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Abstract—Time series classification (TSC) is a critical area
with broad applications. In the field of evidence theory, quantum
evidence theory (QET) offers a promising framework for one-
dimensional TSC tasks, leveraging the capabilities of quantum
basic probability amplitude (QBPA) to capture two-dimensional
uncertainty. However, as the first step for the application of QET
to TSC, how to construct QBPA still remains an open issue. In this
paper, a novel approach to generate QBPA is devised. Specifically,
we first apply the discrete Fourier transform (DFT) to the original
data, extracting two-dimensional features embedded in the mag-
nitude and phase from the frequency domain based on the front-
few multi-frequency components, achieved by setting a threshold
frequency index (TFI) to limit the frequencies considered. Next,
we introduce the complex dual gaussian fuzzy number (CDGFN)
as a carrier for QBPA, effectively representing two-dimensional
uncertainty in the data. A CDGFN-based multisource information
fusion (CDGFN-MSIF) algorithm for decision-making is proposed
to combine information from different frequency components.
Finally, the decision-making algorithm is validated on multiple
time series datasets. Experimental results highlight the superior
performance of the proposed approach over other state-of-the-art
models, demonstrating its effectiveness and enhanced classification
accuracy.

Index Terms—Quantum evidence theory, time series class-
ification, quantum basic probability amplitude, discrete Fourier
transform, Gaussian fuzzy number, complex fuzzy number.

I. INTRODUCTION

C LASSIFYING targets from data with temporal ordering,
known as time series classification (TSC), is crucial in

data mining and machine learning [1], [2]. Recent studies have
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also explored temporal association rule mining [3], [4] and effi-
cient semi-supervised clustering [5] on multivariate time series,
further highlighting the importance of temporal data analysis.
This is especially relevant given the growing availability of
temporal data in diverse applications [6] and the development
of scalable infrastructure in diverse applications [7]. TSC en-
ables the identification and categorization of patterns within
sequential data, which is essential for applications like human
activity recognition [8], anomaly detection [9], [10], and med-
ical diagnosis [11]. However, TSC faces significant challenges
due to inherent uncertainties in time series data [12]. These
uncertainties not only affect classification reliability but also
demand methods capable of reasoning under uncertainty [13],
[14]. Therefore, TSC can be reframed as a problem of reasoning
uncertainty in sequential data.

Recently, the challenge of effectively managing uncertainty
has attracted much attention [15], [16], [17]. Uncertainty, inher-
ent in various real-world scenarios, necessitates robust method-
ologies for its modeling and quantification [18], [19]. To ad-
dress this, a plethora of approaches have been developed, each
offering unique perspectives and tools for handling uncertain
information, including fuzzy sets [20], rough sets [21], D num-
ber [22], evolutionary games [23], [24], Dempster-Shafer (D-S)
evidence theory [25], [26], and others [27], [28], [29], [30].
Among those, D-S evidence theory has emerged as a particu-
larly effective framework for managing uncertainty [31]. D-S
evidence theory distinguishes itself by its ability to combine
evidence from different sources and to represent ignorance
explicitly, which is often not possible in traditional probabilistic
approaches.

The versatility of D-S evidence theory has led to a wide
range of research endeavors aimed at exploring its theoretical
foundations and practical applications. Studies have delved into
various aspects of the theory, including evidence reasoning [32],
[33], belief rule base [34], complex evidence theory [35], random
permutation sets [36], [37], [38], [39], [40], divergence [41],
[42], [43], entropy [44], [45], distance [46], and fractal anal-
ysis [47], [48]. Beyond theoretical advancements, D-S evi-
dence theory has found practical applications across diverse
fields, such as expert system [49], [50], decision making [51],
[52], [53], rescuer assignments [54], risk and reliability assess-
ment [55], [56], classification and clustering [57], [58], and
others [59].
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Classical D-S evidence theory faces limitations in handling
two-dimensional features, which restricts its effectiveness in
complex tasks like time series classification (TSC). TSC often
requires extracting features embedded in the data to capture
temporal patterns accurately. For example, Schäfer et al. [60]
used the discrete Fourier transform (DFT) to extract frequency-
domain features from time series data, allowing patterns to
be represented in complex number space. Building on this
approach, a quantum evidence theory (QET), proposed by
Xiao [61], [62], addresses D-S theory’s limitations by handling
uncertainty within a complex number field. QET uses the quan-
tum basic probability amplitude (QBPA), a complex number
in Euler form with both magnitude and phase components,
to represent two-dimensional information [63]. Furthermore,
inspired by quantum constructive interference, QET incorpo-
rates a quantum evidential combination rule (QECR), enabling
it to fuse information from multiple frequency components
effectively. Applying QET to time series classification through
DFT offers a novel approach to extract essential features and
address uncertainty, making it a promising framework for TSC
tasks.

However, as a prerequisite and core part of QET, the genera-
tion of QBPA still remains an open issue. In the previous works,
most efforts have concentrated on modeling one-dimensional,
real-valued BPA, exemplified by several seminal works. For
example, a method to construct BPA based on triangular fuzzy
number (TFN) was introduced in [64]; a method to construct
BPA based on Gaussian fuzzy number (GFN) was introduced
in [65]. These approaches have limitations in feature extraction,
as they can only capture one-dimensional uncertainty. Further-
more, this point-to-point feature extraction is not suitable for
handling one-dimensional time series data with misaligned time
points.

To address these limitations, we propose a novel pipeline
for one-dimensional TSC using multi-source information fu-
sion within the QET framework. Specifically, we firstly pro-
pose a new method that leverages discrete Fourier transform
(DFT) in the frequency domain to capture two-dimensional
features (magnitude and phase) from only the lower, more
informative multi-frequency components, achieved by setting
a threshold frequency index (TFI). This approach enhances
feature quality by focusing on useful information and discarding
high-frequency noise. Based on this, we introduce the complex
dual Gaussian fuzzy number (CDGFN) to generate QBPA,
which effectively represents uncertainty in two dimensions.
We then design a CDGFN-based multi-source information fu-
sion (CDGFN-MSIF) algorithm to improve decision-making by
combining information from different frequency components.
Finally, we perform ablative studies to evaluate the contribution
of each component within the proposed method, and compare its
performance against several other classification techniques on
well-established TSC datasets. The main contributions of this
paper can be outlined as follows:

1) A two-dimensional frequency-domain feature extraction
method is proposed, focusing on the magnitude and phase
of complex numbers, specifically within the lower fre-
quency range.

2) After that, a new approach to generate QBPA using
CDGFN is proposed. The CDGFN can fully express two-
dimensional uncertainty of magnitude and phase, which
improves the precision of uncertainty modeling of QBPA
under uncertain situations.

3) Then, a CDGFN-MSIF algorithm for enhancing decision-
making ability is designed, which shows promising poten-
tial to reason uncertainty by combining information from
multiple frequency components.

