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Abstract—This work explores the intersection of Machine
Learning and Information Retrieval for time series analysis,
addressing key challenges in representation, classification, clus-
tering, and retrieval. Four methodologies are proposed, covering
univariate and multivariate time series across supervised, un-
supervised, and semi-supervised scenarios. The approaches inte-
grate contextual similarity learning, image-based representations,
and domain-specific graph modeling, demonstrating competitive
performance across multiple datasets.

I. INTRODUCTION

Time series data play a crucial role across domains such as
medicine, economics, and the sciences, with applications rang-
ing from electrocardiograms (ECGs) [1], electroencephalo-
grams (EEGs) [2], to sales trends [3], sensor readings [4],
weather forecasts [5], cryptocurrency charts [6], and financial
analysis [7].

Given their broad applicability, robust tools for time series
analysis are essential. A wide range of computational methods,
supervised, unsupervised, and semi-supervised learning, are
employed depending on data availability and the specific
objectives. Classification and clustering aim to group similar
sequences, while forecasting predicts future values. These
techniques have shown effectiveness in contexts such as early
cancer detection [8], mobility pattern analysis [9], poultry
welfare monitoring [10], and forecasting of stock market [7]
and ECG trends [1].

The performance of machine learning in time series tasks
depends on the feature extraction process, which defines
data representation and influences similarity computations.
Extracted features may capture aspects such as shape, temporal
dependencies, and may employ strategies like bag-of-words or
kernel-based models. In Information Retrieval (IR), both rep-
resentation and similarity measures are fundamental, influenc-
ing the relevance ranking of retrieved results, and impacting
data management, indexing, and retrieval. The success of IR
tasks depends on how similarity is encoded and measured.
Traditional metrics such as Euclidean distance perform only
pairwise comparisons and overlook neighboring interactions,
potentially limiting retrieval effectiveness [11].

Information Retrieval for time series has a wide range of
applications, including identifying plant species from satellite
imagery [12], tracking volcanic plume dispersion for aviation
safety [13], and classifying eye states using EEG segments [2].
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Designing IR methods that deliver high-quality results remains
a complex challenge. A promising strategy is the use of un-
supervised distance learning after retrieval. These algorithms
consider global neighborhood structures to compute more re-
fined distance measures, which improve ranking performance
by incorporating contextual relationships [11].

Machine Learning and Information Retrieval are key tools in
time series analysis, particularly when integrated. This work
aims to investigate the applicability of combined strategies
in diverse time series contexts and to evaluate how different
representations and contextual similarity measures influence
analytical performance.

The main contributions of this work are summarized below:

« Investigation of univariate time series feature extraction
for retrieval tasks, considering different re-ranking ap-
proaches [14];

e Study on impact of approaching separately each dimen-
sion of a multivariate time series, and how contextual
rank aggregation of dimensions impact in retrieval and
classification tasks [15];

e Proposal of a generic and interpretable framework based
on time segmentation criteria, clustering and evaluation
with domain-specific variables [16];

o Semi-supervised classification of univariate time series
considering image representations and label propaga-
tion [17].

Further sections will discuss in details each research question
and its respective answers and contributions.

II. RELATED WORK

We conducted an extensive literature review on machine
learning and information retrieval techniques for univariate
and multivariate time series, including image-based represen-
tations. The complete review is available in Chapter 3 of
the dissertation. Due to space constraints, we summarize key
literature gaps below:

o Limited focus on information retrieval: Most time
series research emphasizes forecasting and classifica-
tion [1], [S]-[8], [10], [18], [19], while content-based
retrieval remains less explored [2], [4], [12], [13]. Our
work addresses this with two content-based retrieval
applications;

« Limitations in deep learning adaptability: Deep learn-
ing has become central in time series analysis [4], [18],



[19], but many models are designed for specific tasks and
require retraining or reconfiguration for each new dataset,
which limits their reusability and increases computational
cost. In this work, deep models are used solely for
extracting features from image-based time series repre-
sentations, while more traditional methods are employed
for clustering, retrieval, and classification;

o Limited transferable representations for feature ex-
traction: Traditional deep feature extractors are often
coupled to the task, such as classification, retrieval or
forecasting [2], [4], [6], [18], and training dataset, often
requiring retraining and code-level adjustments to adapt
to a new dataset or task. We address this by evaluating
both traditional and image-based extractors based on
transfer learning, comparing their performance across
multiple tasks and data domains.

