experimental, totalizando 17 cole¢oes de imagens e mais de 50 descritores visuais. Os
métodos propostos, quando comparados com o estado-da-arte, demonstram resultados que

sao comparaveis ou superiores aos das abordagens existentes na maioria dos casos.

Palavras-chave: Similaridade Contextual; Recuperacdo de Imagens; Classificacao
de Imagens; Estimativas de Eficacia; Re-identificagao de Pessoas; Aprendizado de

Representagoes.



Abstract

The exponential growth of image collections has demanded a significant increase in the
use of machine learning and image retrieval applications across various scenarios. Despite
the relevant advances, many methods still rely heavily on large volumes of labeled data for
training, which establishes an important obstacle, once producing labeled data is generally
expensive and time-consuming. To address this challenge, numerous techniques have been
developed recently. A critical aspect of these approaches is effectively defining image
similarity, which remains a central challenge in retrieval and machine learning applications,
such as classification. The core of this issue is intrinsically linked to how information is
represented and the methods used to compare these representations. A major limitation is
that most of them still rely on pairwise measures, ignoring other meaningful information
present in the neighborhood that can be used to further increase the results. This work
focuses on improving the effectiveness of image retrieval by visual content and classification
tasks using contextual similarity, moving beyond traditional pairwise measures to exploit
relationships among elements. Contextual similarity learning is employed to capture
underlying relationships among elements, using techniques such as rank-based models,
contextual measures, graphs, and hypergraphs to model contextual information effectively.
This dissertation proposes seven novel methods applied across general-purpose and person
re-identification (Re-ID) scenarios addressing different contributions. Three main tasks
were considered: query performance prediction, image retrieval, and image classification.
A wide experimental evaluation was conducted, totaling 17 datasets and more than 50
visual image descriptors. The proposed methods, when compared with state-of-the-art and
recent baselines, demonstrate results that are comparable to or surpass those of existing

approaches in most cases.

Keywords: Contextual Similarity Information; Image Retrieval; Image Classification;

Query Performance Prediction; Person Re-1D; Representation Learning.
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1 Introduction

Effectively defining the similarity between images is a central challenge in retrieval
and machine learning applications. This issue is deeply connected to: (7): how information
is represented; and (7i): the measures used to compare these representations [321, 294,
371, 250]. This work presents contributions in both directions, proposing seven novel

approaches.

This dissertation discusses and presents contributions aimed at improving the
effectiveness of image retrieval by visual content and classification tasks using contextual
similarity learning. This introductory chapter outlines an overview of this work and is
organized as follows: Section 1.1 discusses the motivations of the conducted research.
Section 1.2 presents the challenges and research questions addressed. Section 1.3 states
the main hypothesis validated in this dissertation. Section 1.4 discusses the objectives and
contributions of the study. Section 1.5 describes the overall structure of this document,
including a summary of each chapter’s content and an illustration of how concepts and

terms relate to the contributions.

1.1 Motivation

In recent years, there has been an exponential increase in the volume of image data,
primarily due to advancements in technologies for generating, storing, and sharing visual
information [320, 80]. Additionally, there are numerous applications (e.g., surveillance
cameras [390, 137, 426], medical imaging [341, 6, 1], remote sensing systems [160], social

media [140]) that generate vast amounts of visual data.

In this scenario, image retrieval and machine learning tasks such as image
classification are increasingly being utilized in many applications [255]. Remarkable
progress has been made in these methods, particularly due to the consistent evolution
of deep learning [109, 31]. However, the majority of them are supervised and depend on
large volumes of labeled data for training. In contrast, the production of labeled data
is challenging since it is often expensive and time-consuming to obtain [91]. It may also
require a specialist for labeling, especially according to the specificity of the domain.
Aiming at filling this gap, many unsupervised, semi-supervised, and even self-supervised
approaches have been proposed to deal with such a challenge [107]. In most of these
methods, effectively modeling data is crucial for exploiting the information available in
the unlabeled data.

For most approaches, the essence of learning hinges on the ability to model data
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accurately, which involves different concepts, in particular, representation approaches
and distance or similarity measures [321]. This is especially important for Content-Based
Image Retrieval (CBIR) systems, which retrieve images based on visual content rather
than metadata [316]. These systems usually employ feature extraction and representation
methods, which have evolved considerably [294]. Such methods have transitioned from
traditional hand-crafted features [254] to more advanced deep learning approaches [294,
438], including Vision Transformers [77, 202]. However, most comparison tasks still rely on
pairwise measures [294, 80|, which do not exploit contextual information [245]. In general,
the term context can be broadly understood as all the relevant information pertinent to
an application and its users. This work considers the idea of contextual similarity that
consists of exploiting the relationships beyond pairwise analysis, involving other elements,
such as the neighborhood or more related additional information [246, 245]. The term
contextual similarity learning is used for the learning process that employs contextual

similarity for more effectively capturing the underlying relationships among elements.

