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Abstract—Effective smoothing of electroencephalogram (EEG)
signals while maintaining the original signal’s features is impor-
tant in EEG signal analysis and brain-computer interface (BCI).
This paper proposes a novel EEG signal smoothing algorithm
and its potential application in cognitive conflict processing.
Instead of being processed in the time domain, the input signal
is visualized in an increasing line width, the representation
frame of which is converted into a binary image. An effective
thinning algorithm is then employed to obtain a unit width
skeleton as the smoothed signal. Experimental results on data
fitting have verified the effectiveness of the proposed approach
on different levels of signal to noise (SNR) ratio, especially on
high noise levels (SNR ≤ 5 dB), where our fitting error is only
86.4%-90.4% compared to that of its best counterpart. The
potential application of the proposed algorithm in EEG-based
cognitive conflict processing is comprehensively evaluated in a
classification and a visual inspection task. The employment of
the proposed approach for data pre-processing has significantly
boosted the classification performance of EEGNet on a cognitive
conflict dataset, the improvement of which can go up to 4.54%
and 5.36%, in terms of Accuracy and F1-score in some cross-
validation folds. The robustness of our algorithm is also evaluated
via a visual inspection task, where specific cognitive conflict
peaks, i.e. the prediction error negativity (PEN) and error-related
positive potential (Pe), can be easily observed at multiple levels
of line-width, while the noisy ones are eliminated.

Index Terms—electroencephalogram (EEG), signal processing,
cognitive conflict, error negativity (PEN), error-related positive
potential (Pe), smoothing filter, skeletonization, thinning.

I. INTRODUCTION

SMOOTHING filters are of importance in many fields
of engineering and science [1], [2], including computer

vision [3], signal processing [4], or time series analysis [1],
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[5]–[8]. In EEG signal processing, numerous smoothing ap-
proaches have been developed to filter out the signal noise and
artefacts while preserving the original signal properties, such
as the Savitzky-Golay (SG) [9], the moving average (MA), and
the median filter (MF). The effectiveness of SG when dealing
with high temporal variability of brain signal has been reported
in [5], [10] where the application of the smoothing filter can
boost the performance of a multi-class classification system
to a level of practical ability. Beside SG, MA is another com-
monly used smoothing filter to optimize the performance of
EEG-based classification/recognition models [11] in emotion
recognition [6] or seizure detection [7] applications. Likewise,
MF is also a popular algorithm in EEG signal analysis, the
usefulness of which has been evaluated in EEG-based syllable
classification [12] and BCI controlled robots [13].

While conducting our previous study [14], [15] on EEG
peak detection in cognitive conflict processing, it has come
to our attention that a ”zoom in” process is required when
a neurologist visually inspecting signal epochs for peak la-
belling. This ”zoom in” process can be imitated in graphical
visualization by representing signals in higher line width
levels. The information can then be compressed to a unit line
width using some effective computer vision algorithms, where
the topological and geometric properties of the input can be
maintained.

Being inspired by this observation, we propose in this
paper a novel EEG signal smoothing algorithm to investigate
the feasibility of signal analysis from the computer vision
perspective. Here, the implementation of a thinning algorithm
in a multi-scale representation is proposed. This multi-scale
representation framework is developed where a smoothed
version of the input EEG signal with noise at different
levels is obtained via plotting the signal at increased line
width (upscale), converting the plot to a binary image, then
skeletonizing the object (downscale). The resulting data is then
projected back to the input signal to evaluate the correlation
between the input and the smoothed signal. Comprehensive
experiments on artificial and real EEG data are conducted to
verify the effectiveness of the proposed approach against the
conventional smoothing filters. The major contributions of this
paper are as follows:

• A novel idea of applying a thinning approach from com-
puter vision for development of an EEG signal smoothing
technique.

• An upscale and downscale representation framework for
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EEG signal smoothing.
• Comprehensive experiments on data fitting, signal clas-

sification, and visual inspection tasks for performance
evaluation of the proposed approach among some con-
ventional smoothing filters.

The rest of the paper is organized as follows: The idea
of implementing a thinning algorithm in a Upscale and

Downscale Representation (UDR) for signal smoothing is
proposed in Section II. Experimental results and discussion
are respectively presented in Sections III and IV. Finally, the
conclusion is drawn in Section V.

II. METHODOLOGY

A. Overview on Thinning Algorithms

”Thinning” or ”skeletonization” is a data compression pro-
cess via recursively eliminating boundary pixels of an object
to obtain a unit width skeleton [16], while preserving the
topological and geometric features of the input [17]. Based
on the processing modes or development principles, thinning
algorithms can be classified into different categories, either
sequential and parallel processing in the former [16], or kernel
based iterative, structured iterative algorithms, and distance
transform in the latter [18].

