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Abstract—Learning discriminative yet interpretable features
remains a challenge in time series classification (TSC). Unlike
traditional methods that rely on fixed hand-crafted features or
deep neural network methods that lack interpretability, this
paper proposes a strongly typed genetic programming approach
to learning discriminative and interpretable features in TSC.
Specifically, a new program structure is introduced, comprising
three layers: domain transformation, feature extraction, and
feature concatenation. The layered design enforces an explicit
order of operations that mimics human expert logic, while still
permitting flexible compositions. This enables the evolutionary
search to learn discriminative representations tailored to the
specific data. Experiments on 31 UCR datasets demonstrate the
effectiveness of the learned features. In addition, visualisation
of the evolved programs highlights the interpretability of the
resulting solutions.

Index Terms—genetic programming, feature learning, classifi-
cation

I. INTRODUCTION

Time series data, which record dynamic variations over
continuous time intervals, have become increasingly prevalent
with the rapid proliferation of digital services, and Internet
of Things (IoT) devices. Downstream time series analysis
tasks include classification [1], clustering [2], forecasting [3],
anomaly detection [4]. Among these, time series classification
(TSC) has been widely used in real-world applications such as
smart healthcare [5] and industrial monitoring [6]. However,
the complexity of real-world time series data, together with
the increasing demand for interpretability, poses substantial
challenges. As a result, considerable effort has been devoted
to developing effective TSC methods. Representative cate-
gories include distance-based approaches [7], which measure
pairwise similarity between time series using elastic distance
functions; shapelet-based approaches [8], which identify class-
discriminative subsequences and classify a series based on
how well it matches these local patterns; and feature-based
approaches [9], which learn a set of discriminative features
guided by an explicit objective function for classification.
Given the inherent potential for interpretability in feature-
based methods, this paper focuses on feature-based TSC.

An important branch of feature-based TSC relies on do-
main expertise to design and extract hand-crafted features.
These approaches typically extract a comprehensive set of
predefined properties, such as statistical moments (e.g., mean,

variance), shape descriptors (e.g., slopes), or autocorrelation
features, to summarize the raw series [9]. A key advantage
of such methods lies in their high interpretability. This is
particularly important in decision-critical domains such as
healthcare and finance, where practitioners need to understand
why a prediction is made and assess whether it is trustworthy
[10]. However, applying the exact same set of predefined
features across different datasets restricts the flexibility of the
learned representations. Recent advancements in feature-based
methods have shifted from traditional hand-crafted feature
engineering to neural-network-based representation learning
[11]. A common paradigm is to pre-train a neural network
encoder with a self-supervised objective to obtain class-
discriminative representations, and then adapt it to the down-
stream classification task by attaching a classifier head and
optimizing the model with supervised learning [12]. Owing
to their large parameter space, these approaches are often
more effective for modelling complex data, as they can learn
flexible representations that vary across datasets. However,
these approaches face significant limitations. The inherent
black-box nature of deep neural networks means that the
learned features lack interpretability, offering little insight into
the underlying decision-amking process [13].

Strongly typed genetic programming (STGP), originally
proposed by Montana [14], is an enhanced variation of stan-
dard genetic programming GP that introduces type constraints
into the evolutionary process. STGP provides a promising
alternative to learn flexible features for classification by auto-
matically evolving tree-structured programs. In stark contrast
to the black-box nature of deep neural networks, STGP of-
fers potentially interpretable solutions through its tree-based
representation, allowing practitioners to explicitly inspect and
understand the learned features [15]. Recent STGP-based
feature learning studies demonstrate the effectiveness of such
structured representations across diverse domains, including
image classification [16], multimodal learning [17], and indus-
trial fault diagnosis [18]. The achievements in these domains
demonstrate that STGP is capable of learning features that are
not only discriminative but also interpretable. However, to the
best of our knowledge, STGP-based feature learning methods
specifically designed for general time series classification
remain very limited. Accordingly, this work investigates the
potential of STGP to learn effective and interpretable features



for TSC. The objectives of this study are summarised as
follows:

o Develop a STGP-based program structure for TSC, en-
abling evolutionary search to determine how to transform
input time series data into discriminative features.

o Investigate the performance of the evolved features by
coupling them with a classifier and comparing with other
methods.

o Visualise the evolved feature learning program to demon-
strate the interpretability of the solution and gain insights
into the decision-making process.

