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ABSTRACT Properly understanding the trends and patterns of multiple variables over time is important for
decision-making in several applications, ranging from ecological monitoring based on vegetation index time
series to health condition assessment based on physiological indicator temporal profiles. In this context,
effective time series retrieval systems, which involve time series pattern representations and similarity
ranking, are vital. This paper presents a comparative study that includes different techniques for time
series representations and ranking. Special attention is given to the comparison of the retrieval effectiveness
performance of re-ranking methods based on unsupervised distance learning for time series. Conducted
experiments included the comparison of 10 distinct representations and four different re-ranking approaches
on six diverse time series datasets. Experimental results demonstrate that the proper combination of
representation and re-ranking methods can often enhance the overall quality of ranking results, leading to
gains on mAP up to 31.78%. Also, the proposed approach is flexible, allowing the use of other feature
extractors, distance measures, and re-ranking methods The results suggest that the choice of time series
representation and re-ranking method depends on the specific application context.

INDEX TERMS Time series retrieval, time series representation, re-ranking, unsupervised distance learning,
comparative study.

I. INTRODUCTION

The widespread use of sensing technologies, as well as
the reduction in costs related to data storage, led to the
creation of huge collections of time series. Identifying
trends and patterns associated with specific variables over
time is critical for proper decision-making. Promising
applications of time series analysis tools include finances [1],
machinery maintenance [2], weather monitoring [3], outlier
detection [4], phenology studies [5], dispersion of volcanic
plume height [6], EEG signal analysis [7], estimation of sales
of products and services during a time period [8], among
others.

The associate editor coordinating the review of this manuscript and

approving it for publication was Donato Impedovo

The creation of efficient and effective time series search
systems is of paramount importance. In particular, similarity
search systems, in which collection time series are ranked
according to their similarity to a given query (e.g., input time
series), have been explored to provide users with means to
identify time series of interest [5], [6], [7], [9], [10], [11], [12],
[13], [14], [15], [16], [17].

The assessment of the similarity of two time series
often relies on the extraction of representations, commonly
known as feature vectors, which are expected to encode
relevant patterns of time series [18]. In this time series
retrieval formulation, the similarity calculation is seen as
a function of the proximity of those vectors in the feature
space. The closer the two vectors are, the more similar the
time series are expected to be. Different approaches have
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been proposed to extract meaningful representations from
time series [19], [20], [21], [22], [23]. Information, such
as shape [24], temporal correlation [19], and time series
trajectory [25], has also been considered to obtain time
series representations. The most recent retrieval approaches
for time series employ deep learning models [7], [9],
[10], [16], [17], which have led to great improvements
in results. However, they face challenges related to the
requirement for large labeled datasets to train deep networks
and the associated computational costs. In this direction,
time series retrieval strategies that are effective, fast, and
computationally inexpensive are still highly necessary in
practice. In this context, therefore, the identification of
suitable time series representations for retrieval tasks is still
an open problem in the literature.

The effectiveness of time series retrieval tasks is influenced
not only by the representation but also by the distance
(or similarity) functions employed to assess how close two
feature vectors are. The use of reliable and effective distance
measurements between the data objects is of fundamental
importance. Generally, the distance measures used, such as
the Euclidean distance or the Dynamic Time Warping [26],
consider only pairwise relationships [12]. The Euclidean
Distance is often employed in scenarios of normalized time
series comparison, avoiding effects of scale, offset, and
distortion [27]. DTW, on the other hand, is an elastic distance
measurement, often employed for time series alignment,
being useful in applications of student performance predic-
tion based on behavior data, for example [28].

However, some limitations are observed. In [29],
we observe inferior performance of DTW in clustering
tasks in comparison to the Euclidean Distance, regarding
normalization, where the choice of the latter method
affects the Euclidean Distance performance. Also, pair-
wise relationships often despise the existing contextual
information in the whole dataset. In this context, rank-
based unsupervised distance learning algorithms are a
powerful tool, capable of analyzing the entire dataset
structure and considering neighbor relationships to compute
more effective distance measures. Unsupervised and semi-
supervised methods are promising as they do not require
large volumes of labeled data, which can be expensive and
time-consuming to obtain [30]. Different approaches have
recently been proposed in the literature. One research line
refers to the use of graphs and hypergraphs, which are
utilized to analyze connections between different points and
discover new relationships in a dataset [31], [32]. These
methods were extensively evaluated on image datasets,
achieving competitive results compared to other ranking
algorithms. Valem et al. [33], [34], in turn, considered re-
ranking formulations based on hypergraph approaches.
Their methodology for person re-ID achieved competitive
results when compared with state-of-the-art re-identification
methods. In [35], Sarfraz et al. proposed a re-id method based
on an embedding scheme. Their method also integrated a re-
ranking method based on expanded cross neighborhoods.
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The investigation of the use of diffusion processes also rep-
resents a relevant research direction. In [36], a diffusion pro-
cess is performed for similarity fusion in retrieval tasks. The
target application was 3D shape retrieval. Iscen et al. [37]
introduced a method based on metric learning, considering
Euclidean distances and manifold learning distances. The
results achieved were on par with or outperformed the prior
fully or partially supervised models. Manifold learning algo-
rithms can be used along with other machine learning tasks to
improve results. Chen et al. [9], for example, proposed a deep
multi-task representation learning method (MTRL) for time
series classification and retrieval tasks, leveraging supervised
and unsupervised information. Supervised information for
classification tasks aims to reduce intra-class differences and
increase inter-class differences. Unsupervised information
for retrieval tasks aims to preserve Dynamic Time Warping
(DTW) distances between pairs. These tasks share networks,
so the information obtained from one task can benefit the
other. Almeida et al. [38] investigated the use of a re-ranking
method in the context of time series retrieval. In their study,
time series were obtained from images captured by cameras
positioned in towers within vegetation areas. Retrieval of
time series is conducted using a re-ranking approach,
which is exploited to support the analysis of vegetation
phenological changes. Their study has not considered time
series representations nor multiple re-ranking methods. The
work in [23] employs eight methods for time series retrieval,
including traditional approaches, neural networks, and a
Residual Network 2D with Template Learning, proposed
by the authors, outperforming the other reported methods.
Representation and contextual information are not explored
in this work. To the best of our knowledge, the investigation of
the potential of the time series representation in conjunction
with re-ranking methods based on unsupervised learning for
time series retrieval tasks is a problem overlooked in the
literature.

This paper presents a comparative study that includes dif-
ferent methods for effective time series retrieval. We compare
diverse feature extractors for time series representation and
assess their ability to encode relevant time series patterns.
An initial ranking step is performed utilizing the Euclidean
distance, and a re-ranking step is performed utilizing diverse
unsupervised algorithms, to explore the whole data structure
and obtain more effective distance measures. Also, the
proposed pipeline is flexible, allowing the use of differ-
ent representations, distance measurements, and re-ranking
approaches. The main objective of our comparative study is to
explore the ability of unsupervised distance learning methods
to improve time series retrieval results, considering different
datasets and representation methods. In summary, our main
contributions are:

o Comparative study involving ten different time series

representation methods in time series retrieval tasks;

o Comparative study involving four different re-ranking

methods based on unsupervised distance learning algo-
rithms in time series retrieval tasks;
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o Application of a flexible pipeline for time series
retrieval, based on content-based image retrieval [39],
using representation approaches and unsupervised con-
textual similarity measurements;

o Comparative study of different retrieval systems created
based on the combination of different time series
representations and unsupervised distance learning
approaches. To the best of our knowledge, this work
is the first initiative to consider such a scenario.
Although related work [38] has previously employed an
unsupervised distance learning method, representation
approaches were not jointly exploited.

The rest of the paper is organized as follows: Section II
presents a formal definition of the problem, Section III
details the time series description and re-ranking methods
included in the comparative study. Section IV presents the
experimental evaluation and Section V presents the results,
while Section VI presents our conclusions and points out
directions for future work.

Il. TIME SERIES RETRIEVAL MIODEL

This section presents the time series retrieval model
employed in this paper. The model incorporates both time
series representation and re-ranking methods based on
unsupervised distance learning.

We follow the retrieval models proposed for image
search [39] and re-ranking [40], [41]. Let C =
{T1, T, ..., T,} be a collection composed of n time series.
Let D be a time series descriptor, which can be defined by the
tuple (e, p), where € : T; —> R is a function that extracts a
feature vector vr, from a time series 7;, and p : RYIxRY —>
R(')" is a function that computes the distance between two time
series 7; and T; based on their corresponding feature vectors,
formally defined as p(e(T}), €(T})) or simply p(i, j).

The distance p(i, j) for each pair (i, j) can be computed to
form a square matrix A of dimension nxn, where A;; = p(i, j).
Based on the distance p, a ranked list 7, is computed for each
time series T, present in the collection. The ranked list 7, =<
Ty, Ty, ..., T, > is a permutation of the collection C, where
7,4(i) is the rank of the time series T; in 7 . The rank is defined
according to the distance measure, such that if 7,(1) < 74()),
then p(q, i) < p(q,j). The set of ranked lists for each time
series in C is defined as R = {t1, 12, ..., Tu}-

The re-ranking task can be seen as recalculating the
distance p using a more effective distance function p,.. The
function p,(i, j, R) aims to explore the contextual informa-
tion present in the set R, analyzing the relationships existing
in a k-neighborhood of the ranked lists and improving the
effectiveness of distances between time series. Formally, o, :
CxCxR — Rt is adistance function between time series
T; and T; that takes into account the contextual similarity
information contained in the set R.

lIl. COMPARATIVE STUDY
This paper presents and discusses a comparative study that
assesses different time series representations and re-ranking
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algorithms. Section III-A discusses a general perspective
of the study, while Sections III-B and III-C present the
representation and re-ranking approaches considered.

Distance
Measurement

: - "o LHRR ‘
. Unsupervised
© ranking Disance  * ROPAC @ Re-ranking
Learning * RFE
* BFS-Tree

FIGURE 1. Pipeline employed in the comparative study.

TABLE 1. Summary of the utilized descriptors.

