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Abstract—Time-series machine learning (TSML) aims to
handle data with temporal dependencies, which differs from
traditional machine learning(ML) that assumes samples are
independent and identically distributed (i.i.d.). TSML needs
to consider dynamic characteristics such as trends, sea-
sonality, and concept drift. Therefore, developing specific
TSML tools is necessary. In recent years, plentiful TSML
tools have emerged, but most studies focus on algorithm
principles or single tasks, lacking systematic comparisons
from the perspectives of tasks and tool characteristics. This
paper takes a task-oriented approach to review and compare
TSML tools covering major application scenarios, focusing
on six tasks: imputation, feature extraction, forecasting,
anomaly detection, change point detection, and classification.
Based on this, the paper summarizes key characteristics to
consider when selecting tools, such as time index awareness,
backtest, multivariate support, scalability and output format.
The review results can provide structured references for
researchers without a machine learning background, helping
them choose suitable TSML tools in practical engineering
scenarios.

Index Terms—time-series, machine learning, networking,
forecasting, anomaly detection

1. Introduction

Machine learning (ML) has achieved significant suc-
cess in various fields such as image recognition, speech
analysis, and financial forecasting [1]. In recent years, ML
methods have also been applied to computer networking
tasks, such as traffic forecasting, intrusion detection, and
service classification [2]. Network-related data (e.g., traf-
fic, latency, bandwidth utilization) naturally change con-
tinuously over time and are typical time-series data. How-
ever, time-series data often do not satisfy the independent
and identically distributed (i.i.d.) assumption of traditional
ML, as temporal dependencies, trends, seasonality, and
concept drift exist between data samples [3]. Therefore,
directly applying of traditional ML methods to time-series
data is a significant challenge, and specific tools for TSML
are required.

Recently, a large amount of research has been con-
ducted on time-series machine learning (TSML) [4]. Ex-
isting reviews often focus on specific tasks [5], but sys-
tematic studies from the perspectives of tasks and tools
remain limited. Especially for researchers without a ma-
chine learning background, there is still a lack of com-
prehensive review to guide practical tool selection. This
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paper aims to fill this gap by systematically reviewing and
comparing actively maintained open-source tools (such
as tsfresh, sktime, Darts, and Kats) from the perspective
of TSML tasks. Rather than delving into the internal
algorithms or model architectures, this paper focus on
analyzing the tools’ functional characteristics and practical
applicability. While Python-based libraries(such as tsfresh,
sktime, Darts, and Kats) are the main focus, several rep-
resentative tools in other programming languages are also
briefly discussed. The selected tools are mostly actively
maintained open-source libraries that cover common time-
series tasks such as imputation, feature extraction, fore-
casting, anomaly detection, change point detection, and
classification.

This paper starts from the Darts library. We searched
Google Scholar and GitHub using keywords such as "time
series machine learning”, "time series forecasting", and
"time series review", and then filtered out the main-
stream tools that are still actively maintained. Based on
their official documentation and functional descriptions,
we categorized and organized them according to typical
TSML tasks, with an aim to cover a sufficient number of
representative tools for each task type.

The structure of this paper is as follows: the second
section introduces the essential prerequisite knowledge;
the third section systematically analyzes various tools and
their characteristics according to task types; the fourth
section provides summary and limitations of this paper.

2. Prerequisite knowledge

In this section, we introduce some concept that will
be used in the following sections.

2.1. Superviesd and Unsupervised Learning

In therms of what feedback can the learning model re-
ceived, there are supervised learning, unsupervised learn-
ing [6]. Supervised learning models rely on data with class
labels. Unsupervised learning does not rely on labels, it
extracts patterns and structures from data spontaneously.

2.2. Online and Batch Learning

In terms of how data is fed into the learning model,
there are online learning and batch learning [6]. In online
learning, data is fed into the model one sample at a time,
and the model updates itself incrementally with each new
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sample. In batch learning, the model is trained on the
entire dataset at once, and does not update itself until it
is retrained with a new batch of data.

