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Classification of Short Time Series in
Early Parkinson’s Disease with Deep Learning of

Fuzzy Recurrence Plots
Tuan D. Pham, Senior Member, IEEE, Karin Wårdell, Member, IEEE, Anders Eklund, and Göran Salerud

Abstract— There are many techniques using sensors and
wearable devices for detecting and monitoring patients with
Parkinson’s disease (PD). A recent development is the utilization
of human interaction with computer keyboards for analyzing
and identifying motor signs in the early stages of the disease.
Current designs for classification of time series of computer-key
hold durations recorded from healthy control and PD subjects
require the time series of length to be considerably long. With an
attempt to avoid discomfort to participants in performing long
physical tasks for data recording, this paper introduces the use
of fuzzy recurrence plots of very short time series as input data
for the machine training and classification with long short-term
memory (LSTM) neural networks. Being an original approach
that is able to both significantly increase the feature dimensions
and provides the property of deterministic dynamical systems
of very short time series for information processing carried out
by an LSTM layer architecture, fuzzy recurrence plots provide
promising results and outperform the direct input of the time
series for the classification of healthy control and early PD
subjects.

Index Terms— Early Parkinson’s disease, short time series,
fuzzy recurrence plots, deep learning, LSTM neural networks,
pattern classification.

I. INTRODUCTION

Parkinson’s disease (PD) is a neurodegenerative disorder
that affects dopaminergic neurons [1]. Statistics on PD have
reported it affects approximately 10 million people worldwide,
and about 4% of them before the age of 50 [2]. Symptoms
of PD slowly develop over years, and the progression of PD
can be different among individuals because of the diversity
of the disease. People with PD can be observed with tremor,
bradykinesia (slowness of movement), limb rigidity, and gait
and balance problems. The cause of PD remains unknown
[3]. Because a significant amount of the substantia nigra
neurons have already been lost or impaired before the onset
of motor features, people with PD may first start experiencing
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symptoms later in the course of the disease [4], [5]. Treatment
options for PD can vary and include medications and some-
times deep brain stimulation [6], [7]. While Parkinson’s itself
is not fatal, disease complications can be serious [4].

Many scientific efforts have been spent on exploring meth-
ods for identifying biomarkers for PD [8] with the hope
that these markers can lead to earlier diagnosis and targeted
treatments of the disease. However, present therapies used for
PD cannot slow or stop the disease in a prodromal stage
[9]. There are many techniques using sensors for detecting
and monitoring movement patterns on patients with PD. Most
techniques using sensor-induced data focus on studying gait
dynamics and temporal gait parameters[10]-[14], and others
use wrist accelerometers for intraoperative measurements of
tremor during surgery [15]. One issue of using sensor data
is that gait measurements are to be obtained during relatively
long walking periods, causing discomfort to the participants or
impracticability of performance in clinical settings. Therefore,
research into the minimum strides required for a reliable esti-
mation of temporal gait parameters has recently been carried
out with the purpose of avoiding or minimizing discomfort to
participants in gait experiments [16].

Apart from gait and balance data, the measurement of
computer keystroke time series that contain information of
the hold time occurring between pressing and releasing a key
collected during the sessions of typing activity using a standard
word processor on a personal computer has been proposed
for detecting early stages of PD [17]. Being similar to the
motivation for determining the minimum number of strides
for the analysis of gait dynamics, this study is interested
in answering the question if there are methods that can
process very short time series and achieve good results for
differentiating healthy controls from subjects with early PD.
If being successful, the use of computer keystroke time series
can be equivalent on a practical basis to the use of mobile
sensor data for evaluating upper limbs motor functions by
finger tapping [18] that is typically used in clinical trials. The
finger tapping test requires a participant to press one or two
buttons on a device such as an iPhone as fast as possible for
a short period of time.

The method of fuzzy recurrence plots [19] developed for
studying nonlinear dynamics in time series data can be useful
for creating feature dimensions of short time series. Therefore,
the deep learning of fuzzy recurrence plots is proposed in this
study for the classification of short time series of computer-
key hold time recorded from two cohorts of healthy control



and early PD.
The rest of this paper is organized as follows. Section II

includes a survey of literature relating to the present study.
Section III outlines the concept and mathematical formulation
of fuzzy recurrence plots. Section IV presents the implemen-
tation of LSTM neural networks with fuzzy recurrence plots.
The public database for testing the proposed classification
approach is described in Section V. Section VI shows the
experimental results together with discussion. Finally, Section
VII consists of the concluding remarks of the research finding
and suggestion of issues for future work.