Descriptor Type

Beam Angle Statistics (BAS) Shape
Discrete Fourier Transform (DFT) Frequency
Discrete Wavelet Transform (DWT) Frequency
Random Convolutional Kernel Transform (ROCKET)  Convolution
MOMENT Transformers

Gramian Angular Field (GAF) + ResNet-152
Markov Transition Field (MTF) + ResNet-152
Recurrence Plot (RP) + ResNet-152

Gramian Angular Field (GAF) + ViT

Markov Transition Field (MTF) + ViT
Recurrence Plot (RP) + ViT

Image-based
Image-based
Image-based
Image-based
Image-based
Image-based

A. OVERVIEW

Fig. 1 presents a schematic view of the procedures con-
ducted in the comparative study. First, time series are
represented through different feature extraction strategies,
including methods that handle time series as a 1D signal
and those that convert time series into 2D representations
that are then combined with deep-learning-based feature
extractors (Section III-B). For different queries, the collection
time series are ranked according to the distance of their
representations to the queries. This ranking procedure is
based on the Euclidean distance. Later, re-ranking methods
(Section III-C), based on unsupervised distance learning
algorithms, are employed. The goal is not only to derive
the most promising representations and re-ranking methods
for different time series retrieval scenarios and identify
the combinations that would lead to effective results, but
also to employ a flexible pipeline for time series, where
other representation methods, distance measurements, and
unsupervised distance learning approaches can be applied,
and ranking results would also be satisfactory.
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B. TIME SERIES REPRESENTATIONS

Diverse approaches for time series representation were
considered in our study. Tab. 1 presents a summary of
descriptors employed. The next sections introduce each
approach.

1) 1D-SIGNAL-BASED FEATURE EXTRACTORS

Effective machine learning relies on robust data represen-
tation, particularly for time series. Feature extraction from
time series is pivotal for accurate information retrieval,
encompassing various properties, such as shapes, frequen-
cies, pattern repetitions, and temporal correlations.

a: BEAM ANGLE STATISTIC

The Beam Angle Statistics (BAS) [24], [42] is a shape
descriptor that relies on identifying concavities and convexi-
ties in contours and extracting related features. The method,
including in prior research [38], [43], has demonstrated
promise [38]. By considering a parameter kp, a contour
described by points P = (p1, p2, . . . , pn) undergoes traversal.
Features are generated based on the angle ¢;, formed by
the intersection of line segments x (connecting points (i —
kp, pi—k,) and (i, p;)) and y (connecting points (i, p;) and
(i + kb, Pitiy)), where i = kp, kp +1,k, +2,...,n — kp.
This yields the representation A = (a1, o2, ..., ®y—2x,) for
any contour.

b: DISCRETE FOURIER TRANSFORM (DFT)

The Discrete Fourier Transform (DFT) preserves the point
count while transforming a signal. It dissects time series into
basis functions, where early functions capture trends and later
ones account for noise. Each function possesses a complex
Fourier coefficient. The initial coefficients approximate the
time series [44].

c: DISCRETE WAVELET TRANSFORM (DWT)

The Discrete Wavelet Transform (DWT) breaks time series
into diverse frequencies across scales, reducing dimensions
and/or noise [45]. It yields coarse-grained approximation
and fine-grained detail coefficients through specific wavelet
functions, involving convolution and downsampling.

d: RANDOM CONVOLUTIONAL KERNEL TRANSFORM
(ROCKET)

ROCKET [46] employs kernels for time series feature
extraction. It generates k, convolutional kernels, extracting
maximum values and positive proportion per convolution.
ROCKET excels in efficiency, boasting lower computational
complexity than alternatives, needing just one hyperparame-
ter evaluation, the number of kernels k.

e: MOMENT

MOMENT [47] is a family of pre-trained transformer-based
models for time series analysis. The proposed foundation
model is pre-trained on the Time Series Pile, a repository
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comprising time series from multiple domains and character-
istics. The model first breaks down time series into patches
and learns robust representations through a masked modeling
objective, reconstructing randomly masked patches from the
large, unlabeled dataset. The MOMENT is useful to generate
robust and generalizable features for a wide range of machine
learning tasks.

The descriptors were selected based on many criteria.
DWT and DFT were chosen as representatives of traditional
approaches, i.e., methods already well-established in the
field [48]. DFT is a descriptor robust to noise that reduces
dimensionality while preserving global information. DWT,
on the other hand, details both global (Approximation)
and local (Detail) information, finding patterns and also
being robust to noise. ROCKET is a recent algorithm that
can be used for time series classification and also feature
extraction, and, to the best of our knowledge, has not been
applied in information retrieval tasks. ROCKET employs
diverse random convolution filters over time series, exploring
diverse characteristics with efficiency, scalability, and strong
generalization of features. The use of the BAS algorithm
is based on [38]. BAS is a representative of the family
of methods that rely on shape-based characterization. This
representation allows focusing on angles, making the features
invariant to eventual amplitude or offsets of different time
series. MOMENT was chosen as a new transformer-based
methodology for time series analysis, where transfer learning
concepts are employed, generating robust features while
taking into account both local and global structures of the
time series with strong generalization.

2) IMAGE-BASED TIME SERIES DESCRIPTION

The representation of time series through images, which
are subsequently exploited for feature extraction, is a
promising approach [19], [25], as demonstrated in several
applications, ranging from phenology [49] to land cover
analysis studies [50], [51], [52]. In those methods, time
series patterns are encoded in bi-dimensional representations
and pre-trained models (e.g., based on transfer learning
procedures relying on Convolutional Neural Networks and
Transformers-based models) are used for feature extraction.
This approach is capable of exploring diverse color, shape,
and texture patterns represented by time series imaging
methods, achieving promising outcomes in other machine
learning approaches, and holding promise for retrieval tasks.
In the following, we discuss the approaches used for
obtaining the bi-dimensional representations and the deep
learning approaches employed for feature extraction.

a: GRAMIAN ANGULAR FIELDS (GAF)

This method generates an image based on polar coordinates
of atime series T = [t1, 12, . . ., ty]. It transforms normalized
series 7' into T using polar coordinates in [—1, 1]. Using T,
a Gramian Angular Field Matrix [19] (N x N) forms, depicted
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in Equation 1:

GAF =T'T —\J1 — TZ/,/I -T2 (1)

Here, I is a unit line vector. Each point GAF;; in the
Gramian Angular Field Matrix calculates the trigonometric
sum of angles between corresponding points in 7', represent-
ing the temporal correlation between different time intervals
in the series.

b: MARKOV TRANSITION FIELDS (MTF)

This method creates time series images based on Markov
transition probabilities. Given a time series T — =
[t1, 2, ..., ty], it is identified Q quantile bins and assigned
each 7; to the corresponding bin g; (j € [1, Q]), that divide
the sorted series into equal subsets. A QO x Q weighted
adjacency matrix W is constructed by counting transitions
among quantile bins, employing a first-order Markov chain
methodology along the temporal axis. w;; represents the
frequency at which a point in quantile g; is followed by a point
in quantile g;. After normalization by > jWij = 1, we have
the Markov Transition Matrix, defined as in Equation 2:

W1q|P(tx€q1 |tx71€QQ)
wagl|P(treqalti—1€qp)

wit|P(tx€qi|ti—1€q1)
wai |P(t€q2|tx—1€q1)
wo1|P(tx€qoltc—1€41) .- woolP(ixeqglix—1€90)

@)

W is insensitive to the distribution of the time series T
and temporal dependency on time steps x;. This results in
information loss. Next, a Markov Transition Field [19] of
dimensions N x N is built per Equation 3:

. wijlti€qi, theg;
. Wij|t2€q5a 1€q; 3)

wijltieqi, fieq;
MTF — wijlt€qi, 11 €q;

Wijltn€qi, 1€qj ... Wijltn€qi, theqj

Here, MTF;; is the probability of transitioning from
quantile bin ¢; to g;. Specifically, MTF; jj;—j—r denotes
the probability of transitioning between points with a time
interval of k.

¢: RECURRENCE PLOTS (RP)

A Recurrence Plot (RP) is a binary depiction of a time series,
revealing temporal correlations. Given a time series T =
[#1, 12, ..., ty], state vectors 7(i) = [f;, tivds - tit(m—1)d]
are calculated using Time Delay Embeddings, for i €
1,2,...,N — (m — 1)d, where d is temporal delay and m is
trajectory dimension. The set {7(i)} represents the system’s
trajectory in the reconstructed phase space, denoting the
evolution of the system’s states during time. RP;; becomes
1 if Euclidean distance between 7(i) and ?(j) is < €. For
K = N — (m — 1)d, the Recurrence Plot matrix [25], K x K,
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is computed according to Equation 4:
1, if |[fG) — ()| < €
R,‘j =
0, else,
Vi,jel,2,...,K 4)

d: DEEP LEARNING METHODS AS IMAGE FEATURE
EXTRACTORS

Images hold diverse information like patterns, colors, tex-
tures, and shapes, including the ones generated by GAF, MTF,
and RP methods. Leveraging pre-trained neural networks
via transfer learning has exhibited substantial potential in
diverse domains due to robust generalization and feature
learning [53]. In this work, we utilized the CNN ResNet-152
and a large Vision Transformer (ViT) networks, both trained
on ImageNet [54] via transfer learning, for feature extraction
of GAF, MTF, and RP generated images.

ResNet [55] is a Convolutional Neural Network series
designed for image recognition. ResNet-152, with up to
152 layers, overcomes gradient vanishing by using skip
connections. These connections enhance gradient flow during
backpropagation, enabling effective training of deep net-
works. The output for feature extraction is from the last fully
connected layer.

Vision Transformers (ViT) [56] excel in object detection
and image classification tasks. They employ self-attention
to focus on key input parts concurrently. The input image
transforms into patches, processed by an encoder generating
hidden states. A decoder produces output tokens, with layers
of self-attention and feedforward networks. Masked self-
attention in the decoder attends to prior tokens. For feature
extraction, we utilized the CLS token [57].

