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A B S T R A C T

Electroencephalography (EEG) provides a way to understand, and evaluate neurotransmission. In this context,
time-locked EEG activity or event-related potentials (ERPs) are often used to capture neural activity related
to specific mental processes. Normally, they are considered on the basis of averages across a number of trials.
However, there exist notable variability in latency jitter, jitter, and amplitude, across trials, and, also, across
users; this causes the average ERP waveform to blur, and, furthermore, diminish the amplitude of underlying
waves.

For these reasons, a strategy is proposed for obtaining ERP waveforms based on dynamic time warping
(DTW) to adapt, and adjust individual trials to the averaged ERP, previously calculated, to build an enhanced
average by making use of these warped signals. At the sight of the experiments carried out on the behaviour
of the proposed scheme using publicly available datasets, this strategy reduces the attenuation in amplitude
of ERP components thanks to the reduction of the influence of variability of latency and jitter, and, thus,
improves the averaged ERP waveforms.
1. Introduction

Event-related potentials, or evoked-response potentials (ERPs), are
widely used in neuroscience to relate specific mental processes to some
stimulus: visual, auditory, etc. These are voltage fluctuations associated
to synchronous events that can be extracted from electroencephalog-
raphy (EEG) signals [1]. An example of direct application of ERPs
is the brain–computer interface (BCI) context, which aims at provid-
ing a direct communication path between the brain and the external
environment [2–4].

Within this context, analysis procedures are based on a certain
stimulus that is repeated a number of times; then the recorded EEG
signals are conveniently averaged to diminish the perturbation caused
by sources of noise and other unrelated brain signals to produce a
representative waveform. Note that although the averaging scheme can
be considered from the perspective of the presence of multiple closely
space cognitive processes [5], this approach is commonly considered
for short stimuli or isolated events.

This common strategy for obtaining ERPs, based on synchronous
averaging individual EEG trials corresponding to the same isolated
stimulus, is able to reduce the effects of random EEG signal variations,
ongoing brain activity or ‘noise’ across the event-related observations
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on each trial [1] to achieve a representation of the waveform linked to
the stimulus [6–8]. This EEG response may present peaks, and troughs
that are denoted by names like N100 or P300 [9], or, within the ERP
analysis context of early sensory processing, P50 [10].

Regarding the simple averaging strategy, in [11], the authors review
several aspects related to ERPs, and their utilization in the diagnoses
of cognitive aspects of certain clinical disorders. In [1], the authors
also consider the averaging problem, and review, and propose alter-
natives to conventional averaging based on weighting, and trimming
the conventional measure.

A different approach is followed by Samar et al. in [12], where the
utilization of wavelets for the analysis of ERP data is considered. Other
strategies can be examined; in [9], Canonical Correlation Analysis
(CCA) is employed to eliminate brain response variance unrelated to
stimuli, specifically oriented to the continuous stimuli scenario; in [13],
ERP temporal variations are considered from the feature extraction
point of view to intervene in classification and detection tasks.

This kind of approaches, and considerations highlights the fact that
the assumption of stationarity of ERPs is at the core of the averaging
procedure [14]. But latency jitter [15], or delay jitter [16] and non-
linear timing distortions of signals (jitter) [17] affect the averaging
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process, and can cause the reduction of amplitude of important ERP
components [18].

In this context, Woody, in [19], proposes an alternative to the
traditional stimulus-locked ERP average to cope with trial-by-trial la-
tency differences on the basis of cross-correlations between single-trial
waveforms, and a template averaged waveform: single-trial waveforms
are time shifted according to the time lag given by the maximum
of the cross-correlation. But, no temporal variability across trials is
considered.

In [17], the authors consider a warping scheme by employing an
underlying model of temporal displacement and alignment based on
least squares. Gibbons and Stahl, [20], consider the correction of re-
sponse time for ERP averaging too: the authors assume that significant
variations in the timing of ERP components, especially in late compo-
nents, must be expected; so they propose the usage of a polynomial
expression for response time correction which is based on the previous
identification of a mean response time and linear interpolation. The
iterative use of averaging DTW without taking into account, noise, jitter
or the occurrence of new frequencies is presented in [21]. In [22],
the author proposed a modification of a cost matrix that can diminish
the unfavourable results in the suppression of noise when averaging of
non-linearly aligned signal cycles.

In [14], the authors explicitly state that ERPs can suffer significant
across-trial variability in terms of latency and latency jitter that may
lead to important distortion of the averaged ERP and, thereby, to
the misestimation of their amplitude and latency. They review some
methods to deal with these problems, including the usage of Fourier
transform, independent component analysis (ICA) or time frequency
decomposition based on continuous wavelet transform (CWT), though
these are not specifically oriented to deal with jitter and latency jitter
issues.

Fukami et al. in [23], consider the problem of variability between
trials of ERPs related to a certain stimulus taking into account the
possible influence of background EEG and noise; they focus on the P300
component, and, regarding our specific context, a fixed scalar latency
is considered by the authors to cope with.

In [16], the generation model of ERPs is observed, and a procedure
to evaluate two different models on the basis of properties of the
components found is considered. With that, the authors deal with jitter
and latency jitter, though they do not aim to correct them or process
the signals to build an average, but to identify an underlying model.

Other works have considered the utilization of DTW, explicitly
aiming at providing or facilitating the calculation of a certain measure-
ment; consequently, they are not focused on obtaining a template or
representative ERP signal. In [24], clustering of EEG data artificially
generated is presented, but there is no modification of the DTW ap-
proach to make the results usable to deal with averages. In a different
scenario, DTW is used in [25] to align sequences for the analysis of
similarity between a signal template and individual signals. However,
the aim is it not to build the template, but to guide a resampling
scheme for the later utilization of the correlation coefficient to measure
similarity. On the other hand, in [26], the authors use DTW to measure
the dissimilarity distances of EEG signals with a KNN classifier.

