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Abstract
The analysis of extraocular muscles’ activation is crucial for understanding eye movement pat-
terns, providing insights into oculomotor control, and contributing to advancements in fields
such as vision research, neurology, and biomedical engineering. Ten subjects went through
the experiments, including normal watching, blinking, upward and downward movements of
eyes, and eye movements to the left and right while their electromyogram (EMG) signals were
recorded. We analyzed the complexity of recorded EMG signals using fractal theory, sample
entropy, and approximate entropy (ApEn). The results showed that the techniques are able
to decode the changes in the complexity of EMG signals between different eye movements. In
other words, we can use these methods to study extraocular muscle activations in different
conditions.

Keywords : Extraocular Muscles Activations; Electromyogram (EMG) Signals; Fractal Theory;
Sample Entropy; Approximate Entropy; Complexity.

1. INTRODUCTION

The analysis of extraocular muscle activations plays
a pivotal role in understanding the intricate mecha-
nisms governing eye movements and visual percep-
tion. These muscles are responsible for precise con-
trol of gaze, and their activations provide crucial
insights into oculomotor coordination, motor plan-
ning, and the neural processes underlying visual
attention. Such analyses are essential for unravel-
ing the complexities of ocular motor control and
can contribute to the diagnosis and treatment of
various oculomotor disorders. Moreover, decoding
extraocular muscle activations has broader impli-
cations, extending to the development of advanced
assistive technologies, human–computer interaction
interfaces, and personalized interventions for indi-
viduals with motor disabilities. By shedding light
on the nuanced patterns of muscle activations, this
analysis enhances our overall comprehension of the
sophisticated interplay between the nervous system
and ocular movements, fostering advancements in
both clinical and technological realms.

In this paper, we analyze electromyogram (EMG)
signals to decode the variations in the activity of
extraocular muscles. Scientists have analyzed EMG
signals in various conditions. We can mention the
reported studies that studied EMG signals due to
stimulation,1 during movements,2 and for diagnosis
of diseases.3

Based on the literature, researchers have
used different techniques (e.g. different types of
entropy,4,5 feature extraction,6 wavelet transform,7

and machine learning8,9) to study the changes in
EMG signals.

Since EMG signals are complex, we employ frac-
tal theory. Fractal theory, a branch of mathematics
and geometry, explores the concept of self-similarity
and irregularity within complex structures.10 Intro-
duced by Benôıt Mandelbrot, this theory provides a
powerful framework for characterizing patterns that
exhibit intricate details at various scales. In the
context of signal processing, including biomedical
signals, fractal theory offers a unique approach to
quantifying the complexity and irregularity inher-
ent in such dynamic data. By employing fractal
dimensions and related measures, researchers gain
valuable insights into the underlying structures of
signals, contributing to a deeper understanding of
their complexity and aiding in the development
of analytical tools for diverse applications, rang-
ing from image analysis to the study of physiologi-
cal signals. The works that employed fractal theory
for analyzing the complexity of various biomedical
time series and images such as EEG signals,11,12

DNA random walk,13 eye movements,14,15 and X-
ray images16 can be mentioned. We can also call
the application of fractal theory in investing EMG
signals in various conditions, such as response to
external stimuli,17,18 body movements,19 and due
to fatigue.20

Approximate entropy (ApEn) is a statistical mea-
sure used in signal processing and time series anal-
ysis to quantify the complexity or irregularity of a
sequence of data.21 It was introduced as a method
to assess the unpredictability or randomness within
a dataset. ApEn calculates the likelihood that sim-
ilar patterns of data points will remain similar as
additional points are included in the sequence.
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In simpler terms, it helps capture the irregularity
and complexity of a signal by measuring the con-
sistency of patterns within the data. Commonly
employed in fields such as biomedical signal pro-
cessing and neuroscience, ApEn plays a crucial role
in revealing the intricate dynamics of physiologi-
cal signals, including those derived from ECG,22

EEG,23,24 EMG25 recordings.
In this research, we also choose sample entropy.

Sample entropy is independent of data length, and
a greater sample entropy indicates greater com-
plexity.26 Sample entropy is used widely in study-
ing biomedical signals such as EEG,27,28 eye move-
ments,29 and R–R time series.30,31 We can also call
the application of sample theory in investigating
EMG signals in various conditions.32,33

Therefore, we analyze the changes in the com-
plexity of EMG signals to discuss the changes in
the extraocular muscles’ activation due to different
eye movements.

In the subsequent sections, we present the ana-
lytical methodology employed in this study. Sub-
sequently, we detail the database used and outline
the steps undertaken in the analysis. Following this,
we present and discuss the results of our analysis,
while also highlighting potential avenues for future
research.