2.3. Features of TSML

The concepts below represent characteristics arising
from the temporal nature of time-series data.
Peek into the future: using data information from
future time points during model training or validation,
which can lead to overly optimistic evaluation results and
model overfitting [7].
Trend: a long-term sustained upward or downward
direction in the time series, reflecting overall changes in
the system over longer time scales [7].
Seasonality: periodic fluctuation patterns in the time
series over time, such as daily, weekly, monthly, or
annual cycles [7].
Concept drift: changes in data distribution or generation
mechanisms over time, leading to model performance
degradation on future data [8].

3. TSML Task Types and Tools

This section introduces common task types in TSML
and their corresponding tools. The content is organized in
a bottom-up sequence: basic mathematics and statistical
tools, preprocessing tools, specific task tools, and com-
prehensive frameworks.

To provide clear guidance for selection, for each task
type, this paper presents task definition, typical network-
ing problems, key features that tools of this type should
possess, and a comparison table of tools along with its
explanation.

3.1. Foundational Libraries

Most TSML tools are based on similar underlying
numerical and data processing libraries. NumPy provides
matrix and vector operations [9], SciPy extends statistical
and optimization methods [10], and pandas manages struc-
tured data and time indexing [11]. This section does not
detailly introduce the specific dependencies of each tool,
only indicates that, it is important to ensure the correct
installation of relevant libraries.

3.2. Data Preprocessing

Raw time-series data often have problems such as re-
dundancy, missing and noisy data, which adversely affect
subsequent task processing. To improve performance and
stability and reduce the overhead of downstream models,
data preprocessing is usually required before implement-
ing specific tasks, to reduce the burden on downstream
algorithms.

3.2.1. Imputaion. Imputation [12] refers to estimating
and filling in missing values in time-series data by leverag-
ing existing observed data points. Its goal is to reconstruct
data integrity and avoid model deviation or performance
reduction due to missing data. For example, as discussed
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in [13], in network traffic monitoring, packet loss during
sampling or transmission latency often leads to observa-
tion data missing, which needs to be reconstrcted through
imputation to ensure the accuracy of subsequent processes
such as, anomaly detection or capacity planning.

When selecting imputation tools, the following five
aspects should be considered:
* Time-Index-Aware: Whether the tool can recognize
and utilize timestamps, and adjust imputation logic
according to time intervals.
* No-Lookahead: Whether the tool prevents using
future observations during imputation, thus avoiding data
leakage or causal violations.
* Multivariate Support: Whether the tool can jointly
impute multiple correlated variables (columns) instead of
processing each variable independently.
* Pipeline-Compatible: Whether the tool provides
standardized interfaces or APIs that allow seamless
integration into machine-learning pipelines.
* Probabilistic Output: Whether the tool can provide
probabilistic estimates, such as confidence intervals,
quantiles, or sample distributions, in addition to single
point estimates.

This section introduces six representative imputation
libraries commonly used in TSML: pandas-imterpolate()
[14], SciPy-interpolate [15], sklearn-SimpleImputer [16],
sklearn-KNNImputer [17], sklearn-Iterativelmputer [18],
and statsmodels-SARIMAX [19]. Table 1 compares these
imputation tools in terms of the above features.

All comparison tables in this chapter use the following
notation: "yes" indicates that the tool directly supports
the feature, "partial" indicates that it is partially imple-
mented only under specific conditions or in a limited way,
"user implemented" indicates that it can be implemented
through user-defined code, and "no" indicates that it is not
supported at all.

3.2.2. Feature Extraction. Feature extraction [20], also
known as representation learning, refers to the process of
transforming raw or high-dimensional data into structured
numerical features. Most ML models cannot directly han-
dle raw unstructured data. Therefore, emphasizing impor-
tant information and denoising through feature extraction,
enables the data to be directly used by models. Feature
extraction can reduce training costs, improve information
relevance, enhance interpretability (although sometimes it
may reduce it), and is often accompanied by dimension-
ality reduction.

Moreover, as we mentioned before, unlike traditional
static ML, TSML also needs to capture temporal de-
pendencies, trends, seasonality, and volatility. Therefore,
when using non-deep learning models, specialized time-
series feature extraction tools are required.

For instance, after missing traffic data are imputed,
feature extraction is often applied to transform raw mea-
surements into statistical indicators, such as packet inter-
arrival variance, flow duration, or burstiness metrics, that
help downstream anomaly-detection models identify net-
work congestion or attacks.

