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Time series classification (TSC) has attracted a lot of attention for time series data mining tasks and has been applied
in various fields. With the success of deep learning (DL) in computer vision recognition, people are starting to use deep
learning to tackle TSC tasks. Quantum neural networks (QNN) have recently demonstrated their superiority over traditional
machine learning in methods such as image processing and natural language processing, but research using quantum neural
networks to handle TSC tasks has not received enough attention. Therefore, we proposed a learning framework based on
multiple imaging and hybrid QNN (MIHQNN) for TSC tasks. We investigate the possibility of converting 1D time series
to 2D images and classifying the converted images using hybrid QNN. We explored the differences between MIHQNN
based on single time series imaging and MIHQNN based on the fusion of multiple time series imaging. Four quantum
circuits were also selected and designed to study the impact of quantum circuits on TSC tasks. We tested our method
on several standard datasets and achieved significant results compared to several current TSC methods, demonstrating the
effectiveness of MIHQNN. This research highlights the potential of applying quantum computing to TSC and provides the

theoretical and experimental background for future research.

Keywords: quantum neural networks, time series classification, time-series images, feature fusion

PACS: 03.67.—a, 03.67.Ac, 03.67.Lx

1. Introduction

A time series is a series of data points (measurements)
with a natural time order. Many important real-world pattern
recognition tasks involve time series analysis. Time series are
prevalent in various fields, such as biology, astronomy, mete-
orology, finance, medicine, engineering, and others.!! People
use techniques such as classification, segmentation, and pre-
diction of time series to exploit their potential value as much
as possible. TSC, as a branch of time series analysis, has at-
tracted a lot of attention in the field of data mining.

Time series data are highly volatile and uncertain, and
traditional methods such as expert empirical consultation and
multiple models perform poorly in classification. In recent
years, a large number of algorithms have been developed for
TSC, which can be specifically summarized as distance-based
time series classification algorithms and feature-based clas-
sification algorithms. The most popular distance-based al-
gorithms are the nearest neighbor (NN) classifier and dis-
tance function,?! the k-nearest neighbor (k-NN)B3! and dy-
namic time warping (DTW).!¥ In the feature-based algorithm,
Nanopoulos uses mean, standard deviation, skewness, and kur-
tosis to represent and classify time series,'> and Morchen et
al. used features derived from wavelet and Fourier transforms
of a series of time series datasets to classify time series.®!
Subsequently, Lin ez al.!”! proposed the bag-of-words (BOW)
method, which quantifies the extracted feature BOW and feeds
it into the classifier as a feature attribute.

Recently, DL models have achieved high recognition
rates in computer vision recognition. DL is practical and effec-
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tive in generating features of raw data, which provides clues to
improve the accuracy of TSC methods. The idea of convert-
ing time series to images and using them as input for deep
learning has received a lot of attention. Convolutional neural
networks (CNN), one of the most successful DL models, have
been applied to solve complex problems in many fields. A
CNN unifies the feature learning and classification parts in one
model and learns them jointly. As a result, CNN has achieved
remarkable success in image and video recognition tasks.

Quantum machine learning (QML)[3! combines classical
machine learning techniques with quantum computing and is
emerging as a powerful approach that allows quantum accel-
eration and improvement of classical machine learning algo-
rithms. QML mainly uses parametric quantum circuits (PQC)
for prediction and classification. Quantum circuits for ma-
chine learning problems are similar to classical neural net-
works (NN), so they are sometimes called QNN. The input
layer of a QNN is called the embedded circuit and the hid-
den layer is called the variable quantum circuit layer, which
together form the PQC. So far, several QML algorithms have
been proposed and demonstrated, including quantum support
vector machines,®!° quantum deep learning,!!'~'7! quantum
Boltzmann machines (QBM),18191 and quantum generative
adversarial learning.[**-2?! Exploration of quantum computing
has shown that quantum effects, such as superposition and en-
tanglement, can improve the efficiency of training when solv-
ing certain problems.