An essential aspect is that contextual similarity information can be modeled in many
different forms, using different representations and structures [235, 416], among them: (7)
graphs [86, 366]: they can be used for exploiting the relationships between neighbors, which
is a key aspect for understanding the local context and influence among interconnected
entities; (7) ranked lists [246, 245]: in image retrieval, each ranked list contains the most
similar elements for a given query. The similarities between elements can be redefined
according to the analysis of the neighborhoods available in these lists. The position of each
element in each list also contains valuable information; (%) clustering [404, 373]: identify
and group data points that are similar according to predefined criteria. These groups allow
the discovery of inherent patterns or relationships that may not be apparent upon initial

observation.

Besides these approaches, there is still a wide range of methodologies that can
be proposed to exploit contextual information in numerous scenarios. Similarity learning
applied to retrieval is generally explored by re-ranking tasks. Despite the crescent popularity
of these methods, more robust structures have not yet been extensively employed in most
cases. Structures that represent higher-order similarities, such as relationships among
neighbors of neighbors, can be particularly advantageous. Hypergraphs, for example, allow
edges to connect multiple vertices, offering a sophisticated technique for capturing these
relationships [403, 251]. Additionally, most unsupervised re-ranking approaches [18, 282,
108] provide a new ranked list representation as output, but new features are not produced

in return, which could be used to encode contextual information for classifiers, for example.

Another application that could deeply take advantage of the enrichment of
contextual information is feature selection and fusion [260, 389, 424, 329, 327|. Among

different strategies, the selection of features can be done through effectiveness estimation
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and correlation measures [329]. They consider the idea that fusion benefits from elements
with high effectiveness and that are also complementary. The creation and usage of
contextual structures for estimating the effectiveness and measuring correlations is still an

area that requires further research.

This work exploits contextual similarity learning for general-purpose image retrieval
and person re-identification, usually abbreviated as person Re-ID. Person Re-ID is a type
of surveillance application that has been gaining a lot of attention and nowadays is
of fundamental importance in many camera surveillance systems. The task consists of
identifying individuals across multiple cameras that have no overlapping views [137].
A Re-ID system broadly consists of three main steps [426]: person detection, feature
extraction, and person retrieval or matching. This work focuses on the final step, which

can be viewed as a specific image retrieval application [137].

Person Re-ID is a complex task that presents numerous difficulties [390, 137, 426],
including (%) varying angles of view between cameras, (i) low-resolution images, (7ii)
changes in lighting conditions, (7v) occlusions blocking part of the view, (v) the difficulty of
manually labeling images for use in training algorithms, (vi) unbalanced classes or classes
with very few elements, (vii) the complexity of modeling data, and (viii) the extensive

volume of data that needs to be processed.

Amid these challenges in Re-ID, many approaches introduced more robust deep
learning models [390], such as Vision Transformers [111, 163, 221], metric learning [185,
156, 185, 396], and Siamese networks [340, 339]. Other strategies include dataset expansion
with augmentations [132, 291] or artificial data considering appearance attributes, body
parts, temporal information, and different types of multimodal information. Additionally,
metric learning is often employed for Re-ID due to its capacity to be effective when dealing
with unseen data [185] since it focuses on learning distances or similarities rather than
specific features of the training data. This approach allows the model to generalize better

to new examples that were not present in the training set.

Apart from all these advancements, post-processing methods that exploit contextual
information have gained significant attention due to their ability to improve results provided
by latent features of different deep learning models. Various unsupervised post-processing
strategies are based on the idea of exploiting the information of reciprocal neighborhoods
and measuring the co-occurrence of elements in ranked lists [429, 174, 225, 165, 211,
96, 388, 95, 108], demonstrating substantial improvements. Although these approaches
are becoming increasingly common in Re-ID, methods for selection and fusion remain
relatively scarce. This scenario highlights the importance of investigating methods capable

of effectively exploiting contextual information.

In addition to retrieval, it is also imperative to address scenarios with limited

labeled data for classification [135]. Graph convolutional networks (GCNs) offer a promising
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solution for semi-supervised classification by learning from both labeled and unlabeled data
considering graph structures [412]. Moreover, GCNs can learn node and graph embeddings
that capture complex dependencies and structural relationships [141]. However, GCNs
are not widely used for image classification since graphs are typically not available in
image domains [274, 343, 307]. Therefore, effectively modeling these graphs, which can be

utilized to exploit contextual information, is a crucial topic for research.