When selecting feature-extraction tools, the following
six aspects should be considered:
¢ Programming Language:

The programming
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TABLE 1: Comparison of Time-Series Imputation Tools

Multivariate Support

Pipeline-Compatible  Probabilistic Output

Tool Time-Index-Aware = No-Lookahead
pandas — interpolate yes partial

SciPy — interpolate yes no

sklearn — SimpleImputer no partial

sklearn — KNNImputer no partial

sklearn — Iterativelmputer — no partial
statsmodels — SARIMAX  yes partial

no partial no

no no no

no yes no

yes yes no

yes yes user implemented
partial user implemented yes

environments in which the tool is implemented.

* Built-in Imputation: Whether the tool provides built-in
imputation functionality.

* Multivariate Support: Whether the tool can extract
features from multiple variables (columns) at once.

* Number of Features: The number of features that the
tool can extract; Catch22 can only extract a fixed set of
22 features.

* Auto-Selection: Whether the tool has mechanisms for
automatically selecting features, rather than relying on
user manual configuration.

» Last Maintenance: The date of the latest update to the
tool, used to assess whether the project is still maintained
and active.

This section introduces five representative feature ex-
traction libraries commonly used in TSML: hctsa [21],
Catch22 [22], tsfeatures [23], tsfresh [24], and TSFEL
[25]. Table 2 compares these feature extraction tools in
terms of the above features.

3.3. Specific Task Tools

According to different task goals, this section intro-
duces four representative task types in TSML: forecasting,
anomaly detection, segmentation/change-point detection,
and classification.

3.3.1. Forecasting. Forecasting [26] is the most common
and fundamental task type in TSML. Its goal is to utilize
existing time-series data to build models, by capturing
trends, seasonality, and random fluctuations, to predict
explicit data values at future time points. Forecasting tasks
require precise and stable results, to support decision-
making and resource allocation.

Unlike traditional static ML forecasting, TSML fore-
casting emphasizes temporal continuity and causal con-
straints: training and testing must strictly follow the time
order, and avoid the problem of "looking into the future".
Moreover, modern TSML forecasting tools typically build
a continuous loop: "forecast -> new data arrival -> moni-
toring -> model update", which is called online learning,
rather than one-time training and output, known as batch
learning.

As discussed in [27], link bandwidth or traffic vari-
ations forecasting is one of the typical applications in
computer networks. Accurate traffic forecasting can help
network systems to allocate resources and balance loads
in advance, and to advoid congestion and performance
degradation. Besides, network latency and packet-loss rate
forecasting, data-center energy consumption forecasting,
and server workload and task volume forecasting are also
very practical applications [28].
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When selecting forecasting tools, the following five
aspects should be considered:
* Backtest: Whether the tool has built-in back test
functionality, to prevent "looking into the future".
* Online Update: Whether the tool can continuously
update models when new data arrive, to adapt to concept
drift.
e QOutput Format: The types of forecast results the
tool can generate—such as point estimates, prediction
intervals, quantile values, sampled forecasts, or full
predictive distributions. Richer outputs enable better
uncertainty quantification.
e Covariates Support: Whether the tool allows
incorporating external variables (such as temperature,
traffic, or network load) to improve forecasting accuracy.
* Dataset Scale: The scale of datasets that the tool can
efficiently handle, in terms of number of time series
and length of each series. According to Hyndman [7],
it can be classified as: Small: dozens to hundreds of
series, each with less than 1000 time steps; Medium:
hundreds to thousands of series, each with 1000-10000
time points; Large: tens of thousands of series, or each
series exceeding 10000 time points.

This section introduces six representative forecast-
ing libraries commonly used in TSML: Prophet [29],
statsmodels-SARIMAX [30], StatsForecast [31], Darts
[32], PyTorch-Forecasting [33], GluonTS [34], and ML-
Forecast [35]. Table 3 compares these forecasting tools in
terms of the above features.

3.3.2. Anomaly Detection. Anomaly detection [36] refers
to the process of identifying data points or segments in a
time series that significantly deviate from normal patterns.
Its goal is to detect anomalous behaviors or potential
system errors in time to prevent losses or performance
degradation. Unlike static anomaly detection in traditional
ML, TSML anomaly detection must consider temporal
dependencies, periodic patterns, and inter-variable corre-
lations.