II. RELATED WORK

Having highlighted earlier, the concept of using fuzzy
recurrence plots of short time series for classification using
LSTM networks is original in that it contributes to the increase
of the feature dimensions of short raw time series, which, in
turn, can improve the classification. No prior work of similar
concepts exists in literature. A survey of recent reports that
applied LSTM and convolutional neural networks for time-
series or sequential data classification is addressed herein.

The deep-learning method of LSTM neural networks has
been adopted for the classification of time-series or sequential
data [20], including speech recognition [21] and machine
translation [22], [23]. A deep recurrent neural network called
TimeNet for extracting features from time series was devel-
oped [24]. The TimeNet was designed to generalize time series
representation across domains. A trained TimeNet can be used
as a feature extractor for time series and was reported to
be useful for time series classification by performing better
than a domain-specific recurrent neural network and dynamic
time warping [24]. Stacked LSTM autoencoder networks were
applied to extract features of time-series data, which were
then used to train deep feed-forward neural networks for
classification of multivariate time series recorded with sensors
in the steel industry to detect steel surface defects [25]. In this
work, the features extracted with LSTM autoencoders were
found to be useful, and therefore the need for domain expert
knowledge can be alleviated.

Other time-series classification using convolutional neural
networks (CNNs) have recently been introduced. A convolu-
tional LSTM (ConvLSTM) was introduced for a spatiotem-
poral sequence forecasting problem in which both the input
and the prediction target are spatiotemporal sequences [26].
This ConvLSTM model was constructed by extending the fully
connected LSTM to have convolutional structures in the input-
to-state and state-to-state transitions. The ConvLSTM network
was reported to perform better than the fully connected LSTM
by being able to capture the spatiotemporal correlations of
the sequential data for precipitation nowcasting. A multi-
scale convolutional neural network [27], which extracts deep-
learning features at different scales and frequencies from
three representations of time series, including the original,
down-sampled, and smoothed data, was reported be capable
of extracting effective features for time series classification.
Baseline full convolutional networks were proposed for time
series classification [28]. The proposed baseline models were

reported to be pure end-to-end without demanding heavy pre-
processing of the raw data or feature crafting, and achieve
competitive performance to other state-of-the-art approaches,
including the multilayer perceptron, fully convolutional net-
work, and residual network. This network consists of a
branching structure. The first branch is the convolutional part,
whereas the second branch is an LSTM block which receives
a time series in a transposed form as multivariate time series
with a single time step. The outputs of the two branches
are concatenated and then fed to a classifier. These models
were reported to be able to enhance the performance of fully
convolutional networks with a nominal increase in model size
as well as require minimal data pre-processing.

In general, time-series classification has been recognized
as an important and challenging area of research, particularly
with respect to the demand for handling increasing availability
of new data of time series. While numerous algorithms for
time-series classification have been published in literature and
the popularity of deep learning has been pervasive in many
disciplines, only a few deep neural networks have been applied
to solving time-series classification problems. A recent survey
on promising applications of deep neural networks for time
series classification in several areas can be found in [29],

Having reviewed recent deep neural networks for time-series
classification, the purpose of this study is not to compare the
performance of time-series classification between LSTM and
CNN models. This study introduces the usefulness of con-
structing fuzzy recurrence plots of short time series that can be
incorporated into LSTM models to improve the classification
accuracy.

III. FUZZY RECURRENCE PLOTS

The development of constructing a fuzzy recurrence plot
(FRP) of a time series was inspired with the concept of a
recurrence plot (RP). An RP [30] is a visualization method
for studying patterns of chaos in time series. An RP shows the
times at which a phase-space trajectory approximately revisits
the same area in the phase space.

Based on the Takens’ embedding theorem [31] in the study
of dynamical systems, a phase-space reconstruction of a time
series can be obtained using an embedding dimension m and
time delay τ . Let X = {x} be a set of phase-space vectors,
in which xi is the i-th state of a dynamical system in m-
dimensional space and time delay τ . An RP is constructed as
an N × N matrix in which an element (i, k), i = 1, . . . , N ,
k = 1, . . . , N , is represented with a black dot if xi and xk

are considered to be closed to each other. For a symmetrical
RP, a threshold, denoted as ε, is used to define the similarity
of a state pair (xi,xk) as follows [32]

R(i, k) = H[d(xi,xk)], (1)

where R(i, k) is an element (i, k) of the recurrence matrix R,
d(xi,xk) is a distance function of xi and xk, and H(·) is the
Heaviside function expressed as

H[d(xi,xk)] =

{
1 : d(xi,xk) ≤ ε
0 : d(xi,xk) > ε

(2)
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An FRP constructs the recurrence of the phase-space vec-
tors as a grayscale image that takes values in [0, 1] without
requiring the similarity threshold parameter ε needed for the
RP analysis. The formulation of an FRP is described as follows
[19].

