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Abstract
Reducing the features while preserving a dataset’s inner dynamics is a challenging task. This is particularly evident for
nonlinear and time-dependent processes.We propose a novel dimension reduction technique, AverageVolatilityDimensioning
(AVD), which captures the behavior between features and reduces the multiple dimensions to a univariate signal. This article
describes the developed mechanisms and compares this dimension reduction technique against nine state-of-the-art methods.
The ability to retain the information of the data is evaluated by using the reduced dimensions formachine learning classification
tasks and comparing the phase-space portraits. The validation is performed on eight different datasets featuring nonlinear
time series data, covering domains such as movement recognition, fault detection, and environmental monitoring. Overall, the
results show that AVD encapsulates the data dynamics best, demonstrating superior performance for the discussed machine
learning approach while maintaining an interpretable phase-space trajectory, resisting noise, and remaining computationally
efficient.

Keywords Dimension reduction · Average Volatility Dimensioning · AVD · Machine learning · Curse of dimensionality

1 Introduction

Handlingdatasets that incorporate numerous features (dimen-
sions) typically presents considerable challenges in Machine
Learning, data, and signal processing. Often labeled as the
“curse of dimensionality,” the problem describes the expo-
nential increase in volume associated with adding extra
dimensions to a mathematical space [1, 2], which is also
a well-known problem in machine learning tasks [3–5]. As
dimensionality increases, the available data becomes sparse,
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creating greater demands on computational resources and
negatively impacting the performance and generalization of
machine learning algorithms. The abundance of dimensions
can also increase the amount of non-relevant information for
themachine learning classifier, leading to sub-optimal behav-
ior of trained models. This issue is especially pronounced in
big data scenarios where computing time and storage are
often constrained [6]. Substantial efforts have been made
in recent years to research dimension reduction techniques
to enhance the accuracy and efficiency of machine learning
tasks. One approach for tackling the curse of dimension-
ality focuses on simplifying high-dimensional data (many
features) into more manageable substructures or identifying
fundamental patterns [6–11]. The information derived from
these methods can replace or augment existing input vari-
ables, thereby improving algorithms’ learning performance
and efficiency.

Despite the advancements in this field, there remains a
scarcity of efficient dimension reduction methods for mul-
tivariate time series and even fewer that are interpretable
for humans. This is particularly critical for fields that use
many different sensors to monitor their objects and rely
on human decision-making based on data-driven analysis,
such as for industrial processing or medical monitoring. Tra-
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ditional techniques such as Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA) often fall
short when dealing with temporal correlations between fea-
tures and nonlinear interactions of time series data. As big
data applications become increasingly common and most
contemporary challenges are in the realm of nonlinear sys-
tems [12, 13], advancements in reducing data complexity
could offer significant improvements in data management,
computational power, and accuracy across various fields such
as medicine, biology, and chemistry.

As such nonlinear dynamics are often described as prob-
lems of organized complexity [14], methods have been
lacking that capture such system dynamics that are pro-
duced by a definite number of elements that are neither
small and highly interdependent (problems of simplicity that
use deterministic approaches) nor extremely high in num-
bers and loosely coupled (problems of organized complexity
that use probabilistic/stochastic methods) [14, 15]. Tech-
niques such as PCA, Independent Component Analysis, or
Forecastable Component Analysis rely on stochastic model
assumptions, which render them less ideal for determinis-
tic data properties (e.g., robotics and automation, medical
systems, astronomy) [6, 7, 16, 17]. They optimize variance
or correlation and presume (at least) finite fourth moments,
weakly correlated residuals, and often approximate Gaus-
sianity. These prerequisites break down as soon as the data
exhibit heavy-tailed shocks, intermittent bursts, or sensor
drop-outs. In such cases, the variance inflates, eigenvec-
tors become unstable, and the retained components reflect
outliers more than structure. Conversely, recent determin-
istic approaches such as Dynamical Component Analysis
(DyCA) succeed on low-noise chaotic flows by assuming an
underlying low-dimensional system of differential equations
and solving a generalized eigenvalue problem on correlation
matrices [7]. Due to this application logic, DyCA is very hard
to interpret for humans, while non-differentiable or stochas-
tic processes could render the idealized reduction vulnerable.
As many modeling use cases that display nonlinear behavior
are found in the realm of organized complexity, one often
encounters a mixture of stochastic and deterministic dynam-
ics in the data. Therefore, using methods that are designed
particularly for stochastic or deterministic processes might
prove inadequate to capture the system dynamics.

To address this research gap, we introduce a novel
dimension reduction technique named “Average Volatility
Dimensioning (AVD)” which captures the temporal dynam-
ics of the data and collapses it into a human-readable and
interpretable univariate signal. The algorithm demands only
finite first, or if desired, second moments, allowing users to
select betweenmean absolute deviation (MAD) and standard
deviation (SD) formulations. This flexibility enables control
over sensitivity to outliers, with the MAD variant provid-
ing increased robustness, while the SD variant favors higher

responsiveness to larger deviations. The method remains
distribution-free by construction. Because it captures relative
volatility rather than variance or correlation, AVD is equally
applicable to data with mixed deterministic and stochastic
components.We evaluate thismethod against state-of-the-art
dimension reduction techniques by training various machine
learning classifiers and comparing the validation metrics
(accuracy, precision, recall, F1-score) basedon the features of
the collapsed dimensions. Eight multi-variate datasets from
different domains will be presented to show the generaliz-
ability of AVD. All discussed datasets feature multivariate
signals, which are to be classified.

Given this context, this article provides the following con-
tributions:

• Introduction of a novel dimension reduction technique
for multivariate time series data called Average Volatility
Dimensioning (AVD)

• Analysis and comparison of AVD against nine state-of-
the-art dimension reduction techniques and their result-
ing phase space topologies

• Evaluation of AVD on eight datasets and with various
machine learning algorithms for time series classification
tasks

Within this article, Sect. 2 gives an overview of state-of-
the-art dimension reduction techniques and corresponding
related work. Section 3 introduces the developed technique,
while Sect. 4 describes the performed experiments. Sec-
tion 5 elaborates on the usability of the techniques in a
machine learning context and via phase space analysis. Sec-
tion 6 provides a critical discussion on the technique’s current
limitations and future work, while Sect. 7 summarizes and
concludes this article.

2 Related work

Significant research has been conducted in recent years on
dimension reduction and feature extraction techniques to
enhance the accuracy and efficiency of Machine Learn-
ing tasks [6–11]. This research focuses on simplifying
high-dimensional data (many features) into substructures or
extracting underlying patterns to improve algorithmic learn-
ing capabilities. The resulting information may serve as a
replacement or an additional feature to the existing input
variables.

Methods like Discrete Fourier Transformations [18] and
various polynomial approximations [19] reduce the com-
plexity of the time series by extracting coefficients that
represent the series in the frequency domain or as polynomial
terms. Complementary to this, wavelet-based methods were
originally developed for efficient signal representation [20],
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and later applied to dimensionality reduction and entropy-
based analysis [21]. Techniques such as the DiscreteWavelet
Transform (DWT) and Wavelet Packet Transform (WPT)
extract time-localized frequency information using multi-
resolution coefficients, which serve as compact, interpretable
features. Recent extensions, including wavelet-based projec-
tions and wavelet-inspired deep learning architectures, have
demonstrated improved performance over PCA, Isomap, and
UMAP in medical and genomic applications [22].

Symbolic Aggregate Approximation reduces the com-
plexity by converting the time series into a sequence of
symbols, which approximate the original data [23]. These
approaches, however, could actually lead to an increase in
features as they extract additional information. Other dimen-
sion reduction techniques focus on reducing the total length
of the signal. Prominent examples are Perceptually Important
Points [24] and Piecewise Aggregate Approximation [25],
which focus on simplifying the representation of the time
series by selecting key points or averaging segments, respec-
tively. These are particularly relevant if the total length of
the feature is reducing the computational efficiency of a task.
On the other hand, methods like Dynamic Component Anal-
ysis (DyCA) [7], Multidimensional Scaling (MDS) [26], or
Principal Component Analysis (PCA) [27] capture underly-
ing patterns and structures of (multidimensional) data and
thereby reduce the feature space to lower-dimensional rep-
resentations. Approaches such as Factor Analysis (FA) [28]
and Independent Component Analysis (ICA) [16] likewise
seek low-dimensional directions that explain the observed
covariance structure or achieve statistical independence,
respectively. These techniques allow practitioners to reduce
the total amount of features (dimensions) necessary to model
and predict time series data, which is the primary focus of
this article.

In this category, a primary distinction ismade between lin-
ear and nonlinear feature extraction techniques [6]. A linear
dimension reduction technique transforms high-dimensional
data into a low-dimensional space using linear algebraic
methods, usually retaining linear relationships and projec-
tions from the initial data space (e.g., Principal Compo-
nent Analysis, Linear Discriminant Analysis). A nonlinear
dimensionality reduction technique utilizes more complex
transformations that can preserve the intrinsic, nonlinear
structures and relationships within the data (e.g., Isomap).
Other widely used manifold learners include Locally Linear
Embedding (LLE) [29], T-distributed Stochastic Neighbor
Embedding (t-SNE) [30], and themore recent UniformMan-
ifold Approximation and Projection (UMAP) [31], each aim-
ing to preserve neighborhood structure in a low-dimensional
space. Some research has also enhanced linear techniques
to capture nonlinear behavior through kernels (e.g., Kernel
PrincipalComponentAnalysis) [32] ormonotonic regression
(non-metric Multi-Dimensional Scaling) [33].

One primary limitation of many dimension reduction
techniques is the assumption of independence among obser-
vations, which is better suited for static datasets. Although
there is no practical limitation to applying these techniques
to time series data, the inherent logic to capture the vari-
ance or between-object distances might render them less
ideal for time series data. Other approaches like Forecastable
Component Analysis [17] or methods based on Granger
causality [34] rely on different stochastic model prerequi-
sites, assuming random processes are inherently present in
the data. This lowers their usability for rather deterministic
time series data, as it can be found in controlled environments
like industrial plants, energy infrastructure, or buildingmain-
tenance. Recent advances in extracting nonlinear dynamics
in deterministic time series data can be found by Seifert et
al., [7], which introduced the Dynamical Component Anal-
ysis (DyCA). The researchers introduce a novel technique
that performs eigenvalue decompositions of Jacobian Esti-
mations of the dynamical system and exemplify its usability
on simulated and EEG data. However, it is not clear howwell
the DyCA models nonlinear dynamics of other domains.

3 Average volatility dimensioning

We consider a collection of multivariate signals denoted by

X i =

⎡
⎢⎢⎢⎣

X i
1

X i
2
...

X i
M

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎣

xi1(t1) xi1(t2) · · · xi1(tL)

xi2(t1) xi2(t2) · · · xi2(tL)
...

...
...

xiM (t1) xiM (t2) · · · xiM (tL)

⎤
⎥⎥⎥⎦

X i ∈ R
M×L , i ∈ {1, . . . , N }. (1)

where each X i ∈ R
M×L represents the i-th realization of

M discrete-time signals observed at L time steps. X i
j denote

the individual vectors composing the multivariate signal.
Each scalar entry xij (tk)denotes the value of the j-th signal

(or channel) in the i-th sample at time step tk = k�t , with
index sets

i ∈ {1, . . . , N }, j ∈ {1, . . . , M}, k ∈ {1, . . . , L}. (2)

In the following, we drop the index i as we present the
whole construction for a single matrix X i → X .
Local scale in a sliding window: MAD and SD
Let a single channel be denoted by the discrete series x j (tk),
where j ∈ {1, . . . , M} is fixed and tk = k�t with k ∈
{1, . . . , L}. Choose a window length w (1 ≤ w ≤ L) and
define the index set

Wk,w := {k − w + 1, . . . , k}, k ≥ w. (3)
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Inside that window the local (sample) mean is

x̄ j (tk, w) = 1

w

∑
p∈Wk,w

x j (tp). (4)

We quantify dispersion around x̄ j (tk, w) in two closely
related ways, mean absolute deviation (MAD) and standard
deviation (SD) [35]:

δMAD
j (tk, w) = 1

w

∑
p∈Wk,w

∣∣x j (tp) − x̄ j (tk, w)
∣∣, (5)

δSDj (tk, w) =
√√√√ 1

w

∑
p∈Wk,w

[
x j (tp) − x̄ j (tk, w)

]2
. (6)

Moment requirements. Fix a time index k and channel j .
Because the variables x j (tk) are discrete, they take values in a
(finite or countable) alphabet X ⊂ R with probability–mass
function

p jk(x) = Pr
{
x j (tk) = x

}
, x ∈ X .