The rest of this article is organized as follows. Section II
reviews related work on feature-based TSC methods. Section
IIT presents the proposed STGP method and introduces the
proposed program structure. Section IV describes the experi-
mental design, and Section V reports the experimental results.
Finally, Section VI concludes the paper and outlines future
directions.

II. RELATED WORK

Feature-based TSC methods aim to map an input time series
to a discriminative feature vector, which can improve the
performance of downstream classifier.

An important line of research relies on domain knowledge
to design and extract hand-crafted features. A representative
example is Catch22 [9], which distils a compact set of
22 features from thousands of candidate features through a
data-driven selection process. These features capture diverse
dynamical properties, such as autocorrelation structure and
distributional statistics, while remaining minimally redundant
and maintaining strong classification performance. Another
widely used approach is TSFEL [19], which computes more
than 60 features spanning temporal, statistical, and spectral
domains. Despite their interpretability and ease of use, hand-
crafted feature extraction methods are inherently limited by
the fixed nature of predefined feature sets. Applying the same
transformations across datasets can restrict representational
flexibility and may fail to capture complex, dataset-specific
information. This motivates adaptive approaches that construct
task-specific features rather than relying on a static, manually
designed feature set.

More recently, feature-based TSC has increasingly shifted
toward deep neural networks. Han et al. [12] propose a
masked time series modeling method called CBD, which
augments the standard temporal reconstruction decoder with
an auxiliary frequency decoder to explicitly address feature
homogenization and spectral energy imbalance during rep-
resentation learning. Roschmann et al. [20] propose an ap-
proach called TiViT, which transforms time series data into
2D image-like representations and repurposes large pretrained
vision transformers as frozen feature extractors. The hidden-
layer representations are then used to train a lightweight
classifier for TSC. Although these deep feature learners are
highly flexible and often achieve strong accuracy, their learned
representations are typically difficult to interpret, motivating

Algorithm 1: Overall Framework of the Proposed GP
Method

Input: Training dataset Diyqiy, Population size m, Maximum
generations (G, Tournament size 7, Elitism rate pe, Crossover
rate pe, Mutation rate p, .
Output: The best feature learning program Indpes;.
1 Py < Initialize population using ramped half-and-half strategy
under structural constraints;
2 Evaluate fitness of all individuals in FPy;
3 Indpest < Best individual in Pp;
4 for g=1to G do
Ne < |pe - m];
Pejites < Select ne individuals from Py_1 via elitism;
Pparents <+ Select parents from Py 1 using tournament
selection (size 7);
8 Pyt tspring <+ Generate offspring by performing crossover and
mutation operators on Ppgrents according to the predefined
probabilities p. and pn,;
9 Py FIjelv',itesUpoffspringﬁ
10 Evaluate fitness of all individuals in Pg;
11 | Update Indpyes; if a better individual is found;

N W

12 return Indpes:;

alternative approaches that can learn adaptive yet interpreteble
features.

