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 A B S T R A C T

The increasing availability of large-scale time series datasets from modern astronomical surveys, such as 
those provided by Gaia and the forthcoming Legacy Survey of Space and Time (LSST) to be conducted with 
the Simonyi Survey Telescope at the Vera C. Rubin Observatory, is transforming time-domain astrophysics, 
enabling the systematic study of variable and transient phenomena across billions of sources. However, the 
sheer volume and heterogeneity of these data present significant challenges for traditional analysis techniques. 
Feature-based representations have emerged as a powerful solution, allowing the application of machine 
learning methods for efficient characterization and classification of astrophysical sources, including the reliable 
identification of Active Galactic Nuclei (AGNs). In this work, we introduce a general-purpose methodology 
for anomaly detection in time series data that transfers this feature engineering framework to the financial 
domain, where time series display complexities, such as noise and irregular patterns, closely resembling those 
in astrophysics. By combining domain-informed features with unsupervised algorithms (specifically Isolation 
Forests and Autoencoders), our approach effectively detects anomalous time series relative to the sample 
studied, demonstrating strong performance and highlighting its cross-domain transferability. Moreover, we 
propose an extension based on adaptive temporal windows to localize anomalies at a finer temporal resolution, 
further enhancing detection capabilities. Finally, we discuss the potential for reapplying this adaptive strategy 
to astrophysical time series, aiming to improve the identification of rare or unexpected behaviors in future 
studies.
. Introduction

The current landscape of time-domain astrophysics is shaped by the 
ncreasing availability of large-scale time series datasets produced by 
odern surveys, such as those provided by Gaia (Prusti et al., 2016), 
he Zwicky Transient Facility (ZTF, Bellm et al., 2018) or the forth-
oming Legacy Survey of Space and Time (LSST) to be conducted with 
he Simonyi Survey Telescope at the Vera C. Rubin Observatory (abe; 
vezić et al., 2019), all in the optical bands. Other surveys, such as 
he High Time Resolution Universe (HTRU; Keith et al. 2010) and 
he MPIfR-MeerKAT Galactic Plane Survey (MMGPS; Padmanabh et al.
023), explore the radio band. These surveys systematically moni-
or the sky over extended periods, producing billions of light curves 
hat encode the temporal evolution of a wide variety of astrophysical 

I This article is part of a Special issue entitled: ‘HPC in Cosmology and Astrophysics’ published in Astronomy and Computing.
∗ Corresponding author at: INAF - Astronomical Observatory of Capodimonte, Via Moiariello 16, Napoli, I-80131, Italy.
E-mail address: natale.debonis@inaf.it (N. De Bonis).

1 The first two authors share the first authorship and are in alphabetical order.

sources. The analysis of such large and complex datasets is essential to 
study transient phenomena, variable stars, and rare events. However, 
the volume and heterogeneity of the data pose significant challenges, 
especially when relying on traditional analysis techniques that often 
require manual intervention, domain-specific heuristics, or substantial 
computational effort.

In this context, machine learning (ML) methods have gained increas-
ing relevance, offering scalable and flexible tools to extract knowledge 
from high-throughput astronomical datasets. ML techniques can be 
tailored to a wide range of tasks, including classification, clustering, 
regression, and anomaly detection, depending on the scientific goals 
and the nature of the available data. For instance, supervised learn-
ing methods have been extensively applied for the classification of 
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AGN (De Cicco et al., 2021, 2025), variable stars (Armstrong et al., 
2016; Wang et al., 2025), star formation (Maruccia et al., 2025a) or 
exoplanets (Rao et al., 2021) where labeled datasets are available for 
training. Unsupervised clustering techniques, on the contrary, do not 
need labels, causing a huge increase in their popularity, as shown by 
their extensive use in astronomy (e.g., Álvarez et al., 2025; Pinciroli 
Vago et al., 2025; Zhu et al., 2025; Fotopoulou, 2024). Anomaly 
detection, broadly defined as the identification of patterns that deviate 
from expected behavior, has a long-standing tradition in a variety of 
domains, including cybersecurity (e.g., Salman et al., 2025; Rajendran 
et al., 2024), manufacturing (e.g., Engbers and Freitag, 2024; Xie et al., 
2024), healthcare (e.g., Sriraam et al., 2025; Nawaz et al., 2024), and 
finance (e.g., Maruccia et al., 2025b; Chandola et al., 2009) providing 
a comprehensive overview of the applicability of this technique across 
many domains. In astrophysics, early applications focused on image-
based outlier detection (e.g., via convolutional neural networks and 
vision transformers, Parimucha et al., 2025), and more recently on time 
series (Gupta et al., 2025), where the task is particularly challenging 
due to irregular sampling, observational noise, and intrinsic variabil-
ity. Several studies have applied machine learning methods such as 
clustering, autoencoders, and deep generative models to characterize 
variability and identify atypical sources (e.g., Campagne, 2025; Gebran 
and Bentley, 2025; Tang et al., 2025; Webb et al., 2020).