Another approach that has recently demonstrated continuous advances for
improving classification results is the use of contrastive learning [143, 47]. Unlike the
commonly used cross-entropy loss, which aims to minimize the difference between the
predicted and true class probabilities, contrastive loss focuses on learning similarities
and dissimilarities between data points rather than merely categorizing them [47].
Despite this, most contrastive losses consider only pairwise measures [143, 47, 49, 47],
with only a few incorporating some type of neighborhood information [441, 82, 183].
Moreover, these approaches often require huge volumes of data for training (i.e., labeled or
unlabeled) [47, 49], even in self-supervised scenarios, which is a challenge in circumstances

where data is scarce.

In light of the presented discussion and all challenges, the focus of this dissertation
is to exploit the use of contextual similarity information with the objective of improving
the effectiveness of image retrieval and classification, particularly in cases where labeled
data is limited or non-existent. This dissertation primarily concentrates on unsupervised

learning, while also proposing semi-supervised and supervised approaches.

1.2 Research Challenges

Contextual similarity information can be applied in a variety of fields. However,
appropriately representing and exploiting contextual information in each scenario poses
significant difficulties. There are many research challenges related to various applications
that can be used to improve the effectiveness of image retrieval and classification tasks.
In the following, several topics are discussed and corresponding research questions are

presented for each:

« Selection and fusion in person Re-ID: The selection and fusion involves choosing
the most relevant features from the data and combining them to enhance the retrieval
effectiveness [260]. There are various feature extractors and possible combinations
between them. Selecting the right features is crucial because manually evaluating
all combinations becomes impractical as the number of features increases linearly
and the number of combinations increases exponentially. The concept is based on
the idea that fusion is most effective when it involves elements that are both highly

efficient and complementary. For person Re-ID, the complexity of accurately matching
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individuals across different camera views becomes significantly more challenging
in unsupervised applications due to the absence of labeled data [137]. Effectively
modeling and exploiting patterns in the data is crucial in this scenario.

Research question:

— How can contextual similarity information be used for selection and fusion in

unsupervised person Re-ID?

e Query performance prediction: Also known as effectiveness estimation, query
performance prediction (QPP) encompasses techniques for assessing the quality of
ranked lists in scenarios where no labels are provided. In this context, the ability
to assess the effectiveness of the retrieval process provides a significant advantage
for different tasks, including enabling the selection of more effective ranked lists.
However, QPP is very challenging, especially in unsupervised tasks. One of the
main difficulties is elaborating an approach that effectively generalizes across diverse
scenarios [262]. Bridging this gap represents a major challenge that can be mitigated
by incorporating contextual similarity information.

Research question:

— How can data be modeled using contextual similarity information for query

performance prediction?

« Synthetic data: Recently, self-supervised approaches have been proposed to address
scenarios where labeled data is scarce. Among the different means of self-supervision,
one of them is by using synthetic data. There are many advantages and benefits
of using synthetic data, primarily due to its flexibility and control in generating
large volumes of annotated data. In domains where safety and privacy are relevant,
using real data can raise privacy concerns and legal issues. Synthetic data does not
carry these risks. However, creating representative synthetic data presents many
difficulties. One of the primary challenges is to accurately reflect the complexity
and variability of real-world data [72]. The generated synthetic data is expected to
encompass a wide range of scenarios, including rare events and edge cases, to ensure
comprehensive learning.

Research questions:

— How can contextual similarity information be used to generate synthetic data?

— How can contextual similarity learning be employed on synthetically generated
data?

e Unsupervised similarity learning methods: Despite the potential of
unsupervised similarity learning methods to improve retrieval results, effectively

representing and encoding the maximum amount of contextual information remains
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a challenge. This difficulty is amplified because these methods operate without
labels and cannot utilize relevance feedback [312] as supervised algorithms do.
These methods usually exploit the relationships among images through ranked
lists and similarity among elements [95, 108, 250]. The primary challenge lies in
modeling and leveraging this similarity information, which can be approached through
various strategies such as graph structures [381], contextual measures [128], and
more [382, 384]. Utilizing more complex structures to represent second-order similarity
(i.e., relationships such as neighbors of neighbors) can be particularly relevant, for
example.

Research question:

— How can more complex structures, which encode contextual information more

effectively, be applied to unsupervised similarity learning?