In [27], the authors propose an adaptative DTW barycentre aver-
aging method [28], to avoid the problem of length of the resulting
average sequence, but its application is in an accelerometer-based hand
gesture recognition system. DTW has been also used in EEG-based
emotion recognition as similarity measure of brain rhythm sequenc-
ing [29]. Also, single-channel selection for emotion recognition in
EEG signals using brain rhythm sequencing used DTW for sequence
classification [30].

In [31], the authors compare DTW against Fisher–Rao Registration
to study the phase variability; they highlight the problems associated
to DTW regarding the modification of signals, and subsequent corrup-
tion of features in them, which limits its utilization, and, specifically,
2

making the original DTW scheme unusable for averaging. 4
Within this context, a new method is proposed in this manuscript to
obtain the ERP waveform using modified dynamic time warping (DTW)
for short or isolated stimuli. A modification of the DTW method is pro-
posed to stretch and synchronize individual trials to a reference signal,
the averaged ERP, thus leading to a new averaged ERP waveform. As in
the conventional strategy, the stimulus must be repeated several times
giving rise to a number of trials for the calculation of their average.
This averaged signal will be used as reference to align individual signals
using the proposed modified DTW scheme. These lead, by further
averaging, to a new averaged ERP. Also, a low-pass filter is applied to
the aligned signals to reduce the effect of spurious samples caused by
the DTW alignment process. Following this approach, the experiments
show that the impact of jitter is reduced as well as the influence of
noise, thus improving the ERP components in terms of their amplitude,
specially.

Note that our approach differs from the one in [17], where data
normalization is required to avoid the degradation of results due to
possible isolated large square errors, and their approach to warping
is completely different from the point of view of the definition of a
cost matrix, and whole warping procedure. Also, the work presented
in [20] might be the most similar approach to our proposal; however,
our scheme does not impose a polynomial restriction over the temporal
variable, being more flexible, and, also, our scheme does not require
previous identification of the response time of selected events, or
components, or specific amplitude interpolation schemes.

The performance of the proposed scheme will be evaluated in terms
of root-mean-square RMS deviation and maximum absolute difference
(MAD) between the individual trials and the different averaged ERP
signals, as well as by means of the observation of characteristics of the
P200 component, and a basic example of a classification scheme.

This manuscript is organized as follows: in Section 2, event-related
potentials (ERP), and dynamic time warping (DTW) are briefly ex-
posed. In Section 3, the databases employed to build examples and
evaluations, the proposed enhanced ERP averaging scheme, and the
selected quantitative evaluation measures are described. In Section 4,
results, and comparisons between different approaches to obtain aver-
age ERP waveforms are presented, and discussed; also a simple signal
classification example is drawn to illustrate the usability of signal
models obtained with the proposed scheme in such context. Finally,
conclusions are summarized in Section 5.

2. Event-related potentials and dynamic time warping

This section briefly revises the concept of event-related potential
(ERP), as well as the original dynamic time warping algorithm to align
two signals, on which our modified scheme is based.

2.1. Event-related potentials (ERPs)

Event-related potentials (ERPs), or evoked-response potentials are
time-locked neural signals related to specific events or stimuli.

ERPs are EEG signals of low amplitude, (between 4 to 10 μV),
hat are considered to reflect joint activity of postsynaptic potentials
hen numerous neurons fire synchronously [32]. Note that, though

ome actions can be considered [33], noise, and other perturbations
re unavoidable. Within this context, the utilization of averages across
esponses corresponding to the same activities, and state help to reduce
he influence of noise with respect to the underlying common signal.
owever, other issues like delay or jitter still affect the recovery of such

ignal [14–16]. Precisely, our proposal is oriented to fight against noise,
elay, and jitter.

Within the framework of ERP signals, different waveforms are rel-
vant regarding their analysis [32]. For example, the positive wave
positive deflection: peak) with a latency period around 300 ms (in [32],
he interval to find such wave is considered to be between 250 and

00 ms for adult subjects between 20 and 70 years), called P300 (or
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simply P3) [34], is considered by some authors to be an index of
the decision-making process [35]. Regarding these waveforms, several
elements can be identified that can modify the observed P300 (or other
P and 𝑁 waves) [15,32,36]:

• Jitter: random variation of delay across time.
• Latency jitter: the latency of the wave is the time measured from

the stimulus onset to the peak (or negative deflection: valley)
which appears within certain time ranges. Some authors argue
that this latency reflects the stimulus evaluation time, thus, the
stimuli evaluation time is assumed to vary depending on the
difficulty of the response discrimination [37], which may lead to
significant across-trial variability of response latency or latency
jitter [14].

• Overlapping components: for example, regarding P300, Feedback
Related Negativity (FRN) or Error-Related Negativity (ERN) occur
at similar timing, resulting in reduced positivity.

Another positive component is the visual P200 or P2, measured in
he centre-frontal and parieto-occipital area of the cerebral cortex, be-
ween 150 and 275 milliseconds. This is also related to visual responses,
anguage information, memory, and repetitive effects [38]. A negative
eak, called N100, is usually found between 80 and 120 milliseconds

after a stimulus, and distributed over the fronto-central region of the
head. It usually appears in auditory stimuli, although it also arises in
relation to other stimuli, such as visual ones [7,39].

It should be clear, at this point, that detecting ERPs is an important
task. Since the ERP is usually a response to a stimulus with a relatively
stable amplitude and shape, the most commonly used analysis methods
consist of repeating a stimulus many trials, and averaging the time-
locked EEG signals. Each analysis epoch is normally formed by a
pre-stimulus, stimulus, and post-stimulus intervals [40].

Note that, in order to use the ERP averaging method, signal pre-
processing, filtering or other techniques to reduce or remove artefacts
(like eye motion, heartbeat or movement) are required. Also, three
conditions must be satisfied [40]:

• The signal is time-locked.
• The noise is not correlated with the signal.
• Latency is relatively stable, and jitter is low.