C. RE-RANKING METHODS BASED ON UNSUPERVISED
DISTANCE LEARNING

The feature vectors associated with dataset samples can vary
in spatial distribution within the feature space, potentially
leading to severe impacts on machine learning tasks. On the
other hand, unsupervised distance learning algorithms can
improve retrieval and machine learning effectiveness [31],
[34] by enhancing sample representations based on their
rearrangement in the feature or distance space. These algo-
rithms use a function f on ranked lists R = {ty, 12, ..., Tu},
calculated based on pairwise distances, to redefine dis-
tance/similarity measures and generate more global measure-
ments, taking into account the dataset manifold. Based on the
new distances, more effective ranked lists R, are obtained.
We employ four recent unsupervised methods, selected
based on previous positive outcomes in image retrieval and
classification tasks [34], [58], [59], [60]. Table 2 lists the
re-ranking methods included in the comparative study, with
their underlying principles and asymptotic complexity. Their
descriptions are provided next.
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TABLE 2. Summary of the utilized re-ranking methods, with the main data structures utilized in the algorithms.

Re-Ranking Methods Acronym  Principle Asymptotical Complexity
Log-based Hypergraph of Ranking References LHRR Hypergraphs  O(n)
Rank Diffusion Process with Assured Convergence ~ RDPAC Diffusion O(n)
Breadth-First Search Tree of Ranking References BFS Graphs O(n)
Rank Flow Embedding RFE Embeddings  O(n)

1) LOG-BASED HYPERGRAPH OF RANKING REFERENCES
(LHRR)
Hypergraphs generalize graphs with hyperedges, which
connect multiple vertices and are capable of representing
higher-order similarity relationships. The LHRR method uses
a hypergraph model from ranking data, where hyperedges
provide contextual dataset representation, enhancing similar-
ity measurement efficiency through the product of hyperedge
similarities [31]. The method is composed of five main steps:
1) A reciprocal rank normalization is performed, improv-
ing the symmetry of the k-neighborhood relationships
with the similarity function p,(i, j) = 2L—(7;(j)+1;(0));
2) An hypergraph G = (V, E, w) is constructed, where
V is the set of vertices, E is the hyperedges set and w,
the weights. Let ¢; be and hyperedge defined for each
object 0;, and v; a vertex. The association between both
is given by Equation 5, where w),(i, x) = 1 — logi ti(x)
is a weight function of relevance to o, based on its
position in 7;. The weight of an hyperedge is given by
w(e:) = 2 e Niyi.k) 1, J), where N is the hypergraph
neighborhood set;

r(e;, vj) = Z

oxeN(i,k)rojeN (x,k)

wp(i, x) X wp(x,7) ()

3) Obtaining pairwise similarity information is necessary
for ranking tasks. A pairwise similarity matrix S is
computed as follows: The similarity per common
hyperedges is obtained by S, = HHT, where H is
the incidence matrix. The similarity per vertices in

common hyperedges is obtained with S, = H'H.
Finally, S is given by the Hadamard product: § =
SpoSy;

4) The Cartesian product of hyperedge elements is per-
formed to maximize similarity information. A pairwise
similarity function is given by p(e4, vi, vj) = w(ey) X
h(eg,vi) x h(eq,vj). Let eé be a cartesian product
of elements belonging to the same hyperedge e, the
similarity measurement based on the cartesian product
is defined by the matrix C, where:

ci.p=

equA(vi,Vj)eeg

pWvi, vj) (6)

5) Hypergraph and cartesian product informations are
combined in W = C o S, from where a new set of
ranked lists is obtained. This process can be iteratively
repeated.
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Considering the described operations are performed in
top-L ranked lists and sparse matrices, the overall time
complexity of LHRR is O(n).

2) RANK DIFFUSION PROCESS WITH ASSURED
CONVERGENCE (RDPAC)

RDPAC [58] is an unsupervised distance learning algorithm
with low computational complexity that approximates a
diffusion process by exploring ranking information and
assuring convergence. The method comprises four main
steps:

1) Distance calculation based on ranking, where weights
are attributed to positions, based on Ranked-Biased
Overlap (RBO) [61]. Let s be the size of the ranked
list and W, the computed affinity matrix. Each position
is calculated based on Wy = pff(f), if 7;(j) < s,
otherwise 0. Given k the number of nearest neighbors,
n the dataset size, k < L <« nand s = L, during rank
diffusion, we assume s = k, and during normalization,
we have s = L, obtaining sparse matrices Wy, and Wy;

2) A pre-diffusion rank normalization is performed, fixing
the typical asymmetry of ranked lists (wg; # wy;,).
A symmetric version of the affinity matrix is given by
W, = W, + Wz Ranking information is updated
based on the new matrix, and the new ranked list is
employed in the diffusion process. Wy is calculated
based on the ranked list and it is further column-wise
normalized: WE;) = wg) Je+>0_, wj(.f:) );

3) The similarity information diffusion process with
assured convergence is conducted iteratively over
transition matrix P, where P() = W; and PU*D =
oaPOW! 4+ (1 — )I, where « € [0,1] and [ is
the identity matrix. The transpose WZ is used for
considering the multiplication among corresponding
rank similarity scores;

4) An additional post-diffusion reciprocal analysis is
performed, where information about the rank similarity
of two elements i and j is explored. Given 6, the number
of iterations in the previous step, the post diffusion step
is computed with R = P?W,, refining rankings with
reciprocal references.

Given that operations are performed on top-k elements and
the matrices are sparse, the final asymptotic complexity of
RDPAC is O(n).
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3) BREADTH-FIRST SEARCH (BFS) TREE OF RANKING
REFERENCES

The BFS-Tree of Ranking References [60] employs a
Breadth-First Search tree on a graph of ranking references.
This method has a high capacity to represent similarity
information between the query and its k neighbors in a
dataset. Objects occurring at different levels of the structure
possibly exhibit higher similarity, while images occurring
infrequently may indicate non-relevant elements or noise.
The algorithm is composed of four main steps:

1) A ranking normalization pre-processing step, where
the symmetry of k-neighborhood is improved by
exploring mutual and reciprocal neighborhoods, i.e.,
rank positions from both rank references and the most
pessimistic estimation, obtained with the maximum
position, respectively. The mutual rank distance is
calculated with p,,(i, j) = 7;(j) + 7;(7), where 7;(j) < L.
After the first re-ranking, the reciprocal rank distance
is calculated by p,(i, j) = max(7;(j), 7;(Q));

2) The BFS-Tree of ranking references is constructed
starting from a query object root. The first level
includes top-k similar objects according to rankings.
Subsequent levels stem from top-k objects in the first
level’s ranking references. Edges are calculated using
Ranked-Biased Overlap (RBO) [61]: w(gq,i) = (1 —
P b p T X (k@) NN /d:

3) The similarity between any node and the query root is
calculated based on the Equation 7:

S (xy)

1, x=q

w(g, xq), y=4¢ A objx € Ni(q)
=1 w(q, yg) X w(yg, Xy), X,y # q A objy € Ni(q)

Aobj, € Ni(y)
0, Xy &V
(N

After the similarities between the root and other nodes
are defined, the similarities between every two objects
obji, obj; € V, is defined by o,(i, j) = Zx,er s(iy) X
5(jy), and a more global similarity is calcufated by
oq(i, ) = ZOquec o4(i, j), taking into account all trees
where obj; and obj; occur.

4) A single rank diffusion iteration is performed to
improve the effectiveness of the method, post-
processing the similarity function o,. The new
function o, (7, j) (Formally in Equation 8) considers the
similarity to the common top-L positions of obj; and

objj
o)=Y
xeNLONNL()

Rank normalization is performed for top-L elements, and
BFS-Tree analysis is performed for top-k elements, resulting
in constant asymptotic complexity for each query and O(n)
when performing BFS-Tree in the whole dataset.

oa(i, x) X 04, x)  (8)
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4) RANK FLOW EMBEDDING (RFE)

RFE is an algorithm proposed for both retrieval and classifi-
cation tasks in unsupervised and semi-supervised scenarios,
considering contextual information to obtain better results
through stepwise improvement of rank-based similarity
information [34]. RFE comprises five steps:

1) The first step is a ranked list normalization considering
a sigmoid score based on reciprocal ranked list
positions. The new similarity is obtained with p, (i, j) =
o(i,j)> x o(,i), with o(x,y) = 1 — 1/(1 +
e~ *(m0)=k/2)y where « is a constant. Ranked lists are
updated based on new distances;

2) Then, a re-ranking step is performed utilizing a
hypergraph structure, built as described in step 2 of
Section III-C1. Similarity is calculated by p(i,j) =
a;j/7(j), with A = HHT, updating the ranked list
and repeating the procedure iteratively. The obtained
hypergraph is also utilized for computing embeddings;

3) A re-ranking step based on the Cartesian product is
performed. Steps are similar to step 4, described in
Section III-C1;

4) A graph of Connect Component is constructed based on
the h-embeddings computed after the Cartesian product
operation, grouping objects with high global similarity,
which are adjusted based on elements belonging to the
same Connect Component;

5) More effective embeddings are computed based on
the element similarity and its identified Connected
Components, for semi-supervised classification tasks.
This step is not necessary for time series retrieval.

Similarly to the previous algorithms, the operations are

performed in the top-L elements and sparse matrices are
utilized, resulting in O(n) time complexity.

IV. EXPERIMENTAL EVALUATION

This section addresses the experimental protocol designed
to provide a comparative study of the proposed approach
for time series retrieval, considering representation and re-
ranking methods. Section IV-A presents the time series
datasets employed. Section IV-B, in turn, describes the
effectiveness measures used in the assessment of retrieval
results. Section IV-C covers the adopted parameter settings
and the implementation details, while Section I'V-D discusses
the baselines.