2. METHOD

We would like to study the changes in ocular myo-
electric activations. Specifically, the effect of no
movement (fixation in the center), blinking, Right,
Left, Up, and Down movement on the complexity
of signals are examined. We used three methods to
quantify the complexity.

The box-counting method was chosen for the cal-
culation of the fractal exponent. Each EMG signals
is covered with same-size (ε) boxes. Then, the num-
ber of these boxes (N) is counted by the algorithm.
This process is repeated in several steps by chang-
ing ε. Finally, the following equation calculates the
fractal dimension34:

FD = lim
ε→0

log N(ε)
log 1

ε

. (1)

The general form of Eq. (1) can be written as

FDc = lim
ε→0

1
c − 1

log
∑N

i=1 pc
i

log ε
, (2)

where pI indicates the probability

pI = lim
T→∞

ti
T

, (3)

where tI and T stand for the number of occurrences
in the ith bin, and the total duration of the signal.

ApEn has been chosen in this research to quantify
the irregularity. A bigger value of ApEn indicates
greater complexity in the signal. Therefore, in this
way, we will validate the fractal analysis results. For
a time series, (b(1), b(2), b(3), . . . , b(N)), a vector is
formulated as

a(i) = [b(i), b(i + 1), . . . , b(i + m − 1)], (4)

where m and r, respectively, indicate the embedding
dimension and the tolerance.

Cm
i (r) is written as:

Cm
i (r) =

number of a (j) such that
d[a(i), a(j) ≤ r]

N − m + 1
. (5)

The difference among the vectors (d) is defined as

d[a, a] = maxc|b(c) − b∗(c)|, (6)

where b(c) are m scalar components of b. By averag-
ing Cm

i (r) using Eq. (7), ApEn is defined (Eq. (8)).

φm(r) =
∑N−m+1

i=1 log(Cm
i (r))

N − m + 1
, (7)

ApEn = φm(r) − φm+1(r). (8)

Sample entropy also has been chosen in this
research to quantify the complexity. Considering
(b(1), b(2), . . . , b(n)) as a time series, the sample
entropy is calculated using the following equation:

SampleEntropy(h, r, n) = −log
X

Y
(9)

Embedding dimension and tolerance are denoted by
h and r, respectively.

X and Y are defined as the number of tem-
plate vector pairs with the condition in the following
equations:

d[fh+1(i)fh+1(j)] < r, (10)

d[fh(i)fh(j)] < r, (11)

where fh(i) is formulated as

fh(i) = {b(i), b(i + 1), . . . , b(i + h − 1)}. (12)

Therefore, we qualify the complexity of EMG sig-
nals, and then discuss their variations between dif-
ferent conditions.
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2.1. Database and Analysis

We employed the dataset by Asanza et al.35,36 Ten
subjects participated in their study and performed
10 pseudo-random repetitions of different eye move-
ments (tasks), including no movement (fixation in
the center), blinking, Right, Left, Up, and Down
movement. Asanza et al. recorded the EMG signals
of subjects during different steps of the experiment
using four vertical and horizontal electrodes at 10-
bit resolution.

Here, we bring the procedure of data collec-
tion and preprocessing by Asanza et al.35,36 The
signal captured by the electrodes first undergoes
amplification using either the AD620 or an instru-
mentation amplifier, which functions as a differen-
tial amplifier, effectively reducing noise interference.
Following amplification, the signal undergoes filter-
ing with a pass band specifically tailored to allow
frequencies within the range of muscular movement
of the eyes, typically between 0 and 40 Hz, to pass
through. This filtering process involves implement-
ing low-pass and high-pass filters with cutoff fre-
quencies of 0.2 and 40 Hz, respectively, thus, estab-
lishing a frequency window optimized for detecting
eye muscle movements. Notably, separate condition-
ing circuits are implemented for vertical and hori-
zontal movements to ensure accurate signal process-
ing. Subsequently, the conditioned signal is directed
to the analog-to-digital converter (ADC) port of
the FPGA card for acquisition. Data are then sam-
pled at a frequency of 120 Hz for approximately 2 s,
adhering to Nyquist’s sampling theorem, which dic-
tates a sampling rate of 2.5 times the maximum
frequency of the signal being acquired — in this
case, the eye movement frequency, ranging from 0
to 40 Hz.35,37

We quantified the complexity of filtered EMG sig-
nals based on the equations provided in the method
section. A series of boxes with sizes of 1

2 , 1
4 , 1

16 , . . . , 1
n

were chosen in the box-counting algorithm. The val-
ues of embedding dimension and tolerance were set
to 2 and 1 accordingly. The calculation of parame-
ters was performed in MATLAB 2022a. After that,
we calculate Cohen’s d as the effect size.