Let V = {v} be the set of fuzzy clusters of the phase-space
vectors. A binary relation R̃ from X to V is a fuzzy subset
of X×V characterized by a fuzzy membership function µ ∈
[0, 1]. This fuzzy membership grade is the degree of relation
of each pair (xi,vj) ∈ R̃, i = 1, . . . , N , j = 1, . . . , c, that
has the following properties [33]:
• Reflexivity: µ(xi,xi) = 1, ∀x ∈ X,
• Symmetry: µ(xi,vj) = µ(vj ,xi), ∀x ∈ X,∀v ∈ V, and
• Transitivity: µ(xi,xk) = ∨v[µ(xi,vj)∧µ(vj ,xk)], ∀x ∈

X, which is called the max-min composition, where the
symbols ∨ and ∧ stand for max and min, respectively.

By specifying several clusters c for the data, the fuzzy c-
means algorithm [34] is applied to identify the fuzzy clus-
ters of the phase-space vectors and determine the similarity
between the states and the fuzzy cluster centers. Based on
this direct similarity measure, the inference of the similarity
between the pairs of the states can be carried out using the
max-min composition of a fuzzy relation.

The fuzzy membership of xi assigned to a cluster center
vj of X, µ(xi,vj) or denoted as µij , is computed using the
fuzzy c-means (FCM) algorithm [34] that attempts to partition
N elements of X into a set of c fuzzy clusters, 1 < c < N ,
by minimizing the following objective function F :

F =

N∑
i=1

c∑
k=1

(µij)
w‖xi − vj‖2, (3)

where w ∈ [1,∞) is the fuzzy weighting exponent, and F is
subject to

c∑
j=1

µij = 1, i = 1, . . . , N. (4)

The minimization of the objective function of the FCM is
numerically carried out by an iterative process of updating
the fuzzy membership grades and cluster centers until the
convergence or maximum number of iterations is reached. The
fuzzy membership grades and cluster centers are updated as

µij =
1∑c

q=1

(
‖xi−vj‖
‖xi−vq‖

)2/(w−1) ; (5)

vj =

∑N
i=1(µij)

w xi∑N
i=1(µij)w

, j = 1, . . . , c. (6)

Using the values of the fuzzy membership derived from
the FCM and the fuzzy relation to represent the degree of
recurrence among the phase-space vectors of the time series,
an FRP can be visualized as a grayscale image by taking the
complement of the FRP matrix that displays a black pixel if
xi = xk, i, j = 1, . . . , N , otherwise a pixel with a shade of
gray.

IV. LSTM NEURAL NETWORKS WITH FRPS

An LSTM neural network [35] is an artificial recurrent neu-
ral network (RNN) used in deep learning. Unlike conventional
feedforward neural networks, an LSTM model has feedback
loops that allow information of previous events to be carried on
in the sequential learning process. Therefore, LSTM networks
are effective in learning and classifying sequential data such
as speech and video analysis [36], [37], [38], [39].

The internal state of an RNN is used as a memory cell
to map real values of input sequences to those of output
sequences that reflect the dynamic pattern of time series, and
therefore is considered an effective algorithm for learning
and modeling temporal data [40]. However, because an RNN
uses sequential processing over time steps that can easily
degrade the parameters capturing short-term dependencies
of information sequentially passing through all cells before
arriving at the current processing cell. This effect causes the
gradient of the output error with respect to previous inputs
to vanish by the multiplication of many small numbers being
less than zero. This problem is known as vanishing gradients
[41]. LSTM networks attempt to overcome the problem of
the vanishing gradients encountered by conventional RNNs by
using gates to keep relevant information and forget irrelevant
information.