A. DATASETS

Table 3 summarizes the datasets employed in the comparative
study. We utilized six univariate time series datasets from
the UCR Archive [62], which were z-normalized. These
datasets were chosen based on factors like class number,
domain variation, and size variation to ensure the versatility,
robustness, and generality of our model. The datasets are:
Cylinder-Bell-Funnel (CBF): A simulated dataset with
930 elements of size 128, divided into three classes.
Each class includes standard normal noise with a varying
offset [63]. GunPoint: This dataset contains 200 time series,
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each with a length of 150, capturing the movement of drawing
a gun or pointing a finger [64]. Beef: Comprising 60 samples
of silverside beef, divided into five classes. One class refers
to pure beef, and the others are adulterated with different
ingredients. Each series has a length of 470 [65]. Rock:
Contains 70 spectral reflectance series from different types
of rocks, each with a length of 2844, aiming to distinguish
rock types [66]. Electric Devices: With 16637 time series,
each having a length of 96, categorized into seven classes.
These series represent daily power consumption data from
various household devices [67]. Yoga: This dataset includes
3300 time series, each with a size of 426, generated from yoga
pose transition videos. The goal is to distinguish between
male and female actors based on the time series data [30].

B. EFFECTIVENESS MEASURES
This section presents the effectiveness measures used in the
comparative study.

TABLE 3. Summary of the datasets, considering the sizes, mean number
of relevant elements per query, and the standard deviation of the relevant
elements per query.

Dataset Queries Mean STD

Beef 60 12.00 0.00

CBF 930 310.00 0.00

GunPoint 200 100.00 0.00

Electric Devices (EDev) 16637  2376.71 1251.75
Rock 70 17.50 5.68

Yoga 3300  1650.00 120.00

1) PRECISION

Precision aims to evaluate the proportion of relevant items
among all the retrieved items. It is defined as follows in
Equation 9:

TP

P=——r\ ©
TP + FP

where TP represents true positives (correctly retrieved items)
and FP represents false positives (incorrectly retrieved items).

2) RECALL

Recall measures the proportion of relevant instances that were
retrieved among all the relevant instances. Recall is defined
as follows in Equation 10:

TP

R= ——0,
TP + FN

(10)
where TP represents true positives and FN represents false
negatives (correct instances that were not retrieved).

3) MEAN AVERAGE PRECISION (MAP)

Mean Average Precision (mAP) is a common metric for
evaluating the effectiveness of ranked lists obtained in
information retrieval tasks. This metric calculates the average
of the Average Precision (AP) for each query [68]. The mAP
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is defined in Equation 11:

3R AP@)
Q
where Q is the number of queries and g; represents a query [.

The Average Precision (AP), as defined in Equation 12, is the
average precision for a recall varying from 0 to 100% [68]:

mAP , (11)

i

1 &y
AP = ;U’T > ), (12)

j=1

where N, is the number of relevant items in a collection for
a query g and r; represents the relevance (irrelevant = 0 or
relevant = 1) of the i-th item in a ranked list of size d.

C. IMPLEMENTATION DETAILS AND PARAMETER
DEFINITION

In this section, we outline the parameters, implementation
details, and experimental protocol for the time series ranking
model. The experiment comprises three stages: feature
extraction, data ranking, and re-ranking. These stages were
implemented using the Python programming language.

1) Feature Extraction: All feature extractors from
Section III-B were employed. For time series imaging
methods, the pyts [69] implementation with default
parameters was used, and images were created and
saved using the matplotlib library [70]. The colormap
parameters were set to ‘rainbow’ for GAF and MTF
methods and ‘binary’ for the RP method. The neural
network architectures were applied to the generated
images based on previous research results [19], [71].
Angles were measured in degrees in the Beam Angle
Statistics algorithm, and the parameter k; is set
heuristically, with k;, = z x n x y. In the formula, n
is the length of the time series, z is the mean standard
deviation of the dataset, calculated from individual
time series standard deviations s;, and the scaling
factor y = 0.09 was determined empirically during
the experiments. The proposed approach satisfied the
choice of k;, for five of the six datasets. It was
unsuitable for Rock, which contains a time series of
length 2844, significantly longer than those in the
other datasets, resulting in k;, = 3904, producing an
empty set of features due to exceeding the available
dimensionality. k, = 30 was manually set in this
scenario. The application of the BAS algorithm was
also demonstrated in [5]. For the DFT model, the
pyts implementation [69] was utilized with parameters:
n_coefs = 0.4, norm_mean = True, norm_std = True.
PyWavelet [72] was used for the DWT model with
parameters: wavelet = ‘haar’ and mode = ‘sym’,

and results were separated into Approximation and

Detail. The application of DFT and DWT methods was

inspired by the study by Chan et al. [48]. The ROCKET

algorithm, a recent method for time series classifica-
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tion, was employed using the pyts implementation [69]
with default parameters.

2) Ranking: After obtaining feature vectors for the
time series, we calculate distance matrices using the
Euclidean Distance. Each matrix row refers to a dataset
element, sorted to form ranked lists, resulting in the set
‘R as defined in Section II. For each dataset, all the time
series were used as queries.

3) Re-ranking with Unsupervised Distance Learning
Algorithms: The unsupervised distance learning algo-
rithms (discussed in Section III-C) were applied for
post-processing ranking results. We aim to enhance
distance measures by considering the dataset structure
and improving retrieval outcomes. In this scenario,
metrics other than Euclidean could be used, such as
Minkowski, Chebyshev, Manhattan, Cosine, among
others, as the main goal is the improvement of
ranking results by enhancing the distance measure-
ments. We used the Unsupervised Distance Learning
Framework (UDLF) [73] implementation for these
methods. We evaluated retrieval outcomes using Mean
Average Precision (mAP), Precision@x, and Recall@x
metrics both before and after re-ranking. Our parameter
settings mostly followed defaults, with k = 15 for
neighborhood analysis. For the ranked list size, denoted
by L, we used L = 1,000 or the size of the dataset
(L = n) when n < 1,000. To ensure consistent
ranked list lengths across re-ranking methods, we set
Lyyrr = 1 for the RDPAC method. The effectiveness
measures considered the value of x ranging from 1 to
L in P@x and R@x metrics.

D. BASELINES

To assess the impact of time series representation approaches
and re-ranking methods, we established comparative results.
First, a ranked list is computed based on the time series
raw values and the Euclidean distance, without employing
any representation approach or re-ranking method. This
ranking is referred to as the initial ranking. Subsequently,
we construct baselines for each dataset, starting with
the initial ranking and then applying different re-ranking
methods.

V. RESULTS

This section presents and discusses the results of the
proposed methodology. Section V-A presents a quantitative
analysis of the mAP results, while Section V-B discusses
qualitative results through the analysis of produced rankings.
Section V-C provides an analysis of cases of success and
failure, and, finally, Section V-D assesses scalability and
efficiency analysis. In VI, complementary results regarding
the assessment of methods in terms of the precision and recall
metrics are presented.

A. RETRIEVAL RESULTS-QUANTITATIVE ANALYSIS
Table 4 presents the mAP results, considering different
combinations of time series representation and re-ranking
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methods on all datasets. Each column refers to a feature
descriptor, and the comparisons are made by line. The best
results for each feature extractor are highlighted in bold. For
each dataset, a line relates to a re-ranking method, and the best
results for each dataset are highlighted in red. We performed
the Wilcoxon statistical test [74] comparing the best results,
highlighted in red, with the others for the same dataset.
The symbol “*’ is used for results for which no significant
statistical differences were observed. The results related to
the initial ranking are highlighted in italics and blue, for
comparison. There are reported mean values (last column and
last line) for the descriptors and re-ranking approaches.

For the Beef dataset, the most favorable outcome was
observed for the combination of DWT-Detail and RFE,
highlighted in red (Highest gains in terms of the re-ranking
method, 11.27%, were observed for the combination of
Moment and RFE, when compared with the Moment results
with no re-ranking method). Conversely, searches on the
CBF dataset predominantly benefited from the combination
of the RDPAC re-ranking method with the Moment feature
extractor and achieved the best results when considering the
combination of DWT-Approximation and RDPAC (28.80%
gain over the no re-rankings results). In the case of
the GunPoint dataset, image-based methods proved to be
superior. RP-ResNet coupled with RDPAC led to the best
results (GAF-ViT in conjunction with BFSTREE yielded
the most considerable improvement, 11.30% gain). In the
Rock dataset, the combination of DWT-Detail and LHRR
consistently delivered the best results, with the highest
observed gains over all datasets (31.78%). For the Electric
Devices dataset, the most effective combination was GAF-
ResNet paired with RDPAC (The combination of the baseline
and RFE delivered a gain of 23.46%. This is particularly
interesting as it is the only noteworthy result involving the
use of the baseline set of features). In the Yoga dataset, the
gains were comparatively modest, at 3.58%, achieved with
the ROCKET and RDPAC combination. Here, BAS and RFE
yielded the best results.

Significant gains were observed in most scenarios of re-
ranking, and losses occurred when the ranking efficacy was
already low. This endorses the consistency of the pipeline,
where better ranking leads to better re-ranking, allowing the
use of other feature extractors, distance measurements, and
unsupervised distance learning approaches. It is noteworthy
that the RDPAC method consistently produced reliable results
across the experiments on different datasets, while RFE
yielded the best results for two different datasets (Beef and
Yoga). While there was no consensus regarding the ideal
feature extractor, some trends emerged. RP in conjunction
with ResNet-152 yielded the highest average results, and
DWT-Detail excelled in two datasets (Beef and Rock). The
highest gains were observed in the Rock dataset. Noticing
the general results, the Recurrence Plot approaches associated
with RDPAC usually presented consistent results.

On the other hand, limitations on this approach can be
observed. Concerns on efficiency and scalability can be

186111



IEEE Access

B. Rozin et al.: Re-Ranking and Representations for Time Series Retrieval: A Comparative Study

TABLE 4. mAP values considering different combinations of time series representations (column) and re-ranking methods (line) on all datasets. Results
highlighted in bold refer to the best results for each time series representation across the different re-ranking methods. The result highlighted in red
refers to the overall best result for the dataset. The symbol*’ is used for results for which no significant statistical differences were observed. “No
re-rank” results refer to ranking with the Euclidean Distance, while “Baseline” results refer to experiments executed with re-ranking methods applied to
the initial results. Both are highlighted in different tones of gray. /nitial results are highlighted in blue and italics.

