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A B S T R A C T   

There is a growing concern among deep learning-based decoding methods used for biomedical time series. In 
small dataset particularly those that rely mainly on subject-specific analyses, these decoding techniques corre-
spond too closely to set of data and may consequently unable to generalize well on future observations. 
Considering this overfitting issue, expanding the datasets without introducing extra noise or losing important 
information is highly demanded. In so doing, this work invokes a novel idea of using delay-embedding-based 
nonlinear principal component analysis (DE-NLPCA) to generate synthetic time series. This idea was inspired 
by extracting topological representation of input space by unsupervised learning which can benefits augmen-
tation of biomedical time series, tending to be high dimensional and morphologically complex. Different types of 
time series with different temporal complexity were used for evaluation. One of them was an open dataset 
associated with the activities of daily living, being collected from 10 healthy participants performing 186 ADL- 
related instances of activity while wearing 9-axis Inertial Measurement Units. Another dataset was an experi-
mental data from healthy-brain patients undergoing operation (N = 20), being recorded from the BrainStatus 
device with 10 EEG channels. Considering leave-one-subject-out cross-validation, increase of up to 14.72% in 
classification performance (in terms of accuracy) was observed across anesthesia dataset when DE-NLPCA-based 
augmented data was introduced during training. It was also found that classification performance was more 
improved when DE-NLPCA-based technique were introduced compared to augmentation using conditional 
generative adversarial network (CGAN). This DE-NLPCA-based approach was also shown to be able to recover 
time–frequency characteristics of contaminated signals.   

1. Introduction 

The capability of continuous monitoring of physiological data makes 
the wearable sensors particularly effective in improving personalized 
healthcare. Personalizing prediction in healthcare application is done to 
improve generatability of models by considering the uniqueness of users 
in terms of physical characteristic, health states and gender [1–6]. 

Dealing with insufficient data could be considered as one of the 
major barriers for personalized recognition, preventing predictive 
models from reaching generalization capability. Inadequate availability 
of data, leading to data shortage or imbalanced class, is one of the 
common challenges often encountered in literature [7–10]. 

One solution to this issue and achieving better generalization is 

augmenting data with synthetically created sequences. As an effective 
remedy for data paucity, this could expand the amount of available data 
without any requirement for collecting new ones [11,12]. 

Not all the synthetizing schemes are always feasible, especially if a 
sequence of samples ordered in time. Time-series data as the ordered 
sequences are more complex to be augmented due to their one-way 
temporal ordering nature and therefore needs more specific synthetiz-
ing techniques. Focusing more on time-series data is critically important 
in a sense that they can be found pretty much in any domain, from 
weather and economic forecasting to disease prediction and healthcare 
data estimating. 

The drawback of available complex algorithms is that they may fail 
in cases that the dimensionality of data samples and length of sequences 
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are high. Simple methods may also fail to capture a full description of 
the real time series in cases with complex morphology, and they may 
introduce irrelevant information into time series. 

Considering above-mentioned limitation, this work aims to develop 
an augmentation technique in light of preserving time-dependency, to-
pology and geometry of original time series. When it comes to real-world 
time series, the underlying variability within the signals and their 
temporal ordering nature creates a highly nonlinear structure which is 
hard to augment with conventional methods. Generative adversarial 
network was introduced as a state-of-the-art method in the literature for 
advanced time series augmentation and we have tried to highlight its 
major drawbacks that motivated the need for the proposed DE-NLPCA 
methodology. The proposed DE-NLPCA technique generates synthetic 
signals based on modeling principal curved subspace fitted on multidi-
mensional extension of original signal. The advantages of proposed DE- 