The difference between an LSTM neural network and a
conventional RNN is the use of memory blocks for the former
network instead of hidden units for the latter [42]. The input
gate of an LSTM network guides the input activations into
the memory cell and the output gate carry outs the output
flow of cell activations into the rest of the network. The forget
gate allows the flow of information from the memory block to
the cell as an additive input, therefore adaptively forgetting or
resetting the cell memory. Thus, being less sensitive to the time
steps makes LSTM networks better for analysis of sequential
data than conventional RNNs. A common LSTM model is
composed of a memory cell, an input gate, an output gate, and
a forget gate. The cell memorizes values over time steps and
the three gates control the flow of information into and out of
the cell. The weights and biases to the input gate regulate the
amount of new value flowing into the cell, while the weights
and biases to the forget gate and output gate control the amount
of information to remain in the cell and the extent to which
the value in the cell is used to compute the output activation
of the LSTM block, respectively.

The architecture for an LSTM block, in which the fuzzy
membership grades of the FRP are the input values, is de-
scribed in Figure 1. Furthermore, it can be visualized from
Figure 1 that the use of FRPs can increase the feature of a
time series from one dimension to N dimensions, where N
is the number of the phase-space vectors of the time series,
enhancing the training of the LSTM network. Figure 2 shows
the forget, update, and output gates of the cell and hidden
states. The mathematical expressions for the four gates of an
LSTM block at time step t with the input of a FRP represented
with its discrete fuzzy membership vector of N dimensions
at time t, denoted as ut = (µ1

t , µ
2
t , . . . , µ

N
t )T , are given as

follows [35].
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Fig. 1: For an LSTM layer, the first LSTM block takes the initial state of the network and the first time step of the FRP, and
then computes the first output h1 and the updated cell state c1, then at time step t, the LSTM block takes the current state of
the network ct−1, ht−1 and the next time step of the FRP at t, and then computes the output ht and the updated cell state ct.
Note: Fuzzy membership and time steps of FRP is not drawn to scale, and the image gradient is a virtual representation of
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Fig. 3: Architecture of an LSTM network for time-series classification.
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ft = σg(Wfut +Rfht−1 + bf ), (7)

where ft ∈ RN is the activation vector of the forget gate at
time t, σg denotes the sigmoid function, Wf ∈ RM×N is the
input weight matrix, M refers to the number of hidden layers,
Rf ∈ RM×M is the recurrent weight matrix, ht−1 ∈ RM is
the hidden state vector at time (t − 1), which is also known
as the output vector of the LSTM unit and the initial h0 = 0,
and bf ∈ RM is the bias vector of the forget gate.

The input gate at time t, denoted as it ∈ RM , is expressed
as

it = σg(Wiut +Riht−1 + bi), (8)

where Wi, Ri, and bi, are similarly defined as in Eq. (7).
The cell candidate vector that adds information to the cell

state at time step t, denoted as gt ∈ RM , is defined as

gt = σc(Wgut +Rght−1 + bg), (9)

where σc is hyperbolic tangent function (tanh), Wg , Rg , and
bg are similarly defined as in Eq. (7).

The output gate, denoted as ot ∈ RM , which controls the
level of the cell state added to hidden state is expressed as

ot = σg(Wout +Roht−1 + bo), (10)

where Wo, Ro, and bo are similarly defined as in Eq. (7).
The cell state vector at time step t, denoted as ct ∈ RM , is

given by

ct = ft ◦ ct−1 + it ◦ gt, (11)

where the initial values for c0 = 0, and the operator ◦ denotes
the Hadamard product.

Finally, the hidden state vector at time step t is given by

ht = ot ◦ σc(ct). (12)

Figure 3 illustrates the architecture of an LSTM network for
classification of time series. The network starts with an input
layer of time series followed by an LSTM layer. To predict
class labels, the LSTM network ends with a fully connected
layer, a softmax layer, and a classification output layer.

V. DATABASE

The neuroQWERTY MIT-CSXPD database [43], which
is publicly available from the PhysioNet (research resource
for complex physiologic complex signals), was used in this
study. The data contains keystroke logs collected from 85
subjects with and without PD. This dataset was collected
and analyzed for investigating if the routine interaction with
computer keyboards can be used to detect motor signs in the
early stages of the PD subjects whose average time since
diagnosis was 3.9 years, who were on PD medication but had
no medication for the 18 hours before the typing test [17]. The
subjects were recruited from two movement disorder units in
Madrid, Spain, following the institutional protocols approved

by the Massachusetts Institute of Technology, USA, Hospital
12 de Octubre, Spain, and Hospital Clinico San Carlos, Spain.