III. MAIN CONTRIBUTIONS AND ORGANIZATION

This work explores the hypothesis that machine learning and
information retrieval techniques can effectively support time
series analysis, especially with scarcity or absence of labeled
data. We employed unsupervised, supervised, and semi-
supervised learning approaches for time series clustering,
similarity search, and classification, while also evaluating
the role of different feature extractors in these tasks.

Following, we discuss the research challenges and respec-
tive goals and contributions of this work:

o How can we extract meaningful features for a required
task? Which features are more suitable for a machine
learning or information retrieval task?

e There are diverse methods to represent time series as
images. How the information contained in the images can
be explored?

— We compare diverse extractors, including traditional
and image-based approaches, to identify which
representations are most effective across learning
tasks. Multiple image encoding techniques were
evaluated across all scenarios (classification, re-
trieval, and clustering), extracting features using deep
neural networks, pre-trained on huge datasets, such
as ImageNet [20]. The effectiveness of transfer learn-
ing in this context is observed.

o How do we find distance measurements that effectively
translate the relationship between the dataset elements?

« How can we explore more global relationships between
time series to perform information retrieval?

— Pairwise distance measurements often ignore con-
textual information available in the dataset. Four
unsupervised distance learning methods were applied
in univariate time series datasets, computing more
global distance measurements between elements
in a dataset, by incorporating neighborhood rela-
tionships, improving retrieval tasks.

« How to effectively explore information encoded in the
dimensions of a multivariate time series?

— To fully explore information present in the dimen-
sions of multivariate time series, we process each
dimension individually and use rank aggregation
methods to obtain a final result for multivariate time
series retrieval.

— The resulting similarity measure defined by the
rank aggregation step is considered for performing
a kNN classification in a multivariate time series
dataset.

« How do we properly interpret the clustering results in

unlabeled time series datasets?

— We introduce a novel clustering-based framework
based on time segmentation criteria, encoding
information as multivariate time series, and incor-
porating domain-specific variables to evaluate and
enhance the interpretability. This framework was
validated in ball possession analysis in football
matches.

o How to properly explore supervised and unsupervised

information in time series data?

— We employ the label propagation algorithm for time
series semi-supervised classification, exploring in-
formation available in both labeled information and
structural unlabeled information present in time se-
ries datasets.

The next four Sections describe the proposed methodologies
for time series analysis, Section VIII addresses the conclusions
and future works, and Section IX presents the publications
and partnerships. Due to space constraints, details on feature
extractors, unsupervised distance learning and datasets can be
found on Chapter 2 of the main work, as well as the complete
description of results.

IV. RE-RANKING AND REPRESENTATIONS FOR TIME
SERIES RETRIEVAL: A COMPARATIVE STUDY

This study presents a comparative study of time series
representations and re-ranking methods for information
retrieval, inspired by content-based image retrieval (CBIR)
systems [21]. Currently under major revision for IEEE Ac-
cess [14], this work evaluates ten feature extraction tech-
niques—ranging from 1D signal-based descriptors to image-
based approaches such as GAF, MTF, and RP with ResNet
and ViT—and four unsupervised distance learning methods
across six diverse datasets. Figure 1 illustrates the proposed
pipeline, and Table I summarizes the methods, datasets, and
best mAP results. Experimental results show that contextual
re-ranking significantly enhances retrieval performance, with
improvements in mean average precision (mAP) of up to
31.78%.

Our findings indicate that the proper combination of
feature representation and contextual re-ranking is cru-
cial to effective time series retrieval. While no single
configuration outperforms all others, DWT-Detail and image-
based representations, particularly GAF and RP with ResNet,
consistently produce strong results. These results suggest that
their selection is application-dependent.



TABLE I
THE FIRST COLUMN LISTS 1D AND IMAGE-BASED TIME SERIES FEATURE EXTRACTORS. THE SECOND SHOWS UNSUPERVISED DISTANCE LEARNING
METHODS USED FOR RE-RANKING. THE THIRD PRESENTS THE DATASETS, AND THE LAST SHOWS THE BEST MAP ACHIEVED FOR EACH.