Due to their effectiveness and compactness in pattern rep-
resentation, many thinning algorithms have been developed
and widely implemented in computer vision [19]–[21] and
medical engineering [22]–[24]. For instance, a morphology-
based thinning algorithm [25] is employed in [19] for deform-
able linear object detection. The implementation of a fully
convolutional network for multi-scale skeleton extraction has
been confirmed to be effective in handwritten character recog-
nition [20]. Recently, a biologically-aware skeleton generation
method has been proposed for neural reconstruction [22], the
effectiveness of which can be further extended into medical
imaging applications, such as blood vessel representation [24].

Among those applications, the thinning algorithm proposed
by Zhang and Suen [26] is widely used, and referred to as one
of the most commonly cited algorithms [27]. Beside this well-
known algorithm that has been implemented in OpenCV, there
are other popular approaches with MATLAB implementations,
including the medial surface/axis based [28], [29] the heuristic-
based [30], and the centerline extraction [31] algorithms. In
this work, the MATLAB implementation of the medial axis
based [28], [29] algorithm, the bwskel function, is employed in
the proposed upscale and downscale representation framework.

B. Upscale and Downscale Representation

Let W , TW be respectively the line width of the plotted
signal, and the line width threshold. Given an input signal x
with corresponding power Px, if x is distorted by a white
Gaussian noise n at power Pn, the SNR is defined as:

SNR =
Px

Pn
. (1)

The contaminated signal is first graphically visualized with
the initial line width W , the plot of which is then converted
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Fig. 1: Processing pipeline of the proposed signal smoothing
algorithm using upscale and downscale representation.

into a binary image. A thinning algorithm is employed to
skeletonize the graph to an 1-pixel curve. Eventually, the
skeleton is projected back to the original signal where the
correlation between the skeleton and the input is calculated
to evaluate the smoothness of the processed signal. At each
noise level, the line width W is continuously increased until
a stopping condition is met. The best value for W can be
obtained at the point where the correlation is maximized. The
pipeline of the process is illustrated in Fig. 1.

Figure 2 demonstrates the implementation of the proposed
framework on a synthetic signal under the effect of a white
Gaussian noise, the level of which is SNR = 5 dB. The signal
is defined as:

x1(t) = 0.5 cos(πt) + 1.5 cos(4πt) + 4 cos(5πt). (2)

The binary image of the plotted signal at different line width
levels, i.e. W = 1, W = 5, W = 40, is then generated, where
the signal is represented in white on a black background. It is
significant to see that the smoothness of the object boundary
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Fig. 2: Demonstration of the UDR framework.

is increased at a higher level of the line width. In this instance,
the correlation between the smoothed signal and the input
signal can be visually verified, where the best fit is reached at
W = 5.

C. Dataset and Evaluation Metrics

1) Artificial Data: To evaluate the effectiveness of the pro-
posed algorithm in noise removal, a multi-component signal
dataset is generated, each sample is defined as

y(t) = x(t) + n(t), (3)
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where n(t) is white Gaussian noise at SNR of 1, 5, 10, and 15
dB, and x(t) is synthetic signal as described in [32]. The first
artificial signal component has been described in Eq. (2), the
remaining ones are as follows:

component 2:

x2(t) = 0.7 cos(πt) + 2.1 cos(4πt) + 5.6 cos(5πt), (4)

component 3:

x3(t) = 1.5 cos(2πt) + 4 cos(8πt), (5)

component 4:

x4(t) = 1.5 cos(πt) + 4 cos(4πt), (6)

component 5:

x5(t) = 0.5 cos(πt)+1.5 cos(2πt)+0.8 cos(3πt)+3.5 cos(5πt),
(7)

component 6:

x6(t) = 4.5 cos(3πt) + 2.2 cos(5πt), (8)

component 7:

x7(t) = 0.8 cos(πt) + cos(3πt) + 3 cos(5πt). (9)

Those seven signal components are then concatenated in dif-
ferent orders with random duration between 2.75 and 4 s, 100
of which are randomly selected and denoted as concatenated
signal for testing. As EEG signals consists of different waves
represented at different amplitudes and frequencies such as
Delta (≤ 3Hz), Theta (3.5− 7.5Hz), and Alpha (7.5− 13Hz),
this arrangement assures the representation of important char-
acteristics of real EEG signal in the simulated ones [33].