A critical component in the success of methods for time series 
analysis is the design of an appropriate representation of the data. 
Given the complexity and heterogeneity of astrophysical light curves, 
often characterized by irregular sampling, missing data, and varying 
lengths due to non-contemporaneous observations, it is challenging 
to directly apply ML methods that require uniform input structures. 
Feature extraction techniques have been widely adopted to summarize 
time-domain information into a structured feature space. In particular, 
they address the above cited limitations by mapping each light curve 
into a fixed-dimensional representation, regardless of its length or sam-
pling pattern. These representations provide a consistent and compact 
description of the time-domain information, enabling the application 
of both supervised and unsupervised learning methods in a computa-
tionally efficient manner, even at a large scale. In this work, we make 
use of the Feature Analysis for Time Series library (FATS; Nun et al., 
2015), which provides a widely used implementation of such methods.

Several studies in recent years have demonstrated the effective-
ness of feature-based approaches for identifying Active Galactic Nu-
clei (AGNs) among different types of objects, including galaxies and 
stars (De Cicco et al., 2019; Sánchez-Sáez et al., 2021; De Cicco et al., 
2021, 2025; Maruccia et al., 2025c). As shown in De Cicco et al. (2019), 
these features capture key aspects of the sources variability, as well 
as their statistical properties and morphological characteristics, thus 
transforming the problem from a time-domain analysis to one based on 
features. This framework supports a variety of analyses, ranging from 
classical variability studies (De Cicco et al., 2015, 2019) to modern 
ML approaches, including both supervised (see De Cicco et al., 2021, 
2025) and unsupervised methods (Maruccia et al., 2025c). Notably, 
these strategies have consistently achieved strong results in the reliable 
identification of AGNs.

In this work, we present a general-purpose methodology for anomaly
detection in time series data, in which we transfer the previously de-
scribed feature engineering approach to the domain of financial time se-
ries. In particular, the proposed framework combines domain-informed 
feature engineering with unsupervised machine learning algorithms, 
specifically Isolation Forests (Liu et al., 2008) and Autoencoders (Hin-
ton and Zemel, 1993). The method is developed and validated on 
financial transaction time series, demonstrating both its transferability 
to a new application domain and its potential industrial applicability.

Financial and astrophysical time series substantially differ in their 
nature: the former are typically non-stationary and abrupt regime 
changes. The latter are often characterized by periodic signals, long-
term trends, and observational noise. Nevertheless, despite these fun-
damental differences, both domains face similar challenges related to 
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the identification of outliers in complex temporal data, especially in 
the absence of labeled ground truth. A first example of such an appli-
cation was presented in Maruccia et al. (2025b), where features were 
extracted from financial time series using the FATS library and subse-
quently analyzed with Isolation Forests and Self-Organizing Maps (Ko-
honen, 2001) for anomaly detection. In this work, we extend the 
methodology by introducing adaptive temporal windows during feature 
extraction, which enables the localization of anomalies not only at 
the global object level but also within specific segments of the time 
series. This validation underscores the flexibility and robustness of 
the proposed approach, originally developed to address astrophysical 
variability, and demonstrates its potential for broader application in 
heterogeneous, high-throughput environments. Finally, as a perspective 
for future work, we plan to transfer the adaptive temporal windowing 
strategy back to the astrophysical domain, with the goal of enhancing 
the results previously obtained.

The remainder of this paper is structured as follows. Section 2 
briefly describes the dataset used for our analysis. In Section 3 we 
outline the method adopted in this work, while Section 4 describes 
our experiments. Finally, we discuss the findings and limitations in 
Section 5, and in Section 6 we conclude the paper and outline directions 
for future research.

2. Dataset

The initial dataset has been extracted from Intesa Sanpaolo (ISP) 
database and arranged in time series of daily balances, each associated 
with a specific user, as well described in Maruccia et al. (2025b). 
The full dataset comprises 2,636,027 different time series, spanning a 
two-year period. For the work described in this article, we extracted 
300,000 time series in order to limit computational costs. These time 
series were randomly selected and are representative of the overall 
sample, as it will be shown in Section 3.1. These time series were 
further analyzed and cleaned by removing all cases where the length 
of the series (and thus the available data for a given user) was shorter 
than 30 days. Such cases typically correspond either to accounts that 
were closed shortly after the beginning of the analysis period, or to 
accounts that were opened close to its end. Finally, we removed those 
time series exhibiting a flat behavior, since this specific pattern is not 
typically associated with fraud- or anomaly-related profiles. Therefore, 
the final dataset used in our work consists of 266,388 time series. Some 
examples of the time series used in this work can be seen in Fig.  1.

3. Method

To investigate anomalous behavior in time series, we designed a 
two-branches methodological framework, both starting from the raw 
time series, illustrated in Fig.  2.

The first branch starts with the systematic extraction of descriptive 
features that capture the statistical and temporal characteristics of the 
time series. In the second stage, we adopt a dual-model approach 
to anomaly detection, applying both AutoEncoders (AE; Hinton and 
Zemel, 1993) and Isolation Forests (IF; Liu et al., 2008), to detect 
anomalous time series in the global feature space (both models will 
be described in Section 3.2). Their outputs are subsequently compared 
to assess their performance independently and in combination. This 
design allows us to explore the robustness of anomaly identification 
by evaluating areas of agreement and disagreement between the two 
models. In parallel, a second branch focuses on localizing the source 
of anomalous behavior within individual series. To this end, we im-
plement a sliding window masking strategy, progressively removing 
contiguous temporal segments and re-extracting features for each con-
figuration. The masked variants are then analyzed with the same 
models (AE and IF), allowing us to isolate the specific time segments 
that contribute to anomalous behavior. Together, these steps provide a 
comprehensive framework to capture, interpret, and localize anomalies 
within complex time series.