Inspired by recent achievements in computer vision tech-
niques and quantum machine learning, we propose a frame-
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work for learning based on multiple imaging and hybrid quan-
tum neural networks. Specifically, the time series datasets are
first divided into two categories, one with a sufficient number
of training samples and the other with an insufficient number
of samples. For the former, we use recurrence plots (RP)[30]
to convert the raw temporal data into 2D images. For the lat-
ter, we will use four time series imaging methods, RP, Markov
transition field (MTF),*¥! Gramian angular summation field
(GASF),!! and Gramian angular difference field (GADF),[?%)
to convert the time series into four 2D images. Then, the
four images are fused into one image to strengthen the fea-
tures and reduce the probability of overfitting in the training
process caused by insufficient sample quantity. The resulting
images will be trained and classified by combining QNN and
classical neural networks. ResNet!>*! is used as the feature ex-
tractor, and QNN is used as the classifier. In order to evaluate
the influence of different quantum variational circuits on clas-
sification, we will use four kinds of quantum circuits as clas-
sifiers. The results show that compared with the three most
recent best classification methods, our approach achieves the
best performance on 9 of the 10 standard datasets in the UCR
archive.3%) In datasets with a small number of samples, exper-
iments showed that the method using four time series imaged
and fused achieved the best performance on four of the stan-
dard datasets from the UCR archive compared to the method
using a single time series imaged.

The main contributions of this paper are summarized in
the following three points. First, for the TSC task, a model
combining time-series imaging and hybrid quantum neural
networks is proposed. Second, considering the insufficient
sample size of the training data, four time-series imaging fu-
sion methods are used to enhance the sample features and re-
duce the risk of overfitting. Third, to explore the impact of
quantum circuits, four quantum circuits were designed and in-
vestigated for the TSC task.

The rest of this paper is organized as follows. In Sec-
tion 2, we discuss the background and related work. We
present our framework in Section 3, and give the experimental
results of the proposed method on a standard dataset in Sec-
tion 4. Finally, Section 5 presents the conclusion and perspec-
tives.

2. Related work

In recent years, DL has made impressive progress in
many areas, including speech recognition, image recogni-
tion, and natural language processing, which has motivated
researchers to study DL in the TSC domain. It is only re-
cently that deep learning methods such as multi-scale con-
volutional neural networks (MCNN),[?3! fully convolutional
networks (FCN),>*l and ResNet?* have started to appear in
TSC. Wang!®! proposed converting time series into images
using GAF and MTF and applying CNN models for time series
classification (GAF-MTF) in 2015. Subsequently, Hatami (%]

et al. proposed the use of RP to convert time series into 2D
texture images and then perform recognition operations using
a deep CNN classifier (RPCNN). Chen!?”! et al. investigated a
relative position matrix to convert time series data into 2D im-
ages and construct an improved CNN architecture to classify
the data (RPMCNN). Karim, [28] on the other hand, proposed
solving the TSC problem with long short-term memory fully
convolutional networks (LSTM-FCN). These approaches can
be broadly classified into two categories: one relies on modi-
fied traditional CNN architectures and uses 1D time series sig-
nals as input, such as LSTM-FCN, while the other first con-
verts the original time series into 2D images and then applies
them to deep learning models, such as GAF-MTF, RPCNN,
and RPMCNN.

Quantum computing (QC) on the other hand, as a new
computing paradigm, is expected to be applied in several
fields, including machine learning. The field of QC has
demonstrated its important role in problems that are diffi-
cult to solve by their classical counterparts through quantum
superiority. 3% The quantum algorithm for deep convolu-
tional neural networks proposed by Kerenidis'?!! implements
a new frontier in image recognition and numerical simulations
of MNIST dataset classification, demonstrating the efficiency
of quantum computing. In Ref. [32], a hybrid quantum convo-
lution neural network model is introduced to predict COVID-
19 images. It fully exploits the advantages of quantum con-
volutional layers and CNN and demonstrates the possibility
of hybrid quantum models for new crown image classifica-
tion. Maril**! proposed a migration learning model in hybrid
classical-quantum neural networks to demonstrate the possi-
bility of quantum migration learning. Mari used the ResNet
deep learning model to process the samples classically and
then used a variational quantum circuit to process the features.
There are several classical feature extraction models to choose
from, such as AlexNet,[**] ResNet,[?*! DENSENET,!?%! and
VGGNet. 130! The feature extraction in our proposed model is
also based on the ResNet model to solve the TSC task.