The rest of this paper is structured as follows. Section II
reviews related work on relevant classification methods.
Section III introduces relevant background knowledge. In
Section IV, the details of the method to generate QBPA and
the CDGFN-MSIF decision-making algorithm are elaborated.
Section V applies the proposed method to established datasets
to assess its performance. Section VI concludes this paper.

II. RELATED WORK

A. Deep-Learning-Based TSC Methods

Various deep learning approaches have been applied to time
series classification (TSC). Multi-Layer Perceptron (MLP) [66]
uses simple multiple layers to learn temporal patterns. Subse-
quent works use more powerful CNN architecture to extract
features [67], [68]. Multi-scale Convolutional Neural Network
(MCNN) [69] captures features at multiple scales by applying
convolutional filters of various sizes. Time Le-Net (t-LeNet) [70]
enhances classification by incorporating local pooling layers
and data augmentation techniques. Multi-Channel Deep Con-
volutional Neural Network (MCDCNN) [71] is designed to
handle multivariate time series data by processing each channel
independently, allowing it to capture distinct features across
multiple dimensions. Besides CNN-based models, functional
echo state networks [72] and instance-attention graph neural
networks (GNN) [73] have also been investigated for effec-
tive time series modeling. Despite their strengths, these deep
learning models generally require large amounts of labeled data,
and their performance often declines when faced with limited
data sizes. Conversely, the proposed method can maintain high
performance even with small datasets.

B. Evidence-Theory-Based Classification Methods

TSC is a type of classification tasks and the proposed method
is within the evidence theory framework, making evidence-
theory-based classification methods a viable comparison base-
line. Recent advancements in evidential reasoning, such as the
basic probability assignment (BPA) generation methods based
on TFN [64] and GFN [65], have demonstrated significant
progress in handling uncertainty. However, these methods have
limited capability for processing complex, two-dimensional fea-
tures and misaligned time series data due to their reliance on
point-to-point extraction. Furthermore, the BPA values gener-
ated by TFN and GFN are real-valued, which restricts their
applicability in frameworks like QET. In contrast, the proposed
method, also rooted in evidence theory, extracts aligned two-
dimensional features in the frequency domain and generates
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TABLE I
SUMMARY OF IMPORTANT MATHEMATICAL NOTATIONS

complex-valued BPA, offering a more effective solution for TSC
tasks.

III. PRELIMINARIES

The relevant background knowledge is detailed in this section.
To enhance the readability of the proposed method, important
mathematical notations used in this paper are summarized in
Table I.

A. Quantum Evidence Theory

The quantum evidence theory (QET) integrates quantum con-
cepts into D-S evidence theory [61], [62], [63].

Definition 1: Quantum frame of discernment
Let Ω be a set of mutually exclusive and collective nonempty

sets. Wp represents a single event in a Hilbert space H. The
quantum frame of discernment (QFOD) is defined by [61], [62],
[63]:

Ω = {W1,W2, . . . ,Wp, . . . ,WP } , (1)

its power set 2Ω can be defined as

2Ω = {∅, {W1} , {W2} , . . . , {W1,W2} , . . . ,Ω} , (2)

where ∅ denotes the unknown event set.
Definition 2: Quantum mass function
In a quantum frame of discernment Ω, a quantum mass

function (QMF) QM, also called quantum basic probability am-
plitude (QBPA), is represented as a complex number following

a mapping rule [61], [62], [63]:

QM : 2Ω → C, (3)

which satisfies

QM(∅) = 0,

QM(Wp) = ϕ(Wp)e
iθ(Wp), Wp ⊆ Ω,∑

Wp⊆Ω

|QM(Wp)|2 = 1, (4)

in which i =
√−1; ϕ(Wp) ∈ [0, 1] denotes the magnitude

of QM(Wp); θ(Wp) denotes the phase of QM(Wp); and
|QM(Wp)|2 = ϕ(Wp)

2 ∈ [0, 1] represents the support degree to
proposition Wp.

In (4), QM(Wp) is also expressed as

QM(Wp) = x+ yi, (5)

its square of magnitude can be represented as

|QM(Wp)|2 = ϕ(Wp)
2 = QM(Wp)Q̂M(Wp) = x2 + y2, (6)

in which Q̂M(Wp) = x− yi is the conjugate of QM(Wp). If
|QM(Wp)|2 > 0, Wp is called a quantum focal element.

Definition 3: Quantum basic probability distribution
The quantum basic probability distribution (QBPD) of QM,

can be defined as [61], [62], [63]:

M : 2Ω → [0, 1], (7)

which satisfies

M(∅) = 0,

M(Wp) = |QM(Wp)|2, Wp ⊆ Ω;∑
Wp⊆Ω

M(Wp) = 1, (8)

where M(Wp) represents the support degree assigned to propo-
sition Wp.

Definition 4: Quantum evidential combination rule
Let {QM1

, . . . ,QMk
, . . . ,QMK

} be a set of QBPAs with
proposition Wp within the QFOD Ω. The quantum evidential
combination rule (QECR) is defined by [61], [62]

QM1
⊕ . . .⊕QMk

⊕ . . .⊕QMK
(Wp) =

H

V
,

QM1
⊕ . . .⊕QMk

⊕ . . .⊕QMK
(∅) = 0, (9)

which satisfies

H =

∣∣∣∣ ∑
∩WC=Wp

∏
1≤k≤K

QMk
(WC)

∣∣∣∣2,
V =

∑
WC⊆Ω

∣∣∣∣ ∑
∩WC=Wp

∏
1≤k≤K

QMk
(WC)

∣∣∣∣2, (10)

With Definition 3, the combined result also represents the QBPD
M of proposition Wp. Thus, the (9) can also be denoted as [61],
[62]:

M(Wp) = QM1
⊕ . . .⊕QMk

⊕ . . .⊕QMK
(Wp). (11)
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Definition 5: Quantum Pignistic transformation
Let QM be a QBPA on QFOD Ω and Wp be a quantum

proposition with Wp ∈ Ω. The quantum Pignistic transforma-
tion (QPT), denoted as BetQP , is defined as [61], [62]:

BetQP (Wp) =
∑

Wp∩WC 
=∅
WC⊆Ω

|QM(Wp)|2 · |Wp ∩WC|
|WC| , (12)

where | · | is the cardinality function. Since M = |QM|2, (12)
can be simplified to

BetQP (Wp) =
∑

Wp∩WC 
=∅
WC⊆Ω

M(Wp) · |Wp ∩WC|
|WC| . (13)

B. Discrete Fourier Transform

Definition 6: Discrete Fourier transform
Let a K-point signal XK = {x1, . . . , xk, . . . , xK} of K ∈ N

data points xk ∈ R in time domain. Then, the DFT [74] of the
signal XK is defined by a sequence X̃ K̃ = {x̃k̃}K̃

k̃=1
of K̃ ∈ N

complex data points x̃k̃ ∈ C, denoted as

x̃k̃ =
K∑

k=1

xke−i 2π
K kk̃, i =

√−1. (14)

For clarity, in this paper, we use ·̃ to distinguish frequency
domain representations. Notably, the hat notation on K̃ and k̃ is
only used to denote indices in the frequency domain, while their
values remain in R.