N. De Bonis et al. Astronomy and Computing 55 (2026) 101049 
Fig. 1. Examples of the time series present in the data set.

3.1. Feature engineering

As described in Section 2, our dataset is made up of ∼ 260,000 
time series of daily balances. Each original two-year time series was 
first split into year 1 and year 2. The resulting set of approximately 
260,000 series was then divided into two non-overlapping datasets, A
3 
Fig. 2. Framework adopted in this study for outlier detection and for identi-
fying anomalies among the outliers.

and B, yielding four subsets: A Year 1, A Year 2, B Year 1, and B Year 2. 
The A subsets were used for training, while the B subsets were reserved 
for testing.

Each time series was first analyzed using the Python library FATS 
(Nun et al., 2015), which was used to extract from the time series the 
set of features, described in Table  1, used for the later analysis.

In Fig.  3 it is shown the distribution of the FATS features computed 
for the whole dataset and for the representative sample adopted in this 
work. As it can be seen, the histograms for the whole dataset (in blue) 
and the subset used in this paper (in red) reveal that the distributions 
are compatible, ensuring that the sample is representative of the entire 
dataset.

3.2. Outlier identification

To detect global anomalies in the dataset, we first relied on the 
features extracted from the complete time series using the FATS library. 
These features provide a compact representation of the statistical and 
temporal properties of the light curves, enabling the identification of 
objects that deviate from the bulk distribution in the feature space. For 
this task, we adopted two complementary unsupervised approaches, 
namely an AE and an IF. The rationale behind employing both models 
lies in their distinct anomaly detection mechanisms: while the AE 
leverages reconstruction error to capture deviations from learned pat-
terns, the IF relies on random partitioning to isolate rare instances. By 
applying them independently to the same feature set, we can assess 
the robustness of the results, exploit potential complementarities, and 
better characterize ambiguous cases that may only be detected by one 
of the two methods.

An AE (Hinton and Zemel, 1993) is a neural network architecture 
designed to learn efficient and compressed representations of input data 
by attempting to reconstruct the original input as accurately as possible. 
It consists of two main components: an encoder, which progressively 
reduces the dimensionality of the input data and maps it into a lower 
dimensional latent representation, and a decoder, which aims to re-
construct the input from this latent space. The encoder and decoder 
are trained jointly in an unsupervised way, typically by minimizing a 
reconstruction error (RE), such that the latent representation captures 
the most relevant information in the data.

The logic behind using the autoencoder for anomaly detection 
lies in its ability to reconstruct the input data accurately when the 
data resembles those seen during training. Consequently, time series 
exhibiting large RE are flagged as anomalous. The RE is computed as 
the mean squared error (MSE) between the original input sequence and 
its reconstruction, defined as: 

𝐑𝐄𝑖 =
1
𝑑

𝑑
∑

(𝑥𝑖𝑗 − 𝑥̂𝑖𝑗 )2, (1)

𝑗=1
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Fig. 3. FATS features extracted from the dataset: in blue the distributions of the whole dataset, in red the subset used in this paper.
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Table 1
List of time series features extracted for this analysis, the indices i and j variates between 1 and 3.
 Feature Description Reference  
 Amplitude Half of the difference between the median of the 

maximum 5% and of the minimum 5% values
Richards et al. (2011) 

 AndersonDarling Test of whether a sample of data comes from a 
population with a specific distribution

Nun et al. (2015)  

 Autocor_length Lag value where the autocorrelation function becomes 
smaller than 𝜂𝑒

Kim et al. (2011)  

 Con It is defined by the count of the number of three 
consecutive data points that are above or below 2𝜎 from 
the mean, and normalize this number by 𝑁 − 2.

Kim et al. (2011)  

 𝜂𝑒 Ratio of the mean of the squares of successive value 
differences to the variance

Kim et al. (2014)  

 FluxPercentileRatioMid20 Ratio between the difference between 60% and 40% 
values, and 95% and 5% values

Richards et al. (2011) 

 FluxPercentileRatioMid35 Ratio between the difference between 32.5% and 67.5% 
values, and 95% and 5% values

Richards et al. (2011) 

 FluxPercentileRatioMid50 Ratio between the difference between 25% and 75% 
values, and 95% and 5% values

Richards et al. (2011) 

 FluxPercentileRatioMid65 Ratio between the difference between 17.5% and 82.5% 
values, and 95% and 5% values

Richards et al. (2011) 

 FluxPercentileRatioMid80 Ratio between the difference between 10% and 90% 
values, and 95% and 5% values

Richards et al. (2011) 

 Freq1_harmonics_amplitude_0 Amplitude of one of the harmonics extracted from 
light-curves using Lomb–Scargle periodogram

Richards et al. (2011) 

 Freqi_harmonics_amplitude_j Amplitudes of the harmonics extracted from light-curves 
using Lomb–Scargle periodogram

Richards et al. (2011) 

 Freqi_harmonics_rel_phase_j Phases of the harmonics extracted from light-curves using 
Lomb–Scargle periodogram

Richards et al. (2011) 