However, there are few studies based on using time-series
imaging and hybrid quantum neural networks to solve TSC
tasks. Most of the existing hybrid quantum neural network
models have mostly focused on solving predictive classifica-
tion tasks where the original data are images and have not ex-
plored the possibilities of hybrid quantum models for process-
ing secondary images. Our proposed model proves its possi-
bility and, in experiments on the UCR archive, it is found that
the hybrid model can achieve an accuracy equal to or even bet-
ter than the classical model for the classification of time-series
imaging data compared to several best models.

3. Methodology
3.1. MIHQNN framework

The overall architecture of the MIHQNN is shown in
Fig. 1, which consists of three sequential phases: the imag-
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ing phase, feature extraction phase, and classification phase.

1. In the imaging stage, we classify the dataset into two
types, one with sufficient sample data and the other with in-
sufficient sample data. The former applies the RP time series
imaging method alone to transform a one-dimensional time
series into a 2D image, and the latter uses four time series
imaging methods and fuses them into a single image.

Time series imageing

r\

/ /

v \\/ W W L
V'V

Original time series

2. In the feature extraction phase, we will use a modified
ResNet model. This includes several residual blocks and fully
connected layers to output the extracted features.

3. In the classification phase, we designed four classifiers
based on quantum circuits for each dataset, and trained and
tested them for 50 iterations.

See Subsections 3.2-3.4 for more details.

/2-tanh() 10— Class 0
> a2anhy T 100— [ Clas 1

/2-tanh() 0y — : -
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Fig. 1. MIHQNN model based on RP time series imaging.

3.2. Imaging stage

For datasets with a sufficient number of samples, we use
a single RP imaging, because with a sufficient number of sam-
ples, the MIHQNN model rarely over-fits during training. The
use of multiple imaging fusions may add additional consump-
tion, including time and memory consumption. However, for
datasets with insufficient sample size, the need to use mul-
tiple imaging becomes apparent. The edges and diagonals of
time series images contain richer classification features. Using

the feature fusion method, the four sets of feature vectors are
combined into a joint vector, thus extending the feature vec-
tor space of the original image, which is beneficial to the deep
learning framework for its classification and thus improves the
classification rate. Multiple imaging and fusion, specifically
four imaging methods, RP, MTF, GASF, and GADEF, are used
to convert each time series into four images. And an image is
formed by RP, MTF, GASF, and GADF in a counterclockwise
direction, which can be seen in Fig. 2. The principles of the
four time series imaging are described in detail below.
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Fig. 2. MIHQNN model based on multiple time series imaging fusion.
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3.2.1. RP imaging

RP is an important method for analyzing the periodicity,
chaos, and non-stationarity of time series. It can be used to re-
veal the internal structure of time series, giving a priori knowl-
edge about similarity, informativeness, and predictability. RP
is particularly suitable for short time series data, and can test
the smoothness and intrinsic similarity of time series. RP is
an image that represents the distance between trajectories ex-
tracted from the original time series, as follows.

Given the time series (xi,...,x,), the result of recon-
structing the time series is

Tj = (xiaxi+7:a e 7xi+(m—1)‘r) )

vie{l,....n—(m—1)1}, (1)

where m denotes the embedding dimension and 7 denotes the
delay time.

0 20 40 60 80 100 60 80 100

Fig. 3. Applying RP, MTF, GASF, and GADF to convert time series to
images.

The distance between point i, x;, and point j, x;, in the
reconstructed phase space is

Sij=||wi—=zj|, Vije{l,...n—(m-1)1} (2
|

w;j | x1 € qi,x1 €q;
@;,j | Xn € gi,x1 € g
Figure 3(b) shows the image after applying MTF to a time

series transformation, where bins = 5.

3.2.3. GAF imaging

A GAF image is an image obtained from a time series,

mainly based on some temporal correlation between each pair

;| x1 € qi,x2 €qj
W j|x2€q,x1€q; O|x2€qixcq;

;) | X € qiyx2 € g

The recursive value can then be expressed as

Rij=0(e-S;), Vije{l,...on—(m-11}, (3)

where 0 represents the Heaviside function, a segmentation
function that is commonly used in recursive graphs to repre-
sent the stopping conditions of recursion. € is a threshold; if
“none”, the graph is repeated without binarization. If “point”,
the threshold is calculated, e.g., the percentage of points is less
than the threshold. If “distance”, then the threshold is calcu-
lated as the maximum distance. This is set to “none” when
plotting RP in this article.