C. Fuzzy Number

Fuzzy number is a powerful tool for representing uncertainty.
A brief introduction to Gaussian fuzzy number (GFN) and
complex fuzzy number (CFN) [75] is given.

1) Gaussian Fuzzy Number:
Definition 7: GFN membership function
LetWp be an event defined on a Hilbert spaceH. For a sample

x under the space H, the membership degree of x in Wp is
defined by

MWp
(x) = e−

(x−μ)2

2σ2 , (15)

where MWp
(x) ∈ [0, 1]; μ denotes the mean and σ denotes

the standard deviation. A higher MWp
(x) indicates a greater

likelihood of x belonging to Wp.
2) Complex Fuzzy Number:
Definition 8: CFN membership function
LetWp be an event defined on a Hilbert spaceH. For a sample

x to be discerned within H, the complex-valued membership
degree of x in Wp is defined by

CWp
(x) = αWp

(x)eiθWp (x), (16)

where αWp
(x) denotes the magnitude of CWp

(x), while θWp
(x)

denotes the phase of CWp
(x). A higher |CWp

(x)| implies that x
is more likely to belong to Wp.

IV. THE PROPOSED QBPA GENERATION METHOD AND

DECISION-MAKING ALGORITHM

In this section, a new QBPA generation method and CDGFN-
MSIF decision-making algorithm is proposed. The proposed
method consists of four main steps: i) two-dimensional fea-
tures are extracted in the frequency domain from the training
dataset; ii) Gaussian fuzzy number (GFN) membership function
models are established using the mean and standard deviation
of the extracted features; iii) QBPA is generated for the test
samples using the established GFN function model; and iv)
the final classification decision is made using the CDGFN-
MSIF algorithm to fuse QBPA. The whole pipeline is dis-
played in Fig. 1. In the following sections, each key compo-
nent of the method, including the concept of CDGFN, will be
detailed.

A. Feature Extraction

One key characteristic of time series data is the misalignment
of time points. Direct extraction of features from the time domain
can significantly reduce the credibility of features at identical
time points, which negatively impacts the final fusion results.
To enhance feature credibility, a detailed method for extracting
features in the frequency domain is presented.

1) Features in Frequency Domain: In frequency domain
analysis, every data point corresponds to information at a
particular frequency. These frequencies are aligned and col-
lectively contribute to depicting the overall characteristics of
time series data. Once transformed into the frequency domain
via DFT, each data point is represented as a complex number
in Eulerian form. This representation includes a magnitude
term, indicating the intensity of the data at a specific fre-
quency, and a phase term, which provides information about
the temporal periodicity of the data within that frequency com-
ponent. Consequently, the magnitude and phase term serve
as a distinct two-dimensional feature set for characterizing
time series data. Therefore, the selected features in the fre-
quency domain will be defined by the magnitude and phase
values.

2) Using Front-Few Frequencies: Suppose XK = {x1, . . . ,
xk, . . . , xK} is a time series sequence of length K. The cor-
responding data after applying the DFT to XK is denoted by
X̃ K̃ = {x̃1̃, . . . , x̃k̃, . . . , x̃K̃}. Due to the properties of the DFT

algorithm, the data in the first K̃
2 and the second K̃

2 segments

are nearly conjugate to each other. when K̃ is even, X̃ K̃ follows

this rule except for the 1̃st and
(

K̃+2
2

)
th

data. For odd K̃,

X̃K̃ still adheres to this pattern except for the 1̃st element.
This property results in identical magnitudes but opposite phase
angles between these two segments. A numerical example is
provided to illustrate this point.

Example 1: Assume two data sequences X 6 and X 7 with
lengths of 6 (even) and 7 (odd), respectively:

X 6 = {1.3, 2.4, 3.0,−9, 4, 1.3},
X 7 = {10.0, 3.0, 2.1, 4.5, 8.9, 0.23,−3.2}.
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Fig. 1. Overview of the proposed method.

Then, with (14), X 6 and X 7 are transformed to X̃ 6̃ and X̃ 7̃,
respectively:

X̃ 6̃ =
{
3.00e0.00i, 8.65e−0.01i, 13.18e−3.00i,

13.60e0.00i, 13.18e3.00i, 8.650.01i
}
,

X̃ 7̃ =
{
25.53e0.00i, 5.48e−2.09i, 18.46e−0.49i,

9.18e0.34i, 9.18e−0.34i, 18.46e0.49i,

5.48e2.09i
}
.

Observing the first result X̃ 6̃, we find that the coefficients are
conjugate to each other, except for the 1̃st and 4̃th elements. In
the second result X̃ 7̃, the rule is still obeyed. Hence, the features

extracted from the first K̃
2 segments are mirrored in the second

K̃
2 segments. Therefore, only the data from the first K̃

2 segments
is used to extract the two-dimensional features.

According to [76], the front-few frequencies contain essential
information for characterizing time series data, while high fre-
quencies contribute mostly to noise. Inspired by this, a threshold

frequency index (TFI) ζ̃
(
ζ̃ � K̃

2

)
obtained from enumeration

on the whole frequency space is set to specify the maximum
frequency for feature extraction. Consequently, only features
with a frequency index less than or equal to ζ̃ are extracted for
analysis. Experimental results indicate that highest accuracy is
often achieved with very small TFI ζ̃. More details on select-
ing the optimal TFI ζ̃ for a specific dataset are presented in
Section V. The detailed feature extraction process is as follows.

Assume there are P ∈ N classes in the original dataset
RK with length K ∈ N, described by the QFOD: Ω =

{W1, . . . ,Wp, . . . ,WP }. The original data RK is pre-split into
a training set XK and a testing set X̂K , where the hat notation
·̂ distinguishes the testing set from the training set. Consider-
ing the P classes, the training set XK is further divided as
XK = {XK

Wp
}Pp=1. For a specific subdataset XK

Wp
, the number

of samples is represented by NWp
∈ N. Then, each class dataset

XK
Wp

can be further divided as

XK
Wp

= {XK
Wp1

, . . . ,XK
Wpn

, . . . ,XK
WpNWp

}, (17)

where a single time series sequence is denoted as XK
Wpn

=

{xk
Wpn

}Kk=1 consisting of K data points xk
Wpn

∈ R in time
domain.