Specification |

Descriptor

Dataset UDL Baseline BAS DFT DWT DWT

Approx.  Detail

ROCKET

GAF MTF RP GAF MTF RP
ResNet  ResNet  ResNet ViT ViT ViT

Moment | Mean

No re-rank 47.08* 46.16  46.93* 47.03* 47.26* 34.79

40.83 37.53 40.86 4275  40.02  45.60* 44.35 43.17

« LHRR 46.48 44.49 46.50 46.38 48.25 33.86 38.83 36.69 39.94 42.08 4344 4940 46.36 43.29
& RDPAC 47.49 44.26 47.64 47.57 49.58* 33.23 39.16 36.50 39.16 42.68  40.51  50.18* 47.92 43.53
a BFSTREE 46.83 44.50 46.78 46.86 49.05 33.78 41.79 36.56 39.93 42.81 4392 48.69 46.44 43.69
RFE 4533 44.80 46.12 4538 50.99 32.77 39.82 36.97 40.03 44.16 4452 50.07* 49.35* 43.65
No re-rank 64.47 56.72 66.04 65.93 42.43 87.19 60.29 55.44 70.50 4959 46775  61.71 78.07 61.93
o LHRR 70.19 66.13 70.88 71.11 41.94 89.92 67.15 61.56 77.84 56.53 5449  68.12 89.63 68.12
) RDPAC 81.45 68.23 84.04 84.92 38.09 95.43 73.48 66.69 84.22 62.29 5834 7249 98.02 74.44
© BFSTREE 73.30 66.28 75.36 76.33 46.59 90.71 68.98 63.06 78.72 57.54  54.95 70.72 94.57 70.55
RFE 68.92 64.10 69.63 69.71 43.60 87.94 66.17 60.23 75.94 54.16 5391 66.06 87.67 66.77
No re-rank 62.41 63.98 62.44 62.43 64.44 60.85 76.89 67.89 78.99 7196 6279  71.77 68.42 67.33
5 LHRR 63.86 65.98 63.86 63.88 67.29 61.71 7725 68.26 81.93 7735 6337 7518 71.58 69.35
g? RDPAC 64.70 67.72 64.61 64.58 66.73 61.90 79.17 70.85 86.28 78.66  63.57 7725 71.74 70.60
& BFSTREE 63.97 66.73 64.14 64.05 69.84 62.22 79.70 69.33 80.84 80.09 6412  77.70 71.16 70.30
RFE 64.46 65.73 64.73 64.73 67.87 61.97 75.40 67.66 82.16 75.68  61.36  76.06 70.91 69.13
No re-rank 58.71 69.09 61.31 58.71 62.93 58.06 59.24 55.00 62.77 58.12 5436  65.83 51.78 59.68
e LHRR 54.90 81.11* 66.76 54.90 82.93 53.34 64.40 61.37 62.94 6294 5923  65.99 53.52 63.41
s RDPAC 56.26 71.15 64.72 56.26 79.01* 53.05 63.21 60.46 63.33 64.54  61.53  65.03 52.98 62.42
& BFSTREE 57.06 80.27* 65.41 57.06 79.59 54.46 65.92 61.82 63.68 6235 5898 6527 53.52 63.49
RFE 56.29 78.03 65.81 56.29 67.84 54.11 65.57 58.09 62.39 63.55 5490  64.65 52.49 61.54
No re-rank 20.08 24.66 24.94 23.54 14.80 37.56 41.17 34.97 40.24 40.05 37.01 3597 34.99 31.54
N LHRR 24.75 21.30 23.95 23.24 14.52 35.24 39.13 34.30 39.00 38.16 3450  36.69 3322 30.62
g RDPAC 21.06 25.50 26.01 25.86 15.12 37.78 41.96 35.86 40.86 41.00 3748  37.01 35.25 32.36
< BFSTREE 21.12 25.20 25.64 25.79 15.10 37.52 41.56 35.48 40.55 40.61 37.13  36.72 35.10 32.12
RFE 24.79 26.05 28.05 27.27 17.17 37.60 41.63 35.82 40.89 40.77 36.81 37.51 35.21 33.04
No re-rank 30.30 31.58 30.30 30.30 30.23 29.89* 30.50 28.77 30.60 30.17 2793  29.83 30.71 30.08
o LHRR 30.41 31.24 30.41 30.41 29.82 30.18 30.81 28.86 30.52 30.77 28.57  30.00 30.81 30.22
‘é"’ RDPAC 30.76 31.79* 30.75 30.76 30.32 30.96 31.45 29.50 31.44 31.03* 2879  30.54 31.32 30.72
BFSTREE 30.59* 31.71 30.58* 30.58* 30.38 30.56 31.33* 29.34 31.32%  30.95* 28.63  30.38 30.88 30.56
RFE 30.47 31.86 30.46 30.47 30.41 30.19 31.18* 29.19 31.15* 30.73 28.62  30.35 30.93 30.46

Mean | 4862 51.21 50.83 49.41 46.47 51.29 53.46 48.47 55.63 5147  47.02  54.09 54.30 |

raised, and this issue, with possible overcomes, is discussed
in Section V-D.

Our pipeline, while it does not make any assumption about
stationarity of the time series, may be highly demanding on
memory usage, by storing datasets, features, and rankings,
especially in large-scale scenarios or real-time systems,
where the latency is a crucial aspect [75]. Additionally, the
parameter sensitivity during both the feature extraction and
re-ranking steps, paired with the challenge of selecting the
best combination between the two feature extractors and
manifold learning approaches, are also challenging points in
our work.

B. RETRIEVAL RESULTS-QUALITATIVE ANALYSIS

Figures 2, 3, 4, and 5 show examples of qualitative results of
a query for the Rock dataset. The following images represent
the classes of the time series encoded in different colors. The
queries are highlighted with green boxes, while red boxes are
used for the non-relevant results.

It is possible to observe that some representations led to
improved results while others (time series raw values) did not.
Also, it is possible to observe that the performance of the re-
ranking algorithms was quite dependent on the representation
used and ranking results, which can encode more or less
useful information for ranking. For example, for the cases in
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which the ranking produced by the representation contains
enough relevant time series at the top-ranked positions
(Figures 2 and 3), the use of the re-ranking methods led to
very positive gains, with more relevant time series ranked at
the top positions, as the ranking produced by DWT-Detail
and BAS already contained relevant time series. On the
other hand, Figures 4 and 5 show examples in which the
ranking produced by the representation does not contain
many relevant time series at the top-ranked positions (raw
time series values and RP-ViT), and the use of the re-ranking
methods did not lead to significant improvements.

C. RETRIEVAL RESULTS-ANALYSIS OF CASES OF SUCCESS
AND FAILURE

In Table 4, it is possible to observe that certain methods
exhibit better outcomes than others depending on the dataset.
This section sheds light on some successful and unsuccessful
cases identified.

A comparison between methods on the Beef and GunPoint
datasets was performed, as they are similar datasets, com-
posed of a small number of time series. The use of re-ranking
methods on the GunPoint dataset consistently delivered
positive and noteworthy improvements. On the other hand,
the results observed on the Beef dataset were not always
positive for the use of re-ranking methods. The analysis is
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DWT-Detail with the Euclidean distance

LHRR

BFSTREE
RDPAC
RFE

FIGURE 2. Visual ranking results on Rock [66] dataset for DWT-Detail
representations. The query is highlighted with green boxes, while red
boxes are used for the non-relevant results.

BAS with the Euclidean Distance

LHRR

BFSTREE

RDPAC

RFE

FIGURE 3. Visual ranking results on Rock [66] dataset for BAS
representations.

Time series raw _values with the Euclidean distance

1

LHRR

BFSTREE

RDPAC

RFE

FIGURE 4. Visual ranking results on Rock [66] dataset when the time
series raw values are used.

conducted considering the Precision@ 10, Recall@10, and
Average Precision metrics of each query of the dataset.

In Figure 6, we analyze the performance of the ROCKET
feature extractor on the Beef dataset. In Table 4, it is
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RP-ViT with the Euclidean Distance

LHRR

BFSTREE

RDPAC

RFE

FIGURE 5. Visual ranking results on Rock [66] dataset for RP-ViT
representations.

possible to observe that there were no gains on mAP after re-
ranking. When using this representation method, we observed
a decline in mAP across all re-ranking methods. It is worth
noting that all metrics maintained an average of around
30%. The initial 10 queries, observed in the x-axis, and
queries between 30 and 40 display a better, above-average
performance, especially when considering the LHRR and
RFE methods. Drops are observed throughout the remaining
queries, with a noticeable inferior performance of RDPAC.
The below-average performance in most queries, associated
with low metric values, may explain why the re-ranking
methods did not perform as expected.

In Figure 7, we present the metrics obtained from ranking
the GunPoint dataset using the RP-ResNet152 combination
for feature extraction. Observing Table 4, we see that this
combination resulted in the best mAP value when considering
the re-ranking with RDPAC. With this representation method,
we not only observe overall gains in all re-ranking scenarios,
in which most queries presented P@10, R@10, and mAP
with above-average values, but also note that the highest
mAP value was achieved when using RDPAC. The average
results for mAP and precision metrics were consistently
high, and there were various peaks and drops for the mAP
metric. Precision and recall metrics exhibit stability, with very
few declines. Consistently, the re-ranking methods delivered
superior results in comparison with the Euclidean Distance
ranking. The observed stability may be an important factor
for the gains after re-ranking.

In Figure 8, we present a comparison of results obtained
using the GAF-VIT feature extraction methods, which led to
positive mAP gains in both datasets. Interestingly, we observe
similar patterns to those seen in Figures 6 and 7. Notably, for
the Beef dataset, the average results were higher compared to
the previous example, and all unsupervised distance learning
methods performed better than the original, especially RFE.
For the GunPoint dataset, BFSTREE yielded better results,
while RFE and RDPAC produced some losses for a few
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FIGURE 6. Measurements for the Beef dataset, considering the ROCKET feature extractor.
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FIGURE 7. Measurements for GunPoint dataset, considering the RP+ResNet feature extractor.
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FIGURE 8. Comparison between datasets for GAF+ViT feature extractor.

recall, and average precision, i.e., when the input ranked lists
do not contain many relevant time series at the top positions.
In those cases, there might not be enough information
available for re-ranking methods to enhance the outcomes.

queries, despite the consistently average positive results of
all re-ranking methods.