Difficulties arise when averaging ERPs due to variability between
trials in terms of latency, jitter, and amplitude. Precisely, the averaged
ERP waveform actually comes from a mixture of waveforms with
amplitude variations, and different degrees of latency fluctuations and
jitter [18].

When the latency of a component varies throughout trials (latency
or jitter variations), the average ERP becomes blurry, and, so, its
waveform is affected. Also, the higher ERP amplitude and latency
variations, the greater ERP waveform variability [41].

2.2. Dynamic time warping (DTW)

Traditionally, DTW has been used in speech and sound processing
to achieve accurate synchronization between audio excerpts [42]. It is
a dynamic programming technique that accommodates differences in
time between two signals [43].

The algorithm is based on allowing a number of predefined steps
in the space of time, or samples, to find a path that maximizes the
local coincidence between aligned signals [43,44]. So, this optimal path
is found as the one with the shortest distance, according to a certain
distance measure, between each pair of points complying with a set of
rules or conditions, specifically [45,46]:

• Each element of the first signal must match one or more elements
of the other signal, and vice versa.

• The first element of the first signal must match, at least, the first
3

element of the other.
• The last element of the first signal must coincide, at least, with
the last element of the other.

• The mapping of elements of the first signal to elements of the
other one must be increasing, and conversely.

The total cost can be measured as the sum of absolute differences
(or the selected distance measure) between the values of each pair of
coincident elements. It serves as a measure of agreement between the
signals [47].

3. Materials and processing methods

This section describes, first, the datasets of EEG signals used for
the description, and illustration of the behaviour of the proposed
processing scheme; then, the EEG pre-processing stage, and the pro-
posed DTW-based averaging scheme are exposed; finally, the measures
selected for quantitative evaluation and comparison of schemes are
drawn.

3.1. Dataset 1: Simanova et al.

This EEG dataset was obtained from [48]. These data correspond
to a study that investigates, on the basis of the analysis of ERPs, the
semantic processing of stimuli presented as images, visualized text or
words shown in an auditory way. These data have been stored, and
organized following BIDS (Brain Imaging Data Structure): a standard
brain imaging data structure for organizing and describing neuroimag-
ing tests [49].

Experiment and subjects. In the study, 24 native Dutch people (10
men and 14 women) participated. Their age range was between 18
and 28 years. All of them were right-handed; also none of them had
suffered any psychological or neurological illness. Those experiments
were approved by a local ethics committee, and all subjects gave their
written consent, as described in [48].

Stimuli. The stimuli presented to build the EEG dataset can be divided
into two semantic categories, animals and tools. There are 4 items in
each category:

• Animals: cow, bear, lion and ape.
• Tools: axe, scissors, comb and pen.

For this database, a third category with clothing and vegetables is also
considered, but it was not used in the experiments and tests performed
in our case.

Each item is presented to the subjects in three different stimulus
modalities:

• Auditory: spoken in Dutch.
• Visual: drawings in black on a white background.
• Textual: words written in Dutch in black on a white background

Text and image stimuli were presented for 300 ms, followed by a
lack screen lasting between 1000 and 1200 ms, then the next stimulus
s shown, and the process is repeated until its conclusion. For auditory
timuli, the interval was also 1000 and 1200 ms, and a cross was
isplayed on the screen meanwhile [48].

For the specific tests used in this manuscript, all the categories
tools and animals), and modalities (spoken, written and picture) were
mployed.

ask performed. The research in [48] was aimed at applying the
ayesian approach to identify concept-related neuronal activity on
he basis of ERP analysis. To this end, subjects participating in the
xperiment were instructed to classify each stimulus presented into
wo irrelevant categories (clothing or vegetables) in order to make
he subjects categorize those stimuli without openly conducting the
ssessment between actual relevant classes. The subjects define their
esponse by pressing a button. Additional specific details can be found
n [48].
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Fig. 1. Distribution of the EEG electrodes (channels) used. Ref identifies the reference,
OG stands for the electrode that measures electrooculogram, and GND corresponds to
round.

EG recording. EEG data were acquired with a BrainProducts BrainAmp
EG amplifier with 64 channels (filtered between 0.2 and 200 Hz, and
ampled at 500 Hz) using BrainVision Recorder Professional software.
he electrode cap used holds 60 electrodes placed on the scalp. EEG
ata were recorded against the reference at the right mastoid; an
dditional electrode measured the voltage on the left mastoid, and the
ata were offline converted to a linked-mastoids reference. Vertical and
orizontal bipolar electrooculogram (EOG) channels were computed
fter acquisition, using electrodes placed horizontally and vertically
round the eyes [48].

Recall that this paper is focused on the behaviour of the proposed
TW-based averaging scheme, similarly to other works like [1,5],
r [50]; therefore, out of the 64 recorded channels [48], in this study,
hannels 2, 22, 33, 14, 41 and 45 have been selected in order to
over different regions of the brain; other pieces of data in the dataset
ere analysed, though results are not presented here, since they do
ot provide any further comprehension or information regarding the
ehaviour of the scheme proposed. Fig. 1, shows the distribution of the
EG electrodes (channels) selected.

.2. Dataset 2: Birbaumer et al.

This EEG dataset has been made available by University of Tuebin-
en [51,52]. It contains slow cortical potentials for healthy subjects,
nd artificially respirated amyotrophic lateral sclerosis (ALS) patients.
his EEG dataset has been chosen to illustrate the usability of the pro-
osed DTW-based scheme in a simple classification context in relation
o BCI, and neurological disease.

xperiment and subjects. Four pieces of the dataset are available [51,
2]; among them, the subsets with labels for classification are em-
loyed. This means that subsets ‘traindata_1a’ and ‘traindata_1b’ are
inally chosen; these correspond to a healthy subject, and an artificially
espirated amyotrophic lateral sclerosis (ALS) patient [53].

ask performed. The subjects were asked to interact with a computer by
oving a cursor up and down on a screen while cortical potentials were
easured. The subjects received visual feedback of their slow cortical
otentials Cz-Mastoids from second 2 of each trial, which last 3.5, and
.5 s more for the healthy and ALS subjects, respectively. No rest was
cheduled between trials.