NLPCA method is that it can effectively capture complex structure of 
hidden patterns and trends in the signal distribution which identifies the 
most informative aspects of the signal. This DE-NLPCA method in-
terprets the hidden geometry of time series in a global sense by passing 
through the densest areas in multidimensional extension of signal and 
taking the nonlinear shape according to the points distribution. The 
rationale behind this technique is that time series can be synthetized 
based on their own history. In this augmentation technique the lagged 
copies based on a pair of embedding dimension and embedding lag are 
created. This lagged trajectory matrix is then used to train an auto- 
associative network. Cascade architecture of proposed technique 
makes its training process more stable in nature as each network is 
trained independently. In contrast, GAN with two parallel networks that 
are dependent on each other for performance improvement, suffers 
more from the issue of non-convergence. The convergence speed of 
proposed method is also faster than GAN, it more characterizes the 
underlying structure within data, and it doesn’t need labeled signals. 
This method benefits those studies for which time series with high de-
gree of complexity in terms of time-dependent morphology needs to be 
analyzed, a considerable number of samples (long window length) is 
required to be considered, and lots of augmented versions of original 
signal need to be generated. 

2. Related works 

In the last few decades, there has been a growing trend towards 
generalization of deep learning models. Synthetic data as a way of 
generalizing model is now increasingly employed to overcome the need 
for large labeled datasets for training deep networks. 

A broad range of augmentation methods have been proposed in 
literature for time-series augmentation can be divided into two general 
categories: Simple augmentation methods [13–20], and complex 
augmentation methods [21–23]. Table 1 summarizes some of existing 
augmentation techniques placed in these categories. 

Simple techniques itself can be grouped into seven categories 
including 1 – jittering (noise addition), 2 – scaling (Changing the signal 
magnitude by multiplying a random scalar), 3 – rotations (changing the 
position of the sensor), 4 – permutation (dividing signal into multiple 
segments and randomly permute the segments to generate new signals), 
5 – time-warping (changing the time intervals between samples of 
signal), 6 – magnitude-warping (convolving the signal with a smooth 
curve) and 7 – cropping (cutting a portion of signal) [13]. Additionally, 
the most comment method placed in complex category is augmentation 
technique based on generative adversarial networks (GAN) [12]. 

Main problem with some simple augmentation technique like noise 
addition as well as time-warping [24,25] is that they can introduce 
undesired changes in the underlying distribution of time series [12], 
because of high sensitivity of time series to the time-domain trans-
formations. These transformations may lead to signal deforming or 
signal distorting. Regarding complex augmentation based on generative 
adversarial networks, GANs are generally used in creating synthetic 
images. Generating results from time-series signals like EEG using GAN 
is very complex. To use GANs for augmenting time series, signals are 
converted to labeled time–frequency representation and then fed to a 
deep convolutional generative adversarial network [26], or even being 
transformed into spectrogram images using a short-time Fourier trans-
form and then fed to a deep convolutional generative adversarial 
network [27]. These signals were augmented after their conversion into 
spectrograms, and augmentation process was not directly performed on 
the raw signals in the time domains. Furthermore, the generative 
adversarial network requires selection of best set of hyper-parameters 
[28] and training them would be very hard. It needs optimization of 
loss function which has no concrete form and requires lots of trial-and- 
error regarding the network structure as well as training protocol [29]. 
The training phase also needs balance synchronization of the two 
adversarial networks to achieve acceptable performance, otherwise the 

Table 1 
Common techniques used for time-series augmentation.  

Category Method Detail Modality 

Simple Electrode shifting  
[14,15] 

Adding spatial distortions EEG 

Time warping [16] Changing the time intervals 
between samples  

Time shuffling  
[16] 

Dividing signal into multiple 
segments and randomly 
permute segments  

Additive noise  
[16] 

–  

Gaussian noise  
[17] 

– EMG 

Warping path [18] Stretching time series EEG and ECG 
Circular rotation of 
the electrodes [19] 

Changing the position of 
electrodes 

EMG 

Magnitude 
warping [16] 

Deforming the amplitude 
achieved through the 
multiplication of the signal 
with a random smooth curve 
of small variance 

EMG 

Averaging [20] Averaging two similar 
segments of interest and then 
periodically repeating the 
averaged segment to 
generate new signal 

3-axis 
Accelerometer 

Complex Copula-based 
markovian model  
[21] 

After segmentation of signal, 
specific coefficients 
extracted and fed to the 
copula-based markovian 
model. The synthetic signal 
is then constructed based on 
new coefficients generated 
by markovian model. 

ECG, BP, PPG 

Generative 
adversarial 
networks (GAN)  
[12,22,23] 

Competing two networks 
with each other to become 
more accurate in predictions. 