For any measurable function g the expectation is the finite
(or at most countable) sum

E
[
g
(
x j (tk)

)] =
∑
x∈X

g(x) p jk(x). (7)

First absolute moment. MAD in (5) is finite for every win-
dow if and only if

∑
x∈X

|x | p jk(x) < ∞ (8)

for all j, k. No higher moments are needed; this is whyMAD
is regarded as an L1-scale estimator [36].
Second moment. SD in (6) additionally requires

∑
x∈X

x2 p jk(x) < ∞.

Heavy-tailed series that violate this condition still admit
MAD but not SD, a distinction highlighted in [37].
Higher moments. Neither estimator depends on the third
moment

∑
x |x |3 p jk(x); skewness enters only if one wishes

to normalize or bias–correct SD. For the purposes of scale
measurement the existence of the first moment is sufficient
for MAD, while the first and second moments are sufficient
for SD.

Thus, MAD operates under strictly weaker distributional
assumptions than SD. In the remainder of the manuscript
we keep both notations; all derivations hold with δ j (tk, w)

interpreted either as the L1 scale (MAD) or the L2 scale (SD),
provided the respective moment conditions are met.
Rolling window-wise calculation of all channels.
The following construction and properties hold for both
the mean absolute deviation-based approach and the stan-
dard deviation-based approach. Thus, we refer to both
δMAD
j (tk, w) and δSDj (tk, w) as deviation δ j (tk, w). We also

use these notations for the different deviation calculations
throughout the remainder of the article, i.e., SD for stan-
dard deviation and MAD for mean absolute deviation. By
evaluating Eqs. 5 and/or 6 across all valid time indices
k = w, . . . , L , we obtain a sequence of deviation values
for channel j ,

δ j (w) := (
δ j (tw,w), δ j (tw+1, w), . . . , δ j (tL , w)

)

δ j (w) ∈ R
L−w+1. (9)

Deviation matrix across all channels.
Extending this to all channels j = 1, . . . , M , we find our
multivariate deviation matrix as:

δ(w) =

⎡
⎢⎢⎢⎣

δ1(tw,w) δ1(tw+1, w) · · · δ1(tL , w)

δ2(tw,w) δ2(tw+1, w) · · · δ2(tL , w)
...

...
...

δM (tw,w) δM (tw+1, w) · · · δM (tL , w)

⎤
⎥⎥⎥⎦ ,

δ(w) ∈ R
M×(L−w+1). (10)

This describes the dispersion across all channels and time
steps for a single sample i (which we omitted for simplicity).

Signal Properties of MAD or SD

Before collapsing the multivariate deviation matrix δ(w)

we discuss assumptions and trade-offs that come with the
mean absolute deviation (MAD) and the standard devia-
tion (SD). The following collects requirements and practical
remarks.

Throughout we treat every channel j and time index k as a
discrete random variable supported on a (finite or countable)
alphabet X ⊂ R with probability-mass function p jk(x) =
Pr{x j (tk) = x}. For any measurable mapping g : X → R

the expectation is the finite sum

E
[
g
(
x j (tk)

)] =
∑
x∈X

g(x) p jk(x). (11)

For later assumptions of signal properties, we define the lag–
� covariance as

Cov
[
x j (tk), x j (tk+�)

]

=
∑
x∈X

∑
y∈X

(x − μ j )(y − μ j ) p jk,k+�(x, y), (12)
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where p jk,k+�(x, y) = Pr{x j (tk) = x, x j (tk+�) = y} and
μ j = E

[
x j (tk)

]
.

Similarly to the lag–� covariance, we define the Autoco-
variance function as

γ j (�) := Cov
[
x j (tk), x j (tk+�)

]
, � ∈ Z. (13)

Based on these assumptions, the signal properties ofMAD
or SD are as follows:

• Weak stationarity A process is weakly stationary (WS)
if its first and second moments are time-invariant:

E[x j (tk)] = μ j , Cov
[
x j (tk), x j (tk+�)

] = γ j (�),

Under WS the local mean x̄ j (tk, w) is an unbiased esti-
mator of μ j ; both MAD and SD then measure genuine
scale rather than drift. See [38] for a textbook treatment.
For a weakly stationary channel, γ j (�) does not depend
on the specific time index k; it captures how strongly the
process is linearly correlated with itself after a lag of �

steps.
• Strict stationarity The channel is strictly stationary
if every finite block of observations is distribution-

invariant under time shifts, i.e.
{
x j (tk1), . . . , x j (tkr )

} d={
x j (tk1+m), . . . , x j (tkr+m)

}
for all integers k1, . . . , kr

and shift m. In particular the one-step law is time-
homogeneous: p jk(x) = p j (x) for every k.
Whenever the first two moments exist, strict stationarity
automatically impliesweak stationarity (μ j and γ j (�) do
not depend on k); see [38]. Consequently

E
∣∣x j (tk) − μ j

∣∣ =
∑
x∈X

|x − μ j | p j (x), (14)

E
(
x j (tk) − μ j

)2 =
∑
x∈X

(x − μ j )
2 p j (x), (15)

so the almost-sure limits in (5) and (6) are well defined
for every window position.

• Ergodic convergenceUnder strict stationarity and ergod-
icity the sliding-window sums obey Birkhoff’s theorem,
[39]:

δMAD
j (tk, w)

a.s.−−−−→
w→∞

∑
x

|x − μ j | p j (x), (16)

δSDj (tk, w)
a.s.−−−−→

w→∞
[∑

x

(x − μ j )
2 p j (x)

]1/2
, (17)

The above limits state that, as the window expands, the
sample MAD and SD converge almost surely (a.s.), that
is, with probability 1, to their respective population L1

and L2 scales.
Meaning that if the channel process {x j (tk)}k∈Z is either

(i)α–mixingwith coefficients satisfying
∑

�≥1 α(�)1/2 <

∞ [40] or (ii) θ–weakly dependent in the sense of [41],
then for every fixed time index k

√
w

(
δ j (tk, w) − E

[
δ j (tk, w)

]) d−−−−→
w→∞ N(

0, σ 2
δ, j

)
.

(18)

Hence long windows approximate population scales,
whereas short windows react more quickly to regime
changes.

Taken together, these points give the distributional and prac-
tical conditions under which either scale can be trusted.

3.1 From the deviationmatrix to a scalar:
cross-channel pairwise variance

We begin with the classical cross-channel pairwise variance
identity for a univariate sample {z1, . . . , zM }:

Var(z1, . . . , zM )

= 1

2M(M − 1)

∑
1≤ j< j ′≤M

(z j − z j ′
)
)2. (19)

For the composition of AVD we take the proxy values z j 
→
δ j (tk, w), i.e. the window-wise scale of channel j at time
index tk over a sliding window w. Substituting these into the
pairwise variance formula and discarding the factor 2 gives
the mean pairwise squared difference

V (tk, w)

= 1

M(M − 1)

∑
1≤ j< j ′≤M

[
δ j (tk, w) − δ j ′(tk, w)

]2
, (20)

which equals M
M−1 times the sample variance of the scale

vector δ(tk). Thus V (tk, w), and hence AVD(tk, w), retains
the interpretability of a variance while collapsing the multi-
channel scale information to a single, non-negative scalar for
each time window.
Variance identity.
A standard combinatorial identity gives [42]

∑
1≤ j< j ′≤M

(δ j − δ j ′)
2 = M2 Var

(
δ1, . . . , δM

)
, (21)

so that

V (tk, w)

= M

M − 1
Var

(
δ1(tk, w), . . . , δM (tk, w)

)
. (22)
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Up to the constant factor M/(M − 1), V (tk, w) is therefore
the sample variance of the channel-wise scales.
Metric property.
Define d(tk, w) := √

V (tk, w). Because
√
Var is the

Euclidean norm after centering, d(·, w) is a seminorm on
R

M and induces a metric on the quotient space obtained
by identifying vectors that differ only by a constant shift.
Non-negativity, symmetry, and the triangle inequality follow
directly from the properties of the Euclidean norm.
Connection to energy statistics.
Energy statistics are built from expectations of Euclidean
distances [43, 44]. Edelmann, Richards and Vogel [45] show
that replacing those expectations by finite averages yields
a distance variance whose univariate form is proportional
to (21). Thus, V (tk, w) can be viewed as a finite-sample,
energy-style dispersion measure with transparent metric and
variance interpretations.
Absolute Volatility Dimensioning (AVD).
We retain the notation

AVD(tk, w) := V (tk, w)

= 1

M(M − 1)

∑
1≤ j< j ′≤M

[
δ j (tk, w) − δ j ′(tk, w)

]2
, (23)

Thus:

AVD (X, w)

:= (AVD(tw,w), AVD(tw+1, w), . . . ,AVD(tL , w))

AVD (X, w) ∈ R
L−w+1. (24)

This vector is the final outcome of the AVD algorithm and
captures the volatility/heterogeneity of a multivariate sample
X → X i—reintroducing our sample index i . Thus, for a
dataset of i ∈ {1, 2, ..., N } multivariate time series samples,
we obtain N such vectors of length L . That is, AVD collapses
eachmultivariate signal, consisting ofM individual samples,
into a one-dimensional vector that captures its heterogeneity,
which iswell-suited for, e.g., machine learning classification.

Because V (tk, w) depends only on pairwise squared gaps
of the δ j (tk, w), it inherits the moment requirements of the
chosen channel-wise scale estimator (finite first moments for
MAD, finite first and secondmoments for SD) and introduces
no additional assumptions.

3.2 Signal classes and assumptions for MAD, SD &
AVD

Whether we work with the L1–scale δMAD
j (tk, w) or the

L2–scale δSDj (tk, w), and whether we ultimately collapse
either one into an AVD value, the same high-level regularity
requirements surface:

1. First and/or Second Moment existence.
2. Weak/strong stationarity on the analysis horizon.
3. Ergodicity or sufficiently fast mixing.

The canonical models below show how these three condi-
tions are met after elementary preprocessing (detrending or
differencing) as these provide blueprints for a range of such
signals.
Gaussian AR(1).
For |ϕ| < 1 the chain Yk+1 = ϕYk + εk with εk ∼ N (0, σ 2

ε )

is strictly stationary, ergodic, and geometrically mixing [38].
All moments exist, giving the closed-form window limits

δSD = σε√
1 − ϕ2

, (25)

δMAD =
√

2
π

σε√
1 − ϕ2

(26)

Sampled Ornstein–Uhlenbeck.
Sampling the SDE dYt = −θYt dt + √

2D dWt at tk = k�t
produces Yk+1 = e−θ�t Yk + ηk with ηk ∼ N(

0, D(1 −
e−2θ�t )

)
. The discrete skeleton inherits strict stationarity,

ergodicity, and geometric mixing from the Ornstein–Uhlen-
beck flow [46]. Marginal variance is D/θ , so

δSD =
√

D
θ
, (27)

δMAD =
√

2D
πθ

. (28)

Chaotic flows and moment conditions.
For the Lorenz flow at the classical parameter set (σ, ρ, β) =
(10, 28, 8/3) a mixing SRB (physical) measure is known to
exist: [47] establish mixing, while [48, 49] obtain quantita-
tive rates and limit laws. Consequently, a uniformly sampled
coordinate yields a strictly stationary, ergodic, geometri-
cally mixing time series with finite moments, so both the
MAD- and SD-based AVD constructions are valid. The same
moment, ergodicity, and mixing properties are available for
other singular-hyperbolic flows that support mixing SRB
measures (e.g. the class studied in [49–51]), ensuring that
the AVD framework extends to a broad family of chaotic
signals.
Composite signals.
Empirical series often decompose as Yk = Sk+εk (determin-
istic or chaotic core plus noise). If each component separately
meets the three bullet conditions, so does their sum. In prac-
tice a short detrend or first difference is usually enough to
render real data locally stationary and ergodic on the chosen
window scale.

These examples confirm that the moment, stationarity,
and ergodicity assumptions needed for the windowed scales
carry over directly to AVD, because AVD is built only from
the δ

MAD/SD
j (tk, w) values. The combined MAD/SD–AVD
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Fig. 1 Depiction of the
employed pipeline. The entire
process is separated into two
parts. The first part, denoted as
preprocessing, encompasses all
data manipulations performed,
with an emphasis on the
dimension reduction techniques
employed. The second part
demonstrates how we validated
our approach, i.e., by using
machine learning to classify the
feature-reduced datasets and
analyzing the phase space
topologies

framework is therefore applicable to a broad range of deter-
ministic, stochastic, and hybrid signals found in applied
work.