EG recording. The recording system employed is a PsyLab EEG8 [54],
nd the sampling rate was 256 Hz [51]. With reference to the 10/20
ystem [55], the following EEG channels were recorded: A1-Cz (where
1 = left mastoid), A2-Cz, 2 cm frontal of C3, 2 cm parietal of C3, 2
m frontal of C4, and 2 cm parietal of C4.

‘Traindata_1a’ contains 268 trials, with 135 trials belonging to class
p and 133 to class Down; ‘traindata_1b’ contains 200 trials, with 100
4

rials corresponding to each class. p
The channel located 2 cm frontal of C3, which shows the best
ehaviour to illustrate the utilization of the proposed DTW-based av-
raging scheme for classification among the available channels, is
elected, though a different choice could have been done.

.3. EEG pre-processing

Pre-processing of the datasets is carried out following the procedure
resented in [48], and [56] using MATLAB R2022a. First, a 30 Hz low-

pass FIR filter was applied. Then, further trials were removed to avoid
artefacts by visual rejection of data segments based on the variance
of epochs by making use of ft_rejectvisual(), following [56]. Trials with
ocular artefacts or voltage variations above 150 μV, were removed.
These trials were not employed for the calculation of ERPs.

Dataset 1: Simanova et al.. The recorded data, that contains 64 EEG
channels, were divided into one-second trials, starting 200 ms before
the stimulus (pre-stimulus), and ending 800 ms after it (post-stimulus).

After pre-processing, which includes artefact removal, the total
number of trials in each category and modality was just under 400 [48].

Dataset 2: Birbaumer et al.. Excerpts of 1.2 ms build the trials that are
analysed. After pre-processing, a total of 239 and 170 trials remain for
the healthy subject and ALS patient cases, respectively.

3.4. Enhanced average using DTW

In order to build an improved average, a warped or aligned version
using DTW of each trial, for a certain stimulus, is obtained. This signal
version represents the one that best fits the common ERP average.
However, DTW creates non-linear deformations of the signals with
respect to time; this issue needs to be solved to make the scheme usable
for averaging in our context. The specific details on the modified the
DTW algorithm devised for our context are described next.

Let 𝑠𝑡[𝑛] stand for each of the EEG signals corresponding to a
channel or component linked to a certain trial, 𝑡, with 𝑡 = 1,… , 𝑇 ,
where 𝑛 indexes the sampling instants of the trial excerpt 𝑡: 𝑛 = 1…𝑁 .

ecall that these signal excerpts can be defined starting before the
timulus. Also, let 𝑟[𝑛] stand for the signal obtained by conventional
veraging of selected trials, for a certain subject or across subjects.

The Euclidean distance can be used to build the similarity matrix in
sample-by-sample basis using a multi-feature characterization of each

ample; in our case, we employ this distance measure using solely the
ignal amplitude at each sample for characterization. This means that
ach element 𝑐𝑡(𝑖, 𝑗) in the local cost matrix 𝐶𝑡 for a certain trial 𝑡 is
iven by:

𝑡(𝑖, 𝑗) = |𝑟[𝑖] − 𝑠𝑡(𝑗)|, 𝑖, 𝑗 = 1…𝑁 (1)

After the construction of the similarity matrix, the alignment path
= (𝑝1, 𝑝2,… , 𝑝𝑀 ) between the two signals must be found, with 𝑝

epresenting the sequence of binomials with temporal indexes of the
ignals: 𝑝𝑘 = (𝑝𝑖, 𝑝𝑗 ) that describe the alignment path or warping
unction [46] under specific path conditions:

• The starting and ending points of the warping path must relate the
first and last points of each of the aligned sequences: 𝑝1 = (1, 1)
and 𝑝𝑀 = (𝑁,𝑁).

• The path 𝑝 is defined by the steps 𝑑𝑘−1 = 𝑝𝑘 − 𝑝𝑘−1 that advance
one unit in the index of either 𝑟[𝑛], or 𝑠𝑡[𝑛], or both:

𝑑𝑘−1 =

⎧

⎪

⎨

⎪

⎩

(1, 1)
(1, 0)
(0, 1)

(2)

fter the optimal path is found by following this conventional warping

rocess with the specificities described regarding the similarity matrix,
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Fig. 2. Illustration of the result of the proposed DTW-based alignment process between
a signal and its reference. Data used correspond to the first trial of channel 2 of the
spoken modality, and the reference signal to the average of channel 2 across the first
half of trials from the spoken modality [48].

a new version of each trial can be obtained by using this path. However,
recall that this process can lead to arbitrarily lengthened signals which
would be of no use to calculate the average across trials. In order
to avoid this, all the consecutive steps, 𝑑𝑘, that do not advance in
the reference index for the reconstruction of the warped signal are
identified, i.e. (0, 1) steps, to guide the removal of the corresponding
path element: 𝑝𝑘+1. This results in a restricted path 𝑝∗ that can be
used to build a reconstructed signal 𝑠∗𝑡 [𝑛] that lasts no longer than the
reference.

Note that the reconstructed signal might be shorter than the ref-
erence 𝑟[𝑛], in that case, the last sample of such reconstructed signal
is repeated until the duration of the reference is reached to give the
final warped trial signal 𝑠𝑤𝑡 [𝑛]. A warped signal 𝑠𝑤𝑡 [𝑛] for each individual
trial 𝑡 is obtained using the reference signal as described. These warped
signals can be employed to calculate the DTW-based average 𝑟𝑤[𝑛].

An illustration of the signals obtained after the process described is
shown in Fig. 2. It can be observed that the warped signals (middle and
bottom figures) get adapted to the reference better than the original
one (top figure). In addition, a peak around 200 ms is depicted, with
notably greater amplitude in the signal to be aligned (𝑠𝑡[𝑛]) than in the
reference signal (𝑟[𝑛]). This peak coincides with P200, described before,
and could correspond to the processing of language information, since
these trials belong to spoken modality data [48].