In frequency domain, the transformed training set is denoted
as X̃ K̃ = {X̃ K̃

Wp
}Pp=1 of P transformed class dataset X̃ K̃

Wp
=

{X̃ K̃
Wpn

}NWp

n=1 consisting ofNWp
of samples X̃ K̃

Wpn
= {x̃k̃

Wpn
}K̃
k̃=1̃

composed of K̃ complex data points x̃k̃
Wpn

∈ C in the frequency

domain. Each data point x̃k̃
Wpn

= αk̃
Wpn

e
iθ̃k

Wpn consists of mag-

nitude αk̃
Wpn

∈ R, phase θk̃Wpn
∈ R, and imaginary unit i. The

frequency-domain feature space is defined as follows.
Definition 9: Frequency-domain feature space
Let O be the frequency-domain feature proxy of magnitude

α and phase θ, denoted as

O = {α, θ}. (18)

For simplicity, we use O as a feature proxy for both α and θ in
shared operations, since most operations apply to them in the
same way. However, α and θ will be addressed separately where
distinct treatment is required in later sections.
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Fig. 2. A schematic representation of the process for extracting two-
dimensional features for a single sample XK

Wpn
(the nth instance for class

Wp).

Then, the feature column vector Ok̃
Wp

∈ RNWp of the proxy O
at the k̃th frequency for class Wp is denoted as

Ok̃
Wp

=
{
Ok̃

Wp1
,Ok̃

Wp2
, . . . ,Ok̃

Wpn
, . . . ,Ok̃

WpNWp

}
, (19)

where Ok̃
Wpn

represents the value of feature proxy O at the k̃th
frequency of the nth sample for class Wp.

Consequently, the frequency-domain feature space of X̃ K̃
Wp

with respect to O across the front ζ̃ frequencies for class Wp,

i.e., OWp
∈ RNWp×ζ̃ , can be denoted as

OWp
=

{
O1̃

Wp
, . . . ,Ok̃

Wp
, . . . ,Oζ̃

Wp

}
. (20)

Eventually, the frequency-domain feature space over the P

classes OP ∈ RP×NWp×ζ̃ can be denoted as

OP =
{OW1

, . . . ,OWp
, . . . ,OWP

}
. (21)

Below, a detailed procedure to extract two-dimensional features
for a specific class Wp is presented.

Step 1: With (14), DFT is applied to the original training
data XK to obtain the transformed data X̃ K̃ in the
frequency domain.

Step 2: Then, the front ζ̃ values from X̃ K̃ , denoted as X̃ ζ̃ can
be obtained, where TFI ζ̃ is selected by enumeration.

Step 3: With (20), the feature space for magnitude and phase
across the front ζ̃ frequencies for class Wp, rep-

resented by OWp
∈ RNWp×ζ̃ (O ∈ {α, θ}) can be

obtained

OWp
=

{
O1̃

Wp
, . . . ,Ok̃

Wp
, . . . ,Oζ̃

Wp

}
, (22)

where Ok̃
Wp

=
{
Ok̃

Wpn

}NWp

n=1
of NWp

feature values

Ok̃
Wpn

∈ R.
The feature extraction process is repeated for each class. Then,

the complete frequency-domain feature spaceOP ∈ RP×NWp×ζ̃

with respect to the transformed training set X̃ ζ̃ across the front
ζ̃ frequencies for P classes can be obtained, denoted as

OP =
{OW1

, . . . ,OWp
, . . . ,OWP

}
. (23)

Since O ∈ {α, θ}, the feature space of magnitude αP and phase
θP can be obtained. To better illustrate this process, Fig. 2 serves
as a concrete example processing a single time series sequence.

Starting with a specific nth time series sample in class Wp,
denoted as XK

Wpn
. The process begins by transforming the time-

domain signal into the frequency domain X̃ K̃
Wpn

using DFT. The
resulting complex values are decomposed into magnitude (α)
and phase (θ) components. Then, the two-dimensional features{
αk̃
Wpn

}ζ̃

k̃=1̃
and

{
θk̃Wpn

}ζ̃

k̃=1̃
within the TFI ζ̃ are extracted.

B. Complex Dual Gaussian Fuzzy Number

In the frequency domain, two-dimensional features are ex-
tracted. However, GFN can only represent one-dimensional in-
formation, limiting its applicability to two-dimensional features.
Additionally, the GFN operates in the real number field, which
prevents it from leveraging the strengths of QET in the complex
number field. To address this, an extended version called the
complex dual Gaussian fuzzy number (CDGFN) is introduced,
combining the strengths of CFN and GFN in handling uncer-
tainty. Section IV-B1 details the motivations for combining GFN
and CFN, while Section IV-B2 defines the CDGFN membership
function.

1) Motivations: CFN is briefly introduced in Definition 8.
Observing through its membership function, we can find that
each CFN is composed of two parts: a magnitude term and a
phase angle term. The magnitude term works like a traditional
real-valued fuzzy number, indicating the degree of membership
in a class. However, the phase term adds an extra layer of
information, setting CFN apart from ordinary fuzzy numbers.

Using complex numbers as the medium for QBPA ensures
that arithmetic operations, such as multiplication, addition, and
division, are based on complex number principles. In QECR
((9)), different QBPAs interact during these operations, leading
to constructive and destructive interference similar to quantum
system behavior. This interference can make it difficult for
QBPAs with low membership grades to remain consistent. This
counterintuitive outcome is due to the phase component of com-
plex numbers, represented by the imaginary unit i, associated
with e (the base of the natural logarithm). This phase component
captures uncertainty from an additional dimension, allowing
CFN to represent more complex information.

The above discussion demonstrates that CFN can effectively
represent two-dimensional uncertainty, making it a suitable
medium for QBPA due to its complex fuzzy nature. Addition-
ally, the magnitude of CFN is bounded within [0, 1], aligning
with QBPA’s requirements. Meanwhile, a single GFN mem-
bership function is sufficient for expressing one-dimensional
uncertainty. Therefore, by combining the strengths of GFN and
CFN, the proposed CDGFN can comprehensively capture and
express two-dimensional uncertainty, serving as an ideal carrier
for QBPA.

2) CDGFN Membership Function: By integrating CFN and
GFN, CDGFN is formed as a complex fuzzy number composed
of two Gaussian fuzzy numbers. To define CDGFN, we outline
key definitions in sequence: the statistic space, the GFN member-
ship function for feature proxy O, and the CDGFN membership
function.