3. RESULTS

Figures 1a and 1b, respectively, show the changes in
the fractal exponent of EMG signals among various
conditions.

As show in Fig. 1a, EMG signals during normal
behavior have a bigger fractal dimension than dur-
ing blinking. Therefore, EMG signals during blink-
ing are less complex than during normal watching.
A comparison of downward and upward movements
indicates that the fractal dimension (complexity) of
EMG signals during upward movements is slightly
smaller than its value during downward movements.
In addition, the results in the case of left and right
movements of the eyes indicate that right move-
ments cause greater fractal dimension (complexity)
in EMG signals than left movements.

Looking at Fig. 1b indicates similar results to
Fig. 1a in the case of normal behavior and blink-
ing. However, comparing the fractal dimension of
EMG signals during upward and downward move-
ments shows that upward movement causes greater
complexity in EMG signals than downward move-
ment. Besides, the left movements of the eyes cause
greater complexity in EMG signals than the right
movements.

(a) (b)

Fig. 1 Fractal Exponent of EMG Signals — Horizontal (a) and Vertical (b) Movements. Error Bars Indicate Standard
Deviation.
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Table 1 The Comparison of the Fractal Dimension.

Pair Cohen’s d-Horizontal Cohen’s d-Vertical
Movements Movements

Normal behavior versus Blink 2.0943 2.1822
Normal behavior versus Down movement −1.4818 1.9890
Normal behavior versus Up movement −1.2309 1.0097
Normal behavior versus Movement to the left 5.3071 0.0925
Normal behavior versus Right movement 4.3517 0.9916
Blink versus Down movement −3.6815 −0.4525
Blink versus Up movement −3.2832 −1.5002
Blink versus Movement to the left 1.5729 −2.5654
Blink versus Right movement 0.9903 −1.0945
Down movement versus Up movement 0.0063 −1.2216
Down movement versus Movement to the left 14.8926 −2.4084
Down movement versus Right movement 10.6789 −0.8180
Up movement versus Movement to the left 8.5529 −1.1269
Up movement versus Right movement 7.0300 0.1307
Movement to the Left versus Right movement −1.1708 1.0565

(a) (b)

Fig. 2 ApEn of Signals — Horizontal (a) and Vertical (b) Movements. Error Bars Indicate Standard Deviation.

The effect sizes in Table 1 indicate that in gen-
eral, movements of eyes to the left caused the
biggest effect on changing the complexity of EMG
signals.

Figures 2a and 2b, respectively, illustrate the
changes in the ApEn of EMG signals.

Figure 2a shows that EMG signals during nor-
mal behavior have a bigger ApEn than during
blinking. A comparison of downward and upward
movements indicates that the entropy (complex-
ity) of EMG signals during upward movements
is slightly smaller than its value during down-
ward movements. Besides, comparing the entropy
of EMG signals among left and right movements
of the eyes indicates that right movements cause
greater ApEn (complexity) in EMG signals than left
movements. Comparing the results between Figs. 1a

and 2a verifies the obtained results from the fractal
analysis.

Looking at Fig. 2b indicates similar results to
Fig. 2a in the case of normal behavior and blink-
ing. However, comparing the entropy of signals
during upward and downward movements shows
that upward movement causes greater complexity
in EMG signals than downward movement. Besides,
the left movements of the eyes cause greater ApEn
of signals than the right movements.

The effect sizes in Table 2 indicate that in the
case of the horizontal component of movements,
movements to the left caused the biggest effect on
the complexity. However, in the case of the vertical
component of movements, upward and downward
movements caused bigger effects on variations of the
complexity than other conditions.
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Table 2 The Comparison of the ApEn.

Pair Cohen’s d-Horizontal Cohen’s d-Vertical
Movements Movements

Normal behavior versus Blink 2.4569 3.4072
Normal behavior versus Down movement 1.7480 3.0524
Normal behavior versus Up movement 1.7654 1.8709
Normal behavior versus Movement to the left 9.0059 1.5825
Normal behavior versus Right movement 6.8485 1.3758
Blink versus Down movement −1.6476 −1.4255
Blink versus Up movement −1.4835 −2.4617
Blink versus Movement to the left 2.0318 −2.3589
Blink versus Right movement 1.2858 −0.8562
Down movement versus Up movement 0.2311 −1.7811
Down movement versus Movement to the left 9.9314 −1.5708
Down movement versus Right movement 6.6053 −0.0782
Up movement versus Movement to the left 7.8263 −0.1224
Up movement versus Right movement 5.4775 0.5406
Movement to the Left versus Right movement −1.7303 0.5739

(a) (b)

Fig. 3 Sample Entropy of EMG Signals — Horizontal (a) and Vertical (b) Movements. Error Bars Indicate Standard
Deviation.