3.3 Summary

We provided a detailed construction of the developed Aver-
age Volatility Dimensioning algorithm and presented the
corresponding properties of the signals on which our con-
struction and assumptions are based. The main steps of our
construction are:

1. Window-wise scale estimation. For each channel we
compute either the mean absolute deviation (MAD, (5)),
requiring only a finite first moment, or the standard
deviation (SD, (6)), requiring a finite second moment.
Both statistics are evaluated in an overlapping window
of length w.

2. Cross-channel aggregation. The M window scales at
time tk are collapsed via the adapted cross-channel
variance (23), yielding a singleAbsolute VolatilityDimen-
sioning value AVD (tk, w) in (24). Two AVD variants are
therefore available: one based on MAD (L1 scale) and
one on SD (L2 scale).

3. Regularity requirements. The framework is valid under
(i) weak stationarity and (ii) ergodicity (or sufficiently fast
mixing) of each channel, together with the moment con-
dition appropriate to the chosen scale (first moment for
MAD, first and second moments for SD). Section 3.2
shows that these assumptions are met, after mild pre-
processing, by a wide range of canonical and composite
signals that approximate real-world data.

4 Experimental design

We test our developed technique on three multivariate time
series classification problems. These problems are similar
in structure in that they involve a multitude of time series
data representing a single sample. Thus, one faces challenges
with a large number of features, i.e., a large featurematrix. To
reduce the number of features andmake the data more under-
standable, we employ our developed techniques to condense
this multitude of time series data into a single time series.
After this dimension reduction stage, we validate the devel-
oped technique against other dimension reduction techniques
in two ways. First, we test if the datasets, with their features
reduced, can still be classified correctly by a machine learn-
ing algorithm, i.e., we evaluate if the reduced datasets contain
enough information to be classified correctly. Second, we
look at a specific phase space embedding of a sample of the
reduced signals and subjectively evaluate the resulting sig-
nal. This means that we choose phase space embeddings for
the different signals and compare them to each other based on
similar approaches from the literature. Our entire approach
and both validation strategies, respectively, are depicted in
Fig. 1.

In the following, we describe the employed datasets, nec-
essary preprocessing steps, and our validation approach.

4.1 Datasets

Eight different datasets are used in this experiment to com-
pare the power of generalization of the proposed dimension
reduction techniques to state-of-the-art approaches. The data
collection includes five datasets focused on human activities,
two related to industrial processes, an one concerning envi-
ronmental data. All the datasets are structured as sequential
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multivariate time series, with the number of features varying
between 2 and 45 and the number of time steps per sample
ranging from 30 to 7500. No outliers were removed, reflect-
ing the sensor errors and measurement anomalies typical of
real-world data.

• Movement Dataset: The dataset was created by Filippo
Palumbo et al. and can be found here [52]. It contains sen-
sor data associated with seven classes, which correspond
to different types of movements: cycling, lying, sitting,
standing, walking, and two styles of bending. For each
sample, the mean and the variance over 250ms of three
sensor measurements are collected during a time interval
of 120s. The goal is to predict the movement type from
the sensor data.

• Sports Dataset:Gyroscope and accelerometer data over
3 s that is collectedwhile players playoneof the following
strokes: squash forehand, squash backhand, badminton
clear, badminton smash. The datawas collected byPhillip
Perks, processed by Florian Huber, and can be down-
loaded here [53]. Given the sensor readings, the task is
to classify each instance into one of the four classes rep-
resenting the type of stroke recorded.

• Gait Dataset: The data was collected by Shorter et al.
(2008) [54], preprocessed by Helwig et al. (2011) [55],
and published by Helwig et al. (2016) [56]. It consists of
measurements from 10 subjects walking on a treadmill
under three different conditions: normal walking, walk-
ing with a right knee brace, and walking with a right
ankle brace. For each subject, the angles of the ankle,
knee, and hip joints were recorded for both legs over 101
time points, resulting in 6 features per sample. The task is
to classify the subjects’ gait into one of the three walking
conditions. The data can be accessed here [57].

• Activities Dataset: The dataset contains data associated
to 19 types of daily and sports activities: sitting, standing,
lying on back and on right side, ascending and descend-
ing stairs, standing in an elevator and moving around
in an elevator, walking in a parking lot, walking on a
treadmill with a speed of 4km/h (in flat and 15 degree
inclined positions), running on a treadmill with a speed
of 8km/h, exercising on a stepper, exercising on a cross
trainer, cycling on an exercise bike in horizontal and ver-
tical positions, rowing, jumping, and playing basketball.
Each of the activities was performed by 8 subjects dur-
ing a time interval of 5min at 25Hz sampling frequency,
resulting in 7500 timestamps per subject per activity
and 19 × 8 = 152 samples, with 8 samples per class.
For every activity, 5 sensors were placed on different
body parts of the subjects, and 9 coordinate values were
obtained from every sensor (3-3 axis measurements each
for accelerometer, gyroscope, and magnetometer), total-
ing 45 measurements per timestamp. Given such sample

matrices of size 7500×45, the task is to classify each sam-
ple to one of the 19 classes. The dataset can be accessed
on the UCI Machine Learning Repository [58].

• Hand Dataset: The dataset, collected by Christos Sap-
sanis et al. [59], contains time series data recorded at
500Hz from five subjects performing six distinct hand
grasps: cylindrical, tip, hook, palmar, spherical, and lat-
eral. Each subject completed 30 repetitions of each grasp.
Two sensors recorded hand muscle activation during
these movements. The objective is to classify each sam-
ple into one of the six grasp categories.

• Hydraulic Dataset: It is based on the work of Helwig et
al. [60], who built a complex hydraulic test rig to simu-
late system behavior under various fault scenarios. The
data is available on the UCI Machine Learning Reposi-
tory [61]. The test rigwas continuouslymonitored for 60 s
per cycle, duringwhich different failuremodeswere sim-
ulated by introducing varying degrees of severities, such
as optimal valve switching behavior, small lag, severe
lag, and close to total failure. Each cycle corresponds
to a specific error type and is an individual sample. The
original aim of the researchers was to predict the indi-
vidual failure modes based on the measurements from
17 independent sensor modes. After eliminating classes
that only contain 1 sample, a total of 156 different classes
are predicted.

• Actuator Dataset: This data is based on the work of
Ruiz-Carcel and Starr [62], who built a linear actuator
test rig. It was used to identify healthy and faulty cases
under different loading conditions and motion profiles.
Each data sample consists of three measurements over
2000 timestamps at 0.04s intervals. A total of 13 different
classes are predicted. The data can be found here [65].

• Plant Dataset: The data, collected by Eduard Buss et
al. and used for the work PhytoNodes for Environ-
mental Monitoring: Stimulus Classification based on
Natural Plant Signals in an Interactive Energy-efficient
Bio-hybrid System [64], aims to monitor environmental
conditions through plant signals. The study focuses on
the plant Zamioculcas zamiifolia, which is exposed to
five different stimuli: wind, temperature, blue light, red
light, and no stimulus. Each sample contains 12 sensor
readings collected over a period of one hour and ten min-
utes. The objective is to classify each multivariate time
series according to the type of stimulus applied. The data
can be downloaded here [65].

4.2 Preprocessing

As the first step, all datasets have been transformed into the
same shape and conditions to ensure comparability. Thereby,
we transformed the datasets into a multi-index table. Each
sample (first index) contains the different sensors and the
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timeframes (second index), as shown in Sect. 3. Then, we
employed mean normalization to scale the data in each indi-
vidual sample. Furthermore, the hydraulic set was monitored
by sensors with sampling rates ranging from 1 to 100 Hz. To
avoid manipulating the test data by interpolation, the data
was uniformly downsampled to 1 Hertz resulting in 1 mea-
surement per second. In some of the cycles, missing values
(zero-valued measurements) are present for particular sen-
sors. As the existing implementation of DyCA lacks a proper
mechanism for handling linear dependencies (which occur
when a feature is entirely composed of 0-values or when one
feature is a linear combination of others), the authors chose
to exclude the column PS4 (one of the pressure sensors)
from all experiments in order to maintain consistency across
the analysis. Regarding the movement dataset, due to the
small number of samples classified as one of the two types
of bending movements (“bending1” or “bending2”), these
two classes were excluded. As a result, the dataset became
balanced, with the remaining five classes containing equal
numbers of samples. The plant dataset consists of samples
categorized into five classes: exposure to wind, temperature,
blue light, red light, and no stimulus. However, the data for
blue and red light exposure is limited, with only 8 samples
each, compared to 272 samples for both wind and no stimu-
lus, and 252 samples for temperature exposure. Additionally,
the blue and red light data only includes 2 out of 12 features.
As a result, we exclude the blue and red light exposure classes
from the analysis and retain only the wind, temperature, and
no stimulus classes.

4.3 Dimension reduction

After the initial preprocessing steps, the features have been
extracted from the respective datasets described in section
4.1.Therefore,weused themeanabsolute deviation aswell as
the standard deviation for the AVD calculation, which is sim-
ilar in scope to the different kernels used in PCA. To cover a
broad range of nonlinear approaches for dimension reduction
[6], the new method of AVD is compared against a nonlinear
Principal Component Analysis (PCA) [27] with a sigmoid
kernel, a PCA with an RBF kernel, a Dynamical Compo-
nentAnalysis (DyCA) [7],Multidimensional Scalingmethod
(MDS) [26], FactorAnalysis (FA) [28], Independent Compo-
nent Analysis (ICA) [16], Locally Linear Embedding (LLE)
[29], Isomap [66], T-distributed StochasticNeighbor Embed-
ding (tSNE) [30] and UniformManifold Approximation and
Projection (UMAP) [31]. This selection enables awider com-
parison between techniqueswith different assumptions about
data properties (e.g., dependent and independent). These
approaches will be set as a baseline for testing the usabil-
ity of the introduced AVD approach.

For the baseline dimension reduction techniques, we
experimented with two different setups. The initial config-

uration involved reducing the dimensionality of the dataset
to one dimension using each technique. This approach facil-
itated a direct comparison with the AVD, which also reduces
the feature space to a single dimension. In the second setup,
we aimed to maximize the explained variance while con-
straining the dimensionality to a maximum of three. Under
these conditions, all baseline methods reduced the feature
space dimension to three in the second setup. The hand
and actuator datasets were excluded from the second exper-
iment because one dataset contains only 2 features and the
other contains 3 features, making the application of dimen-
sion reduction techniques inappropriate. The objective of this
experimental setup was to compare AVD also against tech-
niques that utilize multiple features for dimension reduction.
This highlights its potential to store information while keep-
ing the feature space minimal.

As the AVD approach is based on a rolling window, it
requires several time steps to compute the first value, and the
metric initialization is the 10th time step of the series in our
experiment, except for the sports dataset. This dataset con-
tains a time series of length 30. Therefore, a shorter window
size was chosen to better suit the data. The moving window,
as formally described in Sect. 3, takes incremental steps of
“1” time step per iteration. This results in a feature space
of tN − movingwindowsi ze + 1. This hyperparameter can
be changed depending on the size of the dataset or if local
or more general trends should be preserved in the reduced
dimensions.

4.4 Validation—machine learning

In order to validate the use of AVD as a dimensionality
reduction tool we will test the ability of the new method
to encapsulate information for correct classification of mul-
tiple datasets described in Sect. 4.1. Hereby, the comparison
will be made against state-of-the-art dimension reduction
techniques as well as the datasets containing all original
features. All datasets are structured as a multivariate time
series that describes the system state based on its features.
If the dimension reduction technique has extracted several
dimensions, these have been concatenated to a single row
to allow the application of different machine learning clas-
sifiers. Ultimately, we configured our supervised machine
learning approach as a multiclass classification task.
For this, the information will be evaluated through an open-
source Python library called LazyPredict,1 which is designed
to facilitate the quick and efficient training and evalua-
tion of numerous machine learning algorithms on a dataset.
LazyPredict provides baseline performance metrics across
a wide range of models, which enables the identification of
suitable algorithms for more focused optimization and fine-

1 Github link: https://github.com/shankarpandala/lazypredict.
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tuning. All machine learning algorithms have been tested on
a 70/30 train-test split.