The obtained results suggest that positive outcomes are
achieved through effective re-ranking when there is sufficient
contextual information available in the input ranked lists
computed based on the Euclidean distance, i.e., better re-
ranking results are achieved through better ranking results.
Otherwise, it is a challenging task to obtain relevant gains
when the original ranking presents low values of precision,

D. RETRIEVAL RESULTS-EFFICIENCY ANALYSIS AND
SCALABILITY

Time experiments were conducted to evaluate the efficiency
of retrieval tasks and the scalability. The implementa-
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TABLE 5. Time measurements of executions, in seconds, of the three biggest datasets. Mean and standard deviation of 5 executions, querying all

elements of the dataset.

Specification |

Descriptor

Dataset ~ UDL Baseline BAS DFT DWT DWT ROCKET GAF MTF RP GAF MTF RP Moment Mean
Approx. Detail ResNet ResNet ResNet ViT ViT ViT
LHRR 063+£001  0.73+0.01 062+£00  063£001 096001 066001  0.74=001 074+£00  073£001  078+001 078001 075 + 0.0 0.7+ 001 0.73
o RDPAC | 5414006  273£004 5464005  558+£005  278£005 5422006 274002  274+£006  277£006 2734005 714003 2734008  276+£0.07 | 358
& BFSTREE | 095+£00  0.97£001 095+00  095+001 101+ 001 0.96 % 0.01 098 + 0.0 09800  097+001 0974001 0974001 098001  097+£001 | 0.97
© RFE 3524005 6164001  323+£005 3294003  1135+003  452+002 676+ 0.02 7.1 4004 654+ 0.01 7.7 4002 7724006 7154004  608+£001 | 624
LHRR 97344032 99.88+£02  9638+053 955406  97.69+£052 93724048 93924046  93.13+£038 9324058 93724036 9271 +£065 926605  92.96+0.64 | 94.83
. RDPAC 40424084 40675061 33449024 33004038 35884048 369.61 £ 031 36258+ 067 34031 £0.63 36621 =12 37548085 341.52+061 35988+ 111 379.23+0.16 | 36378
& BFSTREE | 13339056 131994042 12671 +£051 126244059 13316036 12535403  123.1+£044 123732062 12415404 123515029 12305005 12222+028 12424 £04 | 126.22
Q RFE 29006 +£0.85 35266+ 0.65 29244 +£0.59 26584 +£052 284284054 27659+ 119 30355+079 29203+ 0.84 29317+ 1.04 327.84+042 32401 £541 29706+ 166 32671 +0.81 | 302.03
LHRR 5034003 5164007  504+006  511+£007  511+£003  511+£003  547+005 5.60+0.1 5384002 5324001 714005 5254006  491+£006 | 525
. RDPAC 4019402 40.84+£028  40.16+022 4028 +£0.09  3892+0.16 3652004 40.62+£0.05  40.7+£0.19 3968008 4LI2+0.12  4086+026  40.65+0.04  399+£0.17 | 40.03
& BFSTREE | 825008  829+008 8274004  82£007 8124006  824+£004  836+£005 842006 834006  839+£006 837004  826+£004  805+£005 | 827
RFE 1874015  2017+009 1865+£0.09 1861006  2204+0.1 19274005 2685+£0.06 3211011 254008  2444+£008 3317+0.16 2386008 1956004 | 23.30
Mean | 1348 14.23 13.46 1341 16.70 13.76 17.61 20.27 16.87 1642 20.77 16.06 1381 |
TABLE 6. P@5 values.
Specification \ Descriptor
Dataset UDL Baseline BAS DFT DWT DWT  ROCKET GAF MTF RP GAF MTF RP Moment | Mean
Approx.  Detail ResNet ResNet  ResNet ViT ViT ViT
No re-rank 56.67* 54.67*  57.00* 56.67* 60.00* 40.33 50.00 41.00 48.67 51.67 4433  57.00* 54.33 51.72
o LHRR 53.00 51.33 53.00 52.67* 59.33 39.00 48.67 39.67 47.67 51.33 52,67 60.00* 53.00 50.88
& RDPAC 57.00* 5233  57.33* 57.00* 59.67* 35.33 48.67 41.33 51.00 51.67  50.33  61.00 58.00* 52.36
[ BFSTREE 55.33* 49.67  55.00* 54.67* 57.33* 36.00 49.00 39.67 47.33 50.67  51.33  58.00* 53.67 50.59
RFE 52.67 50.67 52.33 53.33 59.00* 34.67 50.00 41.67 44.67 5233  54.00 57.67* 5533 50.64
No re-rank 98.39 89.16  99.89* 99.81* 48.69 99.85* 91.76 88.69 96.26 8424 8030  93.68 99.63 96.90
& LHRR 100.0 96.97 100.0 99.91* 65.12 99.83* 91.38 90.19 96.06 8542  80.60 91.59 99.87* 99.13
én RDPAC 99.94* 96.58 100.0 99.94* 60.11 99.94* 92.52 90.17 96.37 8529  80.52  93.08 99.89 98.91
BFSTREE 100.0 96.04 100.0 99.91* 65.48 99.91* 91.78 89.59 95.57 84.67 7944 9286 99.89* 98.98
RFE 100.0 96.32 100.0 99.91* 64.26 99.91* 91.46 89.78 95.53 84.41 79.55 9243 99.83* 98.83
No re-rank 93.1 90.7 93.2 93.2 91.0 94.5 98.7* 88.7 99.7* 98.0* 81.4 99.2* 97.80 93.78
5 LHRR 93.4 90.0 94.1 93.8 91.5 93.3 99.5* 87.0 99.8 98.8* 82.7 99.2* 97.50 93.89
g? RDPAC 92.4 89.1 92.7 92.8 92.6 94.7 99.2* 87.5 99.8 99.2* 81.2 99.7* 97.70 93.74
& BFSTREE 92.2 90.2 93.0 92.8 92.6 93.8 99.3* 86.5 99.4* 99.3* 81.3 99.4* 97.10 93.61
RFE 92.7 90.3 92.7 93.1 91.7 94.5 97.9* 87.7 99.5* 98.6* 82.5 98.6* 97.60 93.65
No re-rank 78.00 81.43*  80.86* 78.00 80.57 74.00 75.43 66.00 76.57 7971 6943 7943 69.14 76.04
" LHRR 74.29 86.29*  82.00* 74.29 87.43 65.71 80.00* 70.29 74.86 82.57* 66.57 7829 67.71 76.35
s RDPAC 74.86 82.86*  82.86* 74.86 86.00* 69.43 77.71 69.43 73.43 79.71 73.14  76.00 68.86 76.15
&~ BFSTREE 75.71 86.00*  81.43* 75.71 84.57* 69.43 79.14* 70.00 75.14 82.29*  68.00  78.00 69.14 76.46
RFE 75.43 86.86*  83.14 75.43 83.43 69.43 81.43* 69.14 74.00 80.00* 6629  77.71 65.71 76.51
No re-rank 74.48 70.64 72.30 73.14 61.91 81.36 84.94* 78.80 84.55 83.40 7826  83.70 79.26 77.44
N LHRR 74.27 71.85 73.31 73.35 66.53 80.95 85.30 78.82 84.54 83.69 7838  83.90 79.28 78.02
g RDPAC 74.07 71.09 72.41 72.67 64.73 80.74 85.04 78.86 84.41 83.60  78.03  83.80 79.04 77.57
< BFSTREE 74.12 71.71 73.45 73.73 65.65 80.86 85.30 78.98 84.51 83.51 7843  83.86 79.27 77.95
RFE 74.28 71.78 73.46 73.72 65.30 80.79 85.19* 78.63 84.43 8347 7837  83.83 79.26 77.88
No re-rank 92.69 90.79 92.69 92.70 88.02 94.19 88.92 82.31 90.23 89.03 8277 9047 93.52* 89.87
- LHRR 92.42 90.65 92.47 92.41 91.14 93.98* 88.70 83.06 90.36 88.68  83.68  90.36 93.62 90.12
é’" RDPAC 92.48 90.76 92.45 92.38 90.59 94.05* 88.90 83.14 90.55 89.24  83.73 9041 93.59 90.18
BFSTREE 92.55 90.70 92.65 92.62 91.42 94.03* 88.44 83.35 90.48 88.73 8330  90.68 93.76 90.21
RFE 92.64 90.79 92.67 92.55 90.69 93.87* 88.60 82.80 90.39 88.87  83.16  90.19 90.42 89.82
Mean | 81.64 80.61 82.61 81.57 75.21 79.28 82.10 74.76 82.19 8140  73.79  83.80 82.09 |

tion was evaluated on a machine with an Intel Core
i5-12500H @ 2.5 GHz, 24 GB of RAM, and Ubuntu
24.04.1 LTS (64-bit). Table 5 presents the execution time,
in seconds, of re-ranking results in the three biggest
datasets (CBF, Yoga, and Electric Devices) we experi-
mented with. Fastest results per dataset are highlighted in
bold.

We can clearly notice that the impact of re-ranking
approaches on time is bigger than the descriptor impact,
and despite all methods having linear asymptotic complexity,
LHRR stands with the fastest results, and RDPAC with the
slowest. The feature extraction methods were less impactful
on time experiments, but DTW Approximation stands with
the fastest results, on average.

VOLUME 13, 2025

VI. CONCLUSION

In this study, we conducted an extensive examination of
time series representations and re-ranking methods for
time series retrieval tasks. The findings indicate that a
proper combination of time series representation and re-
ranking methods holds promise for time series retrieval, with
favorable outcomes observed in the majority of scenarios.
Nonetheless, it is worth noting that while results were
mostly positive, the use of certain re-ranking methods led to
minor losses (e.g., the Beef and Rock datasets, considering
the ROCKET feature extractor). Upon closer investigation,
these losses appear to be attributed to a limited amount of
contextual information available for substantial re-ranking
improvements. No single combination of time series retrieval
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TABLE 7. P@10 values.