Definition 10: Statistic space
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Let S be the statistic proxy of mean μ and standard deviation
σ, denoted as

S = {μ, σ} . (24)

Given a feature proxy O in the frequency domain, the statistical
quantity of S at the k̃th frequency for class Wp is denoted as

S k̃O
Wp

∈ R. Then, the statistic space with respect to S of feature

proxy O across the front ζ̃ frequencies for class Wp can be
denoted as

SO
Wp

=
{
S 1̃O
Wp

, . . . ,S k̃O
Wp

, . . . ,S ζ̃O
Wp

}
, (25)

where SO
Wp

∈ Rζ̃ .
Definition 11: GFN membership function for feature proxy

O
LetWp be a class in QFODΩ. Suppose ˜̂x is a transformed test

sample with feature value Ok̃ of feature O at the k̃th frequency.
The GFN membership function f k̃O

Wp
(˜̂x) is defined as

f k̃O
Wp

(˜̂x) = e

−

(
Õk−μ̃kO

Wp

)2

2σ̃kO
Wp

2

, (26)

where μk̃O
Wp

and σk̃O
Wp

are derived from substituting the statistical
proxy S in (25) with mean μ and standard deviation σ, repre-
senting the mean and standard deviation of feature proxy O at
the k̃th frequency for classWp. The function f k̃O

Wp
(˜̂x) is bounded

within [0, 1], with O ∈ {α, θ}.
Definition 12: CDGFN membership function
LetWp be a class in QFODΩ. Suppose ˜̂x is a transformed test

sample with feature values αk̃ and θk̃ of magnitude and phase
at the k̃th frequency. The membership degree of ˜̂x at the k̃th
frequency for class Wp is defined by the CDGFN membership
function, defined by

f k̃
Wp

(˜̂x) = f k̃α
Wp

(˜̂x)eif k̃θ
Wp

(˜̂x)

= e

−
(α̃k−μ̃kα

Wp
)2

2σ̃kα
Wp

2

eie

−
(θ̃k−μ̃kθ

Wp
)2

2σ̃kθ
Wp

2

, (27)

where μk̃α
Wp

, μk̃θ
Wp

, σk̃α
Wp

and σk̃θ
Wp

are derived from substituting
the statistical proxy S in (25) with {μ, σ}, and the feature proxy
O with {α, θ}, representing the respective mean and standard
deviation values for magnitude and phase at the k̃th frequency
for class Wp.

The modulus |f k̃
Wp

(˜̂x)| indicates the membership grade of ˜̂x
in class Wp. Since fαk̃

Wp
(˜̂x) falls within [0, 1], |f k̃

Wp
(˜̂x)| is also

within in [0,1], following the properties of fuzzy numbers. A
higher |f k̃

Wp
(˜̂x)| means a greater membership grade for ˜̂x in Wp

at the k̃th frequency.

C. Establishment of GFN Membership Function Model

CDGFN serves as the carrier for QBPA, which is de- rived
from the GFN membership function values for both magnitude

and phase components. To obtain QBPA, the GFN membership
function must first be established using two- dimensional fea-
tures.

In (23), two-dimensional feature space O =
{OWp

}P

p=1
of

P subfeature spaces OWp
=

{
Ok̃

Wp

}ζ̃

k̃=1
of ζ̃ feature column

vectors Ok̃
Wp

=
{
Ok̃

Wpn

}NWp

n=1
have been collected. The GFN

membership function model generation procedures across the
front ζ̃ frequencies for feature proxy O are as follows.

1) With the extracted two-dimensional feature values{
Ok̃

Wpn

}NWp

n=1
, the mean and standard deviation of O at

the k̃th frequency for class Wp can be obtained according
to following equations

μk̃O
Wp

=
1

NWp

NWp∑
n=1

Ok̃
Wpn

,

σk̃O
Wp

=

√
1

NWp
− 1

∑NWp

n=1

(
Ok̃

Wpn
− μk̃O

Wp

)2

. (28)

This process is repeated for the front ζ̃ frequencies to
obtain the statistic space of feature proxy O for class Wp,
denoted as

μO
Wp

=
{
μ1̃O
Wp

, . . . , μk̃O
Wp

, . . . , μζ̃O
Wp

}
,

σO
Wp

=
{
σ1̃O
Wp

, . . . , σk̃O
Wp

, . . . , σζ̃O
Wp

}
. (29)

2) With (26), the GFN membership functions fO
Wp

of O for
class Wp can be derived as follows{

μO
Wp

, σO
Wp

}
−→ fO

Wp
, (30)

in which

fO
Wp

=
{
f 1̃O
Wp

, . . . , f k̃O
Wp

, . . . , f ζ̃O
Wp

}
, (31)

where f k̃O
Wp

is a single GFN membership function of O at

the k̃th frequency for class Wp, obtained as{
μk̃O
Wp

, σk̃O
Wp

}
−→ f k̃O

Wp
. (32)

This generation process is repeated across allP classes. Thus,
the set of GFN membership function fO

P is constructed as

fO
P =

{
fO
W1

, . . . , fO
Wp

, . . . , fO
WP

}
. (33)

Given that O ∈ {α, θ}, the GFN membership function model
of magnitude fα

P and phase fθ
P can be obtained. Similarly,

Fig. 3 provides a step-by-step example of establishing the GFN
membership function model for a specific class. For a given
class Wp, the extracted two-dimensional features αWp

and θWp

are used to calculate the mean (μ) and standard deviation (σ).
These calculated statistical values are used to construct the GFN
membership function models for magnitude and phase, i.e., fα

Wp

and fθ
Wp

.
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Fig. 3. A schematic representation of the process for constructing the GFN
membership function model for a single class Wp.

D. QBPA Generation

After obtaining the GFN membership functions described in
Section IV-C, the next step is to generate QBPA for a specific
test sample.

Assuming the GFN membership functions of O across the
front ζ̃ frequencies for P classes have been constructed using

(33), denoted as fO
P = {fO

Wp
}Pp=1, where fO

Wp
= {f k̃O

Wp
}ζ̃
k̃=1̃

. We

extract the k̃th function over {fO
Wp

}Pp=1 to form the GFN mem-

bership function at the k̃th frequency for P classes, denoted as
{f k̃O

Wp
}Pp=1. Then, we substitute the O with magnitude α and

phase θ after which the corresponding membership functions
{f k̃α

Wp
}Pp=1 and {f k̃θ

Wp
}Pp=1 have been generated.

Suppose a testing sample from the pre-split testing set is
represented as {

x̂1, . . . , x̂k, . . . , x̂K
}
. (34)

The process for generating QBPA at a specific frequency k̃ is
detailed below.