 Representation learning and embeddings: Feature learning is of fundamental
importance in many retrieval and classification applications [321]. However, the
capacity to encode information of an image in an embedding is very challenging.
When converting an image into an embedding, some information is inevitably lost.
This loss must be minimized to ensure that the most critical features of the image
are retained. There is also the semantic gap [24, 115] between the raw pixel data
of an image and the human interpretation of the image’s content. Unsupervised
similarity learning approaches usually post-process ranked lists to enhance image
retrieval results but do not provide any form of embeddings that can be used for
other tasks, such as classification.

Research question:

— How can contextual information from similarity learning approaches be encoded
to generate embeddings that are useful for tasks beyond retrieval, such as

classification?

« Contextual similarity and Graph Convolutional Networks (GCNs): The
GCNs effectively capture relationships and interactions within complex networks,
enhancing results in tasks involving structured data. However, graphs are not
inherently available for most image datasets, and GCNs heavily rely on these
structures to deliver significant results [141, 307]. The main challenge involves
accurately modeling the graph for effective use by the GCN.

Research question:

— How can contextual similarity information be incorporated into the input
graph utilized by Graph Convolutional Networks (GCNs) and improve their

classification results?
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o Correlation measures and manifold learning: Manifold learning is a technique
for uncovering simpler, underlying structures in complex high-dimensional data [133].
Correlation measures quantify the similarity between data points, which is very useful
to model relationships in the data. However, this is challenging since data can be
complex and heterogeneous, involving multiple variables with nonlinear relationships
that are difficult to capture [16]. Also, outliers may present significant challenges in
data analysis.

Research questions:

— Can rank-based information be utilized to measure the correlation between images

more effectively?

— Can a correlation measure be proposed and applied to enhance image retrieval

with manifold learning?

o Contrastive learning: It has been extensively used in self-supervised and supervised
learning due to its effectiveness in learning representations that distinguish between
similar and dissimilar images. It offers an alternative to cross-entropy by yielding
more semantically meaningful image embeddings. However, most contrastive losses
rely on pairwise measures to assess the similarity between elements [143, 47|, ignoring
more general neighborhood information that can be leveraged to enhance model
robustness and generalization [441].

Research question:

— How can contextual similarity information be incorporated into metric learning,

including its direct integration into losses such as contrastive loss?

The contributions presented and discussed in this work address those important

research challenges.

1.3 Dissertation Statement

Driven by the challenges identified in the literature, primarily the difficulty of
obtaining a large amount of labeled data and the increasing need for methods that exploit
contextual information, we explore the application of contextual similarity learning in

different scenarios. The main hypothesis of the work is briefly stated as follows:

Conteztual similarity learning can improve the effectiveness of image retrieval
and classification tasks across general-purpose and person re-identification
(Re-1D) applications. This concept is applicable to unsupervised, semi-supervised,

and supervised approaches, particularly in contexts where labeled data is limited.
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The hypothesis is validated by the proposed approaches and a comprehensive

experimental evaluation presented in this dissertation.



203

11 Conclusions

This chapter concludes this dissertation by discussing the contributions and other
relevant aspects. Section 11.1 reviews the main results obtained for each task: query
performance prediction, image retrieval, and image classification. Additionally, it provides
a comparative analysis of the proposed methods alongside other approaches from the
literature. Section 11.2 discusses how the contributions address the research questions
of this study. Section 11.3 lists the publications and submissions obtained, along with
the international Fulbright fellowship. Section 11.4 mentions the available codes for the
proposed approaches. Finally, Section 11.5 presents potential extensions and future work,

describing their connections to the contributions achieved in this research.

11.1 Discussion of Results

Given the notable outcomes achieved by contextual similarity learning across all
scenarios considered, this section discusses the results for each task. For query performance
prediction, the results of RQPPF and DRNE are jointly compared and discussed in
Section 11.1.1. Section 11.1.2 compares the approaches evaluated for image retrieval in
person Re-ID and general-purpose datasets, including comparisons with the state-of-the-art.
Section 11.1.3 overviews Manifold-GCN and RFE semi-supervised classification results
obtained and a comparison with the state-of-the-art. Moreover, the gains achieved by CCL

are briefly discussed.

11.1.1 Query Performance Prediction

A great variety of experiments was conducted to evaluate DRNE and RQPPF,
showing their capacity to effectively perform QPP in various datasets. Table 11.1 presents
a summary of the relative gains for both approaches in comparison to Authority [243] and
Reciprocal Density [248], which are used as baselines. Notice that RQPPF provided gains
in all the evaluated scenarios, while DRNE showed inferior performance in some cases,
especially when compared to Reciprocal in the MPEG-7 dataset. However, for the most
part, DRNE provided higher and more consistent gains when compared to Reciprocal.