Specification | Descriptor
Dataset UDL Baseline BAS DFT DWT DWT  ROCKET GAF MTF RP GAF  MTF RP Moment | Mean
Approx.  Detail ResNet ResNet  ResNet ViT ViT ViT

No re-rank 43.17* 4133  43.17* 43.17* 42.50 27.50 34.83 31.17 33.50 36.83 3333 42.83* 40.17 37.96
« LHRR 42.17 40.17 42.00 42.17 47.33* 28.17 35.33 29.67 34.33 3850  39.00 48.17* 44.33 39.34
& RDPAC 44.00* 4033 44.33* 44.33* 48.50* 26.50 34.67 31.83 33.83 3833 3350  49.33 43.83 39.48
al BFSTREE 43.50* 38.83  43.33* 43.50* 47.83* 27.00 37.83 29.50 34.67 37.67  38.50 46.67* 43.50 39.41
RFE 41.83 39.50 41.67 41.33 48.33* 25.67 34.50 28.17 33.17 38.83 3933 47.17* 48.17 39.05
No re-rank 97.44 8545  99.54* 99.48* 42.46 99.33 88.04 84.62 94.18 78.94 7337  87.66 99.24 86.90
. LHRR 99.95* 95.66  99.95* 99.81* 58.83 99.59* 89.26 86.61 94.67 80.84 7459  90.10 99.75 89.97
5» RDPAC 99.86* 9596  100.00 99.86* 5191 99.74* 90.00 87.02 95.53 80.91 7546  90.72 99.83 89.75
BFSTREE 99.99* 95.40 100.00 99.82* 59.83 99.74* 89.04 86.20 94.17 80.06  73.96  90.00 99.74 89.84
RFE 100.00 95.11 99.88* 99.73* 58.03 99.74* 88.49 85.69 94.05 79.70  72.67  88.76 99.72 89.35
No re-rank 87.20 85.50 87.30 87.45 86.85 88.85 97.40 83.80 98.85* 96.35  75.10 98.25* 96.25 89.94
g LHRR 88.80 84.85 88.80 89.05 89.55 90.05 98.85* 84.00 99.55*  98.45*  76.70  98.40* 96.40 91.03
%o RDPAC 88.85 85.25 88.20 88.05 89.55 91.65 98.70* 83.95 99.65 99.30*  76.75  99.55* 96.75 91.24
05 BFSTREE 88.85 85.70 89.25 89.05 91.50 90.75 98.85* 84.05 99.50*  98.85* 7590  98.50* 96.10 91.30
RFE 88.50 84.30 88.95 89.15 89.50 90.65 95.25 83.55 98.90*  98.45*  74.65  96.90 96.15 90.33
No re-rank 60.29 69.43 68.57 60.29 65.14 58.00 64.00 54.57 65.29 6343 5486  68.43 54.86 62.09
" LHRR 57.29 82.00*  77.43* 57.29 83.29 56.14 70.29 57.86 65.14 68.86 59.57 71.71 58.43 66.56
S RDPAC 56.86 75.14  74.57* 56.86 80.14 55.00 67.86 58.86 64.86 68.43  63.29 69.14 58.29 65.33
i BFSTREE 59.14 80.86*  75.29* 59.14 79.57* 55.57 70.86 60.43 65.14 6843 5986 7043 58.14 66.37
RFE 58.00 80.14*  74.86* 58.00 68.71 55.71 70.86 54.57 64.00 69.43  56.14  70.00 54.86 64.26
No re-rank 68.57 64.08 65.83 67.17 53.98 77.29 81.47 75.11 80.58 79.52 7452  79.82 74.38 72.49
N LHRR 68.83 65.79 67.91 68.05 60.27 76.82 81.79* 74.89 81.02 80.08 7422  80.28 74.61 73.43
g RDPAC 68.55 65.11 66.75 67.45 57.10 76.51 81.74* 74.87 80.87 80.03 7399  80.25 74.36 72.89
a BFSTREE 69.03 65.86 67.89 68.64 58.05 76.91 81.87 74.87 81.09 79.96 7423  80.33 74.711 73.34
RFE 68.73 65.53 67.96 68.31 58.80 76.67 81.62* 74.46 80.67 79.66  74.14  80.03 74.23 73.14
No re-rank 88.99 86.63 89.00 88.99 83.40 90.94* 84.38 76.73 85.73 84.57 7720 8591 89.98 85.58
. LHRR 89.28 86.92 89.28 89.26 87.68 91.17* 84.67 78.27 86.95 85.05  78.88  86.98 90.64 86.54
‘}9"0 RDPAC 89.21 87.02 89.26 89.16 86.96 91.25* 85.15 78.30 87.26 8534 7935 87.19 90.78 86.63
BFSTREE 89.48 87.63 89.52 89.48 87.87 91.28 84.82 78.57 86.96 8536 78.89  87.31 90.66 86.76
RFE 89.49 87.35 89.56 89.49 87.11 90.92 84.59 77.59 86.61 84.88 7835  86.64 93.30 86.61

Mean | 74.53 74.76 77.00 74.45 68.35 73.50 76.23 68.33 76.69 74.84  66.34  78.58 77.07 |

TABLE 8. R@5 values.

Specification \ Descriptor
Dataset UDL Baseline BAS DFT DWT DWT ROCKET GAF MTF RP GAF MTF RP Moment | Mean
Approx.  Detail ResNet ResNet ResNet ViT ViT ViT

No re-rank 23.61* 22,78  23.75* 23.61* 25.00* 16.81 20.83 17.08 20.28 21.53 1847  23.75* 22.64* 21.55
« LHRR 22.08 21.39 22.08 21.94 24.72* 16.25 20.28 16.53 19.86 21.39  21.94*  25.00* 22.08* 21.19
& RDPAC 23.75* 21.81 23.89* 23.75* 24.86* 14.72 20.28 17.22 21.25 21.53 20.97 25.42 24.17* 21.82
al BFSTREE 23.06* 20.69  22.92* 22.78* 23.89* 15.00 20.42 16.53 19.72 21.11 21.39 2417 22.36* 21.08
RFE 21.94 21.11 21.81* 22.22* 24.58* 14.44 20.83 17.36 18.61 21.81*  22.50*  24.03* 23.06* 21.10
No re-rank 1.59 1.44 1.61 1.61 0.79 1.61 1.48 1.43 1.55 1.36 1.30 1.48 1.61 1.45
& LHRR 1.61 1.56 1.61 1.61 1.05 1.61 1.47 145 1.55 1.38 1.30 1.51 1.61 1.49
=3 RDPAC 1.61 1.56 1.61 1.61 0.97 1.61 1.49 145 1.55 1.38 1.30 1.50 1.61 1.48
© BFSTREE 1.61 1.55 1.61 1.61 1.06 1.61 1.48 145 1.54 1.37 1.28 1.50 1.61 1.48
RFE 1.61 1.55 1.61 1.61 1.04 1.61 1.48 145 1.54 1.36 1.28 1.49 1.61 1.48
No re-rank 4.65 4.53 4.66 4.66 4.55 4.73 4.94* 443 4.99 4.90* 4.07 4.96* 4.89 4.69
5 LHRR 4.67 4.50 4.70 4.69 4.57 4.66 4.98* 4.35 4.99 4.94* 4.13 4.96* 4.88 4.70
if RDPAC 4.62 4.45 4.63 4.64 4.63 4.73 4.96* 4.37 4.99 4.96* 4.06 4.99 4.89 4.69
& BFSTREE 4.61 451 4.65 4.64 4.63 4.69 4.97* 432 4.97* 4.97* 4.06 4.97* 4.86 4.68
RFE 4.64 451 4.64 4.65 4.58 4.72 4.90* 4.38 4.98* 4.93* 4.12 4.93* 4.88 4.68
No re-rank 24.70 25.35 25.36 24.70 25.18 21.81 23.66 22.01 24.47 23.76 23.10 23.81 21.53 23.80
- LHRR 23.36 28.06*  26.01* 23.36 28.39 18.65 24.73* 23.55 23.33 24.93* 21.76 23.81 20.57 23.95
S RDPAC 23.97 27.50*  25.81* 23.97 28.11* 20.27 23.37 23.25 23.18 24.42 23.34 24.20 20.80 24.03
i BFSTREE 24.09 28.06*  25.25* 24.09 27.28* 20.24 23.70* 23.30 23.46 24.39* 22.84 24.20 21.91 24.00
RFE 23.97 28.12*  25.61* 23.97 27.48* 20.46 25.14* 22.23 23.24 23.83 21.08 23.34 20.62 23.94
No re-rank 0.17 0.16 0.17 0.17 0.14 0.20 0.21 0.19 0.21 0.20 0.19 0.21 00.19 0.19
N LHRR 0.17 0.17 0.17 0.17 0.15 0.19 0.21 0.19 0.21 0.20 0.19 0.21 00.19 0.19
g RDPAC 0.17 0.17 0.17 0.17 0.15 0.19 0.21 0.19 0.21 0.20 0.19 0.21 00.19 0.19
& BFSTREE 0.17 0.17 0.17 0.17 0.15 0.19 0.21 0.19 0.21 0.20 0.19 0.21 00.19 0.19
RFE 0.17 0.17 0.17 0.17 0.15 0.19 0.21 0.19 0.21 0.20 0.19 0.21 00.19 0.19
No re-rank 0.28 0.28 0.28 0.28 0.27 0.29 0.27 0.25 0.27 0.27 0.25 0.27 00.28* 0.27
- LHRR 0.28 0.28 0.28 0.28 0.28 0.29 0.27 0.25 0.27 0.27 0.25 0.27 00.28* 0.27
£°0 RDPAC 0.28 0.28 0.28 0.28 0.28 0.29 0.27 0.25 0.28 0.27 0.25 0.28 00.28* 0.27
BFSTREE 0.28 0.28 0.28 0.28 0.28 0.29 0.27 0.25 0.28 0.27 0.25 0.28 00.29 0.27
RFE 0.28 0.28 0.28 0.28 0.28 0.29 0.27 0.25 0.27 0.27 0.25 0.27 00.28* 0.27

Mean | 893 9.24 9.20 8.93 9.65 7.09 8.59 7.68 841 875 822 9.22 850 |

and re-ranking methods led to superior results for all datasets. RP + ResNet-152 feature extraction and RDPAC for the
In general, the best average results were associated with re-ranking approach. Still, these results suggest that their
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TABLE 9. R@10 values.