III. PROPOSED APPROACH
A. Algorithm Overview

The overall framework of the STGP-based method is sum-
marised in Algorithm 1. Lines 1 corresponds to the population
initialization, where m strongly typed GP trees are generated
using the ramped half-and-half strategy [21]. Each individual
is constrained by the designed program structure (see Section
III-B). Lines 2 and 10 correspond to the fitness evaluation
stage, which provides the feedback signal for guiding the evo-
lutionary search (details are given in Section III-D). In line 6,
elitism carries the best n. individuals into the next generation,
which helps prevent the search from moving toward worse
solutions. In Line 7, the parent selection step chooses a set of
high-quality individuals from the current population to serve as
parents to generate offspring for the next generation. We adopt
tournament selection, a simple and widely used operator in GP.
An important benefit of tournament selection is that it relies
on local competition rather than a full population ranking. As
a result, individuals that are not the best overall can still be
selected if they perform well within a tournament, helping
preserve diversity of population. Using the selected parents,
crossover and mutation are applied to create the remaining
individuals of the population for the next generation according
to predefined probabilities (line 8). All operations strictly
follow the constraints used during population initialization.

B. New Program Structure

Fig. 1 illustrates the proposed strongly typed GP program
structure for feature learning in TSC. Each individual is a type-
safe program tree that maps an input time series to a feature
vector. Excluding the input and output layers, the structure
comprises three functional layers: domain transform, feature
extraction, and feature concatenation. This imposes a fixed



[ Output Layer ]

I

l Feature Concatenation ‘

I

{ Feature Extraction ‘

Series Series

Input Series

Fig. 1: Illustration of the proposed program structure and an
example evolved program. An input time series is mapped
to an alternative representation through the domain transform
layer. The feature extraction layer subsequently derives a
feature vector from the input series. Finally, the concatenation
layer combines multiple feature vectors into a single output
feature vector.

order on the feature learning operations to ensure the logical
validity of evolved programs.

The proposed structure begins with the domain transform
layer. Given a raw time series, this layer allows for a trans-
formation into an alternative domain prior to feature extrac-
tion. While time domain representations are intuitive, salient
class-discriminative patterns often manifest more clearly in
alternative domains, such as the frequency domain [22] or
the differencing domain [23]. Since discriminative information
may be better captured in the time domain for certain tasks,
this layer is designed to be optional.

The subsequent feature extraction layer serves as the core
engine for pattern discovery. As shown in Fig. 2, the extraction
operators slide a window along the series and aggregate the
resulting measurements to capture information. Importantly,
this layer is designed to be applied iteratively, thereby enabling
evolved programs to capture richer information. For instance,
in the right branch of the example program in Fig. 1, the model
first extracts a slope-based shape feature vector from the input
series, and then re-applies the extraction layer to compute a
sliding mean over this vector, yielding a higher-level summary
of local slope behaviour within each window. Details of the
optional functions in this layer are provided in Section III-C.

The final feature vector is combined by the feature con-
catenation layer, which concatenates outputs from multiple
branches to capture complementary views of the input (e.g.,
different domains, or different extraction methods). This layer
provides a structured mechanism for building richer represen-
tations than any single branch can offer, while keeping the
construction process explicit and traceable.

C. Function Set & Terminal Set

All functions used in the proposed method, together with
their input types, output types, and brief descriptions, are
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Fig. 2: Tllustration of the sliding feature extraction process.

summarised in Table 1.

The domain transform layer provides optional operators that
convert the processed series into alternative representations.
The Difference function applies first-order differencing, em-
phasising local changes and dynamic transitions. The FFT
function transforms the time domain series into the frequency
domain via the fast fourier transform and outputs the magni-
tude spectrum to capture periodic behaviour.

The feature extraction functions derive a feature vector from
the input series or vector using a sliding-window mechanism
governed by the terminal lyinqow- The function Mean, Me-
dian, Max, and Min describe basic statistical properties of
the series. The operators Std (standard deviation) and IQR
(interquartile range) quantify dispersion. In addition, Slope
provides information about local trends and shape patterns.

The feature concatenation layer combines outputs from
multiple feature learning branches. Specifically, Root2, Root3,
and Root4 concatenate 2/3/4 feature vectors, respectively,
while RootH concatenates a feature vector with the output
feature vector of Root2, Root3 or Root4.