Observe that the presence of spurious high frequency components
is also noticeable; their presence is by no means evenly distributed
along 𝑠𝑤𝑡 [𝑛] due to the warping scheme described. This issue can be
diminished by applying a filter to constrain the warped signal to the
frequency range of the original one. Thus, a minimum-order low-pass
finite impulse response (FIR) filter is designed using the Kaiser window
method [57] with cut-off frequency equal to the maximum frequency
of 𝑠𝑡[𝑛], and stop-band attenuation 60 dB. This step leads to the filtered
warped signal 𝑠𝑓𝑡 [𝑛] (bottom image in Fig. 2). The process is described
in Fig. 3, where DTW∗ represents the proposed modified DTW scheme
which makes use of 𝑟[𝑛] as reference to modify each 𝑠𝑡[𝑛], and LPF
represents the low-pass filter with cut-off frequency (𝑓𝑀 ) defined by
the signal under consideration.

These filtered warped signals can then be employed to calculate the
filtered DTW-based average 𝑟𝑓 [𝑛]:

𝑟𝑓 [𝑛] = 1
𝑇
∑

𝑠𝑓𝑡 [𝑛] (3)
5

𝑇 𝑡=1
Fig. 3. Illustration of the processing scheme to obtain each filtered warped signal 𝑠𝑓𝑡 [𝑛].

Fig. 4. Similarity matrix and minimum-cost path for the modified DTW function with
Euclidean distance. Data used belong to the spoken modality of EEG signals provided
in [48]. The signal to be aligned corresponds to the first trial of channel 2 of subject
02, and the reference signal to the average of channel 2 across all the spoken modality
trials (see Fig. 2).

Fig. 4 displays the similarity matrix, and minimum-cost path found
to define the signal 𝑠𝑤𝑡 [𝑛] in Fig. 2. Observe the apparent similarity
between the reference and trial signal found at around 200 ms, which
is highlighted by the similarity matrix; samples far from that instant
(200 ms) in 𝑠𝑡[𝑛] exhibit large dissimilarity with 𝑟[𝑛] at around 200 ms
clearly due to the presence of P200 in both signals, with samples whose
amplitude is notably larger than others in the excerpt.

Fig. 5 illustrates the different path obtained by our modified scheme
with respect to the original DTW algorithm on two available speech
signals of the same locution with different timing [58]. Spectrogram is
employed for signal characterization; cosine distance is used to measure
similarity. A solid-red line and a dashed-black line drawn on the
similarity matrix, and minimum-cost path matrix represent the optimal
path found by the conventional and our modified scheme, respectively.

Observe the difference in optimal path found by both schemes due
to the different stages in both algorithms. Specifically, our modified
DTW scheme does not allow unconstrained lengthening of the signal to
match the reference, avoiding (removing) individual steps in the path
that provoke such situation.

3.5. Evaluation measures

For the quantitative evaluation of the performance of the considered
schemes, in this context, root-mean-square (RMS) value is a commonly
used measure [7,17,23]; even when other measures are proposed to
gather information from ERPs [50], RMS is considered a main refer-
ence. Consequently, RMS is employed as main feature for evaluation of
the proposed scheme.
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Fig. 5. Illustration of the difference between the optimal path matching two speech sig-
nals of the same locution but with different timing using the conventional and modified
DTW schemes. Specifically, they are the samples ‘sm1_cln.wav’ and ‘sm2_cln.wav’, from
TIMIT [58], a standard dataset used for the evaluation of speech recognition systems.
Optimal path found using our modified DTW scheme is shown in dashed-black line,
and the result of the conventional DTW scheme [43] is drawn in solid-red line. Cosine
distance is employed to measure similarity between signal representations based on
spectrogram.

Root-mean-square (RMS) value between each average: conven-
tional, DTW-based and filtered DTW-based average, and a trial 𝑡, 𝑠𝑡[𝑛],
is calculated as follows:

𝑒∗𝑡 =

√

√

√

√
1
𝑁

𝑁
∑

𝑛=1

(

𝑠𝑡[𝑛] − 𝑟∗[𝑛]
)2 (4)

where the symbol ∗ is used to refer to conventional signals, when the
superscript becomes null, DTW-based signals, when ∗ = 𝑤, and filtered
DTW-based signals, when the superscript is 𝑓 .

Another evaluation criterion is considered: the maximum absolute
difference (it will be denoted MAD) [59,60]. This parameter is a
measure of the disparity, absolute difference, between each of the tree
considered average signals: 𝑟[𝑛], 𝑟𝑤[𝑛] and 𝑟𝑓 [𝑛] and a certain trial, 𝑠𝑡[𝑛].
It is given by the following expression:

MAD∗
𝑡 [𝑛] = 𝑚𝑎𝑥𝑛(𝑎𝑏𝑠(𝑠𝑡[𝑛] − 𝑟∗[𝑛])), (5)

Also, features of an ERP component will be used for a more com-
plete assessment [23,32].

We will observe the behaviour of P200 delay, peak and amplitude,
measured as suggested in [61] in the considered averaging schemes.
Intervals to search for peaks and troughs corresponding to N100 and
P200 components are defined as described in [32]. The behaviour of
these parameters will be analysed per scheme in terms of their mean,
standard deviation, coefficient of variation, 𝑉 = 𝑆𝑇𝐷

𝑀𝑒𝑎𝑛 [62], median,
25th quartile, 75th quartile, and maximum and minimum values.

4. Results and discussion

In this section, the behaviour and performance of the proposed
DTW-based averaging scheme are shown. Additionally, an illustration
of the usability of signal models built by the proposed scheme in a basic
classification scheme is drawn.