EEG, EMG  

Table 2 
Statistics of the anesthesia dataset.  

Characteristic Value 

Gender (F/M) 12/8 
Age (Mean ± SD) 50.6 ± 15.846 
Weight (Mean ± SD) 71.9 ± 14.3413 
Height (Mean ± SD) 170.65 ± 9.5877 
BL* Starting minute (Mean ± SD) 2.9444 ± 4.1606 
Infusion Starting minute (Mean ± SD) 5.5278 ± 4.1068 
LVC* Starting minute (Mean ± SD) 8.9222 ± 4.5243 
BSP* Starting minute (Mean ± SD) 11.5778 ± 5.1477 
SWA* Starting minute (Mean ± SD) 11.3079 ± 4.9248 
SWA Ending minute (Mean ± SD) 12.6500 ± 5.0919 
* BL: baseline, LVC: loss of verbal contact, SWA: slow-wave activity, BSP: burst 

suppression pattern  
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training process would be unstable [29], and this synchronization is 
hard to achieve [29]. 

To summarize, complex methods like GANs are mostly trained on 
labeled signals [30]. They usually lead to training instability [31,32]. 
Their training phase and the convergence speed are also slow [29]. 
Furthermore, they require lots of adjustment to meet the data structure 
which is supposed to be generated [29]. They are also tough to evaluate 
whether the progress is being made in the training process, and therefore 
require constantly checking the convergence [29]. 

3. Methods 

Following subsections sequentially describe in detail different data-
sets that have been used in this work as well as the procedures that were 
undertaken. 

3.1. Introduction of used time series 

In this work, different time series associated with healthcare data 
including the activities of daily living (ADL) and monitoring the depth of 
anesthesia, as well as non-healthcare data including natural gas prices, 
daily temperatures and bank interest rate were considered. 

3.2. Publicly available ADL dataset 

ADL dataset is a new publicly available dataset [33], collected from 
10 healthy participants, performing 186 ADL-related instances of ac-
tivity while wearing 9-axis Inertial Measurement Units (IMUs) on both 
left and right arms. The considered activities can be placed in four 
separate categories: 1 – Mobility including walking, sitting down and 
standing up, opening and closing the door. 2 – Eating including pouring 
water and drinking glass. 3 – Personal hygiene including brushing teeth. 
4 – Housework including cleaning the table [33]. The recorded data 
includes quaternions (with resolution of 0.0001), accelerations along 
the x-, y- and z-axis (with resolution of 0.1 mG) and angular velocity 
along the x-, y- and z-axis (with resolution of 0.01 degrees per second) 
[33]. 

3.3. Collected dataset related to anesthesia 

The anesthesia dataset was approved by the Northern Ostrobothnia 
Hospital district local ethics committee (82/2018) and collected by us. 
Twenty adult patients (Table 2) scheduled for an elective surgical 
operation gave an informed written consent to participate. Patients with 
cardiovascular or neurological diseases or a body mass index over 30 
were excluded. No premedication was used. During the study, the 

Fig. 1. DE-NLPCA flowchart for embedding dimension of m = 2 and delay of τ.  

Table 3 
DE-NLPCA setting.  

Parameter Value 

Network type Bottleneck 
Training mode Hierarchic 
Hierarchic layer 3 
Hierarchic coefficients 1, 1, 0.01 
Number of components 2 
Network architecture [6–6–2–6–6] 
Weight decay 0.001 
Data scaling 9.44e-05  
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patients were monitored according the standard procedure of the 
operating room. In addition, EEG and ECG were recorded using the 
BrainStatus self-adhesive electrode and wireless device and a tablet 
computer on which the signals were observed online [34,35]. The EEG 
channels included were Fp1, Fp2, F7, F8, Af7, Af8, Sp1, Sp2, T9, and 
T10. The signals used in the analysis were recorded during the induction 
of anesthesia with propofol. The procedure included the following steps: 
1) Baseline (BL) recording of at least two min. 2) Beginning of propofol 
infusion with a fixed rate of 30 mg/kg/h. 3) Observation of the moment 
for loss of obeying verbal command (LVC) i.e., the time at which the 
patient stops squeezing anesthesiologist’s hand after command 
(“squeeze my hand”). 4) Observation of the moment for occurrence of 
burst suppression pattern (BSP) i.e., the time at which clear suppression 
periods occur in the EEG. 5) Ending of the recording after at least 2 min 
of BSP [36]. 