The sample entropy of signals in various condi-
tions is shown in Figs. 3a and 3b.

Figure 3a shows that EMG signals have greater
sample entropy (complexity) during normal watch-
ing than blinking. Comparing the entropy of signals
among downward and upward movements indicates
greater complexity of EMG signals during upward
movements than downward movements. Similarly,
the entropy of signals during right movements is
bigger than its value during left movements of the
eyes. Comparing the results in Fig. 3a with what
was observed in Figs. 1a and 2a indicates that
except in the case of downward and upward move-
ments (slightly different), the results of analysis of

sample entropy, ApEn, and fractal dimension are
similar.

Figure 3b indicates similar results to Fig. 3a in
the case of different conditions. Besides, Comparing
the results in Fig. 3b with what was observed in
Figs. 1b and 2b indicate similar results in the case
of different conditions.

The effect sizes in Table 3 indicate that in the
case of the horizontal component of movements,
movements of the left caused the biggest effect on
changing the complexity. However, in the case of
the vertical component of movements, in general,
up movements caused greater effects on changing
the complexity than other conditions.
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Table 3 The Comparison of the Sample Entropy.

Pair Cohen’s d-Horizontal Cohen’s d-Vertical
Movements Movements

Normal behavior versus Blink 3.3501 2.8613
Normal behavior versus Down movement 2.3522 2.4388
Normal behavior versus Up movement 2.0254 1.8343
Normal behavior versus Movement to the left 5.7183 1.5400
Normal behavior versus Right movement 5.1247 1.5000
Blink versus Down movement −2.1530 −1.2847
Blink versus Up movement −2.1643 −2.4152
Blink versus Movement to the left 1.8161 −2.2721
Blink versus Right movement 1.1530 −0.8059
Down movement versus Up movement −0.3409 −1.8192
Down movement versus Movement to the left 10.2932 −1.6107
Down movement versus Right movement 7.5555 −0.2692
Up movement versus Movement to the left 6.9043 −0.3911
Up movement versus Right movement 5.5429 0.2806
Movement to the Left versus Right movement −2.0237 0.4391

4. DISCUSSION AND CONCLUSION

We studied the variations of the extraocular mus-
cles’ activations in different eye movements. For
this purpose, to quantify the complexity, we uti-
lized sample entropy, ApEn, and the fractal dimen-
sion. The results of the analysis showed that these
techniques are able to quantify the changes in sig-
nals. In other words, these methods are suitable for
studying the changes in extraocular muscle activa-
tions in different eye movements.

Future research in the decoding of extraocular
muscle activations through the analysis of EMG
signals holds significant potential for advancing
our understanding of ocular motor control and
expanding applications in clinical and technolog-
ical domains. One avenue for exploration is the
refinement of signal processing techniques, includ-
ing the integration of advanced algorithms and
machine learning approaches38 to enhance the accu-
racy and resolution of decoding models. Real-time
decoding systems, coupled with closed-loop feed-
back mechanisms, could be developed to facilitate
adaptive interventions and personalized treatment
plans.

Longitudinal studies tracking changes in extraoc-
ular muscle activations over time, particularly
in clinical populations or individuals undergoing
therapeutic interventions, could provide valuable
insights into dynamic patterns and contribute to
the development of tailored approaches.

Exploring the integration of cognitive factors,
such as attention and cognitive load, into decod-
ing models may offer a more comprehensive under-
standing of the intricate relationship between cog-
nitive processes and ocular motor control.

Since extraocular muscle activations and eye fluc-
tuations are controlled by the brain, we can analyze
the coupling of eye fluctuations, EMG signals, and
EEG signals. Therefore, we will be able to see how
the complexity of these signals is correlated in var-
ious eye movements and then discuss the coupling
among the activations of muscle, eye, and brain.
Since the coupling between the facial EMG signals
and EEG signals was proved in our recent study,39

and the correlation between eye fluctuations and
EEG signals was proved in another study,40

we should be able to find the coupling among
them.

We can expand the analysis by considering
different types of visual stimuli.41 For instance,
we can apply different moving visual stimuli and
study how the complexities of visual stimuli and
signals recorded from extraocular muscles are
related.

In further investigation, we can perform a simi-
lar investigation for patients with various disorders
related to eyes to see how the changes in the EMG
signals’ complexity for these patients are different
from healthy subjects.
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