Note that figures and experimental results are shown for a wide
subset of the data available in dataset 1 [48], and a subset of the data
in dataset 2 [51]; the behaviour of the proposed DTW-based averaging
scheme holds for other pieces of data in the datasets analysed, but not
all the evaluations carried out are presented in this manuscript.
6

Fig. 6. Comparison between average ERP calculation methods: conventional average
(dashed-green), DTW-based average (dotted-blue) and filtered DTW-based average
(solid-red). Results are shown for EEG signals corresponding to channel 2 under the
spoken-tools modality-category in [48].

4.1. Behaviour and performance of proposed DTW-based averaging scheme

Different analyses are carried out to illustrate the performance of
the proposed DTW-based averaging scheme for EEG signals. For com-
parison purposes, average ERP obtained with: conventional average
(baseline), DTW-based average, and filtered DTW-based average will
be shown. These analyses are performed using dataset 1, described in
Section 3.1.

Channels shown in Fig. 1, for subject 02, have been considered
in the experiments shown to illustrate the behaviour of the proposed
scheme. Note that the objective is not to identify electrodes or differ-
ences in the signal or their specific shape at the electrodes, but to focus
on the behaviour of the proposed DTW-based averaging scheme.

A qualitative illustration of performance of the proposed scheme
is shown in Fig. 6: average ERP waveforms of channel 2 for the
spoken-tools samples obtained by using the three considered schemes
are compared: in dashed-green line, the conventional average ERP is
depicted, it shows clear amplitude attenuation with respect to the other
approaches (and, also, with respect to the individual waveforms), how-
ever the range of its spectral content remains unaltered with respect
to the original signals due to the linearity of the processing scheme;
in dotted-blue line, the DTW-based average ERP waveform is shown,
in this case, the signals display larger amplitude variations, and peaky
resemblance that reflect the presence of high frequency components
coming from the non-linear processing scheme, also note that averaging
numerous trials diminishes the importance of spurious deviations that
appear in each warped signal (see Fig. 2); finally, the outcome of the
filtered DTW-based average scheme is drawn in solid-red line, this sig-
nal mostly maintains the amplitude, and shape of the waveform of the
unfiltered version, but it is free from spurious frequency components.

Fig. 7 shows a different approach to illustrate the performance, and
differences between the considered averaging schemes; recall that most
other DTW based schemes do not allow simple signal averaging [31],
and are not meant to build signal models [16,25,26]. In this figure,
channel 14, corresponding to spoken modality and tools category [48]
has been considered. Average signals obtained by conventional aver-
age, DTW-based average and filtered DTW-based average are shown,
from top to bottom. In each case, the average signal across trials
is drawn within a shaded area that represents a separation of one
standard deviation measured at each sampling instant across all the
selected trials, with 𝜎, 𝜎𝑤 and 𝜎𝑓 standing for the standard deviations
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Fig. 7. Illustration of the average and sample-wise standard deviation of signal excerpts
with respect to their average across trials for conventional, DTW-based and filtered
DTW-based average, for channel 14. Data corresponds to spoken modality and tools
category [48]. Average signal (in red) is drawn within a shaded area that represents a
separation of one standard deviation measured (in light blue) at each sampling instant
across all the trials.

corresponding to conventional, DTW-based and filtered DTW-based
averages, respectively. Note that data normalization [17] was not
necessary in order to carry out the process described.

In Fig. 7, it can be observed that the standard deviation decreases
significantly when DTW-based average is employed, and also EEG
components seem more clearly defined; specifically, the component at
200 ms, that may be related to the processing of spoken language, is
more clearly distinguished. Note that the location of channel 14 is close
to the parietal area of the brain, where stimuli related to senses, in
addition to attention, are perceived and processed [63]. However, the
result in this case shows noisy resemblance because of undesired high
frequency artefacts introduced by the DTW stage. This issue disappears
when using the proposed filtered DTW-based averaging to keep the
frequency content of warped signals within the range of the original
ones (up to 30 Hz in our example), before performing the averaging
step. Note that, also, the magnitude of standard deviation is slightly
reduced with respect to the unfiltered version.

Observe that, in both DTW-based schemes, the standard deviation
is larger both at the beginning and at the end of excerpts. This can be
due to the constraints imposed by the DTW scheme, according to which
the minimum-cost path between the aligned signal and the reference
starts with the first sample in both signals, and concludes with the last
sample in both signals too, and the length constraint imposed by our
scheme to allow averaging. These constraints impair the performance
of our schemes near the edges of signal excerpts. Recall that other
DTW-based schemes need to impose other restrictions on the temporal
variable [20].

Now, in order to draw proper quantitative measures, and com-
parison on the performance of the proposed scheme, the samples
corresponding to each channel, modality and category will be split into
two even subsets: 1 and 2. One of them, 1, will be used to obtain
average signals (conventional: 𝑟[𝑛], DTW-based: 𝑟𝑤[𝑛] and filtered DTW-
based: 𝑟𝑓 [𝑛]), and the rest of trials, 𝑠𝑡[𝑛] ∈ 2, will be used to obtain

easures.
RMS values are obtained for the differences between each average,

[𝑛], 𝑟𝑤[𝑛] and 𝑟𝑓 [𝑛], obtained with the data in 1 and the trials 𝑠𝑡[𝑛]∈2
or the same channel, modality and category according to Eq. (4) and
he descriptions in Section 3.5.

A sample of the boxplots found are drawn in Fig. 8. In the boxplots,
he central red mark represents the median, and the upper and lower
7

f

Fig. 8. Boxplot representation of RMS (μV) of each trial in 2 with respect to
conventional, DTW-based, and filtered DTW-based averages for channel 41 (see Eq. (4)).
Data are shown for each modality and category of [48].

edges of each blue box draw the 75th and 25th percentiles, respectively.
The outer black lines are considered the most extreme values, while red
crosses represent outliers.