2) EEG Data: To assess the performance of UDR in the
classification and visual inspection tasks of real-EEG signal,
the cognitive conflict data (CC) from a 3D object selection
experiment [34], [35] is employed. Cognitive conflict is a hu-
man brain reaction when a discrepancy between the prediction
and the actual experience of an on-going action is observed.
As concluded in [34], when a cognitive conflict occurs, a PEN
and a Pe can be evoked in the time window from 50 to 150
ms, and from 250 to 350 ms, respectively.

In the classification task, raw EEG data of dimension 62
channels × 1200 datapoints × 3532 epochs are is utilized,
where the samples of conflict and non-conflict classes are
equal. A well-known deep learning model, the EEGNet [36], is
employed to evaluate the impact of UDR in the classification
task. The training of EEGNet is conducted with the following
parameters: the learning rate is set at 1e − 3 and optimized
by Stochastic Gradient Descent [37]. The maximum number
of epochs is set as 100 for convergence assurance. The
performance of the model with and without the smoothing
filter is verified via a k-fold cross validation. Here, k is
selected as 10 as suggested in [38].

In the visual inspection task, the inspected signal went
through a 0.5 Hz high-pass, a 50 Hz low-pass finite impulse

response filter, then was being down-sampled to 500 Hz.
Independent component analysis [39] was applied for artefact
elimination, including eye movement or muscle activity. A
trial from the FCZ channel is then selected to demonstrate the
change of waveform under the impact of comparative filters at
different levels of frame length (SG), span (MA), order (MF),
or linewidth (UDR).

3) Evaluation Metrics: In the experiment with the artificial
data, the correlation between the smoothed signal s(t) and the
input signal x(t) is evaluated via the Root Mean Square Error
(RMSE) as

RMSE =

√∑N
i=1(x(i)− s(i))2

N
, (10)

where N is the number of data points in the observed interval.
For each synthetic signal x(t) at a particular noise level, 100

synthetic series are generated by adding random noise to the
input. The RMSE between the smoothed signal s(t) resulted by
a smoothing filter and the input x(t) is then calculated as per
Eq. 10 to evaluate the performance of the proposed approach
against comparative algorithms.

In the experiment with the EEG signal for cognitive conflict
processing, the Accuracy (Acc), F1-score, Precision (Pr),
Recall (Rc) are applied to evaluate the performance of a well-
known classification model, the EEGNet, in a classification
task. Let TP, TN, FP and FN be the true positive, true
negative, false positive, and false negative. The Precision,
Recall, Accuracy and F1 score are calculated as:

Pr =
TP

TP + FP
, (11)

Rc =
TP

TP + FN
, (12)

Acc =
TP + TN

TP + TN + FP + FN
, (13)

F1 =
2× Pr × Rc

Pr + Rc
. (14)

III. RESULTS

A. Experiments on Artificial Data

1) Comparative Algorithms: In this section, the perfor-
mance of the proposed algorithm on the generated dataset is
compared with some conventional smoothing filters such as:
the moving average filter, the Savitzki-Golay filter, and the
median filter [40]. As suggested in [41], those filters and their
relatives employed in this experiment are as follows: a moving
average filter with span of 5 (MA5) and span of 15 (MA15), a
Savitzki-Golay filter using a second-degree polynomial (SG2)
with span of 5, and a 9th-order median filter (MF).

2) Results on Artificial Data: The performance of the
proposed approach (UDR) and that of comparative algorithms
on a test sample of the concatenated signal is visualized in Fig.
3. The corresponding quantitative results are reported in Table
I. The performance of UDR and comparative algorithms on all
test cases are shown in Table II. Notably, UDR returns the best
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Fig. 3: Smoothing results of comparative algorithms on a concatenated signal sample at SNR = 1 dB:
(a) MA5, (b) MA15, (c) SG2, (d) MF, and (f) UDR.

TABLE I: RMSE OF COMPARATIVE ALGORITHMS ON
A TEST SAMPLE

Signal SNR MA5 MA15 SG2 MF UDR
Concatenated 1 1.2256 0.7964 1.9028 1.1041 0.7045

RMSE in 31 of 32 test cases. On seven component signals with
SNR=1dB, UDR outperforms other smoothing algorithms.
Indeed, the difference between UDR and the second-best filter
is from 7.92% to 14.39%. At another high noise level (SNR =

5dB), the result remains confirming the ability of UDR when
dealing with very noisy signal (SNR ≤ 5dB). At this SNR, the
out-performance of UDR is even more significant when RMSE
of this smoothing algorithm is from 8.13% to 16.31% better
than the second-best ones in seven component signals. At SNR
= 10dB, the performance difference between UDR and the
comparative algorithms is decreased, although RMSE returned
by UDR is still the best. At a lower noise level, i.e. SNR
= 15dB, UDR keeps the best performance except on signal
component 3. In contrast to the results at SNR = 15dB of
other component signals (i.e. 1, 2, 4, 5, 6, 7), the performance
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TABLE II: AVERAGE RMSE OF COMPARATIVE
ALGORITHMS ON TEST SIGNALS