3.4. Publicly available non-healthcare datasets 

The first non-healthcare dataset describes the minimum daily tem-
peratures in degrees Celsius over 10 years (1981–1990) in the city of 
Melbourne, Australia. The data was approved by the Australian Bureau 
of Meteorology. The second non-healthcare dataset contains Henry hub 
natural gas spot prices starts from 1997. The source of the data is from 
US Energy information administration. Prices are based on delivery at 
the Henry Hub in Louisiana. The third non-healthcare dataset belongs to 
continuous times series of base rate levels of Bank of England from 1694, 
showing the variation in rates at which the Bank of England lends to 

banks. 

3.5. Proposed algorithm: Delay-embedding-based nonlinear principal 
component analysis (DE-NLPCA) 

In the proposed algorithm, the region of interest in time series is first 
projected into a high-dimensional space which represents internal dy-
namics of sequence, and a nonlinear mapping is then employed for 
augmenting given sequence while preserving underlying dynamics. 

Nonlinear principal component analysis (NLPCA) as a nonlinear 
mapping is an extension of linear principal component analysis (PCA) to 
a nonlinear one, being implemented using a multi-layer perceptron of an 
auto-associative topology. The idea behind using nonlinear PCA is that 
modeling the inherent complex structure of the data by curved sub-
spaces is the only and best way for augmenting physiological time series 
with high degree of complexity [37]. The curved subspace can follow the 
complex trajectory of real signals without loss of information, and yet 
preserving the local neighbor relation. 

The reconstructed values by nonlinear PCA is a noise-reduced rep-
resentation of original samples, located on the component curve which 
is obtained based on minimizing the squared reconstruction error. Auto- 
associative network involved in this process plays the role of a nonlinear 
mapping function [37]. 

The nonlinear mapping in this method is performed by training the 
auto-associative network in which the important information derived 
from input would be encoded for subsequent layers in order to recon-
struct the input [38]. Indeed, the input is reproduced at the output layer. 

Fig. 2. Model structure: (A) Schematic diagram of CGAN model (B) The structure of two networks in CGAN.  
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The auto-associative network develops a compact representation of the 
input space. 

For constructing the input space with multiple dimensions using only 
region of interest in 1D time series, higher dimensions of given 1D 
sequence need to create. One way to do this is delayed space embedding. 
In this technique, delayed versions of given 1D sequence are used to 
form a phase trajectory space. This m-dimensional space composes of 
segments of original time series, delayed by τ. As long as enough length 
of time series be available, any number of dimensions can be recon-
structed based on different combinations of two parameters of m 
(embedding dimension) and τ (embedding lag) [39]. 

Stotal(t)

⎡
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⎢
⎢
⎣
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⎥
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Assuming that a system can be specified using dimensional delay 
embedding, the time series can be augmented based on integrating 
nonlinear auto-learning and dynamic systems theory. Using Eq. (1), the 
time series can be mapped into a high dimensional space called lagged 
trajectory matrix considering both embedding dimension (m) and 
embedding lag (τ). 

Stotal is the observation matrix with the size of n × m. n is the number 
of samples within a window. m is dimension of input space or the 
number of features. 

Now, the main goal is to find nontrivial curved hyperplane of ∅ 
which maximizes expression (2). Based on obtained nontrivial curved 
hyperplane, the augmented signal of Ŝ is generated (Eq. (3)). Depending 
on the embedding dimension of m, m synthetic signals is created (Eq. 
(4)). 

max
{

ϕT ST Sϕ
ϕT ϕ

}

(2)  

Ŝ = Φ(S) (3)  
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Ŝ(t + mτ)

⎤

⎥
⎥
⎥
⎥
⎦
=

⎡

⎢
⎢
⎢
⎢
⎣
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Fig. 1 is a schematic diagram of the integrating delayed space 
embedding with nonlinear PCA. According to the Figure, the 1D 
sequence is first mapped into a multi-dimensional phase trajectory 
matrix using delayed space embedding and then fed to an auto- 
associative network to reproduced input 1D sequence. This algorithm 
guarantees a topological and geometrical augmentation. Considering 
possible pairs of embedding dimension (m) and embedding lag (τ), the 
sequence could be expanded up to m × τ times. 