Observe the difference between the results obtained with conven-
tional average and the ones found with DTW-based and filtered DTW-
based averages: the median of RMS values corresponding to both
DTW-based schemes is notably smaller, which indicates better (lower)
error in the approximation of signals by using the corresponding DTW-
based averages. We consider that this is due to the diminishing of the
effect of jitter, and latency jitter attained by the DTW-based process
proposed. We think this allows a better construction of the represen-
tative average signal of the experiment carried out. Furthermore, the
width between the 25th and 75th percentiles is also consistently smaller
in the proposed DTW-based schemes.

Finally, it can be observed that RMS values of the proposed filtered
DTW-based averaging scheme are slightly smaller than the ones of the
DTW scheme, which should be expected due to the effect of filtering.
We consider that the representation attained by this method is a better
portrayal of the signals corresponding to each case of analysis. Note
that the behaviour described is found not only for the data shown in
Fig. 8, but for all the data analysed from [48].

Maximum absolute difference (MAD) [59,60] values, defined ac-
cording to Eq. (5) in Section 3.5, are obtained between the considered
average signals calculated with samples in 1, and the corresponding
trials in 2.

MAD values corresponding to channel 22 of EEG data from [48]
or each modality and category, and for the three averaging schemes
onsidered, are represented in Fig. 9 in boxplots.

Results show a behaviour similar to the one found for the RMS
easure. MAD median value in the DTW-based scheme is smaller than

n the conventional one, and even smaller in the case of the filtered
TW-based scheme. These results indicate that even the individual
rocessed samples are closer to their corresponding averages than the
riginal samples to their conventional average. Furthermore, recall that
e are considering the whole trials, including the pre-stimulus and tail,
here larger difference to the average is expected, as illustrated by
ig. 7.

Regarding the analysis of ERP components to assess the perfor-
ance of the proposed scheme, the criteria indicated in Section 3.5 are
ollowed. We have considered the P200 component related to auditory
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Fig. 9. Boxplot representation of MAD (μV) values for conventional average, DTW-
ased average, and filtered DTW-based average, for EEG signals of channel 22 in [48],
or each modality and category.

Table 1
Behaviour of the parameters of P200 component in channel 2 related to spoken stimuli
in [48] for the averaging schemes: conventional (Conv.), DTW-based, and filtered
DTW-based (F. DTW-based).

Delay (𝑠) Conv. DTW-based F. DTW-based

Mean 0,2172 0,2168 0,2142
STD 0,0010 0,0025 0,0015
V 0,0046 0,0115 0,0070
Median 0,2180 0,2180 0,2140
Q25 0,2160 0,2160 0,2140
Q75 0,2180 0,2180 0,2160
Max. 0,2180 0,2180 0,2160
Min. 0,2160 0,2100 0,2120

Peak (μV) Conv. DTW-based F. DTW-based
Mean 11,9588 17,1387 15,0694
STD 0,2351 0,5632 0,2464
V 0,0197 0,0329 0,0164
Median 11,9116 17,3266 15,0608
Q25 11,8235 16,5651 14,8958
Q75 12,1861 17,5198 15,2430
Max. 12,3899 17,8824 15,5116
Min. 11,6523 16,2106 14,7508

Amplitude (μV) Conv. DTW-based F. DTW-based
Mean 20,1847 30,1073 26,2166
STD 0,3800 0,7176 0,4611
V 0,0188 0,0238 0,0176
Median 20,2532 30,1730 26,1865
Q25 19,8003 29,5258 25,8140
Q75 20,4004 30,7161 26,6602
Max. 20,9124 30,9882 26,8685
Min. 19,6506 29,0947 25,5681

stimuli (spoken), and selected the data corresponding to channel 2
in [48], taking into account [61].

However, note that now the evaluation scheme is different, we will
observe the behaviour of measured P200 delay, peak and amplitude
obtained by using the three schemes considered. To this end, a k-
fold cross-validation scheme is employed building k=10 even folds, in
his scenario, one of them is left out whereas the remaining folds are
mployed at each evaluation step. After delay, peak and amplitude are
btained, their mean, standard deviation, coefficient of variation, 𝑉 ,

median, 25th and 75th quartiles, maximum and minimum values are
calculated for each averaging scheme. Data are shown in Table 1.

In Table 1, it can be observed that mean and median values of the
8

delay of P200 for the filtered DTW-based scheme under the evaluation m
Fig. 10. RMS (μV) comparison for channel 33, and for the written-modality, and
tools-category with various sampling rates: 𝐹𝑠 = 500 Hz, 𝐹𝑠 = 250 Hz and 𝐹𝑠 = 175 Hz.

framework exposed are a bit lower than in the conventional and DTW-
based ones: the difference is no larger than 3.5 ms in the experiments
carried out. This difference (or the reverse difference, when present)
should be due to the presence of some large peaks at high (low)
delay values that are filtered out before averaging in the filtered DTW-
based scheme, while they remain in the other two schemes. Also note
that although the coefficient of variation V is larger in the DTW-
based schemes, specially in the unfiltered case, its value remains very
low [62].

Regarding the peak and amplitude measures, both DTW-based
schemes (unfiltered and filtered) show larger values than the conven-
tional one. The median (and mean) value of P200 peak and amplitude
for the (unfiltered) DTW-based scheme is 45.46% (43.31%) and 48.98%
(49.16%) larger than with the conventional scenario, respectively.
Nevertheless, roughness considerations should be taken into account
that advice against its utilization, as previously described (see Fig. 7).

In the case of the filtered DTW-based scheme, median and mean val-
ues of both 𝑃 200 peak and amplitude are also larger than with the con-
ventional scenario, though smaller than in the unfiltered DTW-based
case, as expected. Specifically, P200 median (and mean) peak and
amplitude are 26.44% (26.01%) and 29.30% (29.88%) larger, respec-
tively, with the filtered DTW-based scheme than with the conventional
averaging method; additionally, in this case, roughness considerations
should favour the choice of the filtered DTW-based scheme versus the
others to define the pattern of selected components.