Feature Re-Ranking Datasets Best mAP per Dataset
Beam Angle Statistics (BAS)
Discrete Fourier Transform (DFT)
Discrete Wavelet Transform (DWT) Log-based Hypergraph of Ranking References (LHRR) Beef 50.99% (DWT-Detail + RFE)
Random Convolutional Kernel Transform (ROCKET) CBF 95.43% (ROCKET + RDPAC)
Gramian Angular Fields (GAF) with CNN ResNet-152 Breadth-First Search Tree of Ranking References (BFSTREE) | Electric Devices | 41.96% (GAF + ResNet + RDPAC)
Gramian Angular Fields (GAF) with Vision Transformers (ViT) o . GunPoint 86.28% (RP + ResNet + RDPAC)
Markov Transition Fields (MTF) with CNN ResNet-152 Rank Diffusion Process with Assured Convergence (RDPAC) Rock 82.93% (DWT-Detail + LHRR)
Markov Transition Fields (MTF) with Vision Transformers (ViT) . Yoga 31.86% (BAS + RFE)
Recurrence Plot (RP) with CNN ResNet-152 Rank Flow Embedding (RFE)
Recurrence Plot (RP) with Vision Transformers (ViT)
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Fig. 1. Time series are first represented using different feature extractors. An
initial ranking is generated based on Euclidean distance. Then, unsupervised
distance learning methods are applied to refine the rankings by considering
contextual relationships among the data.

V. A RANKED-BASED FRAMEWORK BASED ON MANIFOLD
LEARNING FOR MULTIVARIATE TIME SERIES RETRIEVAL
AND CLASSIFICATION

This work introduces a novel framework for multivariate
time series retrieval and classification using contextual
rank aggregation, currently under major review for Pattern
Recognition Letters (PRL) [15]. Each dimension of the time
series is processed individually using 1D and image-based
extractors (notably RP with ResNet), and the results are fused
via contextual rank aggregation to generate a unified similarity
representation. By incorporating unsupervised distance learn-
ing as a pre-processing step, the framework effectively sup-
ports information retrieval and kNN classification, demonstrat-
ing versatility, and also fully exploring individual dimensions
to find better similarity representations for multivariate time
series datasets. Competitive performance compared to state-of-
the-art methods is observed in the analyzed scenarios. Figure 2
depicts the pipeline, and Table II summarizes the methods and
datasets.

The experimental evaluation indicates promising results for
retrieval tasks and competitive results for classification,
outperforming, in many scenarios, recent baselines, such
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Fig. 2. Multivariate time series are decomposed into individual dimensions,
each processed by a feature extractor. Contextual rank aggregation combines
the results into a unified distance matrix, used for retrieval and kNN classifi-
cation.

as MF-Net and ROCKET.

VI. FRAMEWORK FOR DATA ANALYSIS BY TEMPORAL
GRAPH ENCODING

In this work, we propose a methodology for domain-
specific temporal data analysis using graph-based rep-
resentations and clustering. This work is under review
for Multimedia Tools and Applications (MTAP) [16]. The
method models temporal data as graphs and extracts graph
metrics, generating a multivariate time series. This series
is split through a time segmentation criteria, and visual
representations through Graph Visual Rhythms are obtained.
Deep learning methods for feature extraction are applied,
followed by dimensionality reduction and clustering. The
pipeline (Figure 3) and algorithms (Table III) are detailed in
Chapter 6 of the dissertation. The framework is validated in
the context of football match analysis, using offensive ball
possession sequences extracted from positional data of 10
Brazilian matches, analyzed to identify strategic patterns. The
methodology proves effective for capturing temporal depen-
dencies and provides interpretable insights into tactical play.

In Figure 4, we present a set of statistics derived from
a specific clustering configuration that combines Average



TABLE 11

THE FIRST COLUMN LISTS THE TIME SERIES FEATURE EXTRACTORS, FOLLOWED BY THE CONTEXTUAL RANK AGGREGATION METHODS IN THE SECOND
COLUMN. THE THIRD COLUMN PRESENTS THE EVALUATED DATASETS, WHILE THE FOURTH AND FIFTH SHOW THE BEST MAP FOR RETRIEVAL AND THE

HIGHEST CLASSIFICATION ACCURACY, RESPECTIVELY.