The described experiment setup will be evaluated based
on the accuracy metric, which is formulated as follows:

Accuracy = correct classifications

all classifications
. (29)

In addition to evaluating classification performance using
accuracy, we also report precision, recall, and F1 scores to
provide amore comprehensive assessment. The three evalua-
tion metrics are defined for each class of a dataset as follows:

Precision = TP

TP+FP
, (30)

Recall = TP

TP+FN
, (31)

where TP (true positives) is the number of instances correctly
predicted as belonging to the class, FP (false positives) is the
number of instances incorrectly predicted as belonging to
the class, and FN (false negatives) is the number of instances
that belong to the class butwere incorrectly predicted as some
other class.

F1 score = 2 × precision × recall

precision + recall
. (32)

To obtain a single score per dataset for the three metrics (pre-
cision, recall, and F1 score), we compute themacro-averaged
metric values.

All calculations are done on a notebook with an Intel i5
with 2.40Ghz and 16Gb RAM, using Python 3.11.

4.5 Validation—phase space

Phase space and reconstructed phase space analysis are
techniques to gain insight into a system’s dynamics. These
methods are well known for their applicability to classical
systems like the pendulum but also apply to chaotic sys-
tems like the Lorenz system or the Roessler attractor, where
phase space analysis reveals regularities not visible by simply
observing the system’s time series data, the so-called strange
attractors. However, these tools can be used for non-model
data as well to observe and analyze attractor structures, as
discussed by [7, 67–69].

The work by Brunton et al. [67] uses the embedding, i.e.,
reconstructed phase spaces from univariate time series, of
systems like the Lorenz system or of actual univariate time
series data like the New York measles cases together with
Koopman theory to decompose a signal into its chaotic and
non-chaotic components. Additionally, thework by Seifert et
al. [7] not only introduces DyCAbut also uses an embedding,
i.e., reconstructed phase space, for a qualitative/subjective
analysis of the transformed signal, in their case, the Roessler

attractor. Similarly, we use both the notion of a phase space
and the notion of a reconstructed phase space/embedding to
gain insights into the workings of AVD. This means we per-
form an embedding of our obtained univariate signal and
compare it to both 3D signals from PCA, DyCA, MDS,
FA, ICA, LLE, Isomap, tSNE and UMAP, and to respec-
tive embeddings from univariate signals. Thus, we obtain
both a 3D dataset for each technique and a univariate sig-
nal for each technique. For the univariate signal, we perform
an embedding using a time delay τ = 1 and an embed-
ding dimension of dE = 3. This is known to work well for
non-model data, as the methods to determine the embedding
dimension or time delay of real-life time series often fail
to do so or provide inconclusive and contradictory results
[68]. Thus, without limiting the general applicability of our
approach andwith respect to a subjective interpretation based
on a three-dimensional phase space and reconstructed phase
space, we chose τ = 1 and dE = 3.

5 Empirical validation

5.1 Machine learning

Python’s Lazy Classifier was employed to evaluate and com-
pare the classification accuracy of our AVD feature with
that of the reduced feature spaces produced by the various
state-of-the-art dimension reduction algorithms. This com-
parison is illustrated for themovement and hydraulic datasets
(one human activity recognition and one industrial dataset)
in Sect. 5, while the results for the other datasets are dis-
played in the Annex. For this, Table 1 represents the results
on the movement dataset for all machine learning algorithms
deployed in the experiment. For better comparison to the
AVD feature, each of the other methods was also set to
reduce the dimension to 1 feature. All the classifiers have
been deployed without hyper-parameter tuning and serve to
give an overview of the performance of the models using
the different dimension reduction methods. Out of the 27
models, 12 yielded the highest accuracy when using AVD
MAD, while 10 times the AVD SD feature produced the best
results. The performance of the other methods was consider-
ably worse in most cases.

Carrying out the same comparison on the hydraulic
dataset with 156 classes, the results in Table 2 confirm the
potential in the AVD dimension reduction method. In most
cases, classification performed on one of these two fea-
tures (MAD or SD) yielded significantly better accuracies
than the other methods. While nonlinear PCA (Sigmoid),
DyCA, LLE, tSNE, and UMAP produced close to random
classification results, the rest performed better. The second
best-performing method after AVD was MDS; however, the
only two cases in which MDS outperformed the AVD fea-
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Table 3 Number of models (out of 27) on which each dimension reduction-technique to one feature performed the best. In cases of tied best
performance, all techniques with equal scores were counted as best; therefore, row totals may exceed 27

Dataset AVD (MAD) AVD (SD) PCA (RBF) PCA (SIGMOID) DyCA MDS FA ICA LLE Isomap tSNE UMAP

Movement 12 10 6 1 2 1 0 1 0 0 0 0

Sports 2 9 0 5 0 1 9 0 0 3 0 0

Gait 12 21 0 2 0 3 0 0 0 0 0 0

Activities 9 7 1 4 1 3 6 0 0 3 1 2

Hand 9 7 3 2 2 3 0 1 0 1 0 0

Hydraulic 18 9 0 0 0 6 2 1 0 1 0 0

Actuator 13 15 0 0 5 0 0 0 0 0 0 0

Plant 0 0 0 3 7 1 1 10 1 5 2 1

Highest value per dataset is highlighted in bold

Table 4 Number of models (out of 27) on which each dimension reduction technique to three features (except the AVDs to one) performed the
best. In cases of tied best performance, all techniques with equal scores were counted as best; therefore, row totals may exceed 27

Dataset AVD (MAD) AVD (SD) PCA (RBF) PCA (SIGMOID) DyCA MDS FA ICA LLE Isomap tSNE UMAP

Movement 11 7 7 0 3 0 0 0 0 1 0 1

Sports 4 4 0 8 3 2 5 0 0 4 0 0

Gait 13 22 0 3 0 3 0 0 0 0 0 0

Activities 9 7 1 3 2 2 0 0 1 6 0 6

Hydraulic 10 8 0 0 0 3 8 0 0 0 0 0

Plant 1 1 0 5 0 9 1 8 2 0 2 3

Highest value per dataset is highlighted in bold

tures were the distance-based models, namely the K-Nearest
Neighbors and the Nearest Centroid classifiers.

Both tables described above clearly show that in most
cases themachine learning classifiers can utilize the extracted
dimension from AVD best compared to the other methods.
This is also true for the other datasets and for the comparisons
of AVD against multiple dimensions of the state-of-the-art
methods, the tables for which can be found in the Annex.
To provide a comprehensive overview of the performance
across all datasets (based on the accuracies in Tables 1 and
2 and Tables 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20),
Tables 3 and 4 show for each dataset the number of times
each dimension reduction method yielded the highest accu-
racy over the machine learning models evaluated by the Lazy
Classifier. Table 3 shows the results for the case when each
dimension reduction method is used to reduce the dimension
to one, while Table 4 contains the results on three compo-
nents (except the AVD to one). It can be seen that, for nearly
all datasets, the AVD features achieved the highest accuracy
across the greatest number of machine learning models.

To further generalize the comparison, we present plots
showing the highest classification accuracy achieved by each
dimension reduction method, independent of the machine
learning model used. Figure 2 displays the results for reduc-
tion to a single feature, while Fig. 3 illustrates the highest

accuracies obtained with reduction to three features (except
the AVD to one).

In the case of reduction to one feature, AVD yielded the
highest accuracy for 5 datasets, while PCA (RBF), PCA (Sig-
moid), FA and ICA all performed best for one dataset. On
the other hand, in the case of reduction to three dimensions
with the state-of-the-artmethods and onewithAVD, the latter
yielded the highest accuracy for exactly half, namely 3 out of
the 6 datasets, while Isomap performed second best, yielding
best accuracy for two datasets. PCA (Sigmoid) andMDSper-
formed best in 1-1 case. We note that in the case of equally
high accuracies, all methods with the same highest accu-
racy were listed. However, in all cases when AVD performed
best, it achieved the highest accuracy with no other methods
matching its performance.Overall, both figures highlight that
AVD achieves superior accuracy not only across individual
machine learning models but also overall.

To further assess the performance of the AVD, similarly
to the accuracy, we also analyzed the precision, recall and F1
score for each dataset (reduced to one or three dimensions),
see Figs. 8, 9, 10, 11, 12 and 13 in the Appendix. The pre-
cision and recall plots (Figs. 8, 9, 11 and 12) show that the
AVD achieved the best performance, simultaneously attain-
ing highvalues for bothmetrics across nearly all datasets. The
F1 score plots (Figs. 10 and 13) further confirm the superior-
ity of our method. In the case of dimension reduction to one

123



   30 Page 14 of 38 International Journal of Data Science and Analytics            (2026) 22:30 

component, on 5 out of the 8 datasets, AVD produced the
best F1 score, while in the case of three components, AVD
performed best on 4 datasets out of the 6.

Applying different dimension reduction techniques to the
datasets and using the reduced dimensions as features for
machine learning tasks usually decreases the accuracy sig-
nificantly compared to the original dataset. To evaluate the
differences in classification accuracy between the full feature
sets and the AVD feature, we present the results in Fig. 4. The
plot shows that the performance varies significantly depend-
ing on the dataset. In four out of eight cases, the classification
with only the AVD feature yielded equal or higher accuracies
compared to the original data. Enhanced classification accu-
racies are visible for the movement and actuator datasets. In
contrast, comparing the accuracies on the full datasets with-
out dimension reduction with the accuracies achieved by the
state-of-the-art methods in Tables 1, 13 and 15 shows that
all other dimension-reduction techniques are decreasing the
baseline accuracies as seen in Fig. 4. Similarly to the move-
ment and actuator data, in the hand dataset,AVDMADshows
improved performance. However, a decrease in accuracy is
observed for the sports, activities, and hydraulic datasets.
The drop for the activities and hydraulic datasets is antici-
pated, as these datasets have the highest number of features.
Consequently, the reduction in information due to using only
the AVD feature set is more pronounced. Nevertheless, Fig-
ures 2 and 3 demonstrated that AVD generally outperforms
the other dimension reduction methods for the three datasets
in question. This highlights that while there can be an inher-
ent trade-off between accuracy and dimensionality reduction,
AVD manages to achieve a favorable balance.

5.2 Phase space analysis

The second part of our validation strategy is the analysis of
phase space portraits. We embedded the obtained AVD time
series with τ = 1, dE = 3 for a single sample and provided
comparative phase space portraits for all other techniques
(PCA, DyCA,MDS, FA, ICA, LLE, Isomap, tSNE, UMAP),
for both, three components, and a single embedded compo-
nent (again, τ = 1, dE = 3)

The results of this conducted phase space analysis are
shown in Figure 5 for an actual phase space of PCA (RBF),
DyCA, MDS, FA, ICA, LLE, Isomap, tSNE and UMAP (3
extracted dimensions) for one sample, i.e., cycle 30 of the
Movement dataset. This dataset was chosen as it provided
high accuracies for AVD, DyCA, PCA, and MDS, respec-
tively. Further, we also applied all techniques such that we
obtained only one component for the regarded sample and
used the discussed embedding to obtain the phase space
portrait depicted in Figure 6. Finally, we used the regarded
embedding to also get a phase space portrait of the univari-
ate time series obtained by applying AVD, as depicted in

Figure 7. These phase space portraits show that when apply-
ing PCA, DyCA, MDS, FA, ICA, LLE, Isomap, tSNE and
UMAP to obtain a 3D signal, we cannot derive any insights
from their phase space portraits such that we would clearly
see an attractor structure (Fig. 5). PCA, MDS, FA, tSNE
and UMAP provide us with phase space portraits that are
all over the place, whereas DyCA shows one point where
a lot of behavior is happening on the left side of the phase
space portrait and outliers on the right, we see a similar por-
trait for FA and Isomap. Contrary to all others is the portrait
by LLE, where all the behavior is just happening along a
few straight lines. We interpret these phase space portraits
as inconclusive. The reconstructed phase space portraits for
univariate signals of all reference techniques (Fig. 6) show
us better interpretable images; the reconstructed phase space
of the univariate signals from PCA, FA, and Isomap shows
an attractor mostly on the left side of the phase space portrait
with behavior that does not fit into this attractor moving to
the right. The phase space portrait of theDyCA reconstructed
phase space shows a very concentrated attractor in the center
of the imagewith surrounding outliers. TheMDS, ICA, tSNE
and UMAP portraits show us all a central region where most
of the behavior is happening and edgy surroundings depict-
ing outliers. Finally, we again observe non-centered behavior
but straight lines and very edgy trajectories for the LLE phase
space portrait. However, we cannot conclude a clearly visible
structure from these portraits, as, e.g., Brunton et al. show for
real-life datasets, [67].