Figure 3(a) shows the image after applying RP to a time
series transformation, where T=0.1 and m = 1.

3.2.2. MTF imaging

MTF is proposed based on the first-order Markov chain
transformation because Markov transfer fields are insensitive
to the time dependence of the sequences, so MTF is based on
the relationship of time positions.

The process of constructing the MTF is as follows.

Step 1: First divide the time series data into Q bins. Each
data point i corresponds to a unique bin, i.e., each data point
has only one identifier ¢;, i € {1,2,...,0}.

Step 2: Construct a Markov state transfer matrix

Aij:P(St:jISt—lzi)7 (4)

where A;; represents the transfer probability of state i trans-
forming to state j. The transfer probability is generally esti-
mated using the maximum likelihood method, where the ma-
trix size is [Q, Q].

Step 3: Construct the Markov variation field M. M is an
N x N matrix and N is the length of the time series,

Mkl = Aqkql bl (5)

where g is the bin of xg, ¢ is the bin of x;, and x is the time
series data.
The shape of the MTF is as follows:

;| X1 € qi,x, € qj
;| x2 € qi,x, €qj

(6)

O;j | X € iy X, € g

of values starting at a given time. There are two methods:
GASF and GADF. The difference between these two methods
is that, when the scaled time series data are converted from
a right angle coordinate system to a polar coordinate system,
GASEF considers the sum of the angles between different points

as a criterion for identifying different points in time and GADF
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considers the difference in angle between different points as a
criterion for identifying different time points. The steps of the
GAF implementation are as follows.

Step 1: Scale the data to [—1,1] (in this paper we scale
the data to [—1,1]; we can also scale the data to [0, 1]). The
formula for scaling is

i (x; —max (X)) + (x; — min(X))

1= max(X) — min(X) ’ ™

where X represents a time series data.

0,
—51
1.0
2,
L/J 0.8
01
0.6
—2
0.4
—41
0.2
_6,
. : 0
0 100

Time series imaging (Multiple imaging fusion)
Fig. 4. Feature fusion of combined images. In order to solve the prob-
lem of single image feature loss during MIHQNN training and classifi-
cation, the combined image algorithm converts the time series into four
images and combines them into a square image for feature-level fusion.
The combined images are RP, MTF, GASF, and GADF from top left to
bottom right.

Step 2: Convert the scaled sequence data to polar coor-
dinates, i.e., the value X of the time series is regarded as the

angle cosine and the time stamp is regarded as the radius,

0 = arccos (%),
{ r=% teN ®)

—1<x <1, )Z,EX}
N>’ '

Step 3: Calculate the GASF and GADF respectively ac-
cording to the different criteria of identification

GASF = [cos (¢ +¢;)] =X'-X —\/I - X2 -\[I—X2, (9)
GADF = [sin(¢; — ¢,)] = /I - X2- X - X'

Figures 3(c) and 3(d) show the images after applying the
GASF and GADF to transform the time series. Figure 4 shows
the shape after fusing the four images.

1—X2.(10)

3.3. Feature extraction stage

After the raw time series data have been converted into
images, CNN models can be trained to perform feature extrac-
tion on these images, and the feature extraction model in this
paper is based on ResNet for improvement. The main purposes
of the modification are: 1) Some mature deep learning models,
such as ResNet, are commonly used for RGB (three-channel)
color image classification tasks. However, after the processing
in Subsection 3.2, the obtained image type is single channel,
and the input channel of the first convolution layer needs to be
modified to single channel. 2) The output of the feature extrac-
tion model must be consistent with the input requirements of
the later classification stage. In this paper, the trainable para-
metric variational quantum circuit used as the classification
stage is 4 qubits in number, so it is necessary to set the number
of features of the output of the feature extraction model to 4.

64d

Relu

Relu
< ‘ 3X3,conv,64 ‘ —»‘ 3X3,conv,64 ‘—» @

BN —
Conv MaxPool V==
\ —_——— -
Image in_channels = 1 Basic block Basic block ) Basic block Basic block Adaptive
1X224%224 7X7(64) (64,64) (64,64) (64,128) (128,128)
Stride=2
Residual block 1 Residual block 2
64
3X3
Stride=2 FC(512,n qubns)
n_qubits=4
Basic block Basic block » Basic block Basic block
128,256 256,256 256,512 512,512
( ) ( ) ( ) ( ) (5 12x1x1)
Residual block 3 Residual block 4

Fig. 5. Time series data feature extraction model.