Specifically for the AIR descriptor, DRNE revealed superior results in all cases.

In general, the results showed that the proposed methods are better than the
baselines in most cases. Additionally, the choice of the best method depends not only on
the dataset but also on the descriptor. RQPPF is more flexible and also uses Authority

and Reciprocal as part of its formulation, while DRNE does not. However, DRNE seems
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more robust to outlier descriptors, while RQPPF does not. Among potential extensions,
combining DRNE and RQPPF is one of the possibilities for future work.

Table 11.1 — Relative gains of DRNE and RQPPF when compared to Authority (Auth.) and
Reciprocal Density (Rec.). Average gains are reported for each dataset.

Descriptor Original | Compared to Auth. [243] | Compared to Rec. [248]
MAP DRNE RQPPF DRNE RQPPF
MPEG-7
AIR [103] 89.39% | +14.81% +3.50% +16.84% +12.99%
ASC [191] 85.28% -2.50% +3.76% -8.29% +1.84%
IDSC [190] 81.70% -3.93% +3.69% -7.58% +1.88%
CFD [244] 80.71% +3.47% +3.99% -1.24% +2.711%
BAS [13] 7152% | +0.85% +3.69% -5.13% +1.09%
SS [317] 37.67% +7.08% +6.01% +3.32% +3.52%
Average Gain +3.30% +4.11% -0.35% +4.01%
Brodatz
LAS [308] 75.15% +7.50% +9.01% +9.59% +11.15%
CCOM [148] 57.57% +3.30% +7.33% +8.60% +11.18%
LBP [231] 48.40% +0.75% +5.10% +18.42% +15.36%
Average Gain +3.85% +7.15% +12.20% +12.56%
Market
OSNET [436] 43.30% -2.63% +1.19% +5.40% +5.45%
ResNet [110] 22.82% -0.89% +0.13% +7.95% +5.29%
Average Gain -1.76% +0.66% +6.68% +5.37%
Duke
OSNET [436] 52.69% +0.71% +2.35% +1.00% +3.37%
ResNet [110]  32.00% | -2.14% +0.52% 0.12% +2.46%
Average Gain -0.72% +1.44% +0.44% +2.92%

11.1.2 Image Retrieval

Four of the seven proposed methods were evaluated in image retrieval: HRSF,
JaccardMax, RFE, and Manifold-GCN. The results obtained are reviewed for both person
Re-ID and general-purpose datasets, including comparisons against each other and with

the state-of-the-art. A brief discussion about the gains is also presented.
e Person Re-ID

Considering the wide variety of descriptors employed and to provide a fair
comparison, Table 11.2 presents the best results obtained for each method using only the
OSNET model and its variants (i.e., OSNET, OSNET-IBN, and OSNET-AIN) on Market,
DukeMTMC, and CUHKO03 datasets.

For the Market and CUHKO3 datasets, HRSF leads with the best results for both
R1 and MAP. HRSF is the only method that performs selection, which is an advantage
over the others since it can select the best combination of descriptors among the OSNET
variants. For the DukeMTMC dataset, RFE and JaccardMax compete for the best results.
The worst results in this table are the ones obtained by the Manifold-GCN. Besides
Manifold-GCN being semi-supervised, while all the other approaches are unsupervised,
this result highlights the importance of future research for this method. Since it was mainly

proposed for classification, the results for retrieval are significantly behind others, probably
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due to the features not being properly distributed in the latent space, which requires

further investigation in future work.

Table 11.3 presents the methods ranked according to their results for each measure
and dataset. The average rank reveals that, while HRSF shows the best results in most
cases, JaccardMax and RFE follow closely, with average ranks of 2.0 and 2.2, respectively.

As previously discussed, Manifold-GCN is behind with an average rank of 3.7.

Table 11.2 — Comparison between the proposed approaches on person Re-ID considering MAP
(%) and R-01 (%). The best results obtained with the OSNET descriptor and its
variants are reported.

Datasets
Method Year | Market1501 | DukeMTMC CUHKO03
R1 MAP| R1 MAP | R1 MAP
HRSF (X*, best result) [331] 2022 | 75.71 62.94 | 7724 68.88 | 39.04 39.69
Correlation Graph + Jaccard Max [324] 2022 | 73.25 59.84 | 76.21 69.27 | — —
RFE [334] 2023 | 7242 59.51 | 77.69 69.21 | 36.89 39.24
Manifold-GCN [333] 2023 | 70.30 57.48 | 7422 65.83 | 35.19 35.99

Table 11.3 — Proposed approaches on person Re-ID ranked according to their effectiveness (R1
and MAP). The best results obtained with the OSNET descriptor and its variants
were considered.