Each data file collected includes the timing information
collected during the sessions of typing activity using a standard
word processor on a Lenovo G50-70 i3-4005U with 4MB of
memory and a 15 inches screen running Manjaro Linux. The
lengths of computer-key hold time series are highly variable,
some have around 500, and others around 2500 time points.

Subjects were instructed to type as they normally would
do at home and they were left free to correct typing mistakes
only if they wanted to. The key acquisition software presented
a temporal resolution of 3/0.28 (mean/standard deviation)
milliseconds. Along with the raw typing collections, clinical
evaluations were also performed on each subject, including
UPDRS-III (Unified Parkinson’s Disease Rating Scale: Part
III) [44] and finger tapping tests.

VI. RESULTS AND DISCUSSION

TABLE I: Average accuracy (%), sensitivity (%), and speci-
ficity (%) rates obtained from classification of control and
early PD using short time series of length = 50 and different
methods.

Method Accuracy Sensitivity Specificity
1D-CNN 64.71 ± 21.81 70.83 ± 24.92 58.33 ± 30.68
LSTM-Time series 63.43 ± 4.55 100 ± 0.00 0.00 ± 0.00
CNN-GoogLeNet 54.29 ± 18.63 65.00 ± 28.50 40.00 ± 27.89
CNN-AlexNet 37.14 ± 7.82 35.00 ± 28.50 40.00 ± 43.46
LSTM-FRP (m=1) 72.00 ± 15.92 90.00 ± 22.36 46.67 ± 50.55
LSTM-FRP (m=3) 65.14 ± 11.50 66.67 ± 33.33 63.33 ± 41.50
LSTM-FRP (m=5) 63.43 ± 4.55 100 ± 0.00 0.00 ± 0.00

TABLE II: Average accuracy (%), sensitivity (%), and speci-
ficity (%) rates obtained from classification of control and
early PD using short time series of length = 30 and different
methods.

Method Accuracy Sensitivity Specificity
1D-CNN 61.71 ± 15.56 59.17 ± 32.26 66.67 ± 20.79
LSTM-Time series 62.10 ± 4.33 93.33 ± 14.91 10.00 ± 22.36
CNN-GoogLeNet 65.71 ± 21.67 70.00 ± 20.92 60.00 ± 27.89
CNN-AlexNet 68.57 ± 6.39 55.00 ± 11.18 86.67 ± 29.81
LSTM-FRP (m=1) 72.38 ± 11.24 78.33 ± 21.73 66.67 ± 23.57
LSTM-FRP (m=3) 81.90 ± 11.74 95.00 ± 11.18 66.67 ± 23.57
LSTM-FRP (m=5) 70.10 ± 9.63 95.00 ± 11.18 36.67 ± 24.72

Based on a previous study [46], outliers existing in the raw
time series of the HC and PD individuals, where several data
points are in the magnitude of 109, were removed from the
time series. Because the purpose of this study is to classify
the signals of short lengths, short segments from the start of
the original time series were selected for testing the use of the
LSTM neural-network model with FRPs.

Figure 4 shows two short time series of 30 time steps
of the computer-key hold durations, extracted from the start
of the original time series, recorded from a healthy control
(HC) and early PD subjects, and their associated RPs and
FRPs with an embedding dimension = 1, and time delay =

5



(a) Control time series (b) PD time series

(c) Control RP (d) PD RP

(e) Control FRP (f) PD FRP

Fig. 4: Time series, and corresponding RPs, and FRPs of a control subject and an early PD subject. Note: RPs are displayed
as the sparsity patterns of the RP matrices to make the plots visualizable, while FRPs are shown as grayscale images of the
FRP matrices.

1, similarity tolerance = 0.1 for RPs, and number of clusters
= 6 for FRPs. It can be observed from Figure 4 that the

binary information obtained from the RPs are very sparse for
both HC and early PD subjects. The RPs become sparser with
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(a)

(b)

Fig. 5: Training of LSTM neural network with: (a) short computer-key hold time series, and (b) FRPs of short computer-key
hold time series.

increased embedding dimensions of 3 and 5. The FRPs display
rich information as texture images as the values of the fuzzy
membership grades about the recurrences of the underlying
dynamics of the time series of the two subjects. Therefore,
the fuzzy membership grades of the phase-space vectors of
the time series were used as the feature with dimensions being
equal to the number of the phase-space vectors for training and

classification using the LSTM network.