3.6. Proposed method performance evaluation 

The parameters specified the DE-NLPCA model are summarized in 
Table 3. Performance assessment of proposed augmentation technique 
was done based on distance correlation metric for physiological time 

Fig. 3. The extracted principal curvature plotted into the EEG data space.  

Fig. 4. Comparison of generated synthetic EEG signal with the real one with distance correlation of 95.95%  

N. Bahador et al.                                                                                                                                                                                                                               



Biomedical Signal Processing and Control 70 (2021) 103052

6

series, human-activity recognition data and other types of time series 
with different temporal complexity. The distance correlation is a mea-
sure of time-dependency between two time series. 

The benefit of proposed method was also studied by applying deep 
learning model on increased training data of imbalanced class for 
anesthesia-related case by taking advantage of augmented sequences. 
The deep model used layer activations of a pretrained state-of-the-art 
deep learning architecture called SqueezeNet as features to train a 
support vector machine (SVM) for classifying BSP stage of anesthesia. 
The parallel computing platform of Tesla P100-PCIE-16 GB used for 
implementing this deep structure. The depth, size and number of pa-
rameters related to this pretrained network were respectively 18, 4.6 MB 
and 1.24 M. For assessing the classification performance, leave-one- 
subject-out cross-validation was used. 

3.7. Comparison study 

In order to demonstrate the compared advantages of proposed 
method, the results of DE-NLPCA algorithm was compared with data 
augmentation based on conditional generative adversarial networks 
(CGANs). The general idea behind GANs is to train a generator for the 
purpose of misleading a differentiable discriminator that is trained to 
distinguish augmented signals from original one. In CGAN, given label 
and random array as input, one network generates data with the same 
structure as the training data corresponding to the same label, and 
second network classify the observations as real or generated based on 
given batches of labeled data including both training data and generated 

Fig. 5. Time-frequency representation of both real and synthetic signal with distance correlation of 95.95%  

Fig. 6. The Q-Q plot of both real and synthetic signal with distance correlation 
of 95.95% 

Table 4 
Comparison of real and synthetic signals for different patients (Embedding 
dimension of 2 and embedding lag of 1).  

Subject 
Number 

Average 
Distance 
correlation (µ 
± σ) % 

Average 
RMSE (µ 
± σ) 

Subject 
Number 

Average 
Distance 
correlation (µ 
± σ) % 

Average 
RMSE (µ 
± σ) 

1 99.06 ± 0.73 7.87 ±
6.44 

11 98.15 ± 1.70 7.01 ±
3.74 

2 98.59 ± 1.16 7.92 ±
7.05 

12 98.25 ± 0.85 9.12 ±
3.64 

3 99.46 ± 0.52 9.90 ±
4.71 

13 98.73 ± 0.82 9.32 ±
3.73 

4 97.93 ± 1.06 10.16 ±
4.82 

14 98.82 ± 1.60 8.54 ±
3.38 

5 98.60 ± 1.54 13.03 ±
4.27 

15 94.89 ± 5.43 1.39 ±
2.51 

6 99.21 ± 0.73 11.09 ±
3.51 

16 98.48 ± 1.17 4.53 ±
4.87 

7 98.79 ± 1.30 9.85 ±
6.75 

17 99.12 ± 0.56 5.62 ±
5.31 

8 98.15 ± 1.15 11.45 ±
4.39 

18 98.77 ± 0.99 4.99 ±
5.57 

9 99.15 ± 1.20 7.90 ±
4.18 

19 99.19 ± 0.98 4.23 ±
4.05 

10 98.94 ± 0.59 10.08 ±
4.30 

20 97.20 ± 3.10 4.70 ±
4.76  

Fig. 7. Extracted principal curvature for embedding dimension of 5 and delay 
of 10. 
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data from the first network. Fig. 2 is a diagram of CGANs structure. 
Learning Rate of 0.0002 was considered for training the CGANs 

model on CPU execution environment. The maximum number of epochs 
for training was set to 500, and mini batch with 256 observations was 
used at each iteration. Decay rate of gradient moving average and decay 
rate of squared gradient moving average were respectively set to 0.5 and 
0.999. Trial-and-error procedure was used in the selection of 
parameters. 