Signals SNR MA5 MA15 SG2 MF UDR

Component 1

1 1.2276 0.7893 1.9067 1.1167 0.6794
5 0.7781 0.5667 1.2013 0.7019 0.4575

10 0.4500 0.4333 0.67655 0.3967 0.2862
15 0.2715 0.3817 0.3801 0.2250 0.1839

Component 2

1 1.7194 1.1047 2.6710 1.5568 0.9608
5 1.0940 0.7975 1.68646 0.9900 0.6427

10 0.6305 0.6068 0.9470 0.5570 0.3988
15 0.3809 0.5341 0.5335 0.3155 0.2583

Component 3

1 1.2185 0.8661 1.8838 1.1028 0.7296
5 0.7766 0.6757 1.1857 0.6968 0.5126

10 0.4562 0.5713 0.6668 0.3925 0.3342
15 0.2879 0.5331 0.3752 0.2246 0.2287

Component 4

1 1.2209 0.7581 1.8978 1.1094 0.6630
5 0.7745 0.5235 1.1974 0.7030 0.4459

10 0.4429 0.3758 0.6724 0.3946 0.2761
15 0.2617 0.3149 0.3781 0.2226 0.1780

Component 5

1 1.1357 0.7278 1.7596 1.0338 0.6327
5 0.7190 0.5175 1.1087 0.6499 0.4270

10 0.4145 0.3906 0.6230 0.3650 0.2701
15 0.2510 0.3412 0.3514 0.2068 0.1756

Component 6

1 1.4330 0.8830 2.2267 1.3075 0.7809
5 0.9069 0.6047 1.4034 0.8201 0.5234

10 0.5175 0.4272 0.7887 0.4618 0.3258
15 0.3064 0.3550 0.4437 0.2609 0.2109

Component 7

1 0.9372 0.5986 1.4539 0.8518 0.5194
5 0.5954 0.4308 0.9167 0.5374 0.3487

10 0.3431 0.3260 0.5156 0.3027 0.2206
15 0.2064 0.2846 0.2893 0.1709 0.1414

Concatenated

1 1.2747 0.8162 1.9776 1.1571 0.7380
5 0.8093 0.5852 1.2497 0.7315 0.5057

10 0.4643 0.4427 0.7027 0.4128 0.3324
15 0.3431 0.3260 0.5156 0.3027 0.2206

of UDR on signal component 3 is not that good when it is
ranked the second-best. Compared with the best filter in this
case (MF), the RMSE difference of the proposed algorithm is
only 0.41%. The difference between test cases generated from
signal component 3 and that of the remaining signals is the
frequency. As the size of the plotting figure remains unchanged
in this experiment, the performance of UDR on signals with
shorter wavelengths could be significantly impacted.

The results on concatenated signals, which consists of a
longer duration and a more complicated waveform, have also
emphasized the out-performance of UDR. In contrast to its
counterparts, UDR returned the best RMSE at all SNR levels.
Compared with the second-best filter on this test, the level of
fit of the signal processed by UDR is 7.82% to 8.21% better.

B. Experiments on EEG Data

The 10-fold cross validation results of EEGNet, with and
without UDR, are visualized in Fig. 4. As represented in Fig.
4, the Accuracy and F1-score of EEGNet on the CC dataset
pre-processed by UDR is better than that on the raw one on at
least 60% of the folds. Notably, the performance of EEGNet
on the data smoothed by UDR is more stable, confirmed by
lower standard deviation values of Acc (0.0174) and F1-score
(0.0192). Those values measured on non-smoothed data are

TABLE III: PERFORMANCE OF EEGNET ON CC
UNDER THE IMPACT OF SMOOTHING FILTERS.