The terminal fyingow is used to control the sliding-window
length of feature extraction function, allowing evolution to
automatically select a suitable scale for the processed series
or vector. Its search range is set from 2 to half of the length
of the processed series or vector.

D. Fitness Evaluation

To improve generalisation of the learned features, we eval-
uate each GP individual using k-fold cross-validation. For a
given candidate program, we first transform every training
series into a feature vector. The resulting feature set is then
divided into k folds. Each fold is used as the test set while
the remaining k — 1 folds are used for training an extremely
randomized trees classifier [24]. This process is repeated k
times so that each fold has exact one chance to be used
for the test set. The fitness of an individual is defined as
the average classification accuracy on the test set over the
k rounds. Following common practice in GP-based feature
learning, we set kK = 5 [16].



TABLE I: Function Set of the Proposed Method

Layer Function Input Output | Description
Difference | Series Series Computes the first-order difference of the series.
Domain Transform FFT Series Series Computes the magnitude spectrum using FFT.
Mean Series/Vector, £yindow Vector Average value via sliding window.
Std Series/Vector, £yindow Vector Standard deviation via sliding window.
Min Series/Vector, Cyindow Vector Minimum value via sliding window.
Max Series/Vector, £yindow Vector Maximum value via sliding window.
Feature Extraction Median Series/Vector, Cyindow Vector Median value via sliding window.
IQR Series/Vector, Cyindow Vector Interquartile range via sliding window.
Slope Series/Vector, Cyindow Vector Linear slope via sliding window.
RootH Root2/3/4, Vector Vector Concatenates a new feature vector and the output
. feature vector of Root 2, Root 3 or Root 4.
Feature Concatenation Root2 Vector, Vector Vector Concatenates two feature vectors.
Root3 Vector, Vector, Vector Vector Concatenates three feature vectors.
Root4 Vector, Vector, Vector, Vector | Vector Concatenates four feature vectors.
IV. EXPERIMENT DESIGN TABLE II: Summary of the Datasets
A. Datasets D Dataset Classes  Samples  Length
In the experiments, 31 time series datasets from the UCR D1 ACSFI1 10 200 1460
Archive [25] is used, with detailed information reported in gg 5 d%‘;?fk g ig ‘S‘Zg
1T 1CKen
Table II. The nu.mber of classes ranges from 2 to 15, the D4 CBF 3 930 128
total number of instances ranges from 40 to 4307, and the D5 Chlorine. 3 4307 166
time series length ranges from 60 to 2000. These datasets D6 CinCECGTorso 4 1420 1639
. .. . D7 Coffee 2 56 286
cover diverse application scenarios (e.g., sensor measurements, D8 ECG200 2 200 %
motion/gesture recognition, and biomedical signals), providing D9 FacesUCR 14 2250 131
a broad testbed for assessing the effectiveness of the learned B}? gunlfo_iml\/j[gl& é jg } }gg
.. .. unPointMale.
features. Al! the datas.ets have beeq split into tralnlgg and test D12 GunPointOld. 5 451 150
set. The training set is used to guide feature learning and to D13 HouseTwenty 2 159 2000
train the classifier, while the test set is used to evaluate the final D14 InsectEPGR. 3 311 601
. . D15 InsectEPGS. 3 266 601
performance of the feature learning program together with the D16 Lightning? > 121 637
classifier. D17 Mallat 8 2400 1024
. D18 MiddlePha. 3 554 80
B. Comparison Methods D19 OliveOil 4 60 570
To demonstrate the effectiveness of the d GP-based D20 ProximalCo. 2 891 80
Propose ase D21 Refri 3 750 720
feature learning method, comparisons are conducted against D22 ScreenType 3 750 720
three categories of baselines. D23 SemgHandG. 2 900 1500
The first category consists of traditional classifiers applied D24 SemgHands. 5 900 1500
di 1 h . ies d E idel d del D25 SmallKit. 3 750 720
rectly t.o the raw time series data. Qur widely use .mo els D26 SwedishLeaf 15 1125 128
are considered: support vector machine (SVM), logistic re- D27 Symbols 6 1020 398
gression (LR), random forest (RF), and extremely randomized Big SyntheticControl 288 26705
. race
trees (ET). The configurations of SVM and LR follow those D30 UMD 3 180 150
in [26]. For RF and ET, the number of trees is set to 300. D31 Yoga 2 3300 426