 Gskew Median-based measure of the skew —-  
 LinearTrend Slope of a linear fit to the light curve Richards et al. (2011) 
 MaxSlope Maximum absolute value slope between two consecutive 

observations
Nun et al. (2015)  

 Mean Mean value Nun et al. (2015)  
 Meanvariance Ratio of the standard deviation to the mean value Nun et al. (2015)  
 MedianAbsDev Median discrepancy of the data from the median data Nun et al. (2015)  
 MedianBRP Fraction of photometric points within amplitude/10 of 

the median mag
Nun et al. (2015)  

 PairSlopeTrend Fraction of increasing first differences minus the fraction 
of decreasing first differences over the last 30 time-sorted 
mag measures

Richards et al. (2011) 

 PercentAmplitude Largest percentage difference between either max or min 
mag and median mag

Richards et al. (2011) 

 PercentDifferenceFluxPercentile Ratio of the difference between the 95% and the 5% 
values over the median value

Nun et al. (2015)  

 PeriodLS Period derived from the Lomb–Scargle method Nun et al. (2015)  
 Period_fit False-alarm probability of the largest periodogram value 

obtained with LS
Kim et al. (2011)  

 𝛹𝐶𝑆 Range of a cumulative sum applied to the phase-folded 
light curve

Kim et al. (2011)  

 𝛹𝜂𝑒 𝜂𝑒 index calculated from the folded light curve Kim et al. (2011)  
 Q31 Difference between the third and the first quartile of the 

light curve
Kim et al. (2014)  

 Rcs Range of a cumulative sum Kim et al. (2011)  
 Skew Skewness of the time series Richards et al. (2011) 
 SmallKurtosis Kurtosis of the light curve. Richards et al. (2011) 
 Std Standard deviation of the light curve Nun et al. (2015)  
where 𝑑 denotes the dimensionality of the feature space, while 𝑥𝑖𝑗 and 
𝑥̂𝑖𝑗 represent the reconstructed and target feature value for the 𝑖th time 
series. A high MSE indicates that the input pattern significantly deviates 
from those learned by the model during training, thereby suggesting 
anomalous behavior. In practice, a threshold must be defined: a time 
series is classified as anomalous if its corresponding reconstruction 
error exceeds this threshold, which is commonly set according to the 
empirical distribution of the errors (e.g., the 95th percentile).

The second algorithm used for detecting outliers within the dataset 
has been the IF. The IF (Liu et al., 2008) is a machine learning algorithm 
that identifies anomalies or outliers in data by isolating them through 
a process of random partitioning within a collection of decision trees, 
each of them is called Isolation Tree. An Isolation Tree is built by 
recursively partitioning the data using random splits. Starting from the 
root node containing a set of instances, the algorithm randomly selects 
a feature and a split value within the range of that feature for the 
5 
current node. The data is then divided into two child nodes based on 
this split. This process continues recursively until each leaf contains a 
single instance or a predefined maximum depth is reached. The number 
of splits needed to isolate an instance defines its path length in a tree. 
The anomalies, which are easier to isolate, typically have shorter paths. 
By averaging and normalizing these path lengths across all trees in the 
forest, the algorithm assigns higher anomaly scores to instances that 
are consistently isolated with fewer splits. Finally, the algorithm assigns 
an anomaly score between 0 and 1 to each sample, with higher scores 
indicating more anomalous behavior. Based on a predefined threshold 
(such as, the parameter contamination of the model), the samples are 
classified as inliers or outliers.

By applying AE and IF independently, we can:

• isolate model-specific behavior: identify which types of anomalies 
are detected by each model;
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• quantify the agreement between the two approaches;
• analyze the disagreement, which may highlight ambiguous cases 
or limitations in one of the methods.

To this end we implemented the use of the Python library called 
SHapley Additive exPlanations (SHAP, Lundberg and Lee 2017), a 
game-theoretic approach designed to explain the output of any machine 
learning model. In practice, SHAP computes the marginal contribution 
of each feature by considering all possible subsets of features and 
measuring how the prediction changes when a given feature is added. 
This results in a set of additive attributions that are consistent (features 
that always increase the prediction receive positive contributions and 
vice versa) and locally accurate (the sum of the contributions equals 
the model output). However, SHAP requires a predictive model, as 
the method quantifies how each feature affects the model’s numerical 
output.2 To meet this requirement, we trained Light Gradient Boosting 
Machine Regressor (LGBMRegressor) models from the library Light-
GBM (Ke et al., 2017). LightGBM is a gradient boosting algorithm based 
on decision trees that adopts a leaf-wise growth strategy, which grants 
high scalability, reduced computational cost, and strong predictive 
performance in regression tasks.

3.3. Identification of the anomalies within the anomaly

While global anomaly detection can flag entire time series as out-
liers, it does not indicate which specific segments are responsible for 
the anomalous behavior. Determining the origin of anomalies within a 
series is therefore not straightforward and requires a more fine-grained 
approach. To this end, we employed a multi-day sliding window ap-
proach. Rather than extracting features from the entire time series 
at once, we applied a chronological masking strategy: starting from 
the first day, we progressively masked contiguous segments of the 
time series using windows of varying lengths (from 1 to 7 days). 
After each masking step, features were re-extracted using the FATS 
library. This process was repeated 2534 times, i.e., the total number 
of combinations, for each time series (once for every window config-
uration) resulting in a considerable computational load. The final step 
of this procedure produced a new dataset containing all combinations 
of FATS features for each window configuration and time series ID. 
This additional dataset allowed us to identify which specific segments 
of the original time series contributed to its anomalous behavior, as 
the trained models could be directly applied to these masked variants 
to isolate the anomalous windows. In this way, the approach not only 
localizes anomalies within the series, but also provides deeper insights 
into the temporal patterns underlying the observed deviations.