Datasets
Method Year | Market1501 | DukeMTMC | CUHKO03 | Average
R1 MAP |R1 MAP |R1 MAP | Rank
HRSF (X*, best result) [331] 2022 | 1 1 2 3 1 1 1.5
Correlation Graph + Jaccard Max [324] 2022 | 2 2 3 1 — — 2.0
RFE [334] 2023 | 3 3 1 2 2 2 2.2
Manifold-GCN [333] 2023 | 4 4 4 4 3 3 3.7

To compare the proposed methods with the state-of-the-art in person Re-ID, which
is presented in Table 11.4, the best results for each approach were considered. For HRSF,
JaccardMax, and RFE the best results used OSNET and its variants. Unlike the others,
the JaccardMax evaluation employed the TransRelD descriptor, which provided better
results for this method. This table highlights in bold the highest value for each column.
The best among our methods is also highlighted. All the baseline results are the ones

reported in the literature, following the same protocol as ours.

In general, it can be observed that the proposed approaches provide better results
for MAP than R1 when compared to other methods. This evinces that they can significantly
improve the top positions of ranked lists, but not necessarily achieve the best results when
considering only the first position. In this case, Market1501 was revealed as the most
challenging dataset, where the proposed methods are better or comparable to the ones up
to 2020. After that, the baselines show a considerable improvement. In contrast, for the
DukeMTMC dataset, the MAP of 73.96% obtained by the proposed JaccardMax (2022) is
the best result achieved, surpassed only by VAL-PAT, which is a very recent approach
from 2023. For the CUHKO3 dataset, many of the methods have no results reported in
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Table 11.4 — Proposed approaches compared to state-of-the-art on person Re-ID considering
MAP (%) and R-01 (%).

Datasets

Method Year | Market1501 | DukeMTMC CUHKO03

R1 MAP | R1 MAP R1 MAP

Unsupervised Methods
ARN [181] 2018 70.3 394 60.2 33.4 — —
EANet [118] 2018 66.4 40.6 45.0 26.4 51.4 31.7
TAUDL [170] 2018 63.7 41.2 61.7 43.5 44.7 31.2
ECN [431] 2019 75.1 43.0 63.3 40.4 — —
MAR [397] 2019 | 67.7 40.0 87.1 48.0 — —
UTAL [171] 2019 69.2 46.2 62.3 44.6 56.3 42.3
SSL [189] 2020 1.7 37.8 52.5 28.6 — —
HCT [402] 2020 80.0 56.4 69.6 50.7 — —
CAP [353] 2021 91.4 79.2 81.1 67.3 — —
IICS [376] 2021 89.5 72.9 80.0 64.4 — —
RLCC [415] 2021 90.8 77T 83.2 69.2 — —
ICE [43] 2021 93.8 82.3 83.3 69.9 — —
MGH [368] 2021 93.2 81.7 83.7 70.2
MGCE-HCL [297] 2022 92.1 79.6 82.5 67.5 — —
MCRN [367] 2022 92.5 80.8 83.5 69.9 — —
O2CAP [354] 2022 92.5 82.7 83.9 71.2 — —
DIDAL [201] 2023 | 942 848 | — — — —
VAL-PAT [23] 2023 | — — | 861 T49 | — —
Domain Adaptative Methods
HHL (D,M) [430] 2018 | 622 814 | 469 2712 | — =
HHL (C03) [430] 2018 | 568 208 | 427 234 | -
ATNet (D,M) [197] 2019 | 557 256 | 451 249 | -
CSGLP (D,M) [273] 2019 | 637 339 | 561 360 | — —
ISSDA (D,M) [306] 2019 | 81.3 631 | 728 541 | — —
ECN++ (D,M) [432] 2020 84.1 63.8 74.0 54.4 — —
MMCL (D,M) [348] 2020 84.4 60.4 72.4 51.4
JVCT+ (D,M) [44] 2021 | 905 754 | 819 676 | — —
MCRN (D,M) [367] 2022 | 93.8 838 | 845 715 | —
Cross-Domain Methods (single-source)
EANet (C03) [118] 2018 | 594 33.3 | 393 220 | — -
EANet (D,M) [118] 2018 | 617 329 | 514 317 | — —
SPGAN (D,M) [71] 2018 | 431 170 | 331 167 | — —
DAAM (D,M) [121] 2019 | 423 175 | 203 145 | — -
AF3 (D,M) [195] 2019 | 672 363 | 568 374 | — -
AF3 (MT) [195] 2019 | 680 377 | 663 462 | — —
PAUL (MT) [380] 2019 | 685 401 | 720 532 | — —
Cross-Domain Methods (multi-source)
CAMEL [396] 2017 54.5 26.3 — — 31.9 —
EMTL [370] 2018 52.8 25.1 39.7 22.3 — —
Baseline by [153] 2019 80.5 56.8 67.4 46.9 29.4 274
Proposed Methods (contributions)