Also, observe that the coefficient of variation of peak and amplitude
measures remains low in the DTW-based schemes. Moreover, in the
case of the filtered DTW-based scheme, V becomes even smaller than in
the conventional scenario, which is an indicator of smaller variability
in the data [62].

Finally, sensitivity to sampling rate has also been considered. To
illustrate the behaviour found, RMS for channel 33 in [48] for the
written-tools scenario, and three diverse sampling rates is shown in
Fig. 10. Note that in this case, the whole data available of the selected
modality-category are employed to obtain the results shown. Resam-
pling was carried out by using Fieldtrip Toolbox [56]. In addition to
the original sampling rate: 𝐹𝑠 = 500 Hz, the following sampling rates
re considered in this new boxplot: 𝐹𝑠 = 250 Hz and 𝐹𝑠 = 175 Hz.

It must be observed that the trend of the behaviour of RMS is
he same for the three considered schemes at the different sampling
ates. This behaviour holds for other channels and cases in the dataset
mployed for evaluation, which seems to verify that variations in
ampling rate will not alter the behaviour of the proposed scheme.

.2. Classification example

Dataset 2, described in Section 3.2, is used to illustrate the utiliza-
ion of the exposed DTW-based averaging scheme in a classification
ask; the channel located 2 cm frontal of C3, is employed (Section 3.2).
onventional averaging is employed as baseline; to this end, signal
odels obtained by using these two schemes are obtained for the four
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Fig. 11. Comparison between averages, signal models, and corresponding sample-wise
standard deviation of signal excerpts obtained by using conventional average (dashed-
green line, and green-shaded area surrounded by thin dashed-green line), and filtered
DTW-based average (solid-red line, and red-shaded area surrounded by thin red line),
for the healthy, figures: (a) and (b), and ALS subjects, figures: (c) and (d), and tasks
Up and Down, left: and right figures, respectively.

classes available in the dataset. In Fig. 11, these signal models are
drawn using a representation like the one used in Fig. 7.

Observe that signal models obtained by using the filtered DTW-
based averaging scheme exhibit sharper peaks and troughs than signals
obtained by conventional averaging, which means that the flattening
effect of averaging has been indeed diminished, and also the sample-
by-sample dispersion of the processed signals with respect to their
average is significantly smaller. All this happens in spite of the fact that
the number of trials available is significantly smaller than previously.
Nevertheless, the salience of peaks and valleys in the filtered DTW-
based signals, with respect to the conventional average, is not as high
as previously (see Fig. 6; the reason for this can be found in the
significantly smaller number of trials available in the current scenario:
a large number of trials would benefit the performance of the procedure
proposed.

Now, among the diverse scenarios and choices that can be consid-
ered, a simple classification task and scheme are selected: classification
between Up and Down tasks for the healthy and ALS cases, on the basis
of RMS of the difference between the EEG signals and the corresponding
signal models. This choice is consistent with the findings shown earlier
in Section 4. SVM classifier with linear kernel, using one-versus-one
multi-class classification strategy, and 5-fold cross-validation is used to
perform the classification of every trial into one of the four classes:
Health-Up, Health-Down, ALS-up and ALS-down. The RMS of the dif-
ference between input signals, and signal models of each class obtained
by filtered DTW-based/conventional averaging, see Eq. (4), is used to
build a simple 4-dimensional feature vector for classification. With all
this, the accuracy attained in this task is drawn in Table 2.

Note that in spite of the obvious similarities between the signals,
specially in the ALS patient case, as shown in Fig. 11, the simplicity
of the characterization scheme used, and the limited number of sam-
ples (after artefact removal stage, split of data into four classes for
classification, and strict separation between training and test data in
our cross-validation scheme, only 67 trials were available in the less
populated class, see Section 3.3), the proposed scheme allows slight
9

Table 2
Average accuracy of linear SVM classification scheme using RMS of the difference
between test signals and signal models of the different classes as features.

Averaging model

F. DTW-based Conventional

Average accuracy (%) 59.52 58.30

Fig. 12. Sample confusion matrix: multi-class linear SVM classifier using RMS of the
difference between signals, and filtered DTW-based average signal models as features.

consistent improvement of classification accuracy in the evaluations
performed. Fig. 12 illustrates this behaviour by means of a confusion
matrix; this allows to observe the difficulties in the classification be-
tween Up and Down classes in both the Health and, specially, ALS cases;
this is the same trend observed when conventional average is employed
(the distribution of the confusion matrix is similar, with worse perfor-
mance regarding the distinction between ALS cases), though scores are
lower, which, taking into account the classification scheme employed,
implies that signal models corresponding to different classes obtained
by using the proposed scheme are more different from each other than
those obtained by using conventional averaging.

It must be taken into account that, in order to perform a fair
comparison, training and test samples needed to be fully separated;
this means that test samples were neither part of the data subset used
to build the signal models per class nor part of the data subset used,
afterward, to train the classification scheme.

5. Conclusion

In this paper, a new scheme for trial averaging in the context of
ERP signal analysis is proposed. This scheme is also based on aver-
aging, though it relies on the utilization of a modified version of the
well-known DTW algorithm, and the application of a filtering step to
adequate warped signals to the frequency range where they should be.

The evidence provided on the behaviour of the proposed scheme
suggests that it should be considered as a possible alternative to con-
ventional averaging for lessening the influence of jitter and latency
jitter, and, consequently, for the extraction of parameters for BCI or
the evaluation of neurological conditions.

Nevertheless, further analyses could find trends in the behaviour of
the proposed scheme, not only regarding the sampling frequency, but
also about the importance of the number of trials, influence of the non-
linearity of the processing scheme, performance at the edges of signal
excerpts or the gain in peak and amplitude values of ERP waves.

Finally, recall that experiments carried out were aimed at evaluating
the performance of the proposed filtered DTW-based averaging scheme;
the specific analysis of brain behaviour is out of the scope of this work,
unlike the signal processing perspective.
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