The reconstructed phase spaces forAVDshowamuch bet-
ter interpretable picture (Fig. 7). Here, we see for both MAD
and SD embedded signals that central loops form an attractor
with outlier loops surrounding it, expanding to the right side
but returning to the central attractor structure. Not only are
the outliers much smoother than for the other phase space
portraits, but they also depict what we call strange attrac-
tors: fractal, self-similar structures that never truly repeat.
However, we see some similarities to the reconstructed phase
space portrait of PCA (Fig. 7); the central attractor structure
on the right side is present for both the AVD and PCA plots,
and further, we see outliers expanding to the right that also
return to the attractor.

Summing up our findings from the phase space analy-
sis, we observe that AVD for both MAD and SD allows for
smoother and better interpretable phase space portraits. Fur-
ther, AVD shows us fractal behavior and a strange attractor,
which is still somewhat distorted by noise, as expected for
real-life data. We do not see this behavior for the other phase
space portraits. Thus, we conclude that AVD can identify
and properly depict the dynamics of the discussed multivari-
ate real-life datasets in terms of an interpretable phase space
portrait.
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Fig. 2 Accuracy of classification across the eight datasets, compar-
ing various dimension reduction techniques. Only the best performance
results of each dimension reduction algorithm are presented. Each tech-

nique is applied to reduce the feature space dimensionality to one. The
two dark-blue lines correspond to AVD MAD and AVD SD

6 Discussion

The previous section empirically evaluated the usability of
AVD for different datasets and domains. The new technique
was shown to perform strongly for large (activities dataset
with 45, and hydraulic dataset with 16 dimensions) and small
feature amounts (movement, sports and gait datasets with 6,
actuator dataset with 3 and hand dataset with 2 dimensions).
It successfully captures the dynamics of the time series and
reduces the features to one dimension, which can be seen
in Figure 7 and the corresponding discussion in Sect. 5.2).
This suggests promising applications in fields characterized
by high-dimensional, nonlinear, and time-dependent dynam-
ics, such as Medicine, Biology, and Industry. By limiting the
feature space, AVD also shows potential for domains with
large data volumes (e.g., Bioinformatics, IoT) or domains
with constraints on computing time and storage (e.g., wire-
less sensor networks for environmental monitoring).

The AVD approach performs well for sparse data sam-
ples. This can be observed in the hydraulic dataset with 156
features, in which we have an imbalanced distribution of
samples (some with several hundred samples and some with
only two). It captures the dynamic of a given error state in an
informative and unique way so that the classifiers can differ-

entiate the error classes with high precision. This can also be
seen in the phase space visualization of the computed AVD
time series for themovement dataset, Sect. 5.2. The represen-
tation shows that the dynamics of all different features can be
found within one time series. This makes AVD a particularly
strong contestant for machine learning use cases in which
the individual samples are very similar, which renders the
identification of a decision boundary quite hard for machine
learning models. This is supported by our construction in
Sect. 3, where we assume weak stationarity and finite first
and secondmoments; under these conditions, AVD amplifies
subtle cross-channel heterogeneity even when the distribu-
tions of individual channels are nearly identical.

The presented implementation of AVD is designed for
multivariate time series data. It utilizes a moving window,
calculates the statistical properties of that feature within
the given timeframe, and compares this to all other fea-
tures in the same time step. Thereby, this approach assumes
several numerical descriptions of a feature within a given
sample. The size of the moving window is an important
hyperparameter of theAVDmethod, as it determines the tem-
poral resolution and scale of comparison across features. In
principle, the window defines the granularity of the signal
analysis. Small windows emphasize short-term variability
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Fig. 3 Accuracy of classification across the six datasets that had equal
to or more than three features, comparing performance with various
dimension reduction techniques. Only the performance results of each
dimension reduction algorithm are presented. Each technique is applied

to reduce the feature space dimensionality to three, except AVD MAD
and AVD SD, which always reduce the dimensionality to one. The two
dark-blue lines correspond to AVD MAD and AVD SD

and local fluctuations, while larger windows capture longer
trends or structural changes in the signal. This is similar to
neighborhood-size parameters in nonlinear dimension reduc-
tion techniques such as t-SNE or UMAP, in which the win-
dow length directly affects the smoothness of the resulting
manifold representation. The optimal choice in supervised or
unsupervised settings depends on the signal complexity and
sampling rate. If no domain information exists that would
establish a window baseline (e.g., like heart rate for ECG
signals), it can be guided by established techniques such as
the first minimum of the autocorrelation function or by using
the method of mutual information, which both indicate the
temporal separation at which observations become approxi-
mately independent [70–73]. Moreover, these methods have
their origin in phase-space embedding approaches applied to
dynamical systems (such as the Lorenz attractor). Recently,
similar to the presented study, they have been employedmore
broadly to inform the choice of embedding dimension or
input/moving window size for time-series analysis and pre-
diction, particularly for neural networks and other machine
learning regressors (e.g. [74–76]).

Normalization is generally not required for the use of
AVD. AsAVD compares the volatility between features, nor-
malization could significantly reduce the information caused

Fig. 4 Accuracy of classification across the eight datasets, comparing
performance with both full feature sets and reduced feature space to one
with the AVD (AVD MAD and AVD SD)

by outliers or strong deviations from the mean. If uniformity
of features is not given, AVD might be more dominated by
features that show a higher numeric range. In that sense, AVD
can be sensible to outliers if the features are not normalized.
However, themore features are compared, the less significant
individual outliers will be. That said, the stationarity require-
ment stated in Sect. 3 still applies: non-stationary signals
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Fig. 5 Phase space representation of the first three PCA (RBF), DyCA, MDS, FA, ICA, LLE, Isomap, tSNE, UMAP features for cycle 30 in the
movement dataset

must be detrended (or otherwise rendered mean-reverting)
before AVD is computed.

Another important factor to consider is the computational
efficiency of a dimension reduction approach, particularly
if one computes millions of data points. Table 5 shows the
time complexity of the different dimension reduction meth-
ods used on amultivariate time serieswith t timestamps and k
features. AVD has the same theoretical runtime of O(tk2) as
the fastest methods (PCA, DyCA, FA, ICA). This is because
AVD computes the squared differences for each pair of fea-

tures over t − w windows, where w is the window size (the
incremental step size is taken to be 1).

In the following, we also evaluate the runtimes exper-
imentally. As shown in Table 6, ICA and DyCA are the
fastest techniques among all tested ones, with AVD ranking
mid-range in terms of speed. Aligning with the theoretical
runtimes, t-SNE, UMAP, LLE, MDS and Isomap are the
slowest, with the experimental runtimes being highly depen-
dent on the convergence behavior. Overall, the runtimes
indicate that AVD is computationally efficient for small and
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Fig. 6 Reconstructed phase space from the first PCA (RBF), DyCA, MDS, FA, ICA, LLE, Isomap, tSNE, UMAP feature of the movement dataset
for cycle 30

large datasets while providing high accuracy (see Sect. 4.4).
However, future work could potentially optimize the compu-
tational efficiency.

Another benefit is the interpretability of AVD. Given a
high-dimensional multivariate time series, it is difficult, if
not impossible, to qualitatively make sense of the inherent
dynamics of such a dataset. As shown in Sect. 5.2, AVD
allows for qualitatively interpretable phase space embed-
dings of high-dimensional time series data, capturing the
volatility of such datasets. Although the observation of a

phase space embedding is not a technical tool that pro-
vides a quantitative metric, it allows for interpretability. It
enables one to see (strange) attractors in real-life time series
data, whereas plots of single time series often do not allow
to see these otherwise hidden patterns. However, we must
acknowledge that when we observe a system with, say, 16
sensors, we get a 16-dimensional phase space, which pro-
vides more details on the system’s dynamics than collapsing
these 16 dimensions into one and then displaying it in, e.g.,
3 dimensions. We could make partial projections of the 16
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Fig. 7 Reconstructed phase
space representation of AVD
MAD and AVD SD features of
the movement dataset for cycle
30

Table 5 Upper boundary of time complexity of the dimension reduction
methods

Method Runtime Method Runtime

AVD O(tk2) t-SNE O(t log t)

PCA O(tk2) UMAP O(t log t)

DyCA O(tk2) LLE O(t2k)

FA O(tk2) MDS O(t2k)

ICA O(tk2) Isomap O(t2k)

dimensions, e.g., taking three of them randomly and plotting
them in three dimensions. This allows for an interpretable
but reduced portrait of a system’s dynamics. On the con-
trary, the embedded phase space of our one-dimensional
signal contains information from all of these 16 dimen-
sions. Furthermore, given the long history of phase space and
reconstructed phase analysis, starting with the early works
of Lorenz [77] and continuing with novel contributions into
the 21st century [7, 67, 69], we conclude that this is still a
valid tool for analyzing and interpreting a system’s dynamics.
Future work in this direction could involve studying a sys-
tem’s dynamics by observing its Lyapunov exponents and
corresponding Lyapunov exponents of the AVD-condensed
time series for both model cases and real-life data.

While AVD focuses on capturing variability, it may not
effectively capture strong deterministic patterns, such as peri-
odicity or trends, if they do not result in significant variability
differences between features. In such cases, important struc-
tural information might be overlooked. In our approach, we
used the mean rather than the median as the central tendency
measure for computing the L1 norm. The mean is more sen-
sitive to subtle shifts in the data, which allows the method
to better capture small but meaningful variations, particu-
larly those introduced by gradual sensor changes or system
drifts. While the median is more robust to outliers and would
therefore reduce the influence of isolated anomalies, it may
also obscure smaller fluctuations that are relevant for detect-
ing structural dynamics in our setting. Since the analyzed

datasets were not preprocessed for outlier removal, and the
current approach demonstrated stable performance, the use
of the mean provided useful results while also providing
an interpretable phase space portrait. Nonetheless, further
research is needed to systematically compare both strategies
and identify scenarios in which the median may offer advan-
tages.

To evaluate the robustness of the AVD feature represen-
tation under noisy sensing conditions, several noise types
were simulated to reflect common sensor issues. Gaussian
noise models random electronic fluctuations, heavy-tailed
(Laplace) noise represents rare but strong outliers, drift
noise captures slow calibration or temperature-related shifts,
dropout noise emulates temporary signal loss, and temporal
warp noise reflects irregular sampling or clock desynchro-
nization. The respective noise intensities (Int.) denote the
strength of the applied perturbation, expressed as the stan-
dard deviation or amplitude for additive noises, the fraction of
signal loss for dropout, and the temporal distortion strength
for warp noise. The noisy AVD signals are then used for clas-
sification with the random forest algorithm from sklearn (see
Tables 7 and 8).