3.8. Reconstruction of sequences including contaminated segments 

In real-world signal acquisitions, particularly physiological mea-
surements, the recordings always face with missing or bad channels. 

Therefore, reconstruction of contaminated segments considering other 
channels was also studied for synthesizing time series. To do so, all the 
channels of window including missing segment along with all channels 
of both non-missing preceding and proceeding windows fed to the auto- 
associative network to recover contaminated segment. 

4. Results 

4.1. A case study in physiological time series analysis 

The results presented in this subsection is related to the collected 
dataset of anesthesia introduced earlier in subsection 3.3. Considering 
one example EEG sequence of anesthesia dataset, Fig. 3 shows a plot of 

Fig. 8. Comparison between original signal with its synthetic version for distance correlation of 91.12 %  

Fig. 9. Temporal-spectral progression patterns within original signal and its synthetic version for distance correlation of 91.12 %  

Fig. 10. Distance correlation with increasing embedding lag (With constant 
embedding dimension value of 5). 

Fig. 11. Distance correlation with increasing embedding dimension (With 
constant embedding lag value of 5). 
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Fig. 12. Time series analysis of major Natural Gas Prices including US Henry Hub [40]: (A) Extracted principal curvature for embedding dimension of 7 and 
embedding lag of 8 (B) Comparison between original signal with its synthetic version (distance correlation of 97.83 %). 

Fig. 13. Time series analysis of Minimum daily temperatures over 10 years (1981–1990) in the city Melbourne, Australia [41]: (A) Extracted principal curvature for 
embedding dimension of 5 and embedding lag of 4 (B) Comparison between original signal with its synthetic version for minimum daily temperatures (distance 
correlation of 87.69 %). 

Fig. 14. Time series analysis of Interest Rate since 1694 from Bank of England [42] (A) Extracted principal curvature for embedding dimension of 7 and embedding 
lag of 8 (B) Comparison between original signal with its synthetic version (distance correlation of 93.59 %). 

Table 5 
Classification results of SqueezeNet learned on data with and without synthetic time series.  

Metrics Raw data Raw data with synthetic data using  Raw data Raw data with synthetic data using 

Proposed method CGANs Proposed method CGANs 

Precision  0.6203  0.7676  0.6901 False negative rate  0.3796  0.2323  0.3099 
False discovery rate  0.3796  0.2323  0.3099 True negative rate  0.6203  0.7676  0.6901 
False omission rate  0.3796  0.2323  0.3099 Negative likelihood ratio  0.6119  0.3027  0.4490 
Negative predictive value  0.6203  0.7676  0.6901 Diagnostic odds ratio  2.6704  10.910  4.9607 
Prevalence  0.5000  0.5000  0.5000 Informedness  0.2407  0.5352  0.3803 
Recall  0.6203  0.7676  0.6901 Markedness,  0.2407  0.5352  0.3803 
False positive rate (fall-out)  0.3796  0.2323  0.3099 F-score  0.6203  0.7676  0.6901 
Positive likelihood ratio  1.6341  3.3030  2.2273 Matthews correlation coefficient  0.2407  0.5352  0.3803  
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principal curve generated by DE-NLPCA in the input domain, following 
the data samples structure. The data samples were plotted as dots and 
the estimated nonlinear structure as a curvature. As shown in Fig. 3, this 
curved subspace captured the nonlinear structure within the tested 
sequence. As this estimated plane is curved, it gives a nonlinear 
description of trajectory in which the most of data variance is 
concentrated. 

The performance was evaluated in terms of distance correlation of 
95.95% as well as RMSE of 10.4267. The generated synthetic signal was 
compared with the real one in Fig. 4. According to the Fig. 4, the syn-
thetic signal fairly tracked the changes in the signal in terms of local 
amplitude fluctuation. 