The LSTM neural network of the Matlab Deep Learning
Toolbox (R2018b) was used in this study. The number of
hidden layers = 100, maximum number of epochs = 200,
and learning rate = 0.001. L2 regularization was used for the
biases, input weights, and recurrent weights to reduce model
overfitting. To construct FRPs, FCM parameters that are the

7



(a)

(b)

Fig. 6: Training of computer-key hold time series with 1D-CNN: (a) time-series length = 30, and (b) time-series length = 50.

fuzzy weighting exponent w, the number of clusters c, and
the maximum number of iterations were chosen to be 2, 6,
and 100, respectively. Given an embedding dimension m, time
delay τ , the number of the phase-space vectors of a time series
of length L, which is also the number of feature dimensions
used in the LSTM network, is calculated as N = L−(m−1)τ .
Thus, keeping τ = 1, the feature dimensions for m = 1, 3,
and 5 for L = 50 are 50, 48, and 46, respectively; and for

L=30, the feature dimensions for m = 1, 3, and 5 are 30, 28,
and 26, respectively. The time delay was set to be 1 for both
lengths of the time series. There are methods for estimating
the time delay and embedding dimension for the phase-space
reconstruction such as the false nearest neighbor (FNN) and
average mutual information (AMI), respectively, where the
first local minima of the FNN and AMI functions are indicative
of the embedding dimension and time delay, respectively

8



(a) Control

(b) PD

Fig. 7: Scalograms of time series of the control and early PD
subjects shown in Figure 4.

[45]. However, estimate for the embedding dimension and
time delay for the phase-space reconstruction of each time
series of the computer-key hold duration is not convenient for
implementing the LSTM network because of the variation in
the feature dimensions. It has been reported that the use of
time delay = 1 is well adopted for studying nonlinear time
series [46], and several embedding dimensions were adopted
in this study.

Tables I and II show the results of classifying HC and early
PD subjects using the short time series of lengths 50 and 30,
respectively. Values of the accuracy, sensitivity, and specificity
are based on the average of five repetitions of the 10-fold cross
validation results. The sensitivity, which is also called the true
positive rate, measures the proportion of actual positives (early
PD subjects) that are correctly identified as such; whereas
specificity, which is also known as the true negative rate,
measures the proportion of actual negatives (control subjects)
that are correctly identified as such. The sensitivity (SEN )
and specificity (SPE) are computed as follows.

SEN =
TP

TP + FN
, (13)

where TP and FN are the numbers of true positives and false
negatives, respectively, which are obtained from the (2 × 2)
confusion matrix for each classification method.

SPE =
TN

TN + FP
, (14)

where TN and FP are the numbers of true negatives and false
positives, respectively, which are obtained from the (2 × 2)
confusion matrix for each classification method.

For the direct use of the time series (LSTM-Time series)
of length = 50, accuracy = 63%, sensitivity = 100%, and
specificity = 0%. For the use of FRPs of the time series
(LSTM-FRP) of length = 50, with embedding dimension m=
1, accuracy = 72%, sensitivity = 90%, and specificity = 47%;
with m = 3, accuracy = 65%, sensitivity = 67%, and specificity
= 63%; and for m =5, accuracy = 63%, sensitivity = 100%,
and specificity = 0%. The accuracy results obtained from the
use FRPs are equal to or higher than the accuracy obtained
from the direct use of the time series. With the use of FRPs as
features, the accuracy decreases with increasing value for m,
where the best accuracy is obtained with m = 1. The direct
use of the time series gives 100% for sensitivity but 0% for
sensitivity, such results are not practically helpful because all
are identified as early PD, which may lead to a large false
positive rate.

For the time series of shorter length = 30, the direct use
of the time series for LSTM network training and validation
results in accuracy = 62%, sensitivity = 93%, and specificity
= 10%. Once again, while the sensitivity is very high, the
specificity is very low. The results obtained from the direct use
of the time series for both time-series of lengths = 50 and 30
are similar in accuracy, sensitivity, and specificity. For the use
of FRPs of the time series of length = 30, with m= 1, accuracy
= 72%, sensitivity = 78%, and specificity =67%; with m = 3,
accuracy = 82%, sensitivity = 95%, and specificity = 67%; and
for m =5, accuracy = 70%, sensitivity = 95%, and specificity
= 37%. The FRPs with m = 3 give the highest accuracy (82%)
among the others. All accuracy results obtained from the FRPs
are higher than those obtained from the direct use of the time
series.