Both AVD variants showed high resilience to most pertur-
bations. Across datasets, Gaussian, drift, dropout, and warp
distortions typically caused absolute accuracy changes below
0.01 (ca. 1 %). The only dataset with strong deviations from
the initial accuracy was for Actuator and the heavy-tail noise
application. Except for this, outliers or perturbations typi-
cally had only a minor influence on the accuracy. The highest
sensitivity to outliers was detected using SD, with an aver-
age relative reduction of 7.79 percent. The largest difference
between MAD and SD occurred under heavy-tailed noise,
where the average accuracy reduction reached approximately
0.06 (about 8%) forSDand0.05 (about 7%) forMAD.Across
all noise conditions, MAD achieved a slightly lower mean
reduction in accuracy (1.29%) compared to SD (1.39%),
indicating better robustness on average. Drift and warp per-
turbations showed almost no measurable effect, and in some
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Table 6 Execution times in seconds of performing dimension reduction to one feature with different techniques

Method Movement Gait Sports Activities Hand Hydraulic Actuator Plant

AVD (MAD) 5.97 4.01 1.21 389.48 354.15 34.73 218.79 723.89

AVD (SD) 4.89 3.56 1.15 386.43 304.12 21.90 180.35 516.48

PCA (RBF) 1.81 1.71 0.78 361.65 447.54 9.84 215.75 1153

PCA (Sigmoid) 2.39 1.90 0.76 604.91 652.27 9.26 265.09 1141

DyCA 0.75 1.16 0.55 35.97 59.23 6.82 35.09 128.07

MDS 151.68 6.46 1.91 139663 163274 18.74 9500 193973

FA 2.52 7.18 3.04 128.11 114.81 50.24 54.19 504.93

ICA 1.39 1.34 0.67 38.39 92.59 8.28 55.76 126.27

LLE 4.15 3.33 1.49 667.26 2429 111.01 461.71 335.11

Isomap 7.8 2.64 1.08 4315 6411 120.6 2130 5330

tSNE 66.6 69.09 46.47 3563 7604 449.16 2941 9788

UMAP 160.02 596.48 623.26 1188 8296 4337 3896 4062

Table 7 Summary of AVD MAD accuracy across noise types and all eight datasets used in this study

Noise Int Activ Actua Gait Hand Hydr Move Plant Sport Avg. Red. Avg. Red. (%)

No Noise − 0.630 0.752 0.989 0.730 0.838 0.778 0.692 0.786 0.000 0.000

Drift 0.1 0.620 0.759 0.989 0.728 0.843 0.778 0.690 0.780 0.001 0.198

Drift 0.5 0.630 0.756 0.983 0.720 0.840 0.778 0.690 0.791 0.001 0.085

Drift 1.0 0.641 0.741 0.983 0.717 0.843 0.778 0.688 0.791 0.002 0.174

Dropout 0.01 0.652 0.735 0.983 0.730 0.838 0.756 0.688 0.786 0.003 0.356

Dropout 0.05 0.696 0.735 0.983 0.730 0.808 0.756 0.690 0.786 0.001 −0.099

Dropout 0.1 0.663 0.744 0.989 0.724 0.808 0.778 0.690 0.786 0.002 0.073

Gaussian 0.1 0.587 0.675 0.983 0.713 0.844 0.756 0.690 0.797 0.019 2.625

Gaussian 0.5 0.565 0.566 0.983 0.694 0.820 0.778 0.690 0.813 0.036 4.918

Gaussian 1.0 0.598 0.504 0.994 0.685 0.799 0.778 0.688 0.786 0.045 6.114

Heavy-tail 0.1 0.609 0.682 0.978 0.700 0.847 0.800 0.690 0.791 0.012 1.707

Heavy-tail 0.5 0.609 0.517 0.983 0.696 0.824 0.800 0.692 0.786 0.036 4.827

Heavy-tail 1.0 0.598 0.506 0.967 0.670 0.793 0.800 0.688 0.775 0.050 6.592

Warp 0.1 0.663 0.737 0.978 0.720 0.827 0.822 0.692 0.797 −0.005 −0.817

Warp 0.5 0.663 0.741 0.989 0.711 0.842 0.778 0.692 0.791 −0.002 −0.296

Warp 1.0 0.663 0.746 0.989 0.711 0.827 0.867 0.695 0.753 −0.007 −1.005

The first row represents the classification accuracies without noise. The average reductions compared to the no-noise application are given in
absolute (Avg. Red.) and relative (Avg. Red. (%)) values. The intensity of the applied noise is stated in (Int.) and indicates the strength of the
perturbation, expressed as the standard deviation or amplitude for additive noises, the fraction of signal loss for dropout, and the temporal distortion
strength for warp noise

cases even led to small accuracy gains. These results high-
light AVD’s capacity to preserve temporal structure under
various outlier and distortion scenarios. Further investiga-
tions are required to assess the impact of such noise effects
in real-world sensing environments.

The proposed AVD algorithm has been used only for clas-
sification tasks in this experiment. Future work is needed to
validate the dimension reduction technique for regression
tasks or time series forecasting. Particularly for forecasting,
the AVD could serve as an additional feature or a filtering
technique in ensemble methods. For the later, we will pro-

duce several different forecasting predictions and filter the
results to match the dynamics of the training set best, as seen
in [15].

Other metrics have been initially tested as measures of
volatility and as inputs for the specialized cross-channel pair-
wise variance, including the Hurst exponent, the variance of
the second derivatives along a phase space trajectory [78],
Lempel-Ziv, and various entropy metrics. They have been
discarded at an early stage, as they did not provide promis-
ing results. However, it is still possible that these metrics
could yield promising results for other datasets.
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Table 8 Summary of AVD SD accuracy across noise types and all eight datasets used in this study

Noise Int Activ Actua Gait Hand Hydr Move Plant Sport Avg. Red. Avg. Red. (%)

No Noise − 0.620 0.733 0.983 0.735 0.850 0.778 0.690 0.764 0.000 0.000

Drift 0.1 0.609 0.759 0.983 0.724 0.844 0.778 0.692 0.764 −0.000 0.012

Drift 0.5 0.609 0.746 0.983 0.733 0.850 0.778 0.690 0.769 −0.001 −0.069

Drift 1.0 0.620 0.746 0.983 0.746 0.854 0.778 0.690 0.775 −0.005 −0.655

Dropout 0.01 0.630 0.737 0.989 0.724 0.850 0.756 0.688 0.764 0.002 0.221

Dropout 0.05 0.609 0.737 0.989 0.724 0.801 0.756 0.688 0.764 0.011 1.368

Dropout 0.1 0.652 0.722 0.989 0.741 0.801 0.756 0.688 0.764 0.005 0.474

Gaussian 0.1 0.609 0.692 0.989 0.707 0.847 0.756 0.690 0.786 0.010 1.345

Gaussian 0.5 0.576 0.583 0.989 0.689 0.827 0.756 0.690 0.769 0.034 4.749

Gaussian 1.0 0.554 0.534 0.989 0.689 0.807 0.778 0.690 0.769 0.043 5.950

Heavy-tail 0.1 0.620 0.686 0.983 0.694 0.854 0.756 0.690 0.780 0.011 1.514

Heavy-tail 0.5 0.587 0.517 0.983 0.689 0.825 0.778 0.686 0.786 0.038 5.202

Heavy-tail 1.0 0.565 0.500 0.961 0.650 0.788 0.756 0.690 0.769 0.059 7.977

Warp 0.1 0.609 0.731 0.983 0.724 0.811 0.800 0.692 0.808 −0.001 −0.108

Warp 0.5 0.620 0.724 0.983 0.709 0.843 0.800 0.692 0.769 0.001 0.192

Warp 1.0 0.630 0.744 0.994 0.713 0.830 0.756 0.695 0.769 0.003 0.319

The first row represents the classification accuracies without noise. The average reductions compared to the no-noise application are given in
absolute (Avg. Red.) and relative (Avg. Red. (%)) values. The intensity of the applied noise is stated in (Int.) and indicates the strength of the
perturbation, expressed as the standard deviation or amplitude for additive noises, the fraction of signal loss for dropout, and the temporal distortion
strength for warp noise

Further investigations are needed to understand which
baseline comparison (SD vs. MAD) is favorable for which
datasets and use cases. Based on the mathematical descrip-
tion, the SD approach may be favorable if the outliers are
more important, as it squares the absolute values compared
to the MAD. If outliers should be equally treated, then MAD
might provide more accurate results to describe the system’s
dynamic. In this context, further research is also needed to
assess the influence of the window size on capturing the tem-
poral patterns of different signals.

7 Conclusion

We introduce a novel dimension reduction technique, Aver-
age Volatility Dimensioning (AVD). AVD measures the
volatility of time series features and calculates the average
distances of mean deviations/volatilities between all feature
pairs. Thereby, it focuses on the inter-feature relationship
and collapses the given features into an univariate signal.
Based on the empirical evaluation of AVD against state-of-
the-art dimension reduction techniques, it is shown that AVD
is a promising approach to compress and contain the com-
plex dynamics of time-dependent data. It is human-readable,
computationally efficient, and robust under varying noise
conditions. By using the reduced dimensions as features
for machine learning classification tasks, AVD achieves, on
average, the highest accuracy of all employed dimension
reduction techniques (PCA, DyCA, MDS, FA, ICA, LLE,
Isomap, tSNE, UMAP). It was shown that the reduced fea-

ture space of AVD leads in four out of eight use cases to
equal or even higher accuracies compared to the original
datasets that have not been subject to dimension reduction.
It captures the dynamic of one dataset to the degree that it
increases the accuracy in themachine learning task from60%
to 78% while only using one (AVD) feature vector instead
of the original six features, i.e., the full feature matrix of
a single sample. This provides promising application fields
for areas that are prone to high dimensions, complex non-
linear and time-dependent dynamics, such as in Medicine,
Biology, or Industry; areas where multiple measured sen-
sory inputs can characterize a system’s behavior. We also
show that AVD provides an interpretable phase-space por-
trait suitable for signal analysis (e.g., assessing periodic and
repetitive behavior or strange attractors). By reducing the
feature space, other potential applications of AVD include
domains in which either the amount of data is large (e.g.,
Bioinformatics, IoT) or computing time and storage are con-
strained (e.g., wireless sensor networks for environmental
monitoring). Future research is still needed to apply and val-
idate AVD for other (machine learning) tasks like forecasting
or regression analysis.

Appendix A Extended empirical evaluation
of AVD

See Tables 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20 and
Figs. 8, 9, 10, 11, 12, 13.
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Fig. 8 Precision of
classification across the eight
datasets, comparing various
dimension reduction techniques.
Only the best performance
results of each dimension
reduction algorithm are
presented. Each dimension
reduction technique is applied to
reduce the feature space
dimensionality to one. The two
dark-blue lines correspond to
AVD MAD and AVD SD

Fig. 9 Recall of classification
across the eight datasets,
comparing various dimension
reduction techniques. Only the
best performance results of each
dimension reduction algorithm
are presented. Each dimension
reduction technique is applied to
reduce the feature space
dimensionality to one. The two
dark-blue lines correspond to
AVD MAD and AVD SD

Fig. 10 F1 score of
classification across the eight
datasets, comparing various
dimension reduction techniques.
Only the best performance
results of each dimension
reduction algorithm are
presented. Each dimension
reduction technique is applied to
reduce the feature space
dimensionality to one. The two
dark-blue lines correspond to
AVD MAD and AVD SD
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Fig. 11 Precision of
classification across the six
datasets that had equal to or
more than three features,
comparing various dimension
reduction techniques. Only the
best performance results of each
dimension reduction algorithm
are presented. Each dimension
reduction technique is applied to
reduce the feature space
dimensionality to one. The two
dark-blue lines correspond to
AVD MAD and AVD SD

Fig. 12 Recall of classification
across the six datasets that had
equal to or more than three
features, comparing various
dimension reduction techniques.
Only the best performance
results of each dimension
reduction algorithm are
presented. Each dimension
reduction technique is applied to
reduce the feature space
dimensionality to one. The two
dark-blue lines correspond to
AVD MAD and AVD SD

Fig. 13 F1 score of
classification across the six
datasets that had equal to or
more than three features,
comparing various dimension
reduction techniques. Only the
best performance results of each
dimension reduction algorithm
are presented. Each dimension
reduction technique is applied to
reduce the feature space
dimensionality to one. The two
dark-blue lines correspond to
AVD MAD and AVD SD

123



   30 Page 36 of 38 International Journal of Data Science and Analytics            (2026) 22:30 

Author Contributions Kevin Mallinger contributed to Conceptualiza-
tion, Data curation, Formal analysis, Funding Acquisition, Investi-
gation, Methodology, Project Administration, Software, Resources,
Supervision, Validation, Writing—original draft, and Writing—review
& editing. Edina Marica contributed to Data curation, Formal analysis,
Writing—original draft, Writing—review& editing, and Visualization.
Sebastian Schrittwieser contributed to Funding Acquisition Sebastian
Raubitzek contributed to Formal analysis, Writing—original draft, and
Validation.

Funding Open access funding provided by University of Vienna.
SBA Research (SBA-K1) is a COMET Centre within the COMET—
Competence Centers for Excellent Technologies Programme and
funded by BMK, BMAW, and the federal state of Vienna. COMET
is managed by FFG. Additionally, the financial support by the Aus-
trian FederalMinistry of Labour andEconomy, theNational Foundation
for Research, Technology and Development and the Christian Doppler
Research Association is gratefully acknowledged.

Data availability All data that were used are referenced in the article,
respectively, in Section “Datasets” and are publicly available.

Code Availability A ready-to-use implementation of AVD is avail-
able in a corresponding GitHub repository (https://github.com/CORE-
Research-Group/Average-Volatility-Dimensioning).