Feature Rank Aggregation Datasets Best mAP per Dataset Best Accuracy per Dataset
ArticularyWordRecognition 97.01% (ROCKET + RDPAC) 99.60% (ROCKET)
AtrialFibrillation 57.39% (BAS + RDPAC) 66.70% (BAS + LHRR + kNN)
BasicMotions 99.09% (ROCKET + RFE) 100% (ROCKET + RFE + kNN,
RP + ResNet + LHRR/RFE + kNN)
BAS LHRR Heartbeat 63.68% (ROCKET + RDPAC) 75.12% (ROCKET + RFE + kNN)
ROCKET RDPAC MotorImagery 51.89% (BAS + LHRR) 61.00% (ROCKET + RFE + kNN)
RP with CNN ResNet-152 RFE NATOPS 74.11% (ROCKET + RDPAC + kNN) 92.70% (MF-Net)
PenDigits 48.94% (ROCKET + RDPAC ) 99.60% (ROCKET)
StandWalkJump 55.95% (BAS + RDPAC) 53.33% (RP + ResNet + LHRR + kNN)

TABLE III

THE FIRST COLUMN LISTS THE GRAPH MEASUREMENTS, FOLLOWED BY THE FEATURE EXTRACTORS EMPLOYED IN THE GVR FIGURES. THE THIRD
COLUMN PRESENTS THE DIMENSIONALITY REDUCTION TECHNIQUES, AND THE FOURTH DETAILS THE CLUSTERING METHODS APPLIED.

Feature Extractor

Graph Measurement

Di ionality Reduction

Clustering

Average Path Lenght
Betweeness Centrality

CNN ResNet-152

Vision Transformers

Uniform Manifold Approximation and Projection

Density-Based Spatial Clustering of Applications with Noise

Eccentricity VGG-19 Principal Component Analysis Affinity Propagation
Local Efficiency EfficientNet V2 t-distributed Stochastic Neighbor Embedding Hierarchical Density-Based Spatial Clustering of Applications with Noise
Vulnerability DINO V2
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Fig. 3. Generic pipeline for data characterization based graph visual rhythm
representations and transfer learning procedures. Domain-specific temporal
graphs are represented via graph measurements, generating a multivariate time
series. Based on a time segmentation criterion, each time series segment is
used to generate a Graph Visual Rhythm image, followed by feature extraction,
dimensionality reduction, and clustering.

Path Length, ResNet-152, UMAP, and Affinity Propagation.
This configuration resulted in a notable separation of ball
possession sequences, allowing the identification of clusters
characterized by distinct tactical behaviors, and further en-
abling a more refined and objective performance analysis.
The clusters highlighted in red and yellow are associated with
ball possessions that exhibit a lower number of passes, shorter
duration, reduced distance covered by the ball, and fewer oc-
currences of reaching the final third of the field. These charac-
teristics suggest counterattacking situations or brief, ineffective
plays. On the other hand, the cluster represented in purple
displays possessions with noticeably different characteristics,

positioning on the field, promoting increased variability and
unpredictability during offensive actions. Such variability is
also reflected in elevated values of Sample Entropy. Addition-
ally, this cluster demonstrates a higher percentage of entries
into the final third, reinforcing the interpretation of these
sequences as more elaborate plays, characterized by greater
variability of tactical behavior.

VII. SEMI-SUPERVISED TIME SERIES CLASSIFICATION
THROUGH IMAGE REPRESENTATIONS

We explored a semi-supervised learning approach for
time series classification, addressing challenges posed by
limited labeled data. This work was originally presented at
the International Conference on Computational Science and
Its Applications — ICCSA 2023 [17]. The method converts
time series into images, by employing GAF, MTF and RP
as imaging methods, and extracts features using pre-trained
neural networks (ViT and CNN ResNet 152). A kNN-based
transductive model with label propagation is applied, achieving
competitive results compared to fully supervised baselines
across multiple datasets. Figure 5 illustrates the pipeline.

The methodology was evaluated on the CBF, Electric De-
vices, ECG5000, and Yoga datasets. Figures 6 and 7 show-
case representative examples of promising and challenging
outcomes.