Considering Fig. 5, this method was able to represent the complexity 
within the signal in time–frequency domains. As seen in Fig. 5, the 
time–frequency ridges with the highest energy in both real and synthetic 
signal are approximately same. 

The Q-Q plot of both real and synthetic signal was shown in Fig. 6. As 
the points in Q-Q plot formed a line that is roughly straight, it could be 
concluded that both sets of quantiles came from the same distribution. 
Therefore, the proposed augmentation method was able to preserve 
probability distribution of original signal. 

Considering embedding dimension of m = 2 and embedding lag τ of 
1, the results of generating synthetic time series using proposed tech-
nique for all different patients are given in Table 4. 

4.2. A case study in human-activity recognition 

The results presented in this subsection is related to the publicly 
available ADL dataset introduced earlier in subsection 3.2. Fig. 7 rep-
resents nonlinear two-dimensional trajectory obtained by DE-NLPCA for 
15-second angular velocity sequence. This curved trajectory fitted on the 
data points indicates the nonlinear curvature which covers most of the 
variance in the original distribution. 

Figs. 8 and 9 demonstrate that this method was able to correctly 
represent the complexity within the data in both time and frequency 
domains. According to the Fig. 8, the syntactic time series follows almost 
all the fluctuations in the amplitude of original data. 

As seen in Fig. 9, the highest-energy ridge in time–frequency repre-
sentation of both real and synthetic signals are approximately similar. 

Figs. 10 and 11 examines the decay of the distance correlation as the 
embedding dimension and embedding lag increase. Decreasing trend 
and fluctuations in distance correlation by increasing the embedding 
dimension and embedding lag shows the amount of reduction in per-
formance of DE-NLPCA augmentation. 

4.3. Application in other types of time series 

The results presented in this subsection is related to the publicly 
available non-healthcare datasets introduced earlier in subsection 3.4. 
Figs. 12 to 14 shows the generalization capability of proposed method 
for other types of non-healthcare time-series data with different struc-
tures. According to the Subfigures of B in these figures, regardless of 
complexity degree within timeseries, the proposed augmentation 
method was able to capture structure of data and generate realistic 
timeseries. These figures indicate how well the DE-NLPCA method can 
follow the local fluctuations in the time series. According to the Sub-
figures of A of these figures, the curved subspace generated by DE- 
NLPCA method represents the trajectory with the maximum variance 
direction in the data points. 

4.4. Analyzing the benefit of proposed method for imbalanced data 

The anesthesia procedure included the six phases: 1) Pre-BL. 2) BL 3) 
Infusion 4) LVC 5) SWA 6) BSP. Considering only two-class problem for 
classification of BSP stage during anesthesia (BSP as first class and other 
phases as second class), the classes were not represented equally, and the 
size of other class was two times more than the size of BSP class. In order 
to solve the issue of class imbalance, the size of BSP class was increased 
1.95 times by adding augmented time series. The impact of this 
augmentation was then evaluated on the performance of a pretrained 
state-of-the-art deep learning architecture called SqueezeNet. Various 
statistics calculated from the confusion matrix for comprehensive study 
has been listed in Table 5. Based on classification results, there was a 
14.72 % improvement in accuracy and 19.18 % improvement in preci-
sion for enhanced data with synthetic time series (Considering per-
centage of relative change). The proposed technique gave higher 
Matthews correlation coefficient. The more Matthews correlation coef-
ficient be close to 1, the better classification it will be. The proposed 
technique provided higher F score, meaning lower false positives and 
lower false negatives. The proposed augmentation with significantly 
higher diagnostic odds ratio as a measure of the effectiveness provided 
better results. Other derivations metrics of classifier’s performance in 
Table 5 also indicated better performance of classifier with taking 
advantaged of DE-NLPCA augmented data. 

4.5. Comparison with Simple CGANs performance directly applied on raw 
EEG signal 

In order to demonstrate the compared advantages of proposed 
method, augmentation of EEG sequence using GAN was also performed. 
Fig. 15 shows the generator and discriminator scores for 30-second 
window over 8000 iterations. Even after 8000 iterations, the scores of 
both the generator and discriminator did not completely converge to 
close values. 