4. Experiments

To evaluate the effectiveness of our anomaly detection and localiza-
tion approach, we conducted two experiments. The first one is focused 
on applying IF and AE to detect outliers at the global time series level. 
This allowed to assess the capability of each model to isolate anomalous 
series without considering their internal temporal structure. The second 
experiment leverages the multi-day sliding window methodology intro-
duced above. By systematically masking segments of each time series 
and re-extracting features, we tested the ability of the trained models to 
pinpoint specific temporal regions responsible for anomalous behavior.

2 SHAP values are defined with respect to a function f(x) representing the 
model output. Without a predictive model providing such a function, the 
marginal contribution of each feature cannot be computed.
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Table 2
Compact representation of the autoencoder architecture.
 Encoder Decoder  
 Input (50) Latent (10)  
 Dense (1024, ReLU) Dense (128, LeakyReLU)  
 Dropout (0.3) + BatchNorm Dropout (0.5) + BatchNorm 
 Dense (768, ReLU) Dense (256, LeakyReLU)  
 Dropout (0.3) + BatchNorm Dropout (0.5) + BatchNorm 
 Dense (512, ReLU) Dense (512, LeakyReLU)  
 Dropout (0.3) + BatchNorm BatchNorm  
 Dense (256, ReLU) Output (50, Linear)  
 Dropout (0.3) + BatchNorm  
 Dense (128, ReLU)  
 Dense (10, Tanh)  

4.1. Experiment with independent IF and AE

The starting point is the dataset described in Section 2. As aforemen-
tioned, we split the data into two main datasets (for both years), namely 
the dataset A and dataset B: the former has been used for training the 
machine learning (ML) algorithms, while we made predictions on the 
latter, for both the years studied. Furthermore, each feature was scaled 
using a standard scaler, which standardizes features by removing the 
mean and scaling to unit variance.

We then applied both AE and IF, independently. The Encoder and 
Decoder are both described in Table  2, which summarizes the architec-
ture of the autoencoder used in this study. The encoder progressively 
reduces the input dimensionality starting from 50 features, mapping it 
into a 10-dimensional latent space. Each dense layer applies a nonlinear 
activation (ReLU) to capture complex patterns in the data. We also 
used Dropout layers with a probability of firing a neuron of 30% to 
avoid overfitting, and Batch normalization is applied after most layers 
to stabilize and accelerate training by normalizing the layer inputs. The 
decoder reconstructs the original input from the latent representation, 
using similar techniques but in reverse, with LeakyReLU activations to 
improve gradient flow and a linear output layer to match the input 
scale.

We set the anomaly detection threshold as the 95th percentile of 
the RE distribution over the training set. A time series is then classified 
as anomalous if its corresponding reconstruction error exceeds this 
threshold.

The percentage of anomalous time series identified in the test set 
is 5.42% for the first year. For the second year, applying the same 
detection logic, the percentage rises slightly to 6.16%. The overlap 
between the two sets of anomalies is 26.61%, indicating that the 
majority of time series flagged as anomalous in the first year for a given 
account are not considered anomalous in the second by the AE.

As done with the autoencoder, we trained the IF on dataset A and 
evaluated it on dataset B. We set the contamination parameter to 5%, 
which defines the expected proportion of anomalies in the data, and 
used 100 decision trees in the ensemble.

The 24.44% of the anomalies detected by the IF remain anomalies 
in the second year too, meaning that most of the points detected as 
anomalous in the first year, are not labeled as such in the second year

The anomalies detected from both models in the two years are listed 
in Table  3. Some examples of anomalous time series can be seen in Fig. 
4.

To see both the isolated behavior and the agreement between the 
two models, we used a t-distributed stochastic neighbor embedding 
algorithm (t-SNE), to highlight the anomalies detected by the two 
models. t-SNE is a non-linear dimensionality reduction technique that 
maps high-dimensional data into a two- or three-dimensional space, 
preserving local neighborhood structures, basically points that were 
similar in the original space will be mapped closely, while different 
points will be mapped further away.

As we can see in Figs.  5 and 6 AE detected anomalies tend to be 
more concentrated at the border of the distributions, while IF detected 
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Fig. 4. Examples of anomalous time series. The first row shows anomalies detected by both algorithms, the second row contains anomalies identified only by 
the AE, and the third row displays anomalies detected exclusively by the IF.
Table 3
Numerical visualization of the anomalies de-
tected by the two models year per year. This 
breakdown highlights the degree of overlap 
and complementarity between the two methods 
across different observation periods.
 First year Second year 
 AE exclusive 3003 3411  
 IF exclusive 2503 1936  
 Detected by both 4219 4790  

anomalies are more sparse. Commonly detected anomalies also tend to 
cluster near the distribution boundaries. It is important to note that 
the use of t-SNE for visualization introduces non-linear distortions and 
should be interpreted as indicative. In Table  3, we can numerically 
observe the degree of agreement between the two models. And, as we 
can see, there is a good agreement between the two models for the same 
year, 64.2% of common anomalies for the first year, and 64.5% for the 
second year. This suggests that, in the majority of cases, both models 
detect the same anomalous behavior, despite detecting anomalies in 
different ways. The remaining ∼ 35% of anomalies not shared between 
7 
the models may also be informative. These cases could correspond to 
borderline instances near the detection threshold, the choice of which 
was arbitrary.