As shown in Fig. 5, the feature extraction model contains
three main components. The composition of the first part: a
1-channel input of size 224 x 224 with 64 output channels, a
7 x 7 convolutional layer (conv) of step size 2 followed by a
batch normalization layer (BN), followed by a 3 X 3 maximum

pooling layer (MaxPool) of step size 2. BN is mainly used to
solve the gradient disappearance and gradient explosion prob-
lems. The composition of the second part: it mainly contains
four residual blocks, each with two 3 x 3 convolutional layers
with the same number of output channels inside. Each con-
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volutional layer is followed by a batch planning layer and a
ReLU activation function. The input also needs to be added di-
rectly before the final ReLU activation function in each resid-
ual block. Such a design can satisfy the requirement that the
outputs of the 2 convolutional layers have the same shape as
the inputs, so that they can be added together. The composi-
tion of the third part: finally, the features extracted from the
residual layer are followed by a global average pooling, and
the global average pooling is added to suppress the overfitting
phenomenon. Then a fully connected layer is added to match
the input dimension of the subsequent quantum neural network
classifier.

3.4. Classification stage

In the classification phase, we focus on exploring the cor-
relation between the possibility of using quantum classifiers
instead of classical classifiers and the classification accuracy
of different quantum circuits. The classification phase has two
main components: 1) The features obtained after the feature
extraction stage are classical states, which cannot be directly
embedded in the quantum circuit at this point, and must go
through an encoding section where the extracted features are
fed into the quantum variational circuit. 2) Quantum circuits
are the basis of quantum neural networks. In quantum neural
networks, quantum circuits are used to build neurons and lay-
ers, while the training and optimization of neural networks are
achieved by adjusting the parameters of quantum gates. Both
the design and optimization of quantum circuits affect the ef-
ficiency and performance of quantum neural networks. Once
the features were input, we used four quantum circuits as four
classifiers each to explore the effect of different quantum cir-

cuits on the classification performance.

3.4.1. Encoding stage

In order to construct hybrid quantum models, it is cru-
cial to convert classical data to a high-dimensional quantum
representation. Ground state coding,**! amplitude coding, 3!
angle coding,*3! IQP coding,**! and Hamiltonian evolution
coding!®! have been proposed. The encoding approach we
take is to convert the previously obtained eigenvalues into an-
gles, as in Fig. 1, by multiplying each of the four eigenvalues
by (7/2), and then applying them to the quantum circuit. As
in Fig. 6(a), the Hadamard gate (H) can be applied first to act
on the initial quantum state, placing the initial quantum state
in the superposition state. The RY gate is then applied to the
qubit, and the control angle of the RY gate is the angle previ-
ously converted by the eigenvalue, which enables the transfer
of the obtained classical information to the subsequent quan-

tum circuit.

H
=)
=
&
®
&

Fig. 6. Parametric quantum circuits. (a) Circuit 1, four qubits and four
layer configuration. (b) Circuit 2, four qubits and single layer configu-
ration. Mainly composed of the RY gate. (c¢) Circuit 3, four qubits and
single layer configuration. Mainly composed of the RX gate. (d) Cir-
cuit 4, four qubits and two layer configuration.

3.4.2. Quantum circuit classification stage

To create MIHQNN, parametric quantum circuits need to
be used as the hidden layer of the neural network, and four
types of circuits are selected and designed in this paper. A
description of the circuit employed will help provide insight
into how the quantum gate affects the final result. Figure 6(a)
related configurations are described here and presents more
information about the quantum circuit. 4!

In Fig. 6(a), each qubit first gets a superposition state
through the H gate and then through the RY gate, the pa-
rameters of which are the outputs of the classical network.
Then CNOT gates are used to entangle with each other, where
the RY gates that pass through are constant rotation, i.e.,
R, (6;))=1,i=0, 1,2, 3. Then the state before the CNOT
gate is

i=3 i=3
i) = ( H) 10000) = R (H[0))
— —0

i=0

L

4i=3
- (75) ®@+m) (1)

Because the RY gate is assumed to be a constant rotation
here, the state |y;) remains unchanged after passing through
the CNOT gate, i.e., [y») = |y1). The effect of RY gates in
the real situation is not constant rotation, which reflects the
importance of encoding classical information into quantum in-
formation and feeding it into the quantum circuit. Then the
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state after passing through the revolving door four times is

=3
w3) = QR (6))|va2) .