Comparing the spectra plot for both real and generated sequences in 
Fig. 16, the spectral characteristics of the generated BSP signals do not 
match very well and are different from the real BSP signal. On the 
contrary, the generated signals in other class have time–frequency fea-
tures approximately similar to those of the real sequences. 

To further illustrate the performance of the CGAN, the performance 
of pretrained SqueezeNet classifier based on the generated signals was 
also evaluated. According to the metrics in Table 5, it can be found that 
improvement in precision for enhanced data with CGAN-generated se-
quences is 11.23 % lower than proposed DE-NLPCA technique 
(Considering percentage of relative change). 

4.6. The results of reconstruction of sequences including contaminated 
segments 

To further evaluate the performance of proposed technique when 
dealing with contaminated datasets, all channels of anesthesia dataset 

Fig. 15. The generator and discriminator scores over iterations.  
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introduced in subsection 2.1.2 was fed to the algorithm. In cases that a 
large segment within one channel was totally lost, the results showed 
that the lost segment can be reconstructed from the information of other 
channels being fed to DE-NLPCA algorithm. Fig. 17 shows that proposed 
method successfully recovered time–frequency characteristic of 
contaminated segments. These results indicate the robustness of DE- 
NLPCA method against artifact contamination and lost information in 
multichannel data. 

5. Discussion 

The proposed DE-NLPCA method was proved to cover a broad range 
of real-world problems from medical/health tasks to financial problems 

and be applicable to different time-series data. This method showed to 
be able to provide insight into data structure based on extracting 
simplified representation of principal subspaces. These subspaces were 
able to explain underlying variance in the data. The self-learning char-
acteristic of proposed method enabled it to adapt to different patterns 
within time series. It also helped to reduce embedded noise in the time 
series and allowed relevant information to be enhanced because of 
filtering nature of auto-associative neural networks. It provided a 
compact representation of the complex time series. The drawback of the 
proposed algorithm was that due to its complex nature, it would be 
computationally expensive and consequently slow in running. There-
fore, it would be applicable in offline applications. In general, this 
approach offers advantages when the long sequences with complex 

Fig. 16. Comparison between original signal with synthetic version generated by CGANs: (A) BSP-class, (B) and (C) Other-class sequences.  
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morphology needs to be synthesized. For implementing NLPCA in this 
DE-NLPCA technique, available Matlab toolboxes has been used [43]. 

In compared to CGAN as a state-of-the-art method for data 
augmentation, the proposed method (DE-NLPCA) could be applied to 
both labeled and unlabeled data. However, CGAN requires a source of 
labeled data and it produces synthetic data for each class. Both DE- 
NLPCA-generated and CGAN-generated sequences approximately 
matches the time–frequency distribution of real signal, however, CGAN 
generate a morphologically different version of real signal in temporal 
domain. Augmentation based on CGAN is more computationally 

expensive than DE-NLPCA when it comes to the amount of elapsed time 
for training (84 s for DE-NLPCA in compared to 17 h for CGAN). DE- 
NLPCA only requires region of interest in 1D time series to synthetize, 
however, CGAN needs full dataset to train a network which can later 
generate a synthetic version of region of interest in 1D time series. 

6. Conclusion 

This work investigated augmenting time series by integrating the 
delay space embedding and nonlinear PCA based on an auto-associative 

Fig. 17. Comparison between original signals with reconstructed EEG sequences in which channels of Fp1, Fp2, F7, F8, Af7, Af8, Sp1 included missing segments.  
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neural network. The idea behind this method was that the complex 
pattern within the data could be modeled based on principal curved 
subspaces. Therefore, the augmented signal is a good geometrical and 
topological approximation of original time series. The results demon-
strated that this method was able to correctly represent the complexity 
within the raw data and create realistic synthetic signals. Compared to 
CGAN as one state-of-the-art augmentation technique, adding 
augmented signals generated by proposed DE-NLPCA method showed 
better classification performance. This DE-NLPCA-based approach also 
showed a fairly robust performance over artifact-contaminated data. 
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