1) Using (14), the Discrete Fourier Transform (DFT) is ap-
plied to the testing sample

{
x̂k

}K

k=1
to transform it from

time domain to frequency domain, denoted as{˜̂x1̃
, . . . , ˜̂xk̃

, . . . , ˜̂xK̃
}
. (35)

2) Since TFI ζ̃ is selected from enumeration, the transformed

testing data

{˜̂xk̃
}K̃

k̃=1̃

in the selected feature space can be

denoted as:{˜̂x1̃
, . . . , ˜̂xk̃

, . . . , ˜̂xζ̃
}
, ˜̂xk̃

= αk̃eiθ̃
k

. (36)

3) With (26), input the magnitude and phase features of ˜̂xk̃

into the established training GFN membership function
{f k̃α

Wp
}Pp=1 and {f k̃θ

Wp
}Pp=1. The membership grades of

magnitude and phase at the k̃th frequency for P classes
can be obtained

F k̃α
P =

{
f k̃α
W1

(˜̂xk̃
), . . . , f k̃α

Wp
(˜̂xk̃

), . . . , f k̃α
WP

(˜̂xk̃
)

}
,

F k̃θ
P =

{
f k̃θ
W1

(˜̂xk̃
), . . . , f k̃θ

Wp
(˜̂xk̃

), . . . , f k̃θ
WP

(˜̂xk̃
)

}
. (37)

4) With (27), the CDGFN membership at the k̃th frequency
for class Wp can be obtained

f k̃
Wp

(˜̂x) = f k̃α
Wp

(˜̂xk̃
)
e
if k̃θ

Wp

(˜̂x̃k

)
. (38)

Then, the CDGFN membership array at the k̃th frequency
for P classes is constructed as

F k̃
P =

{
f k̃
W1

(˜̂x), . . . , f k̃
Wp

(˜̂x), . . . , f k̃
WP

(˜̂x)} . (39)

5) In QET, the square of the modulus of a QBPA represents
the support degree as defined in Definition 2. Therefore,
the elements in F k̃

P are sorted in descending order of their
squared modulus. Suppose

|f k̃
W1

(˜̂x)|2 > . . . > |f k̃
Wp

(˜̂x)|2 > . . . > |f k̃
WP

(˜̂x)|2. (40)

6) Then, with assignment law, the membership degrees at the
k̃th frequency for subsets in Ω can be obtained{

Mk̃({W1}),Mk̃({W1,W2}), . . . ,Mk̃({Ω})
}
,

(41)

which satisfies

Mk̃({W1}) = f k̃
W1

(˜̂x),
Mk̃({W1,W2}) = f k̃

W2
(˜̂x),

. . .

Mk̃({W1,W2, . . . ,WP }) = f k̃
WP

(˜̂x), (42)

where M represents the membership degree of subsets in
the QFOD Ω.

7) The QBPAs at the k̃th frequency QM
k̃

is generated after

normalizing the membership degree, denoted as

QM
k̃

=
{
QM

k̃

(A)
}
A⊆Ω

, (43)

in which

QM
k̃

(A) =
Mk̃(A)√∑

A⊆Ω |Mk̃(A)|2
. (44)

For notational simplicity, we use the notation A to repre-
sent any possible grouping of classes, as seen in (42). For
example, A could be {W1}, {W1,W2}, or any different
subsets of classes in Ω.

It’s learned that Jiang et al. [77] proposed a novel few-
shot learning method named multi-scale metric learning, which
significantly learns the multi-scale relations between samples.
Deng et al. [78] proposed a new decision-level fusion approach
to synthesize spectral, textural, structural features from multi-
source remotely sensed data. Thus, QBPA generation process is
repeated across the front ζ̃ frequencies to obtain ζ̃ sets of QBPA,

denoted as Q =
{
QM

k̃

}ζ̃

k̃=1̃
. The inclusion of multi-frequency

information contributes to a more robust and reliable decision-
making process. Next, the corresponding decision-making algo-
rithm will be discussed.
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Algorithm 1: QBPA Generation and CDGFN-MSIF
Decision-Making Algorithm for Time Series Classification:

Input: QFOD: Ω = {W1, . . . ,Wp, . . . ,WP }
TFI ζ̃: A frequency index obtained from enumeration.
Training set: XK

Output: Classified target Wδ: the predicted class.
1: Transform training set to obtain X̃ K̃ using Eq. (14).
2: Obtain the training set from the front ζ̃ frequencies X̃ ζ̃ .
3: Extract two-dimensional features αP and θP using

Eq. (22), (23).
4: Establish the GFN membership function model for

magnitude fα
P and phase fθ

P using Eq. (28)-(33).
5: Choose a test sample

{
x̂1, . . . , x̂k, . . . , x̂K

}
.

6: Transform test sample to frequency domain

{˜̂xk̃
}K̃

k̃=1
using Eq. (35).

7: Select values

{˜̂xk̃
}ζ̃

k̃=1̃

from the front ζ̃ frequencies

using Eq. (36).
8: Initialization: Q = { };
9: for k̃ = 1̃ : ζ̃ do

10: Obtain F k̃α
P and F k̃θ

P using Eq. (37).

11: Obtain CDGFNs F k̃
P using Eq. (38), (39).

12: Sort elements in F k̃
P in descending order based on

square of their modulus using Eq. (40).
13: Assign the sorted elements of F k̃

P to obtain

membership degrees Mk̃ using Eq. (41), (42).
14: Normalize Mk̃ to construct QBPA QM

k̃

for frequency

k̃ using Eq. (43), (44).
15: Append QM

k̃

into Q.

16: end for
17: Fuse QBPAs in Q to get combined QBPD M using

Eq. (46).
18: Transform M into quantum pignistic probabilities

BetQP using Eq. (47).
19: Return predicted class index δ using Eq. (48).

E. CDGFN-MSIF Decision-Making Algorithm

Assume that ζ̃ sets of QBPA are generated with method
described in Section IV-D, denoted as

Q =

{
QM

1̃

,QM
2̃

, . . . ,QM
k̃

, . . . ,QM
ζ̃

}
. (45)

Then, a CDGFN-MSIF algorithm for decision-making is then
proposed as follows.

Step 1: The combined QBPD M (Definition 3) is obtained

by fusing the ζ̃ sets of QBPA
{
QM

k̃

}ζ̃

k̃=1
with (11),

represented as

M = QM
1̃

⊕QM
2̃

. . .⊕QM
k̃

. . .⊕QM
ζ̃

. (46)

Step 2: With (13) applying to M, a set of quantum pig-
nistic probabilities BetQP assigned to singleton is

obtained

BetQP = {BetQP (W1), . . . , BetQP (Wp),

. . . , BetQP (WP )} (47)

Step 3: Finally, the class index δ with the highest
BetQP (Wp) is selected

δ = argmax
1≤p≤P

(BetQP (Wp)). (48)

Consequently, the proposition Wδ is the predicted
class.

The CDGFN-MSIF algorithm depends on generating QBPA
for its decision-making process. Thus, a pseudocode of the
whole process to make decision is described in Algorithm 1.
It begins by transforming the training dataset into the frequency
domain using DFT. From this, the most informative frequencies
are selected based on TFI ζ̃, enabling the extraction of two-
dimensional features. These features are used to establish GFN
membership functions fα

P and fθ
P , which model uncertainty. For

the testing phase, each test sample is similarly transformed into
the frequency domain, with its selected frequency components
processed through the GFN models to calculate the CDGFN
F k̃

P . These CDGFNs are utilized to generate QBPA QM
k̃

. The

algorithm iteratively combines QBPAs
{
QM

k̃

}ζ̃

k̃=1
across all

selected frequencies using the QECR, yielding a fused QBPD
M. Finally, the QBPD is converted into quantum pignistic
probabilities BetQP , and the class with the highest probability
δ is selected as the prediction.