Jj=0

12)

The depth of circuit 1 is 4. The combination of the CNOT
gate and the RY gate is repeated a total of four times. During
training the parameter 6; is also called quantum weight, simi-
lar to the weights in neural networks, and 6; is trainable. The
principles of circuit 2, circuit 3, and circuit 4 are the same as
those of circuit 1, except that the combination and depth of the
quantum gates are different, in analogy to the different net-
work structures in neural networks. After the superposition
and entanglement of the quantum circuit, etc., the final mea-
surement needs to be obtained, and we use the Pauli Z-gate
at four qubits. The circuit needs to repeat the measurement,
and the number of repetitions set in this paper is 1000. The
number of measurements obtained is 4. It is also necessary to
link a fully connected layer after the quantum circuit; the input
of the fully connected layer is 4 and the output is n, where n
denotes the number of targets for classification. The follow-up
experiments focus on testing datasets with a target number of
2 or 3 in the UCR archive.

With the whole MIHQNN framework established, we
conducted comprehensive experiments, and the results are
shown in Section 4.

4. Experiment
4.1. Experimental setup

We evaluated the performance of MIHQNN on a dataset
of UCR time series classification archives, of which 14
datasets were selected, with the number of classifications of
2 and 3.

In the subsequent sections, a number of experiments are
performed. 1) Experiments on four different quantum cir-
cuits. 2) Experiments on three classical deep learning mod-
els (ResNet, DENSENET, VGGNet) for comparison with MI-
HQNN. 3) For MIHQNN, RP time series imaging is compared
with multiple time series imaging fusions.

Our proposed MIHQNN is implemented based on Py-
Torch and pennylane and runs on an NVIDIA GeForce
GTX 1650 graphics card with 896 cores and 4 GB of
global memory. The hyperparameters of the model are
{batch_size = 10,1Ir = 0.0007, step_size = 10, gamma = 0.1},
which denote the batch size, learning rate, learning rate adjust-
ment period, and multiplication factor for updating the learn-
ing rate, respectively. The learning rate adjustment period and
the learning rate multiplication factor indicate that the learning
rate is adjusted to Irxgamma every 10 epochs. For the four
MIHQNN classifiers, the Adam optimizer was used to train
50 cycles, regardless of whether the quantum circuits were

different, and cross-entropy was chosen as the loss function.
The three deep learning models are in the same conditions and
environment as MIHQNN.

In this paper, the performance of all TSC methods is eval-
uated by the classification accuracy, which is defined as

TP

acc= ———,
TP +FN

(13)
where TP indicates the number of predicted results that agree
with the true results, and FN indicates the number of predicted
results that do not agree with the true results.

4.2. Comparison with the classical model

To evaluate the performance of MIHQNN, we chose three
models that have excelled in processing images and time series
in the last five years, ResNetl8, DENSENET121, and VG-
GNetl1. They are all three deep learning models based on
PyTorch implementation. The number of parameters of the
quantum neural network used as the classifier in the MIHQNN
model is 2062, while the number of parameters of the classi-
fiers of the three classical models ResNet18, DENSENET121,
and VGGNetl1 are 513000, 1025000, and 1236428, respec-
tively. In the comparison with the classical model, 10 stan-
dard datasets from the UCR archive were selected. The raw
time series data are first transformed into 2D images based
on RP imaging, and then fed into our model and comparison
model for training and testing, respectively. After 50 cycles of
training, the best classification accuracy that each model can
achieve is collected.

Table 1 shows the accuracy of our proposed method and
other TSC methods. It also shows the descriptive information
of each dataset {c, Ny, Nie, L}, which indicate the number of
categories, the number of training sets, the number of test sets,
and the length of the time series of the dataset, respectively,
and where MIHQNN1 represents the MIHQNN model imple-
mented based on circuit 1.