HRSF (X, best result) [331] 2022 75.71 6204 | 77.24 068.88 | 39.04 39.69
Correlation Graph + Jaccard Max [324] 2022 7542 63.53 | 78.59 73.96 — —
RFE [334] 2023 7242 59.51 | 77.69 69.21 | 36.89 39.24
Manifold-GCN [333] 2023  70.30 5748 | 7422 65.83 | 35.19  35.99

the literature, since this dataset is not as commonly evaluated as the others. However, all
methods provided a better MAP than the baselines, being only behind UTAL.

The presented comparisons raise two topics for discussion: (i) Why the obtained
results are significantly better in DukeMTMC? Why does Market1501 appear to be
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considerably more difficult? (i7) RFE and CG [249] + JaccardMax exhibit close results

when using the same descriptors for Re-ID. Is this also true in other scenarios?

The first topic is challenging to answer, especially because Market1501 and
DukeMTMC datasets have very similar characteristics (e.g., dataset size, number of
individuals, images per person, size of the train and evaluation sets, and number of
cameras). However, one particular difference might explain it. The Market1501 dataset
was annotated using an automated detector, the Deformable Part Model (DPM), which is
known to be prone to noise and potential misalignment. Conversely, the DukeMTMC was
manually annotated by humans providing cleaner data with well-aligned bounding boxes.

Further investigation to address this aspect can be conducted as future work.

Regarding the close results of RFE and CG [249] + JaccardMax for Re-ID, these
methods are compared on general-purpose datasets to evaluate if they exhibit similar

behavior.
e General-Purpose Datasets

Tables 11.5 and 11.6 compare RFE and CG [249] 4+ JaccardMax with the
state-of-the-art in image retrieval tasks for the datasets Holidays and UKBench, respectively.
In both datasets, RFE outperformed all the baselines. For Holidays, CG [249] 4+ JaccardMax
is behind RFE with 91.12% but still surpasses most of the other methods. In contrast,
for UKbench, both achieved the same result of 3.97, which is very close to the maximum

score (i.e., 4).

Table 11.5 — State-of-the-art (SOTA) comparison on Holidays dataset (MAP).

MAP for state-of-the-art methods

Jégou Tolias Paulin Qin Zheng Sun Zheng
et al. [127] | et al. [315] | et al. [238] | et al. [268] | et al. [425] | et al. [299] | et al. [423]
75.07% 82.20% 82.90% 84.40% 85.20% 85.50% 85.80%

Pedronette | Arandjelovic Li Razavian | Pedronette Gordo Valem
et al. [241] et al. [12] | et al. [178] | et al. [271] | et al. [253] | et al. [104] | et al. [329]
86.16% 87.50% 89.20% 89.60% 90.02% 90.30% 90.51%
Valem Liu Pedronette | Pedronette Yu Berman
et al. [328] | et al. [203] | et al. [251] | et al. [252] | et al. [398] | et al. [26]
90.51% 90.89% 90.94% 91.25% 91.40% 91.80%
Proposed Approaches
CG + JacMax RFE

91.12% 91.97%
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Table 11.6 — State-of-the-art (SOTA) comparison on UKBench dataset (NS-Score).

N-S-Scores for state-of-the-art methods
Qin Zhang Zheng Bai Xie Lv Liu Pedronette
et al. [267] | et al. [413] | et al. [424] | et al. [16] | et al. [371] | et al. [210] | et al. [203] | et al. [241]
3.67 3.83 3.84 3.86 3.89 3.91 3.92 3.93

Bai Liu Valem Bai Valem Valem Chen
et al. [20] | et al. [159] | et al. [328] | et al. [17] | et al. [329] | et al. [327] | et al. [50]
3.93 3.93 3.93 3.94 3.94 3.95 3.96