The second category is designed to isolate the benefit of
evolutionary search. Specifically, the same sliding-window
extraction adopted in the proposed method is applied to
compute a fixed set of predefined features from each series.
An ET classifier is then trained on the transformed training
set and evaluated on the transformed test set. This category
comprises seven methods: Mean+ET, Std+ET, Median+ET,
Igr+ET, Min+ET, Max+ET, and Slope+ET. ET is chosen as the
classifier to ensure a fair comparison, since it is also used in the
proposed method. Comparing these with GP-evolved features
helps assess whether evolutionary search yields additional
gains beyond individual hand-crafted operators.

The third category includes three feature-based TSC ap-
proaches, selected to provide strong baselines. The first is

Catch22 [9], which extracts a set of pre-defined time series
characteristics. As Catch22 does not prescribe a specific clas-
sifier in the paper, ET with 300 trees is adopted for consistency.
The second baseline is PWFTS [27], which is based on a fuzzy
probabilistic representation. Its evaluation follows the protocol
in the original paper, including the random forest classifier
reported therein. The third approach is CBD [12], which is
based on deep neural networks and is evaluated using the fine-
tuning protocol described in its paper.



TABLE III: Parameter Settings of the Proposed GP Method

Parameter Value Parameter Value
Maximal number of generations 50 Crossover Rate 0.80

Population Size 100 Mutation Rate 0.19

Tournament Size 3 Elitism Rate 0.01

Tree Minimum Depth 2 Tree Maximum Depth 5

TABLE IV: Overall comparison on the 31 UCR datasets

Method Avg. Rank  #Top-1 #Top-3  Proposed vs. Baselines
SVM 10.06 3 6 25(+4)/2(~)/4(-)
LR 8.87 5 7 24(4)/3(~)/4(—)
RF 7.19 3 5 23(+)/7(~)/1(—)
ET 5.87 3 5 21(4+)/9(~)/1(—=)

Mean+ET 8.84 3 3 27(4)/3(~)/1(-)
Std+ET 6.87 3 8 24(4)/3(~)/4(—)

Median+ET 8.42 4 5 24(+4)/4(~)/3(-)
Iqr+ET 8.97 1 2 26(+)/5(~)/0(-)

Min+ET 10.74 2 3 27(4)/4(~)/0(—)

Max+ET 7.68 4 6 24(+)/4(~)/3(=)

Slope+ET 761 1 4 25(+)/4(~)/2(-)

Catch22 5.87 7 13 21(+)/5(~)/5(-)

PWFTS 429 9 19 15(4)/3(~)/13(=)
CBD 3.52 9 16 15(4)/6(~)/10(=)

Proposed 3.16 5 23 -

C. GP Settings

The GP settings of the proposed method are summarised in
Table III. Considering the stochastic nature of evolution, 30
independent runs are performed, and the mean performance is
reported as the final result.

V. RESULTS AND ANALYSIS
A. Overall Comparison

Table IV provides an overall comparison of all methods on
the 31 UCR datasets using three indicators. Avg. Rank denotes
the average ranking of a method across all datasets. Specif-
ically, on each individual dataset, methods are ranked based
on their mean test accuracy, and these ranks are subsequently
averaged across the 31 datasets. #Top-1 and #Top-3 denote
the numbers of datasets on which a method attains the best
and top-three performance, respectively. z(+)/y(~)/z(—) in-
dicate the numbers of datasets where the proposed method
is significantly better than, similar to, or significantly worse
than the corresponding method, respectively, according to the
Wilcoxon rank-sum test at the 5% significance level.