The results in Table 1 show that the MIHQNN model
can achieve the same or even better accuracy than the clas-
sical model when faced with the TSC task. For example, the
MIHQNN model based on quantum circuit 1 achieves the best
performance on 3 of the 10 standard datasets archived at UCR.
The MIHQNN model based on quantum circuit 2 achieves the
best performance on 2 of the 10 standard datasets archived at
UCR. In addition, in the experiments on the dataset Small-
KitchenAppliances, the accuracy of MIHQNN based on four
different quantum circuits is 0.874, 0.832, 0.834, and 0.840,
respectively, while the classical models (ResNet, DENSENET,
VGGNet) have accuracies of 0.813, 0.792, and 0.781. In the
case where the number of trainable parameters of the MI-
HQNN model is much less than the three classical models
mentioned above, the MIHQNN model can achieve the same
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or even better accuracy than the classical model when faced
with the TSC task. This fully demonstrates the feasibility and
effectiveness of the hybrid quantum model to deal with time

series data, proving its high theoretical and practical value,
and it is expected to become one of the tools for time series
data analysis in the future.

Table 1. Performance (in terms of accuracy) of the proposed method on 10 selected datasets from the UCR archive compared to the prior art TSC algorithm.

Dataset ¢ Ny  Ne L  MIHQNNI MIHQNN2 MIHQNN3 MIHQNN4 ResNet DENSENET VGGNet
FordA 2 3601 1320 500 0.844 0.872 0.809 0.815 0.820 0.866 0.718
FordB 2 3606 810 500 0.861 0.872 0.869 0.874 0.867 0.893 0.811
CBF 3 900 30 128 0.992 0.997 0.997 0.995 0.992 0.994 1.000
ECGFiveDays 2 81 23 136 0.969 0.976 0.977 1.000 0.996 0.990 0.997
HandOutlines 2 1000 370 2709 0.927 0.913 0.916 0914 0.918 0.910 0.871
ItalyPowerDemand 2 1029 67 24 0.949 0.944 0.948 0.946 0.961 0.959 0.972
MoteStrain 2 1252 20 84 0.903 0.925 0.948 0.933 0.935 0.937 0.938
PhalangesOutlinesCorrect 2 1800 858 80 0.777 0.845 0.822 0.838 0.832 0.833 0.702
ProximalPhalanxOutlineCorrect 2 600 291 80 0.903 0.888 0.875 0.871 0.883 0.880 0.750
SmallKitchenAppliances 3 375 375 720 0.874 0.832 0.834 0.840 0.813 0.792 0.781

4.3. Comparison between four different quantum circuits

For this experiment, we selected four variational quantum
circuits as classifiers, each with the same encoding stage and
the same initial parameters for each type of revolving gate. As
shown in Fig. 6, all circuits are one layer, except for circuit 1,
which has a four layer structure. circuit 1 and circuit 2 each
incorporate four H gates between the initial state and the em-
bedded classical information, while circuit 3 and circuit 4 em-
bed the classical information directly after the initial state. By
examining the data in Table 1, it is found that the model based
on quantum circuit 1 achieves the best performance on three
datasets, HandOutlines, ProximalPhalanxOutlineCorrect and
SmallKitchenAppliances. The model based on quantum cir-
cuit 2 achieves the best performance on two datasets, FordA
and PhalangesOutlinesCorrect. The models based on quan-
tum circuits 3 and 4 both achieve the best performance on
only one dataset. This suggests that quantum circuits 1 and
2 may be better suited to handling the TSC task. The reason
for this different performance may be that the first two circuits
insert a layer of H gates between the classical data embedding
layer and the initial state. The H-gate can transform the initial
state into a superposition state. A 4 qubit initial state passing
through four H-gates will form a system with 4> = 16 states
existing simultaneously. So the overall effect of the classifi-
cation is better compared to the quantum circuit without H-

gate processing. It also shows that the design and selection
of quantum circuits are important when using hybrid quantum
neural networks to handle TSC tasks. The layout of qubits in
the quantum circuit, the choice of quantum gates, and the opti-
mization will affect the efficiency and performance of the cir-
cuit, which has been studied extensively by several researchers

in the past.[4142]

4.4. Comparison between different time series imaging
methods

limited by the number of qubits, the number of classifica-
tions in the classification datasets targeted in the experiments
of this paper is between 1 and 4. Some of the datasets in the
UCR archive are too sparse in the number of training sam-
ples, causing the selected datasets to be prone to overfitting
during the training process. For datasets with sparse data sam-
ple sizes, we propose the use of multiple time series imaging
fusion methods instead of single RP time series imaging. A
time sequence will be converted into a 56x56 2D image by
RP, MTF, GASF, and GADF respectively, and then the four
images will be fused into a 224 x224 image. To validate the
possibility of the idea, we selected four datasets in the UCR
archive and tested the accuracy of RP-based MIHQNN and
MIHQNN based on multiple imaging fusions, as shown in Ta-
bles 2 and 3.