Declarations

Conflict of interest The authors declare no Conflict of interest.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, youwill need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

References

1. Köppen, M.: The curse of dimensionality. In: 5th Online World
Conference on Soft Computing in Industrial Applications (WSC5)
1, 4–8 (2000)

2. Bellman, R.: Dynamic Programming. Princeton University Press,
Princeton (1957)

3. Bengio, Y., Courville, A., Vincent, P.: Representation learning: a
review and new perspectives. IEEE Trans. Pattern Anal. Mach.
Intell. 35(8), 1798–1828 (2013). https://doi.org/10.1109/TPAMI.
2013.50

4. Liu, K., Bellet, A.: Escaping the curse of dimensionality in simi-
larity learning: efficient Frank–Wolfe algorithm and generalization
bounds. Neurocomputing 333, 185–199 (2019). https://doi.org/10.
1016/j.neucom.2018.12.060

5. Anuragi, A., Sisodia, D.S., Pachori, R.B.: Mitigating the curse of
dimensionality using feature projection techniques on electroen-
cephalography datasets: an empirical review. Artif. Intell. Rev.
57(3), 75 (2024). https://doi.org/10.1007/s10462-024-10711-8

6. Jia, W., et al.: Feature dimensionality reduction: a review. In: Com-
plex & Intelligent Systems, pp. 1–31 (2022)

7. Seifert, B., et al.: Dynamical ComponentAnalysis (DyCA): dimen-
sionality reduction for high-dimensional deterministic time-series.
In: 2018 IEEE 28th International Workshop on Machine Learning
for Signal Processing (MLSP), pp. 1–6. IEEE (2018)

8. Raducanu, B., Dornaika, F.: A supervised non-linear dimension-
ality reduction approach for manifold learning. Pattern Recogn.
45(6), 2432–2444 (2012). https://doi.org/10.1016/j.patcog.2011.
12.006

9. Musheer, R.A., Verma, C.K., Srivastava, N.: Novel machine learn-
ing approach for classification of high-dimensional microarray
data. Soft. Comput. 23, 13409–13421 (2019). https://doi.org/10.
1007/s00500-019-03879-7

10. Liu, W., Yuan, K., Ye, D.: Reducing microarray data via non-
negative matrix factorization for visualization and clustering anal-
ysis. J. Biomed. Inform. 41(4), 602–606 (2008). https://doi.org/10.
1016/j.jbi.2007.12.003

11. Mishra, D., Sharma, S.: Performance analysis of dimensionality
reduction techniques: a comprehensive review. In: Advances in
Mechanical Engineering: Select Proceedings of CAMSE 2020,
pp. 639–651. Springer (2021). https://doi.org/10.1007/978-981-
16-0942-8_60

12. Rogers, T.L., Johnson, B.J., Munch, S.B.: Chaos is not rare in nat-
ural ecosystems. Nat. Ecol. Evolut. (2022). Visited on 2023-04-20.
https://doi.org/10.1038/s41559-022-01787-y

13. Toker, D., Sommer, F.T., D’Esposito, M.: A simple method for
detecting chaos in nature. Commun. Biol. 3(1), 11 (2020). https://
doi.org/10.1038/s42003-019-0715-9

14. Weaver, W.: Science and complexity. Am. Sci. 36(4), 536–544
(1948)

15. Mallinger, K., et al.: Potentials and limitations of complexity
research for environmental sciences and modern farming appli-
cations. Curr. Opin. Environ. Sustain. 67, 101429 (2024). https://
doi.org/10.1016/j.cosust.2024.101429

16. Hyvärinen, A., Oja, E.: Independent component analysis: algo-
rithms and applications. Neural Netw. 13(4–5), 411–430 (2000).
https://doi.org/10.1016/S0893-6080(00)00026-5

17. Goerg, G.M.: Forecastable component analysis. In: Sanjoy, D.,
McAllester, D.A. (eds.) Proceedings of the 30th International Con-
ference on Machine Learning. Proceedings of Machine Learning
Research 2, Vol. 28. pp. 64–72. PMLR, Atlanta (2013). https://
doi.org/10.5555/3042817.3042831, https://proceedings.mlr.press/
v28/goerg13.html

18. Faloutsos, C., Ranganathan, M., Manolopoulos, Y.: Fast subse-
quence matching in time-series databases. ACM SIGMOD Rec.
23(2), 419–429 (1994). https://doi.org/10.1145/191843.191925

19. Cai, Y., Ng, R.: Indexing spatio-temporal trajectories with cheby-
shev polynomials. In: Proceedings of the 2004 ACM SIGMOD
International Conference on Management of Data. pp. 599–610
(2004). https://doi.org/10.1145/1007568.1007636

20. Daubechies, I.: Orthonormal bases of compactly supported
wavelets. Commun. Pure Appl. Math. 41(7), 909–996 (1988).
https://doi.org/10.1002/cpa.3160410705

21. Coifman, R.R., Wickerhauser, M.V.: Entropy-based algorithms
for best basis selection. IEEE Trans. Inf. Theory 38(2), 713–718
(1992). https://doi.org/10.1109/18.119732

22. Fernández, L., et al.: A new dimensionality reduction technique
based on the wavelet transform for cancer classification. J. Big
Data 12(1), 9 (2025). https://doi.org/10.1186/s40537-024-01039-
9

23. Lin, J., et al.: Experiencing SAX: a novel symbolic representation
of time series. Data Min. Knowl. Disc. 15(2), 107–144 (2007).
https://doi.org/10.1007/s10618-007-0064-z

24. Chung, F.L.K., et al.: Flexible time series pattern matching based
on perceptually important points. In: Workshop on Learning from

123

https://github.com/CORE-Research-Group/Average-Volatility-Dimensioning
https://github.com/CORE-Research-Group/Average-Volatility-Dimensioning
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1109/TPAMI.2013.50
https://doi.org/10.1109/TPAMI.2013.50
https://doi.org/10.1016/j.neucom.2018.12.060
https://doi.org/10.1016/j.neucom.2018.12.060
https://doi.org/10.1007/s10462-024-10711-8
https://doi.org/10.1016/j.patcog.2011.12.006
https://doi.org/10.1016/j.patcog.2011.12.006
https://doi.org/10.1007/s00500-019-03879-7
https://doi.org/10.1007/s00500-019-03879-7
https://doi.org/10.1016/j.jbi.2007.12.003
https://doi.org/10.1016/j.jbi.2007.12.003
https://doi.org/10.1007/978-981-16-0942-8_60
https://doi.org/10.1007/978-981-16-0942-8_60
https://doi.org/10.1038/s41559-022-01787-y
https://doi.org/10.1038/s42003-019-0715-9
https://doi.org/10.1038/s42003-019-0715-9
https://doi.org/10.1016/j.cosust.2024.101429
https://doi.org/10.1016/j.cosust.2024.101429
https://doi.org/10.1016/S0893-6080(00)00026-5
https://doi.org/10.5555/3042817.3042831
https://doi.org/10.5555/3042817.3042831
https://proceedings.mlr.press/v28/goerg13.html
https://proceedings.mlr.press/v28/goerg13.html
https://doi.org/10.1145/191843.191925
https://doi.org/10.1145/1007568.1007636
https://doi.org/10.1002/cpa.3160410705
https://doi.org/10.1109/18.119732
https://doi.org/10.1186/s40537-024-01039-9
https://doi.org/10.1186/s40537-024-01039-9
https://doi.org/10.1007/s10618-007-0064-z


International Journal of Data Science and Analytics            (2026) 22:30 Page 37 of 38    30 

Temporal and Spatial Data, International Joint Conference on Arti-
ficial Intelligence (IJCAI). Seattle, WA, USA, (2001)

25. Keogh, E., et al.: Dimensionality reduction for fast similarity search
in large time series databases. Knowl. Inf. Syst. 3, 263–286 (2001).
https://doi.org/10.1007/PL00011669

26. Shepard, R.N.: The analysis of proximities: multidimensional scal-
ing with an unknown distance function. Psychometrika 27(2),
125–140 (1962). https://doi.org/10.1007/BF02289588

27. Wold, S., Esbensen, K., Geladi, P.: Principal component analysis.
Chemom. Intell. Lab. Syst. 2(1–3), 37–52 (1987)

28. Spearman, C.: “General Intelligence,” Objectively Determined and
Measured. Am. J. Psychol. 15(2), 201–292 (1904). https://doi.org/
10.2307/1412107

29. Roweis, S.T., Saul, L.K.: Nonlinear dimensionality reduction by
locally linear embedding. Science 290(5500), 2323–2326 (2000).
https://doi.org/10.1126/science.290.5500.2323

30. van der Maaten, L., Hinton, G.: Visualizing data using t-SNE. J.
Mach. Learn. Res. 9(86), 2579–2605 (2008)

31. McInnes, L., Healy, J., Melville, J.: UMAP: uniform manifold
approximation and projection for dimension reduction. (2020).
https://doi.org/10.21105/joss.00861, arXiv:1802.03426 [stat.ML]

32. Schölkopf, B., Smola, A., Müller, K.: Kernel principal component
analysis. In: International Conference on Artificial Neural Net-
works (ICANN ’97). Lecture Notes in Computer Science, pp. 583–
588. Springer (1997). https://doi.org/10.1007/BFb0020217

33. Kruskal, J.B.: Nonmetric multidimensional scaling: a numerical
method. Psychometrika 29(2), 115–129 (1964). https://doi.org/10.
1007/BF02289694

34. Kim,M.: Time-series dimensionality reduction via granger causal-
ity. IEEE Signal Process. Lett. 19(10), 611–614 (2012). https://doi.
org/10.1109/LSP.2012.2209641

35. Pham-Gia, T., Hung, T.L.: The mean and median absolute devi-
ations. Math. Comput. Model. 34(7–8), 921–936 (2001). https://
doi.org/10.1016/S0895-7177(01)00109-1

36. Serfling, R.J.: Approximation theorems of mathematical statistics.
1st ed. p. 392. Wiley , New York (1980). https://doi.org/10.1002/
9780470316481

37. Huber, P.J., Ronchetti, E.M.: Robust Statistics. 2nd ed.Wiley Series
in Probability and Statistics, pp. xxxvi + 354. Wiley, Hoboken,
(2009). https://doi.org/10.1002/9780470434697

38. Brockwell, P.J., Davis, R.A.: Introduction to Time Series and Fore-
casting. 3rd ed. SpringerTexts in Statistics. Includes supplementary
ITSM2000 software; new content on financial time series, Lévy
processes, Brownian motion, and continuous-time ARMA mod-
els, pp. xiv + 425. Springer, Cham, (2016). https://doi.org/10.1007/
978-3-319-29854-2

39. Walters, P.: An Introduction to Ergodic Theory. 1st ed. Vol. 79.
Graduate Texts in Mathematics. First edition (1982); softcover
reprint issued 6 October 2000, pp. ix + 250. Springer-Verlag,
New York (1982).isbn: 978-0-387-95152-2. https://doi.org/10.
1007/978-1-4612-5775-2

40. Bradley, R.C.: Basic properties of strong mixing conditions.
A survey and some open questions. English. Probab. Surveys
(electronic only) 2, 107–144 (2005). https://doi.org/10.1214/
154957805100000104

41. Doukhan, P., Louhichi, S.: A new weak dependence condi-
tion and applications to moment inequalities. Stochastic Pro-
cess. Appl. 84(2), 313–342 (1999). https://doi.org/10.1016/S0304-
4149(99)00055-1

42. Kenney, J. F., Keeping, E. S.: Mathematics of Statistics, Part 2.
2nd. 2nd ed., originally published 1947, p. 429. D. Van Nostrand
Company, Inc., New York (1951). isbn: 9780442043537

43. Székely, G.J., Rizzo, M.L.: Energy statistics: a class of statistics
based on distances. J. Stat. Plan. Inference 143(8), 1249–1272
(2013). https://doi.org/10.1016/j.jspi.2013.03.018

44. Rizzo, M.L., Székely, G.J.: Energy distance. Wiley Interdiscipl.
Rev. Comput. Stat. 8(1), 27–38 (2016). https://doi.org/10.1002/
wics.1375

45. Edelmann, D., Richards, D., Vogel, D.: The distance standard devi-
ation.Ann. Stat.48(6), 3395–3416 (2020). https://doi.org/10.1214/
19-AOS1935

46. Gardiner, C.: Stochastic methods: a handbook for the natural and
social sciences. Springer Series in Synergetics, vol 13, Springer
(2009). https://doi.org/10.1007/978-3-540-70713-2