The complete results, presented in [17], indicate that image-
based representations are effective for time series classifi-
cation, particularly outperforming raw-data approaches for the
Electric Devices dataset. GAF and RP consistently delivered
stronger results than MTF, while the choice of imaging method
had more impact than the neural architecture itself. Employing
raw data instead of imaging for datasets CBF, ECG5000,
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Fig. 4. Statistics for cluster configuration.

and Yoga proved to be the most effective approach in these
scenarios.

VIII. CONCLUSIONS

This chapter presents the final considerations of the work,
that explored four strategies for time series analysis — two
focused on univariate and two on multivariate data. Rather than
proposing a single model, the study investigated how different
feature extraction impact performance across various tasks.
It examined supervised, semi-supervised, and unsupervised
scenarios for classification, retrieval, and clustering, including
two methods based on contextual similarity.

Key contributions include:

o Univariate Time Series Retrieval (Section IV): Com-
parative study of feature extractors and re-ranking meth-

ods, achieving strong mAP, precision, and recall re-
sults [14];

Multivariate Time Series Retrieval and Classification
(Section V): Use rank aggregation to build distance
matrices, leading to positive classification and retrieval
results [15];

Unsupervised Framework for Multivariate Analysis
(Section VI): Clustering-based approach employing time
segmentation, validated in football match analysis, reveal-
ing interpretable patterns [16];

Semi-Supervised Classification (Section VII): Evalu-
ation of imaging-based time series representations with
label propagation, comparing with SOTA classification
methods and providing valuable insights [17].

This research addressed fundamental questions related to
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feature extraction, the use of image representations, the ef-
fectiveness of distance measures, and the interpretability of
clustering results. While not aiming to deliver a universal
solution, the work provides insights into key questions in
time series learning. For example, it shows that representation
choices (e.g., imaging techniques like GAF, RP, MTF) often
affect results more than the choice of model. It also high-
lights that distance metrics and similarity measures are highly
dataset and representation dependent, suggesting that no single
best distance can be chosen without considering the domain.
Overall, the study reinforces that representation is a critical
design choice in time series tasks, that imaging approaches
open promising directions for hybrid techniques combining
traditional metrics and deep learning models, and that contex-
tual similarity measures enhance retrieval performance.

A. Future Works

Future directions include: Univariate Time Series Re-
trieval: Perform parametric analysis and optimize the com-
bination of descriptors and re-ranking methods; Multivariate
Time Series Retrieval and Classification: Study the influence
of parameter K, test new classifiers such as weighted kNN,
and extend to other multichannel data; Clustering with Tem-
poral Graphs: Apply the proposed pipeline to other domains,
employ it to football match analysis, and use projection-based
search systems for video retrieval; Semi-Supervised Classifi-
cation: Investigate distance/similarity functions for label prop-
agation and its properties; General Enhancements: Improve
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Fig. 7. Results for the Yoga dataset as a function of r;, where 0.025 < r; <
0.2. Supervised baselines were obtained with initially 300 labeled points,
corresponding to r; ~ 0.09.

algorithm efficiency and explore texture-based features in time
series image representations.

IX. PUBLICATIONS AND INTERNATIONAL FELLOWSHIP

Chapters 4 to 7 of this dissertation led to four articles,
one published in an international conference [17] and three
submitted to high-impact journals in computer science:

1) B. Reozin, E. Bergamim, D. C. G. Pedronette, and F. A. Breve,
“Semi-supervised time series classification through image rep-
resentations,” in International Conference on Computational
Science and Its Applications — ICCSA 2023, pp. 48-65 [17]
(Qualis A3).

Status: Published. Cited by one.

2) B. Rozin, D. C. G. Pedronette, and R. S. Torres, “Re-Ranking
and Representations for Time Series Retrieval: A Comparative
Study” [14].

Status: In Major Revision for IEEE Access (Qualis A1)

3) B. Rozin, and D. C. G. Pedronette, “A Ranked-Based Frame-
work based on Manifold Learning for Multivariate Time Series
Retrieval and Classification” [15].

Status: In Minor Revision for Pattern Recognition Letters
(Qualis A2)

4) B. Rozin, R. S. Torres, F. A. Moura, and D. C. G. Pedronette,
“Ball Possession Analysis based on Temporal Network Prop-
erties” [16].

Status: Submitted to Journal Multimedia Tools and Applica-
tions (Qualis A2)
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