To investigate this possibility, we analyzed the distribution of RE 
produced by the AE for the entire sample, highlighting both the com-
mon and exclusive anomalies. As shown in Fig.  7, we can see that 
the AE exclusive anomalies are distributed differently with respect to 
the common ones. Also, if we look at the reconstruction error of the 
IF exclusive anomalies, we can see that they lie very close to the 
threshold. We repeated this analysis for the IF model by plotting the 
IF score distributions for the whole sample, along with the common 
and exclusive anomalies. Similarly, the scores distribution for the IF 
exclusive anomalies is different from the common ones, and also, while 
in general the number of points grows with the scores, the same thing 
cannot be said for the score relative to the AE exclusive anomalies.

Another explanation may be that they may reflect distinct types of 
anomalies that are more readily captured by one model than the other. 
Specifically, if this were the case, using multiple algorithms, such as in 
this work, could lead to a much broader and complete detection. To 
investigate the second possibility, we adopted the following strategy: 
since we are working with unsupervised algorithms, we do not have 
a clear or immediate explanation for why a certain data point is 
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Fig. 5. t-SNE visualization of first-year data. 

Fig. 6. t-SNE visualization of second-year data. 

classified as anomalous, nor do we know which features contribute 
the most to this decision. To overcome this limitation we used SHAP 
in combination with a LightGBM regressor. We used the RE for the 
autoencoder and the anomaly score for the IF as target variables for 
the LightGBM, and we interpreted the results via SHAP.

In total, we trained four LGBMRegressor models, two for each year, 
and applied SHAP to interpret their predictions on the exclusive anoma-
lies. As shown in Figs.  8 and 9, which display the top 10 most influential 
features, we observe that different sets of features characterize the 
anomalies detected exclusively by the two models.

Furthermore, a clear pattern seems to emerge: the AE consistently 
highlights features related to periodicity and harmonic content, such 
as Freq1_harmonics_rel_phase_1, Freq3_harmonics_amplitude_1, and Fre
8 
Fig. 7. From top to bottom: the first two panels show the reconstruction error 
distributions for the two years studied; points to the right of the black dashed 
lines are considered anomalous by the Autoencoder (AE). The bottom two 
panels show the Isolation Forest (IF) score distributions for the same two years; 
points to the left of the black dashed lines are considered anomalous according 
to the IF.

q2_harmonics_amplitude_2. These features suggest that the AE is partic-
ularly sensitive to deviations from the periodic or quasi-periodic struc-
tures in the light curves. In contrast, the IF highlights features more 
indicative of abrupt changes or statistical outliers, such as MaxSlope, 
Amplitude, and LinearTrend. These features reflect sudden variations 
or global deviations, consistent with the density-based nature of the IF 
algorithm.

Taken together, this evidence strongly suggests that the two sets of 
exclusive anomalies are qualitatively different. Therefore, using both 
models in combination enhances the breadth and completeness of 
anomaly detection. These differences could plausibly be connected to 
broader financial conditions affecting all accounts, although we cannot 
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Fig. 8. Comparison of the most influential features for the exclusive features 
of the two models in first year.

Fig. 9. Comparison of the most influential features for the exclusive features 
of the two models in the second year.
9 
Table 4
Summary of time series with classification changes according to IF and AE 
models. Percentages are relative to the total sample (N = 4652).
 Type Inliers (%) Outliers (%) Total (%)  
 Any change 224 (4.82%) 759 (16.32%) 983 (21.13%) 
 Only IF 109 (2.34%) 300 (6.45%) 409 (8.79%)  
 Only AE 83 (1.78%) 100 (2.15%) 183 (3.93%)  
 Both models 32 (0.69%) 277 (7.72%) 391 (8.40%)  

assert this with certainty. While these differences could plausibly reflect 
broader financial conditions affecting all accounts, this connection 
cannot be confirmed with certainty.

4.2. Experiments with multi-day sliding window

As described in Section 3, to fully characterize the model outputs, 
it is essential to identify which specific segments of the time series 
lead the models to classify them as anomalous. To achieve this, we 
performed a multi-day sliding window analysis: we applied sliding 
windows of varying sizes (ranging from one to seven days) to each 
time series. Beginning on day one, we progressively masked segments 
of the series using the sliding window, removing the corresponding 
points in chronological order. For each modified version of the time 
series, we recomputed the full set of features listed in Table  1 using 
the FATS library. This procedure resulted in 2534 different feature sets 
per time series, one for each masked version of the time series. For 
each representation of these sources, we performed a prediction with 
the models being trained on the dataset A, and at each iteration, we 
confronted the results of the prediction on the current representation 
with the previous one. Whenever the classification changed (i.e., from 
inlier to outlier or vice versa), we flagged the corresponding time 
window that had been masked. This allowed us to identify which 
specific periods of the time series were the most influential in altering 
the models’ predictions.