As discussed in [37], distributed denial-of-service
(DDoS) attack detection is a typical application scenario
of anomaly detection in computer networks. This tech-
nique needs to identify sudden traffic surges or abnormal
connection patterns in real time, to ensure network reli-
ability. Intrusion detection, traffic matrix anomaly detec-
tion, and IoT network anomaly detection are also impor-
tant applications.

When selecting anomaly detection tools, the following
six aspects should be considered:

* Backtest, Online Test, Multivariate Support: Same as
before.
* Residual: Whether the tool can remove trend and sea-
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TABLE 2: Comparison of Time-Series Feature Extraction Tools

Tool Nam Programming Built-in Multivariable = Number of Auto- Last

00l Name Language Imputation Support Features Selection Maintenance
hctsa Matlab no no 7,700+ yes 2024-11-25

C, Python, R
Catch22 Matlab, Julia no no 22 fixed 22 2022-06-21
tsfeatures R no no 23+ no 2023-08-28
tsfresh Python no yes 1200+ yes 2025-08-30
TSFEL Python yes yes 65+ no (select by config)  2024-09-12
TABLE 3: Comparison of Time-Series Forecasting Tools
Name Backtest Online Update  Output Format Covariates Dataset Scale
Support

Prophet built-in yes point /intervals yes small-medium
statsmodels imol ted int finterval I &
(SARIMAX / ETS) ~ User-implemente yes point /intervals yes small-medium

- S yes .

StatsForecast built-in yes point /intervals (limited) medium-large
Darts built-in yes point /quantiles yes small-medium
PyTorch tial intervals /quantil dium-1
Forecasting partial yes intervals /quantiles yes medium-large
GluonTS built-in yes samples /distributions  yes medium-large
MLForecast partial partial point /quantiles yes large

sonal components through forecasting models, and then
detect anomalies in the residuals.

* Anomaly Types: The types of anomalies that the tool
can identify, such as: Point Anomalies: Sudden spikes or
drops at individual time points. Contextual Anomalies:
Values that are normal in the overall trend,but anomalous
under specific contexts or time conditions, e.g., high traffic
at night. Subsequence Anomalies: Short sequences ex-
hibiting anomalous patterns within a continuous time win-
dow, e.g., abnormal fluctuations within a cycle. Change-
Point Anomalies: Persistent shifts in the baseline or statis-
tical properties of the time series,e.g., significant changes
in mean or variance. Multivariate Anomalies: Anomalous
behaviors exhibited jointly across multiple time points
or feature dimensions,which may appear normal when
observed individually, but deviate from regular patterns
overall.

This section introduces six representative time-series
anomaly detection libraries: Merlion [38], ADTK [39],
stumpy(Matrix Profile) [40], ruptures [41], Darts [32], and
GluonTS [34]. Table 4 compares these anomaly detection
tools in terms of the above features.

3.3.3. Change Point Detection and Segmentation Tools.
Change point detection (CPD) [42] aims to identify times-
tamps in a time series where its statistical properties
or structural patterns undergo significant and persistent
changes, while segmentation divides the series into seg-
ments with similar behaviors and stable features based on
these changes. Both tasks are usually implemented by the
same tools, so they are introduced together in this paper.
In TSML, this task is typically implemented in an un-
supervised learning manner, without requiring predefined
labels to detect changes. This process helps capture system
status transitions, understand pattern evolution, and detect
potential anomalies.

For example, as discussed in [43], online CPD on time
series of latency and throughput in network measurements
can be used to monitor real-time network service quality.
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Besides, CPD can also be used for network traffic structure
change detection, network device or link status switch-
ing detection, network topology evolution/routing change
detection, and network quality-of-service (QoS) baseline
drift detection [44].