Table 2. Accuracy of RP time-series imaging-based MIHQNN models for datasets with few samples.

Dataset c Nie Ne L MIHQNN1 MIHQNN2 MIHQNN3 MIHQNN4
computer 2 250 250 720 0.800 0.800 0.812 0.832
ScreenType (ST) 3 375 375 720 0.658 0.621 0.637 0.618
herring 2 64 64 512 0.781 0.718 0.843 0.703
ham 2 109 105 431 0.895 0.876 0.885 0.847

Table 3. Accuracy of MIHQNN models based on multiple time series imaging and fusion for datasets with a small number of samples.

Dataset c Ny Nee L MIHQNN1 MIHQNN2 MIHQNN3 MIHQNN4
computer 2 250 250 720 0.848 0.800 0.820 0.840
ScreenType (ST) 3 375 375 720 0.746 0.749 0.674 0.733
herring 2 64 64 512 0.796 0.812 0.781 0.781
ham 2 109 105 431 0.904 0.923 0.866 0.885
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Via observing Figs. 7-10, Tables 2 and 3, for the four
datasets with sparse sample sizes, the improvement in classi-
fication accuracy of MIHQNN based on multiple time series
imaging and fusion can be found to be significant compared to
MIHQNN based on single RP time series imaging. This is pre-
dictable because using multiple imaging and fusion will result
in more features, especially at the diagonal bringing together
the features of the four images. Multiple imaging and fusion
are not necessary, and for sufficiently large sample sizes, us-
ing multiple imaging adds additional overhead, such as mem-
ory consumption and longer training times. But the idea of
multiple imaging and fusion is feasible and valid for particular
datasets. And in Figs. 7-10, the performance of the multiple
imaging fusion-based model is smoother on the test set, which
can indicate that the multiple imaging fusion model has better
ability to generalize and mitigate the overfitting phenomenon.

Accuracy of single imaging and fusion imaging of ST dataset
(four quantum circuits)
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Fig. 7. Classification accuracy of four MIHQNN models based on RP
and multiple imaging for dataset ST.

Accuracy of single imaging and fusion imaging of computer dataset
(four quantum circuits)
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Fig. 8. Classification accuracy of four MIHQNN models based on RP
and multiple imaging for dataset computer.

Accuracy of single imaging and fusion imaging of ham dataset
(four quantum circuits)
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Fig. 9. Classification accuracy of four MIHQNN models based on RP
and multiple imaging for dataset ham.

Accuracy of single imaging and fusion imaging of herring dataset
(four quantum circuits)
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Fig. 10. Classification accuracy of four MIHQNN models based on RP
and multiple imaging for dataset herring.

Through the above combined comparison, we validate the
usability of the approaches based on time series imaging and
hybrid quantum neural networks. In particular, the proposed
new framework, MIHQNN, was tested in the UCR archive,
demonstrating its remarkable performance as well as proving
the possibility of the new framework handling TSC problems.

5. Conclusions

We propose a new framework MIHQNN for the TSC task,
using a hybrid quantum neural network architecture to recog-
nize 2D images transformed from time series data. Images are
converted according to the size of the training samples in the
dataset; large samples will be converted by a single RP imag-
ing, and those with small sample sizes will be converted by
multiple imaging and fusion. Converting time series to 2D im-
ages makes it easier to see similarities in categories from the
converted images. In particular, DL has recently been effec-
tive in image recognition, and we use a combination of deep
learning frameworks and quantum neural networks in order to
achieve the best classification results. A number of datasets
from the UCR archive were tested and compared with sev-
eral of the best recent TSC methods. The experimental results
prove that MIHQNN performs better overall.

We also separately examined the effect of different quan-
tum circuits on the classification of MIHQNN, as well as the
effect of single RP imaging and multiple imaging fusions on
the classification of MIHQNN. This research highlights the
potential of applying quantum computing to TSC and pro-
vides the theoretical and experimental background for future
research.
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