From the initial sample, we extracted a subset of 2317 outliers and 
2335 inliers, which showed consistent predictions for both models used 
above (AE and IF). Out of the 4652 time series analyzed, 983 of them 
showed at least a state change during the process. Of these 983, 759 
(∼ 77%) were originally labeled as outliers by the two models (16.32% 
of the original sample studied), and 224 were originally labeled as 
inliers by the two models (4.82% of the original sample). Now focusing 
on how the two models tackle the problem, we have that: 409 time 
series show changes only for the IF (8.79% of the total; thus divided: 
109 inliers and 300 outliers), 183 time series show changes only for the 
AE (3.93% of the total, thus divided: 83 inliers and 100 outliers), and 
391 time series show changes for both models (8.40% of the total; thus 
divided: 32 inliers and 359 outliers). All these results are summarized 
in Table  4.

To test whether the algorithm shows any preferences in detecting 
changes in any of the two classes, we characterized the probability 
distributions associated with the number of changes, we used both the 
Kolmogorov–Smirnov (KS; Hodges (1958)) test and the t-test (Student, 
1908) from the scipy Python library. Since the number of outliers is 
overall 4 times larger than the inliers, we also used the same test by 
comparing the distribution of the original inliers and the distribution 
of outliers sampled every four. The PDFs are shown in Fig.  10, which 
visually highlights the similarity between them. The results obtained 
by both tests in both cases are presented in Table  5. As can be seen 
in both cases, the two distributions are statistically indistinguishable. 
These results suggest that the algorithm does not show any preferences 
or bias towards either of the two classes.

Among all the classes defined in Table  4, we have a particularly 
interesting class, the originally inliers, which exhibit changes in both 
models used. This class is particularly interesting not only because we 
are talking about inliers, which is interesting by itself, since we do 
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Fig. 10. PDFs for number of changes. Top: the PDFs for the whole populations; 
bottom: the PDFs for the whole population of inliers plus the population of 
outliers sampled every four.

Table 5
Results of statistical tests (KS and t-test) comparing the PDFs of the 
number of changes for inliers and outliers. The top two rows refer to the 
full distributions of inliers and outliers; the bottom two rows compare 
the inlier distribution with that of outliers sampled every four.
 Comparison Test statistic p-value  
 Full distributions (KS test) 0.0738 2.86 × 10−1 
 Full distributions (t-test) −0.1337 8.94 × 10−1 
 Inliers vs sampled outliers (KS test) 0.0766 5.48 × 10−1 
 Inliers vs sampled outliers (t-test) −0.2435 8.08 × 10−1 

not expect them to show any status changes, but also because they 
can highlight the use of this algorithm as a complementary means to 
anomaly detection. Specifically, this approach can highlight anomalous 
behavior that otherwise might not have been detected by conventional 
means. Some examples of the algorithm results can be seen in Fig.  11.

In general, different types of local anomalies can be observed. In 
some cases, the detected windows align with sharp structural changes, 
where the series shifts abruptly to a new level. In other cases, the 
anomalies are concentrated in periods of irregular variability, con-
trasting with the otherwise smooth trend of the series. More complex 
situations are also observed, where multiple bursts of anomalous be-
havior are distributed across the series, reflecting recurrent irregular 
dynamics rather than a single deviation. Overall, these examples high-
light how the sliding window approach can disentangle the specific 
temporal segments responsible for the anomalous classification, thereby 
refining the interpretability of anomaly detection beyond a purely 
global assessment.

5. Discussion

Time series are a common type of data found in many real-world 
scenarios, such as traffic flow, network KPIs, and financial data, all of 
which can be represented as time series (Lei et al., 2023). Anomaly 
detection in time series is an interesting research topic in the data 
mining field, with a wide range of real world applications, such as 
manufacturing, healthcare, finance, and so on (Salman et al., 2025; 
10 
Fig. 11. Examples of regions where the sliding window algorithm detects 
changes for two different time series. The yellow shaded areas highlight the 
time intervals where the sliding window analysis led to a classification change.

Maruccia et al., 2025b; Engbers and Freitag, 2024; Lei et al., 2023). 
In this study, we presented a general-purpose methodology for anomaly 
detection in time series data, adapting a feature engineering framework 
originally developed for astrophysical applications (De Cicco et al., 
2019; Sánchez-Sáez et al., 2021; De Cicco et al., 2021, 2025; Maruc-
cia et al., 2025c) to the financial domain Maruccia et al. (as also 
shown in 2025b). By combining feature engineering with the use of 
unsupervised algorithms (specifically, IF and AE), we were able to 
successfully identify atypical patterns, like those ones shown in Fig.  4. 
In addition, we introduced an extension based on adaptive temporal 
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windows, which allowed us to localize the anomalies within the time 
series, moving beyond a purely global characterization of anomalous 
objects. Some examples have been shown in Fig.  11, where the high-
lighted segments correspond to specific intervals contributing to the 
anomalous behavior. These results illustrate the added value of the 
sliding window strategy where, rather than identifying only whether 
a time series is anomalous or not, the method highlights the specific 
temporal segments that drive the anomalous behavior. Identifying the 
causes behind anomalies is a difficult task, nevertheless it is crucial 
for actionable insights. As seen before, time series data contain many 
different patterns (Li et al., 2022), each of them often requiring various 
detection methods (Lei et al., 2023). Therefore, understanding why a 
time series exhibits anomalous behavior allows practitioners not only 
to detect irregularities but also to interpret their significance, anticipate 
potential risks, and design appropriate interventions. This aligns with 
recent research emphasizing that explainability in multivariate time 
series is essential, as small changes in one variable can propagate and 
trigger larger anomalies elsewhere, and interpreting these relationships 
is a key step in early detection and risk mitigation (e.g., Li and Jung, 
2023).