Specification | Descriptor
Dataset UDL Baseline BAS DFT DWT DWT  ROCKET GAF MTF RP GAF MTF RP Moment | Mean
Approx.  Detail ResNet ResNet ResNet ViT ViT ViT

No re-rank 35.97* 3444 3597 35.97* 35.42 22.92 29.03 25.97 27.92 30.69 27718  35.69* 33.47 31.63

“ LHRR 35.14 33.47 35.00 35.14 39.44* 23.47 29.44 24.72 28.61 32.08 3250 40.14* 36.94 32.78
& RDPAC 36.67* 33.61 36.94* 36.94¢ 40.42* 22.08 28.89 26.53 28.19 31.94 2792 41.11 36.53 32.90
Q BFSTREE 36.25* 3236  36.11* 36.25* 39.86* 22.50 31.53 24.58 28.89 31.39  32.08 38.89* 36.25 32.84
RFE 34.86 32.92 34.72 34.44 40.28* 21.39 28.75 23.47 27.64 3236 3278 39.31* 40.14* 32.54

No re-rank 3.14 2.76 3.21* 3.21* 1.37 3.20 2.84 2.73 3.04 2.55 2.37 2.83 3.20 2.80

o LHRR 3.22* 3.09 3.22* 3.22* 1.90 3.21* 2.88 2.79 3.05 2.61 2.41 291 3.22 2.90
Cn RDPAC 3.22* 3.10* 3.23 3.22* 1.67 3.22* 2.90 2.81 3.08 2.61 2.43 2.93 3.22 2.90
BFSTREE 3.23 3.08 3.23 3.22* 1.93 3.22* 2.87 2.78 3.04 2.58 2.39 2.90 3.22 2.90

RFE 3.23 3.07 3.22* 3.22* 1.87 3.22* 2.85 2.76 3.03 2.57 2.34 2.86 3.22 2.88

No re-rank 8.72 8.55 8.73 8.74 8.68 8.88 9.74 8.38 9.89* 9.64 7.51 9.83* 9.63 8.99

6:5 LHRR 8.88 8.48 8.88 8.90 8.95 9.00 9.89* 8.40 9.96* 9.85* 7.67 9.84* 9.64 9.10
< RDPAC 8.88 8.52 8.82 8.80 8.96 9.16 9.87* 8.39 9.97 9.93* 7.68 9.96* 9.68 9.13
o BFSTREE 8.89 8.57 8.92 8.90 9.15 9.07 9.89* 8.40 9.95* 9.89* 7.59 9.85* 9.61 9.13
RFE 8.85 8.43 8.89 8.91 8.95 9.06 9.53 8.35 9.89* 9.85* 7.46 9.69 9.62 9.04

No re-rank 35.03 38.88 42.27 35.03 36.28 31.21 38.98 35.75 40.18 36.57 3598  40.01 34.10 36.94

" LHRR 33.46 52.52*  47.17* 33.46 53.94 31.22 41.82 38.68 39.95 38.18 37.31 43.19 34.62 40.43
S RDPAC 33.67 50.23  44.52* 33.67 52.02* 30.56 39.12 38.94 40.01 37.82 3935 4221 34.51 39.74
~ BFSTREE 34.73 52.08*  45.23* 34.73 51.96 30.87 41.19 40.21 39.64 3773 38.00  42.69 35.15 40.33
RFE 33.99 51.00%  44.03* 33.99 46.21 31.32 41.82 35.35 38.51 3778 3549 4272 33.10 38.87

No re-rank 0.30 0.28 0.29 0.30 0.23 0.36 0.39 0.36 0.39 0.38 0.35 0.39 00.35 0.34

N LHRR 0.31 0.30 0.31 0.30 0.26 0.35 0.39 0.35 0.39 0.38 0.35 0.39 00.35 0.34
g RDPAC 0.31 0.29 0.30 0.30 0.25 0.35 0.39 0.35 0.39 0.38 0.34 0.39 00.34 0.34
~ BFSTREE 0.31 0.29 0.31 0.31 0.25 0.36 0.39 0.35 0.39 0.38 0.35 0.39 00.35 0.34
RFE 0.30 0.29 0.31 0.31 0.26 0.35 0.39 0.35 0.39 0.38 0.35 0.39 00.34 0.34

No re-rank 0.54 0.52 0.54 0.54 0.50 0.55* 0.51 0.46 0.52 0.51 0.47 0.52 00.55 0.52

. LHRR 0.54 0.53 0.54 0.54 0.53 0.55* 0.52 0.48 0.53 0.52 0.48 0.53 00.55 0.52
SZE‘O RDPAC 0.54 0.53 0.54 0.54 0.53 0.56 0.52 0.48 0.53 0.52 0.48 0.53 00.55 0.53
BFSTREE 0.54 0.53 0.54 0.54 0.53 0.56 0.52 0.48 0.53 0.52 0.48 0.53 00.55 0.53

RFE 0.54 0.53 0.54 0.54 0.53 0.55* 0.51 0.47 0.53 0.52 0.48 0.53 00.55 0.52

Mean | 1381 15.77 15.55 13.81 16.44 11.11 13.95 12.47 13.63 13.77  13.11 15.81 14.12 |

selection is application-dependent. Also, the application
of different feature extractors, distance measures, and re-
ranking approaches is possible, following the same proposed
workflow.

Future work involves investigating aggregation methods
for ranking and correlation analysis. The starting point will
be the selection of the most promising methods, based on the
comparison presented in this work, and aggregation methods
associated with re-ranking formulations [31], [34], [58].
Another research direction relies on the use of optimization
or learning methods to automatically discover the best
combination of descriptors and re-ranking methods, where
also automatic parameter tuning or adaptive heuristics for
parameter selection would be suitable in this scenario. The
Genetic Programming framework investigated in [76] is
a promising starting point. Investigating the use of other
layers’ output of neural networks for feature extraction in
GAF, MTF, and RP images seems a promising approach.
Also, optimizations regarding each step of the pipeline
could also be performed, considering efficiency and scala-
bility concerns. Dimensionality reduction techniques, e.g.,
UMAP [77], can be employed in the high-dimensional
features, not only mitigating the curse of dimensionality but
also allowing faster computations regarding the next steps
of the pipeline. The employed manifold learning algorithms
work with both distance matrices and pre-computed rankings,
and the use of indexing techniques has been employed
previously in this scenario [78]. Integrating efficient indexing
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structures, such as Ball Trees [79] and HNSW [80], would
reduce the cost of the nearest neighbor search. Finally,
parallelization techniques and GPU-based implementations
would also further enhance the efficiency of the pipeline,
as demonstrated in [41], [81], and [82]. These optimizations,
paired with sliding windows with pre-filtering [83], buffering
schemes [84], or asynchronous re-ranking approaches [85]
are fundamental to maintain low latency in real time
systems. Also, as explored in this work, diverse graph
formulations were explored in search tasks [31], [34], [60].
Graph Neural Networks (GNNs) are powerful tools that
can capture higher-order structural relationships, complex
patterns, and interdependencies between nodes [86]. Their
application to time series data has been promising in diverse
scenarios [87]. GNNs could enhance our framework by
improving data representation, considering both the distances
between neighbors and the intrinsic structure of the graph,
as well as GNN-based retrieval. Exploring information
such as heterophily in graphs could also enhance retrieval
results, since many methods assume the homogeneity of a
neighborhood [88].

APPENDIX

SUPPLEMENTARY MATERIAL

Tables 6, 7, 8, and 9 present the average values of Preci-
sion@5 (P@5), Precision@10 (P@10), Recall@5 (R@5),
and Recall@10 (R@10), respectively. The same methodol-
ogy adopted for the computation of Table 4 was utilized.
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It is possible to observe that the results between P@5,
P@10, R@5, and R@10 are similar to each other, i.c.,
the best-performing scores are observed for the same
combinations of representations and re-ranking methods.
The results, however, are different from those presented in
Table 4, which suggests that the definition of the metric for
determining the best-performing combination is important.
For the Beef dataset, the best results were observed for RP-
ViT combined with RDPAC (the highest gains are observed
from the combination with MTF-ViT and RFE in the first five
positions of the ranked list, while for ten positions, Moment
with RFE stands). For the CBF dataset, the best results were
observed for the Baseline and DFT, considering various re-
ranking methods, and for R@5, also DWT-App, Moment, and
ROCKET (the highest gains were observed in DWT-Detail
with BESTREE). The best results were RP-ResNet152 for the
GunPoint dataset, considering diverse re-ranking methods.
In Table 8, we can also observe a highlight in RP-ViT
associated with RDPAC (the highest gains were observed
in DWT-detail with BFSTREE, also considering RDPAC
when analyzing P@5 and R@5). In Table 4, it is possible
to observe that RP-ResNet152 performed well. Results on
the Rock dataset were similar, considering precision, recall,
and mAP values, in which the best results and highest
gains were observed for the combination of DWT-Detail and
LHRR. On Electric Devices, the best overall results were
observed for GAF-ResNet152, and for Recall results, also on
RP-ResNet152 and RP-ViT (highest gains observed on DWT-
Detail). The best results for the Yoga dataset were observed
for the ROCKET descriptor (the highest gains were observed
for DWT-Detail and, for R@35, also on RP-ResNet152 and
RP-ViT).

Frequently, DWT-Detail is associated with the highest
gains. For precision results (Tables 6 and 7), the feature with
the highest values, in general, was RP-ViT, while the best re-
rank method was LHRR for P@5 and BFSTREE for P@10.
For recall (Tables 8 and 9), DWT-Detail also arises as the
feature with the highest values. RDPAC led to the best general
re-ranking results, as in mAP. For R@35, also positive results
were observed for LHRR, and, for R@10, BFSTREE.
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