Acc F1-score Pr Rc
w/o filter 0.8055 0.7981 0.8344 0.8069

MA5 0.8058 0.8010 0.8261 0.8239
MA15 0.8100 0.8052 0.8339 0.8194
SG2 0.8055 0.8006 0.8259 0.8268
MF 0.8047 0.8013 0.8206 0.8245

UDR 0.8132 0.8080 0.8410 0.8138

TABLE IV: PROCESSING TIME OF COMPARATIVE
ALGORITHMS

Signal Algorithms Duration
(ms)

Sampling
rate (Hz)

Processing
time (ms)

Component

MA5

1000 1000

0.1240
MA15 0.0960
SG2 1.1030
MF 0.2590

UDR 240.6892

Concatenated

MA5

2499.8 25005

0.2120
MA15 0.2070
SG2 1.4120
MF 2.0080

UDR 404.6980

EEG

MA5

1496 1200

0.1130
MA15 0.0700
SG2 0.2050
MF 2.9670

UDR 188.096

respectively 0.0180 and 0.0212. In a pair-to-pair comparison
in terms of Acc and F1-score values in each fold, the per-
formance improvement of EEGNet can go up to 4.54% and
5.36% when UDR is involved.

The average results on 10-fold cross validation are reported
in Table III. In a comparison with the comparative algorithms,
the employment of UDR has shown the best performance
boost to the classification effectiveness of EEGNet, i.e. almost
1% in terms of Acc and F1-score, respectively. On another
note, except UDR, none among comparative algorithms has
shown the improvement on both Pr and Rc compared to the
performance of EEGNet without filters.

The filter impact at different levels of frame length, span,
order, or line width is illustrated in Fig. 5, where a PEN and
a Pe are evoked within the [50, 150] ms, and [250, 350]
ms, respectively. This demonstration shows the potential of
UDR in the visual inspection task where the amplitude and
location of significant peaks are maintained, even at higher line
width. On the other hand, the waveform of the input signal is
significantly flattened at higher order (MF) or span (MA), not
to mention the location shift of the significant peaks. Those
changes, although less severe than that of MA and MF, can
also be observed in the results of SG2 at higher frame length
values. The results demonstrated in Fig. 5 have emphasized the
effectiveness of UDR in visual inspection, where maintaining
the geometric properties of analyzed signals is important for
correct peak labelling/anotation.

The processing time of UDR and comparative filters on dif-
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Fig. 4: 10-fold cross evaluation results of EEGNet, with and without UDR.
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Fig. 5: Change of waveform under the impact of comparative filters at different spans.
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Fig. 6: Impact of signal frequencies on the proposed approach:
(a) low frequency signal (component 4), (b) high frequency signal (component 3).

ferent signals is reported in Table IV. Despite the effectiveness
of UDR in signal smoothing, an enhancement in terms of
computational efficiency should be addressed in our future
work. Among two main phases of UDR, i.e. visualization
and thinning, the former is more computationally expensive,

especially at higher levels of line width. The processing time
of a non-optimized version of UDR on a sample of the
concatenated signal and an epoch of the CC dataset is about
0.4 s and 0.19 s, respectively. The training and testing time
of EEGNet on CC dataset is respectively 400 s and 0.365 s
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for each fold. This experiment was performed on an Intel(R)
Core(TM) i9-10900 CPU @ 2.80GHz with 64GB RAM and
GPU NVIDIA GeForce GTX 3090.

IV. DISCUSSION

In this experiment, a fix parameter set is employed for
UDR, i.e. line width = 10, pruning threshold = 120. Although
the parameters have yet to be optimized, RMSE values of
UDR in even the worst cases (test samples of signal 3) are
still lower than 1, confirming the effectiveness of UDR in
signal smoothing. Significantly, none of the comparative
algorithms maintains this record on all test cases.

The performance difference of UDR on dissimilar
wavelengths is represented in Fig. 6(a) and Fig. 6(b) on a test
sample of signal 4 and signal 3 at SNR = 1dB, respectively.
Notably, UDR is more sensitive to shorter wavelength
signals due to the fixed size of the plotting figure. This
matter can be resolved by either increasing the width of
the plotting figure or representing the signal in segments in
multiple plotting figures then merging the immediate results
to obtain the final skeleton. The criteria and development
steps of this enhancement will be addressed in our future work.

V. CONCLUSION

This work has proposed a novel EEG signal smoothing
algorithm using an upscale and downscale representation
framework. An effective thinning algorithm is employed to
approximate the binary image of the signal, plotted at different
line width levels, as a unit width skeleton. Compared with
other conventional smoothing filters on a synthetic dataset,
UDR has demonstrated the ability in signal approximation,
especially at very noisy signal, i.e. SNR = 1 dB. This
merit stems from the adaptation of a vision-based thinning
algorithm, where the topological and geometrical features of
the signal curve are preserved. The application possibility
of UDR in terms of EEG signal classification and visual
inspection has also been comprehensively evaluated on EEG
data obtained from a 3D object selection task. Experimental
results have verified the effectiveness of UDR when dealing
with low SNR signals such as EEG [42], leading to potential
application in EEG signal processing and BCI development.
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