Overall, the proposed method achieves the best average
rank (3.16) among all compared methods and attains the
largest Top-3 count (23). Compared with ET, the proposed
method achieves a better average rank and is significantly
better than ET on 21 datasets and worse on only 1 dataset.
This indicates that the learned features can provide consistent
gains for the ET classifier. In addition, the proposed method
also performs favourably against baselines that rely on a
single fixed extraction operator, suggesting that evolutionary
composition of operators offers additional modelling capacity
beyond any individual hand-crafted operator.

| | | — "
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Fig. 3: Ablation on the domain transform layer across the
31 aforementioned UCR datasets. The bar chart reports the
accuracy difference A = Proposed — w/o transform for each
dataset, sorted in descending order. Positive values indicate
that the domain transform layer improves performance.

B. Ablation on the Domain Transform Layer

To quantify the contribution of the domain transform layer,
an ablation study is conducted by removing this layer and
forcing all feature extraction operators to act directly on the
time-domain (w/o transform). Fig. 3 reports the per-dataset
comparison on 31 datasets. The full method attains higher
accuracy on 19 out of 31 datasets, with several showing
clear gains when the transform layer is enabled. For example,
the performance of BirdChicken (D3) and Symbols (D27)
are improved by 10 and 7.97 percentage points, respectively.
These results suggest that mapping the raw series into alterna-
tive domains can make salient class-discriminative information
easier to capture, which then benefits subsequent operators. In
contrast, the full method performs worse on 10 datasets, likely
because the time-domain representation is already sufficient
for these problems and additional transforms may obscure
discriminative information. Moreover, the performance drops
are generally modest, with only two datasets declining by more
than 2 percentage points.

C. Evolved Program Analysis

An evolved program from FacesUCR dataset is used for
further analysis to illustrate how discriminative features are
learned. Fig. 4 visualises the corresponding program tree,
which follows the layered design in Section III-B. This pro-
gram adopts Root3, yielding three feature learning branches.
The left and middle branches perform feature extraction di-
rectly on the raw series: the left applies Std followed by
Min, whereas the middle applies only Min. The right branch
operates on a frequency-domain representation and applies the
Mean operator. Across these branches, four distinct sliding-
window lengths (9, 17, 43, and 51) are used to capture
information at multiple scales. Such a branched composition
increases the diversity of the learned features while preserving
the interpretability of the evolved program. When the resulting
features are fed into the ET classifier, the test accuracy reaches
89.22%, compared with 83.39% when ET is applied directly
to the raw series.

VI. CONCLUSIONS

The goal of this paper is to develop a new STGP-based
feature learning method for TSC, which has been success-
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Fig. 4: An example evolved program on FacesUCR.

fully achieved by proposing a strongly typed GP framework
with a novel layered program structure. Experiments on 31
datasets from the UCR Archive demonstrate the effectiveness
of the proposed approach. Our method achieves the best
average rank of 3.16 against fourteen baselines. Notably, the
proposed method significantly outperform the ET classifier
on 21 datasets, confirming that the evolved features provide
substantial additional discriminative power. The ablation study
also validate the contribution of the domain transform layer in
capturing salient patterns that are difficult to detect in the raw
time domain. Beyond accuracy, a key advantage of our method
lies in its interpretability. The evolved program trees allow
practitioners to explicitly trace and understand the decision-
making process.

Although this study demonstrates the potential of STGP for
feature learning in TSC, there remains substantial room for
further research. One direction is to extend the function set in
the feature extraction layer. Shape-related characteristics are
crucial for TSC, yet the current implementation includes only a
simple slope operator for capturing shape information. Another
direction is to improve robustness to the noise segments that
commonly occur in real-world time series data.
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