The results presented in this work highlight the adaptability of 
our approach in detecting anomalies beyond its original astrophysical 
context, bridging the gap between astrophysical studies and finance, 
and underscoring its cross-domain transferability. A key aspect of our 
methodology is, in fact, its domain-agnostic design: by relying on 
feature engineering, time series of diverse origin can be transformed 
into a unified representation, enabling the application of unsupervised 
algorithms without requiring prior domain-specific labels. This aspect is 
particularly relevant for large, heterogeneous datasets where label an-
notation is infeasible, and it strengthens the potential of the framework 
as a general-purpose strategy.

The comparative performance of IF and AE within this framework 
further illustrates the flexibility of the approach. IF provides a computa-
tionally efficient, interpretable baseline, while AE captures more subtle, 
non-linear relationships in the feature space (Berahmand et al., 2024). 
Together, these methods demonstrate complementary strengths, sug-
gesting that hybrid strategies may further enhance anomaly detection 
capabilities.

Another notable outcome concerns the transferability of knowledge 
between domains. The successful adaptation of a framework origi-
nally designed for astrophysical light curves to financial time series 
not only validates the underlying principles but also illustrates how 
methodological advances in one scientific field can benefit another. 
This cross-disciplinary applicability highlights the growing importance 
of methodological convergence in data-intensive sciences, where shared 
challenges such as irregular sampling, incomplete data, and the scarcity 
of labeled examples recur (Lei et al., 2023).

This study offers significant implications for both practitioners and 
researchers. For practitioners, the proposed framework provides a prac-
tical and scalable tool for anomaly detection in time series where 
labeled ground truth is unavailable or incomplete. Its reliance on 
feature engineering ensures interpretability, a crucial aspect in domains 
such as finance, where regulatory compliance and explainability are 
essential, as well as in astrophysics, where physical insight must guide 
the interpretation of detected anomalies. The introduction of adaptive 
temporal windows further enables practitioners to pinpoint anomalous 
behavior at finer temporal scales, supporting actionable decisions in 
operational settings. In fact, the ability to localize anomalies in spe-
cific intervals is crucial in real-world applications, where events of 
interest are often transient and context-dependent. For researchers, this 
work underscores the value of cross-domain methodological transfer, 
demonstrating that techniques originally developed for astrophysical 
variability can be successfully adapted to financial datasets. It also 
opens avenues for further investigations into hybrid anomaly detection 
strategies that combine feature-based and deep representation learning 
approaches. Moreover, the adaptive windowing concept provides a 
fertile ground for methodological innovation, inviting exploration of 
automated optimization schemes and domain-informed strategies to 
enhance temporal resolution.
11 
6. Conclusions

The methods and techniques used in this paper offer a new com-
bined approach in the field of anomaly detection for time series. The 
combined use of IF and AE allows for a more comprehensive and 
diversified detection of anomalous behavior across the dataset. Our 
comparative analysis shows that there is a good overlap between the 
two models: ∼ 64% of common anomalies, and using both algorithms 
can help us recover also the anomalies which may be detected by just 
one of the two.

Furthermore, the SHAP analysis of the feature can help in under-
standing which features are the most influential in the final classifica-
tion, possibly helping in detecting systematic behaviors or particularly 
interesting cases.

Nonetheless, several limitations deserve attention. It is worth men-
tioning that this kind of feature analysis is computationally expensive, 
especially when applied to complex models or large datasets. One possi-
ble mitigation for the problem would be to apply this analysis only to a 
representative subset of the data, which will surely reduce the computa-
tional time. The sliding-window procedure is another computationally 
demanding step, as it requires re-extracting features for each window 
configuration. In our experiments, the processing time for a single user 
averaged approximately 35 min, which is manageable at moderate 
scales but becomes prohibitive when extended to very large datasets or 
real-time applications. This highlights the need for more efficient im-
plementations, such as parallelized pipelines, dimensionality reduction 
prior to feature extraction, or the adoption of approximate methods that 
preserve localization accuracy while significantly reducing runtime. 
Future work should also explore automated strategies for window 
optimization, possibly informed by domain knowledge or data-driven 
heuristics, to balance precision and computational tractability.

Finally, our study points towards several promising research di-
rections. In astrophysics, the integration of adaptive windowing into 
large-scale surveys could refine the detection of transient events and 
rare variable sources, improving the precision of anomaly localization. 
In finance, extending the framework to real-time transaction moni-
toring systems could enhance fraud detection capabilities, particularly 
when combined with ensemble methods or semi-supervised approaches 
that leverage partially available labels. More broadly, the growing 
availability of large and heterogeneous time series datasets across 
domains suggests that feature-based anomaly detection, complemented 
by adaptive representations, may become a cornerstone of scalable, 
interpretable, and transferable methodologies in data-driven science.
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