Proposed Approaches
CG + JacMax | RFE
3.97 3.97

e Discussion about Gains

From the observed results, we can notice that the proposed approaches are
comparable or better than state-of-the-art approaches in most cases. The best method
in each scenario varies since each dataset and descriptor presents different aspects. An
important attribute of the proposed approaches is their capacity to improve the input
data by employing contextual similarity learning. Figure 11.1 presents the relative gains
of RFE and JaccardMax for different datasets and descriptors. This demonstrates the
capacity of contextual similarity learning to improve the results across multiple scenarios.
The Holidays and UKBench datasets exhibited smaller gains because their descriptors
already achieved higher results, making further enhancements more challenging compared
to other datasets. Despite this, it is impressive that, despite the advancements in feature
extraction, for different deep learning models from CNNs to Vision Transformers, the

potential to obtain improved results was achieved across all cases.

Relative gains (%) compared to original MAP of descriptors
401 38.6

B CG + JaccardMax 37.5
mmm RFE

Relative Gains (%)

Datasets (Descriptors)

Figure 11.1 — RFE and JaccardMax relative gains (%) over MAP of descriptors.
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11.1.3 Image Classification

Since both Manifold-GCN and RFE were employed for semi-supervised classification,
Table 11.7 compares them to baselines, both traditional and recent, on Flowers and Corel5k
datasets. The values achieved by Manifold-GCN are the highest in all the cases, and they
are closely followed by RFE. These results reveal the high effectiveness of the proposed
approaches that, besides the significant gains, are also comparable or superior to various

methods in the literature.

Table 11.7 — Accuracy comparison (%) for baselines on Flowers and Corel5k datasets. We
compared the proposed RFE and Manifold-GCN with semi-supervised classification
baselines. The methods are compared with different input features. The results of
our methods are highlighted with a gray background; the best results for each pair
of features and dataset are marked in bold.

Method ‘ Input ‘ Flowers ‘ Corelbk
CoMatch [169] Images 82.55 85.70
kNN 63.67 76.80
SVM [54] 80.54 88.73
OPF [§] TLTT | 83.56
SL-Perceptron 75.44 83.56
ML-Perceptron 78.88 87.10
PseudoLabel+SGD [162] 82.69 89.76
LS+kNN [433] ResNet 73.49 83.98
LS+4+SVM [433, 54] Features | 73.53 83.26
LS+OPF [433, §| 72.66 | 82.32
LS+SL-Perceptron [433] 72.34 82.38
LS+ML-Perceptron [433] 73.03 82.53
GNN-LDS [90] 54.98 | 62.69
GNN-KNN-LDS [90] 79.32 88.94
WSEF [264] 8512 | 91.68
RFE 84.95 91.54
Manifold-GCN 85.88 93.08
kNN 48.71 58.78
SVM [54] 7330 | 85.89
OPF [§] 64.00 | 81.33
SL-Perceptron 71.84 82.28
ML-Perceptron 72.62 86.90
PseudoLabel+SGD [162] 76.87 89.85
LS+kNN [433] SENet | 58.05 | 72.16
LS+SVM (433, 54] Features | 59.84 72.79
LS+OPF [433, §] 59.25 72.20
LS+SL-Perceptron [433] 59.27 72.19
LS+MUL-Perceptron [433] 59.39 72.24
GNN-LDS [90] 52.24 65.80
GNN-KNN-LDS [90] 73.69 89.95
WSEF [264] 76.16 | 89.74
RFE 77.56 92.20
Manifold-GCN 78.82 92.79
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The CCL was also proposed and evaluated for classification but in supervised
scenarios. Since it is the only method proposed in this category and it uses different
datasets in the protocol, a direct comparison of it with other proposed methods is not
feasible. Therefore, a discussion about its gains is presented. The experimental evaluation
in Chapter 10 showed that the results are consistently better than those of SupCon, which
CCL is based on, and SimCLR, another method commonly used as a baseline in this
task. Figure 11.2 presents a plot that evinces the capacity of CCL to provide gains when
compared to SupCon for three datasets and with higher values as the training set size
decreases. The integration of contextual information within the contrastive loss significantly

improved the results, as initially hypothesized, with gains up to 10.759%.

CCL: Relative gains by dataset and training/testing splits

10.759 B Train = 20%, Test = 80%

B Train = 40%, Test = 60%
10 A Train = 60%, Test = 40%
Train = 80%, Test = 20%

7.042

4.774

Relative Gains (%)

3.532

2.67
1.849 1.917

0.985

Food101 MinilmageNet CIFAR-100

Dataset

Figure 11.2 — Relative gains (%) obtained by CCL in comparison to SupCon for different train/test
splits considering 100 training epochs.
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