When selecting CPD or segmentation tools, the fol-
lowing five aspects should be considered:
* Backtest, Online Test, Multivariate Support: Same as
before.
¢ Unsuperviesd Types: Whether the model support unsu-
pervised training.
* Confidence Quantification: The degree of confidence
quantification for each candidate change point result. Con-
fidence levels include: high, medium, and low. High: Out-
puts significant quantities (such as p-values, confidence
intervals, posterior probabilities), or provides calibrated
probability metrics. Medium: Outputs probabilistic scores
with built-in thresholds or adaptive calibration tools. Low:
Only outputs raw scores or cost values without statisti-
cal calibration. This section introduces six representative
CPD libraries commonly used in TSML: ruptures [41],
changepoint(R) [45], stumpy(Matrix Profile) [40], ADTK
[39], and Kats [46].

Table 5 compares these CPD tools in terms of the
above features.

3.3.4. Classification. Time-series classification [47] aims
to categorize time-series samples into predefined classes
based on their overall patterns or features. Unlike tradi-
tional ML settings where "each sample corresponds to
features at a single time point", in TSML, each sample
consists of multiple time points, and models need to
capture temporal dependencies, trends, and shapes simul-
taneously, to identify behavior types or system states.
As discussed in [48], in the field of network security,
time-series classification is often used for malicious net-
work traffic detection. Models analyze time-series features
of network packets or connections (such as packet size
distribution, inter-arrival times, flow duration) to learn
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TABLE 4: Comparison of Time-Series Anomaly Detection Tools

Name Backtest Online Update  Residual Musltlvarlable Anomaly Types
upport
Merlion yes yes yes yes Point, Contextual, Collective
ADTK partial partial partial partial Point, Contextual
stumpy . . .
(Matrix Profile) user-implemented  partial no yes Point, Subseq
ruptures user-implemented  no no partial Change
giﬁ;ﬁTS yes partial yes yes Point, Contextual, Collective
TABLE 5: Comparison of Time-Series CPD and Segmentation Tools
Name Backtest Online Update  Multivariate Support  Unsuperviesd Types = Confidence Quantification
ruptures partial no yes yes low
changepoint (R)  partial no user implemented yes high
stumpy . . .
(Matrix Profile) partial partial user implemented yes low
ADTK partial partial partial yes medium
Kats yes partial yes yes high

temporal patterns of different traffic types, thereby au-
tomatically distinguishing normal communication from
malicious activities. Besides, there are applications such
as encrypted traffic classification, protocol identification,
and user behavior modeling [49].

When selecting TSC tools, the following five aspects
should be considered:
* Backtest, Online Test, Multivariate Support: Same as
before.
* Variable-Length Handling: Whether it can handle se-
quences with inconsistent time steps or varying lengths
among samples.
* Interpretability: Whether the tool provides feature-
importance analysis, visualization, or rule-based outputs.

This section introduces five representative TSC li-
braries commonly used in TSML: sktime [50], tsai [51],
tslearn [52], pyts [53], and tsfresh [24].

Table 6 compares these TSC tools in terms of the
above features.

3.4. Comprehensive Frameworks

At the same time, several comprehensive frameworks
can handle multiple tasks: statsmodels supports impu-
tation and forecasting with classical models (ARIMA,
SARIMAX, ETS). tsfresh focuses on feature extraction
and imputation for downstream ML tasks. Darts covers
forecasting and anomaly detection using both statistical
and deep models. GluonTS is designed for forecasting
and anomaly detection with probabilistic outputs. ruptures
is specialized in change-point and anomaly detection.
stumpy detects anomalies and change points via the Ma-
trix Profile. ADTK is dedicated to anomaly and change-
point detection.

4. Conclusion and Limitations

This paper has systematically presented the essential
prerequisite knowledge for time-series machine learning,
the core task types, and task-oriented tool comparisons.
Due to space limitations, all tables are presented in the
appendix. The goal is to provide a clear path to quickly
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select appropriate tools for specific problems and to clarify
the practical characteristics of each framework.

There are still some limitations: for each task type,
only about five representative tools are included to cover
approximately 90% of common scenarios; unconventional
or niche applications are not discussed. Detailed algo-
rithms, internal model architectures, and parameter set-
tings of each library are beyond the scope of this paper.

Future work may expand this study by incorporating
quantitative benchmarking, broader tool coverage, and
unified evaluation criteria. Overall, this review serves as
a structured reference for researchers and practitioners to
navigate and select TSML tools effectively.
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