The standard deviations of the results obtained from the
use of FRPs for signal length = 50 with m = 1 and 3 are
higher than those of the raw time series, because some rates
of accuracy obtained from the FRPs reached 100% and 85%,
respectively. However, even the average accuracy obtained
from the use of the raw signals of the same length is lower
than those obtained from the FRPs, the average specificity
(true negative rate that is the ability to correctly identify those
without PD) obtained from using the raw signals is zero,
which is obviously not useful at all (Table I). Similarly, the
standard deviations of the accuracy results obtained from the
use of FRPs for signal length = 50 with m = 1, 3, and 5
are higher than those of the raw time series, because some
rates of accuracy obtained from the FRPs reached 83%, 100%,
and 86%, respectively. Once again, even the average accuracy
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obtained from the use of the raw signals of the same length
is lower than those obtained from the FRPs, the average
specificity obtained from using the raw signals is very low
(10%), which is not useful for the classification (Table II).

As an illustration for the performance of the FRPs preferred
to that of the direct use of the short time series, Figure 5 shows
the training progresses and metrics of the LSTM network with
the time series of length = 30 and the associated FRPs. Each
iteration is an estimation of the gradient and an update of
the network parameters. The accuracy of the direct use of
the short time series converged to around 60% and the loss
around 0.7, while the accuracy and loss for the use of the
FRPs converged to 100% and 0, respectively. Furthermore, it
can be observed that for the direct use of the time series in
the LSTM network, the longer time series (L = 50) yields
higher accuracy than the shorter ones (L=30), but for the use
of the FRPs, the accuracy depends on the selection of the
embedding dimension (m) parameter, suggesting the influence
of the embedding dimension over the time-series length, and
potential exploration of the use of FRPs for classifying short
sequences. The accuracy values obtained from the direct input
of the time series of two different lengths are similar, while
these are highly variable for the FRPs. The augmentation of
more training data for the two classes would be expected
to reduce the accuracy variation obtained from the input of
the FRPs. Another potential factor for the higher accuracy
obtained from the FRPs of the shorter time series is the
redundancy with respect to the higher feature dimensions
provided by the FRPs of the longer time series. This factor
also suggests the ability of FRPs to extract effective dynamical
features from short time series with an appropriate selection
of collective parameters for the phase-space reconstruction of
different time series.

Tables I and II also show the average cross-validation results
of classifying HC and early PD subjects obtained from two
popular pre-trained deep CNNs known as GoogLeNet [47]
and AlexNet [48], using the short time series of lengths 50
and 30, respectively. The implementations of these two pre-
trained CNN models for time-series classification were based
on the work proposed in [51]. It is known that training a deep
CNN from scratch is computationally expensive and requires
a large amount of training data. In this study, a large amount
of training data is not available. Thus, taking advantage of
existing deep CNNs that have been trained on large data sets
for conceptually similar tasks is desirable. This leveraging of
existing neural networks is called transfer learning, which has
recently been applied to time-series classification [49], [50].
GoogLeNet and AlexNet, which were pretrained for image
recognition, were adopted to classify transformed images of
the short time series based on a time-frequency representation
[51]. Scalograms were used to obtain the RGB images of
time-frequency representations of the time series. A scalogram
is the absolute value of the continuous wavelet transform
(CWT) coefficients of a signal. Parameters used for obtaining
the scalograms of the time series and modifying GoogLeNet
and AlexNet for the time-series classification are the same
as described in [51]. Figure 7 shows two scalograms of two
time series recorded from a control subject and an early

PD subject, respectively. For the time series of length = 50,
classification results obtained from both deep convolutional
networks GoogLeNet (CNN-GoogLeNet) and AlexNet (CNN-
AlexNet) are lower that LSTM-Time series and LSTM-FRP.
CNN-AlexNet has the lowest average accuracy (37%). For
the time series of shorter length = 30, classification results
obtained from CNN-AlexNet (69%) is higher than those
obtained from the CNN-GoogLeNet and LSTM-Time series,
but lower than the LSTM-FRP.