47. Luzzatto, S., Melbourne, I., Paccaut, F.: The Lorenz attractor is
mixing. Commun. Math. Phys. 260(2), 393–401 (2005). https://
doi.org/10.1007/s00220-005-1411-9

48. Araújo, V., Melbourne, I., Varandas, P.: Rapid mixing for the
Lorenz attractor and statistical limit laws for their time-1 maps.
Commun. Math. Phys. 340(3), 901–938 (2015). https://doi.org/10.
1007/s00220-015-2471-0

49. Araújo, V., Melbourne, I.: Mixing properties and statistical limit
theorems for singular hyperbolic flowswithout a smooth stable foli-
ation. Adv. Math. 349, 212–245 (2019). https://doi.org/10.1016/j.
aim.2019.04.007

50. Morales, C.A., Pacifico, M., Pujals, E.R.: Singular hyperbolic sys-
tems. Proc.Am. Math. Soc. 127(11), 3393–3401 (1999). https://
doi.org/10.1090/S0002-9939-99-04936-9

51. Morales, C.A., Pacifico, M.: Mixing attractors for 3-flows. Nonlin-
earity 14(2), 359–378 (2001). https://doi.org/10.1088/0951-7715/
14/2/310

52. Palumbo, F., et al.: Activity Recognition system based on Multi-
sensor data fusion (AReM). UCIMach. Learn. Repository. (2016).
https://doi.org/10.24432/C5SS33

53. Huber, F.: Multivariate time series for testing–RacketSports
dataset. Zenodo. (2020). https://doi.org/10.5281/zenodo.3743603

54. Shorter, K Alex, et al.: A new approach to detecting asymmetries
in gait. Clin. Biomech. 23(4), 459–467 (2008). https://doi.org/10.
1016/j.clinbiomech.2007.11.009

55. Helwig, N.E., et al.: Methods to temporally align gait cycle
data. J. Biomech. 44(3), 561–566 (2011). https://doi.org/10.1016/
j.jbiomech.2010.09.015

56. Helwig, N.E., et al.: Smoothing spline analysis of variance mod-
els: a new tool for the analysis of cyclic biomechanical data.
J. Biomech. 49(14), 3216–3222 (2016). https://doi.org/10.1016/
j.jbiomech.2016.07.035

57. Helwig, N., Hsiao-Wecksler, E.: Multivariate gait data. UCIMach.
Learn. Repository. https://doi.org/10.24432/C5861T. (2022)

58. Barshan, B., Altun, K.: Daily and sports activities. UCI Mach.
Learn. Repository. https://doi.org/10.24432/C5C59F. (2013)

59. Sapsanis, C., Tzes, A., Georgoulas, G.: sEMG for Basic Hand
movements. UCI Mach. Learn. Repository (2014). https://doi.org/
10.24432/C5TK53

60. Helwig, N., Pignanelli, E., Schütze, A.: Condition monitoring of
a complex hydraulic system using multivariate statistics. In: 2015
IEEE International Instrumentation and Measurement Technology
Conference (I2MTC), pp. 210–215. IEEE (2015). https://doi.org/
10.1109/I2MTC.2015.7151267

61. Helwig, N., Pignanelli, E., Schütze, A.: Condition monitoring of
hydraulic systems. UCI Mach. Learn. Repository. (2015). https://
doi.org/10.24432/C5CW21

62. Ruiz-Carcel, C., Starr, A.: Data-based detection and diagnosis of
faults in linear actuators. IEEE Trans. Instrum. Meas. 67(9), 2035–
2047 (2018)

63. Ruiz-Carcel, C., Starr, A.: Data set for "Data-based Detection
and Diagnosis of Faults in Linear Actuators". Cranfield Online
ResearchData (CORD). Dataset. (2018). https://doi.org/10.17862/
cranfield.rd.5097649

64. Buss, E., et al.: PhytoNodes for environmental monitoring: stim-
ulus classification based on natural plant signals in an interac-
tive energy-efficient bio-hybrid system. In: Proceedings of the

123

https://doi.org/10.1007/PL00011669
https://doi.org/10.1007/BF02289588
https://doi.org/10.2307/1412107
https://doi.org/10.2307/1412107
https://doi.org/10.1126/science.290.5500.2323
https://doi.org/10.21105/joss.00861
http://arxiv.org/abs/1802.03426
https://doi.org/10.1007/BFb0020217
https://doi.org/10.1007/BF02289694
https://doi.org/10.1007/BF02289694
https://doi.org/10.1109/LSP.2012.2209641
https://doi.org/10.1109/LSP.2012.2209641
https://doi.org/10.1016/S0895-7177(01)00109-1
https://doi.org/10.1016/S0895-7177(01)00109-1
https://doi.org/10.1002/9780470316481
https://doi.org/10.1002/9780470316481
https://doi.org/10.1002/9780470434697
https://doi.org/10.1007/978-3-319-29854-2
https://doi.org/10.1007/978-3-319-29854-2
https://doi.org/10.1007/978-1-4612-5775-2
https://doi.org/10.1007/978-1-4612-5775-2
https://doi.org/10.1214/154957805100000104
https://doi.org/10.1214/154957805100000104
https://doi.org/10.1016/S0304-4149(99)00055-1
https://doi.org/10.1016/S0304-4149(99)00055-1
https://doi.org/10.1016/j.jspi.2013.03.018
https://doi.org/10.1002/wics.1375
https://doi.org/10.1002/wics.1375
https://doi.org/10.1214/19-AOS1935
https://doi.org/10.1214/19-AOS1935
https://doi.org/10.1007/978-3-540-70713-2
https://doi.org/10.1007/s00220-005-1411-9
https://doi.org/10.1007/s00220-005-1411-9
https://doi.org/10.1007/s00220-015-2471-0
https://doi.org/10.1007/s00220-015-2471-0
https://doi.org/10.1016/j.aim.2019.04.007
https://doi.org/10.1016/j.aim.2019.04.007
https://doi.org/10.1090/S0002-9939-99-04936-9
https://doi.org/10.1090/S0002-9939-99-04936-9
https://doi.org/10.1088/0951-7715/14/2/310
https://doi.org/10.1088/0951-7715/14/2/310
https://doi.org/10.24432/C5SS33
https://doi.org/10.5281/zenodo.3743603
https://doi.org/10.1016/j.clinbiomech.2007.11.009
https://doi.org/10.1016/j.clinbiomech.2007.11.009
https://doi.org/10.1016/j.jbiomech.2010.09.015
https://doi.org/10.1016/j.jbiomech.2010.09.015
https://doi.org/10.1016/j.jbiomech.2016.07.035
https://doi.org/10.1016/j.jbiomech.2016.07.035
https://doi.org/10.24432/C5861T
https://doi.org/10.24432/C5C59F
https://doi.org/10.24432/C5TK53
https://doi.org/10.24432/C5TK53
https://doi.org/10.1109/I2MTC.2015.7151267
https://doi.org/10.1109/I2MTC.2015.7151267
https://doi.org/10.24432/C5CW21
https://doi.org/10.24432/C5CW21
https://doi.org/10.17862/cranfield.rd.5097649
https://doi.org/10.17862/cranfield.rd.5097649


   30 Page 38 of 38 International Journal of Data Science and Analytics            (2026) 22:30 

2022 ACM Conference on Information Technology for Social
Good. GoodIT ’22. Limassol, Cyprus: Association for Computing
Machinery, pp. 258–264, (2022). isbn: 9781450392846. https://
doi.org/10.1145/3524458.3547266

65. Tenenbaum, J.B., de Silva, V., Langford, J.C.: A global geomet-
ric framework for nonlinear dimensionality reduction. Science
290(5500), 2319–2323 (2000). https://doi.org/10.1126/science.
290.5500.2319

66. Buss, E., et al.: PhytoNodes for Environmental Monitoring: Stim-
ulus Classification based on Natural Plant Signals in an Interactive
Energy-efficient Bio-hybrid System (1.0.0). In: ACM Interna-
tional Conference on Information Technology for Social Good
(GoodIT), Limassol, Cyprus. Zenodo. (2022). https://doi.org/10.
5281/zenodo.6618131

67. Brunton, S.L., et al.: Chaos as an intermittently forced linear
system. Nat. Commun. 8(1), 19 (2017). https://doi.org/10.1038/
s41467-017-00030-8

68. Raubitzek, S.: Chaos, complexity and neural network time series
predictions. English. Dissertation, Technische Universität Wien,
advisor: Andreas Rauber, assistant: Thomas Neubauer. (2023).
https://doi.org/10.34726/hss.2023.117442

69. Raubitzek, S., Neubauer, T.: Reconstructed phase spaces and
LSTM neural network ensemble predictions. Eng. Proc. 18(1)
(2022). https://doi.org/10.3390/engproc2022018040

70. Takens, F.: Detecting strange attractors in turbulence. In: David,
R., Lai-Sang, Y (eds.) Dynamical Systems and Turbulence, War-
wick 1980, Lecture Notes in Mathematics. Vol. 898. pp. 366–381.
Springer, Berlin (1981). ISBN: 978-3-540-11171-9

71. Wallot, S., Mønster, D.: Calculation of average mutual information
(AMI) and false-nearest neighbors (FNN) for the estimation of
embedding parameters of multidimensional time series in matlab.
Frontiers Psychol. 9 (2018). https://doi.org/10.3389/fpsyg.2018.
01679

72. Fraser, A.M., Swinney, H.L.: Independent coordinates for strange
attractors frommutual information. Phys. Rev.A 33(2), 1134–1140
(1986). https://doi.org/10.1103/PhysRevA.33.1134

73. Dunn, P.F.: Measurement and Data Analysis for Engineering and
Science. 3rd edn. CRC Press, Boca Raton (2014). ISBN: 978-0-
429-16916-8. https://doi.org/10.1201/b16918

74. Raubitzek, S., Neubauer, T.: Taming the chaos in neural network
time series predictions. Entropy 23(11) (2021). https://doi.org/10.
3390/e23111424

75. Simon, G., Verleysen, M.: High-dimensional delay selection
for regression models with mutual information and distance-
to-diagonal criteria. Neurocomputing 70(7), 1265–1275 (2007).
https://doi.org/10.1016/j.neucom.2006.10.150

76. Leites, J., Cerqueira, V., Soares, C.: Lag selection for univariate
time series forecasting using deep learning: an empirical study.
(2024) arXiv:2405.11237 [stat.ML]

77. Lorenz, E.N.: Deterministic nonperiodic flow. J. Atmos. Sci. 20(2),
130–141 (1963)

78. Raubitzek, S., et al.: Interpolating strange attractors via frac-
tional Brownian bridges. Entropy (2022). https://doi.org/10.3390/
e24050718

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

123

https://doi.org/10.1145/3524458.3547266
https://doi.org/10.1145/3524458.3547266
https://doi.org/10.1126/science.290.5500.2319
https://doi.org/10.1126/science.290.5500.2319
https://doi.org/10.5281/zenodo.6618131
https://doi.org/10.5281/zenodo.6618131
https://doi.org/10.1038/s41467-017-00030-8
https://doi.org/10.1038/s41467-017-00030-8
https://doi.org/10.34726/hss.2023.117442
https://doi.org/10.3390/engproc2022018040
https://doi.org/10.3389/fpsyg.2018.01679
https://doi.org/10.3389/fpsyg.2018.01679
https://doi.org/10.1103/PhysRevA.33.1134
https://doi.org/10.1201/b16918
https://doi.org/10.3390/e23111424
https://doi.org/10.3390/e23111424
https://doi.org/10.1016/j.neucom.2006.10.150
http://arxiv.org/abs/2405.11237
https://doi.org/10.3390/e24050718
https://doi.org/10.3390/e24050718

	Average Volatility Dimensioning (AVD): dimension reduction technique for multivariate time series
	Abstract
	1 Introduction
	2 Related work
	3 Average volatility dimensioning
	Signal Properties of MAD or SD
	3.1 From the deviation matrix to a scalar: cross-channel pairwise variance
	3.2 Signal classes and assumptions for MAD, SD & AVD
	3.3 Summary

	4 Experimental design
	4.1 Datasets
	4.2 Preprocessing
	4.3 Dimension reduction
	4.4 Validation—machine learning
	4.5 Validation—phase space

	5 Empirical validation
	5.1 Machine learning
	5.2 Phase space analysis

	6 Discussion
	7 Conclusion
	Appendix A Extended empirical evaluation of AVD
	References