V. EXPERIMENT

In this section, we apply the proposed method to some well-
known time series classification datasets from UCR repository
(https://archive.ics.uci.edu) and compare its accuracy to some
state-of-the-art methods. Furthermore, we evaluate the effec-
tiveness of the proposed design by conducting detailed ablation
studies.

A. Experimental Setup

1) Compared Methods: We evaluate the proposed method
CDGFN-MSIF (CM) against a range of classification tech-
niques, categorized as evidence-theory-based, deep-learning-
based, and machine-learning-based methods. Specifically, we
compare the proposed method with two evidence-theory-based
approaches: TFN-MSIF (TM) [64] and GFN-MSIF (GM) [65].
We also include four deep-learning-based methods: Multi-Layer
Perceptron (MLP) [66], Multi-Scale Convolutional Neural Net-
work (MCNN) [69], Time LeNet (t-LeNet) [70], and Multi-
Channel Deep Convolutional Neural Network (MCDCNN) [71].
Additionally, four traditional machine-learning-based methods
are evaluated: Decision Tree (DT) [79], Support Vector Ma-
chine (SVM) [80], AdaBoost (AB) [81], and Gradient Boosting
(GB) [82].

2) Datasets: To evaluate the effectiveness of the proposed
method, eight time series datasets from the UCR repository
(https://archive.ics.uci.edu) are used, including Wafer, FordA,
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TABLE II
OVERVIEW OF EXPERIMENTAL DATASETS

FordB, TwoLeadECG, ECGFiveDays, WormsTwoClass, Toe-
Segmentation2, and Coffee. Summary details of these datasets
are provided in Table II, with the number of classes (# Class),
number of sequence length (# SeqLen.), and number of samples
(# Sample).

3) Evaluation Details: For the accuracy calculation, a ten-
fold cross-validation approach is used to derive the reported
accuracy of all the methods on all datasets. Specifically, each
dataset is split into ten equal segments. In each experiment,
one segment (10%) is set aside as the testing group, while
the remaining segments (90%) collectively form the training
group. The accuracy scores from each iteration are recorded.
Finally, the average accuracy, obtained through ten distinct tests,
serves as the reported accuracy for a given dataset. However, for
the four deep-learning-based methods (MLP [66], MCNN [69],
t-LeNet [70], and MCDCNN [71]), the accuracy results were
borrowed from [66], which also used ten-fold cross-validation.
Further details on these methods are available in [66].

4) Selection of Threshold Frequency Index (TFI) ζ̃: In this

experiment, the upper bound of TFI ζ̃ is set to K̃
2 , half of the

time series length of the corresponding time series datasets.
This setting reduces computation complexity and help to extract
useful features. Therefore, to obtain one accuracy score out of
ten tests in a ten-fold cross-validation for a dataset, we start
the enumeration at ζ̃ = 2̃ to ensure the acquired information is
obtained from different sources (frequencies), which guarantees
that the problem can be solved under the framework of QET. We

end the enumeration at ζ̃ = K̃
2 to reduce redundant computation

and increase the credibility of extracted features. For each TFI
value, we apply the proposed method to execute the classification
task. Throughout this iterative process, we record the accuracy
score for each TFI value. Subsequently, the highest accuracy
obtained during the enumeration of TFI ζ̃ is designated as the
final accuracy score, while the corresponding TFI ζ̃ is selected
as the optimal TFI.

B. Analysis

1) Comparison: The classification accuracy results for var-
ious methods are presented in Table III, with the highest per-
formances highlighted in bold. The “Avg” column represents
the mean accuracy for each method, while the row highlighted
in orange indicates the performance of the proposed CDGFN-
MSIF (CM) method. To make the comparison more intuitive

and visually distinguishable, the results are also depicted in
Fig. 4, with error bars displayed. The accuracy of proposed
method is highlighted using horizontal line. The proposed
method CM demonstrates superior classification performance,
achieving the best results across six out of eight datasets:
FordA (80.54%), FordB (80.37%), ECGFiveDays (100.00%),
WormsTwoClass (72.36%), ToeSegmentation2 (83.63%), and
Coffee (100.00%). In comparison, existing methods often per-
form poorly on these datasets. For instance, SVM achieves
80.12% accuracy on FordA but falls short on datasets like
Coffee (51.82%), while deep-learning-based methods such as
MCDCNN show variability, reaching 99.20% on Coffee but
only 57.00% on WormsTwoClass. Additionally, the proposed
method exhibits strong average performance across all datasets,
achieving an average accuracy (Avg) of 88.15%, surpassing
other evidence-theory-based methods such as GM (66.14%) and
TM (64.89%). CM also achieves a lower standard deviation
(Std) of 10.01%, reflecting stable performance across diverse
datasets.

Besides, the proposed method performs better across all
datasets than the traditional evidence-theory-based methods
GM and TM, with nearly 20% accuracy difference of the Avg
column. This demonstrates that the extracted two-dimensional
features can express uncertainty more comprehensively. Fur-
thermore, the aligned frequency domain makes the extracted
features more effective and representative.

Notably, all the deep-learning-based methods struggle to per-
form effectively on these datasets listed in Table II. A possible
reason for the relatively poor performance of deep learning
models is the limited number of samples in these datasets.
Deep learning methods typically require larger datasets to fully
capture complex patterns, which may not be feasible in this
case. Especially on small datasets like Coffee (56 samples),
WormsTwoClass (258 samples), and ToeSegmentation2 (166
samples), the proposed method CM achieves exceptional results,
with 100.00% accuracy on Coffee and 72.13% on WormsT-
woClass, outperforming MCDCNN and MCNN, which reach
only 57.00% and 50.00%, respectively. This finding emphasizes
the strength of the proposed method, which is strongly suitable
for scenarios with restricted data availability.

2) Ablation Study: Table IV presents the ablation study of
critical design choices, with the highest accuracy are high-
lighted in bold. In W/o feature selection, we remove the TFI
ζ̃, thereby extracting features from the entire frequency range.
In W/o CDGFN, the GFN membership degrees of magnitude and
phase of the original CDGFN at each frequency form separate
real-valued CDGFNs, without the phase term.

As shown in Table IV, Without CDGFN, the model’s per-
formance drops notably, with an average accuracy of 80.15%
compared to 88.19% in the full model, indicating that CDGFN
effectively captures two-dimensional information, particularly
through its complex-valued structure. Since CDGFN is the car-
rier of QBPA, this complex-valued nature leverages the construc-
tive interference property in the QECR (Definition 4) to enhance
multi-source information fusion. The absence of frequency se-
lection has an even larger impact, reducing the average accuracy
to 72.80% and leading to severe drops on certain datasets, such as

Authorized licensed use limited to: CHONGQING UNIVERSITY. Downloaded on March 14,2026 at 11:44:51 UTC from IEEE Xplore.  Restrictions apply. 