One-dimensional CNN (1D-CNN) was also applied as a
baseline model for directly training and classifying the short
time series. The CNN architecture of the Matlab Deep Learn-
ing Toolbox (2019a) was created as follows. The input size of
the time series to the CNN model was specified as L× 1× 1,
where L is the length of the time series. A convolutional layer
was constructed with 16 filters that have the height and width
of 3. Padding was applied to the input along the edges. Padding
was set so that the output size was the same as the input size
where the stride is 1. A fully connected layer with an output
size of 384 in the hidden layer and 2 as the output classes
were specified. The maximum number of epochs was 400 for
training the 1D-CNN. The average cross-validation results of
classifying HC and early PD subjects using the time series of
lengths = 50, and 30 obtained from the 1D-CNN are shown in
Tables I and II, respectively. For both time series of lengths =
50 and 30, the 1D-CNN model provides similar classification
accuracy rates in comparison with the LSTM directly using the
time series (LSTM-Time series). However, the sensitivity and
specificity obtaimed from the 1D-CNN are more balanced than
those obtained from the LSTM-Time series. For time series
length = 50, LSTM-FRP models with m = 1 and 3 outperform
the 1D-CNN, while the accuracy obtained from LSTM-FRP
with m = 5 is slightly slower than the 1D-CNN. For time
series length = 50, all LSTM-FRP models (m = 1, 3, and 5)
provide much higher classification accuracy rates than the 1D-
CNN. Figure 6 shows the training processes of the 1D-CNN
with the time series of lengths = 30 and 50. The converged
accuracy and loss rates obtained from the 1D-CNN are less
desirable than those from the LSTM-FRP (Figure 5(b)).

Once again, the idea of using FRPs of short raw time series
for classification with an LSTM network is original, and there
are no previous reports on this kind of research. Furthermore,
on the comparison between the LSTM-based classification
using raw time series and FRPs of raw time series, an
appropriate construction of an FRP in order to correctly reflect
the dynamics underlying the signal is mainly subject to the
selection of a good embedding dimension m, whereas m
being not applicable for the case of LSTM-based classification
of raw time series. Hence, three different values of m were
chosen for the construction of FRPs of the raw signals to gain
insight into the influence of the embedding dimension over the
classification. The LSTM-based classification using any of the
three values for m (except with m = 5 for length = 50, the
accuracy rates of LSTM-FRP and LSTM-Time series are the
same) specified for constructing the FRPs outperformed those
using LSTM with raw time series and the two pre-trained CNN
models.

The aim of this study is to show that the incorporation of
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FRPs of short time series, which creates several dimensions
or channels for each time step of the time series, as input into
the LSTM model can improve the LSTM-based classification
and outperform the direct classification of time series using a
1D-CNN model as the baseline. The number of dimensions
associated with the time steps of a sequence is considered
as the number of features flown through an LSTM layer,
which constitutes to the LSTM layer architecture as described
by LSTM networks in the Matlab Deep Learning Toolbox
(R2018b and R2019a). The core components of an LSTM
network are a time-series input layer and an LSTM layer. The
input layer inputs time series into the network. An LSTM layer
learns long-term dependencies between time steps of the data.

VII. CONCLUSION

An approach for classification of short time series for
differentiating healthy control from early PD subjects using a
deep learning LSTM network of FRPs has been presented and
discussed. The purpose of classifying short time series is to
reduce potential discomfort caused to individuals participating
in the test. The use of the fuzzy membership grades of the
recurrences of the phase-space vectors of the time series
contributes to the increase of the feature dimensions for the
learning of the LSTM network and therefore can improve
the classification over the direct input of the time series.
The results obtained from the FRPs are encouraging for the
collection of practical data recorded from participants and their
usage for the classification task.

The selection of a value for the embedding dimension of the
phase-space reconstruction of the time series can influence the
classification. Designing an optimal procedure for estimating
collective embedding dimensions as well as time delays for the
sets of time series of different classes would be worth investi-
gating to improve the effective use of FRPs in LSTM networks
for short time-series classification. Furthermore, application of
bidirectional LSTM (BiLSTM) networks [36] that is based
on the concept of bidirectional RNNs [52] to simultaneously
learn from past (backward) and future (forward) dependencies
between time steps of time series or sequence data is worth
exploring for improving the classification.

In this study, the FRPs of short time series were used as
sequential data for classification. The inherent texture of FRPs
can be extracted with several methods of texture analysis
in image processing [14] or pre-trained image-based deep-
learning models for classification as a transformation of one-
dimensional signals into two-dimensional images. Further-
more, the approach proposed in this study is not limited to
differentiating healthy control from early PD subjects with
short time series but can also be applied to other problems
concerning with machine learning and classification with short
time-series data.
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