YU et al.: CDGFN-BASED QUANTUM MULTISOURCE INFORMATION FUSION WITH ITS APPLICATION IN TIME SERIES CLASSIFICATION 1437

TABLE III
PERFORMANCE COMPARISON OF DIFFERENT METHODS ON EIGHT TIME SERIES DATASETS

Fig. 4. Accuracy comparison of different methods across eight time series datasets.

TABLE IV
ABLATION STUDY OF CRITICAL DESIGN CHOICES

FordA and ToeSegmentation2. This demonstrates that selecting
the features at the front frequencies can greatly improve the
credibility of extracted features. Overall, these findings confirm
that both components significantly improve model performance
across diverse datasets.

3) The Value of Optimal TFI: In the ablation study, we ob-
serve that the TFI ζ̃ has a huge impact on the proposed CDGFN-
MSIF method. However, we still want to determine whether the

optimal TFI is located within the lower (or “front”) frequency
range, as we described in the feature extraction section. We
examined the results shown in Fig. 5. Each subplot illustrates
how classification accuracy changes across a range of optimal

TFI values for various datasets, from 0̃ to K̃ in increments of K̃
20 ,

where K̃ represents the length of the frequency space for each
dataset.

From the figure, we can see that the highest accuracy, or
optimal TFI, is often achieved when selecting features from the
front frequencies, while increasing optimal TFI to include higher
frequencies generally leads to a drop in accuracy. This trend is
especially evident in datasets like FordA, FordB, TwoLeadECG,
and ToeSegmentation2, where accuracy peaks at low optimal
TFI values and declines as higher frequencies are included.
For datasets like Wafer, ECGFiveDays, and Coffee, accuracy
remains stable across optimal TFI values, but including only
the front frequencies is still sufficient to achieve near-optimal
accuracy. This result suggests that high-frequency components
are largely uninformative for these time series datasets, reinforc-
ing the effectiveness of the proposed method to only focus on
lower-frequency information.
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Fig. 5. The effect of the optimal TFI ζ̃ on classification accuracy for the eight time series datasets.

TABLE V
OPTIMAL TFI VALUES AND THEIR RATIOS TO TOTAL SEQUENCE LENGTHS

ACROSS DATASETS.

Additionally, we also present the optimal TFI values and
their ratios to the sequence length in Table V. Here, the Ratio
indicates the percentage obtained by dividing the optimal TFI
value by the sequence length (# SeqLen.) for each dataset. As
observed, all optimal TFI values are concentrated within the
first 10% of the total sequence length, with the exception of the
ECGFiveDays dataset. However, the accuracy for ECGFiveDays
remains consistently close to 100.00% at the front frequencies,
as shown in Fig. 5(e). Therefore, in practical applications, the
upper bound of the TFI can be controlled within 10%-20% of
the total sequence length. This setting can ensure high accuracy
while significantly reducing the computational complexity of
the enumeration process.

4) Validation of Selection of Discrete Fourier Transform
(DFT): To validate the choice for selecting DFT for converting
time-domain data to the frequency domain, we compared its
performance with the Hilbert transform (Hilbert) [83] as shown
in Table VI. DFT consistently achieved higher accuracy across
all datasets. For example, DFT reached 99.16% accuracy on the
Wafer dataset, compared to 92.80% with Hilbert. On average,
DFT provided 88.19% accuracy versus 69.67% for Hilbert,

TABLE VI
COMPARISON OF ACCURACY USING HILBERT AND DFT TRANSFORMATIONS

confirming DFT as the more effective and stable transformation
for the proposed approach. These results suggest that choosing
an effective frequency domain transformation method can sig-
nificantly enhance performance. This insight motivates future
exploration of advanced transformation techniques specifically
tailored for time series data.

5) Computational Complexity Analysis: It is worth noting
that in this subsection, the notation O denotes the asymptotic
time complexity (Big-O notation), which is distinct from the
feature proxy O defined in Definition 9. The computational
complexity of the proposed CDGFN-MSIF algorithm is primar-
ily determined by two stages: feature extraction and decision-
making. In the feature extraction stage, the DFT is employed,
which consumes O(K logK) for a time series sequence of
length K. Subsequently, the generation of QBPA across the
selected threshold frequency index ζ̃ forP classes operates with
a complexity of O(ζ̃ · 2P ), as it involves assigning probabil-
ity values to the power set of the frame of discernment. The
decision-making stage, which utilizes the QECR to fuse evi-
dence from ζ̃ sources, involves the intersection of focal elements

Authorized licensed use limited to: CHONGQING UNIVERSITY. Downloaded on March 14,2026 at 11:44:51 UTC from IEEE Xplore.  Restrictions apply. 



YU et al.: CDGFN-BASED QUANTUM MULTISOURCE INFORMATION FUSION WITH ITS APPLICATION IN TIME SERIES CLASSIFICATION 1439

in the power set, resulting in a complexity of O(ζ̃ · 22P ). Con-
sequently, the overall time complexity for classifying a single
test instance is approximately O(K logK + ζ̃ · 22P ). Since the
optimal TFI ζ̃ is typically a small fraction ofK and the number of
classes P is limited in standard TSC tasks, the proposed method
remains computationally efficient and scalable compared to
deep learning-based approaches that require computationally
intensive iterative training.

VI. CONCLUSION

Time series classification has always been an important topic
in practical application, and this paper presents a novel method
for constructing QBPA to apply QET to one-dimensional TSC
task. The proposed method emphasizes extracting informa-
tive features from the front-few multi-frequency components
of the aligned frequency domain, achieved by setting a TFI
to limit the range of frequencies considered. By leveraging
the DFT and introducing the CDGFN for two-dimensional
uncertainty representation, the proposed approach constructs
QBPA to comprehensively represent information of the front-
few frequency components. The CDGFN-MSIF algorithm then
effectively fuses these QBPAs to reason uncertainty, resulting
in superior performance compared to state-of-the-art methods,
particularly in datasets with varying sizes. This demonstrates the
robustness and effectiveness of the proposed approach in diverse
TSC scenarios. Beyond standard benchmarks, this method holds
significant potential for applications involving periodic signals,
such as rotating machinery fault diagnosis and physiological sig-
nal monitoring (e.g., EEG/ECG [84]), where frequency-domain
features are intrinsically significant.

While these results are encouraging, several limitations need
further investigation. One is to apply the proposed method to
multivariate time series classification task. Analyzing different
variables in the multivariate time series data as an additional
layer of evidence source indicates the promise of this research.
Another focus should be developing higher-quality techniques
to transform time-domain data into the frequency domain, which
would enhance the quality of extracted features and likely im-
prove performance. Finally, leveraging the finding that effec-
tive features are mostly low-frequency, we aim to develop an
adaptive mechanism to automatically select the optimal TFI,
thereby streamlining the feature extraction process and avoiding
exhaustive enumeration.
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