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Abstract. People with speech disabilities face significant communication chal-
lenges, especially those with motor impairments that prevent them from using
sign language. To address this issue, eye movement-based communication sys-
tems like Blink to Speak (BTS) have been developed, allowing users to convey
messages through eight eye movement alphabets. This study evaluates the clas-
sification of BTS alphabets using electrooculography (EOG) signals, comparing
two approaches: within-subject (WS) and between-subject (BS). A dataset of
EOG signals from 38 subjects was used to train and test a Random Forest model,
selected [or its superior performance in BS classification. Results show that WS
classification generally outperforms BS, with F1-score improvements in 33 out
of 38 subjects and across all alphabets. Alphabets with lower inter-subject simi-
larity, such as “Wink”, “Roll” and “I.eft” achieved the most significant improve-
ments in WS, while those with high similarity, like "Down" and "Blink," showed
less enhancement. Despite the superior performance of the WS approach, it re-
quires an extensive data collection and calibration process, which may hinder
practical implementation. Future work should consider balancing quick adapta-
bility (favoring BS classification) and model accuracy (favoring WS classifica-
tion), depending on user needs and application context.

Keywords: Blink to Speak, Electrooculography, Machine Learning Algoritms,
Multi-Subject, Speech disability, Within-subject.

1 Introduction

1.1  Speech disability

Communication is a fundamental process for human interaction that allows transmis-
sion of information, thoughts and emotions. Although non-verbal communication
through gestures, symbols or elements may exist, verbal communication through
speech facilitates direct expression and immediate feedback [1].

Unlortunately, there are some conditions, such as phonological disorders, in which
speech can be affected, thereby impacting the quality of life of those who suffer from
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them. In 2020 alone, National Institute of Statistics and Geography reported that
945,000 Mexicans arc allected by these conditions, presenting speech disabilities [2].
While sign language may be an option for communication for these individuals, it is
not for those suffering from amyotrophic lateral sclerosis, motor neuron disease, severe
motor disabilities or neurodegenerative disorders, as they cannot use this language due
to limitations in upper limb movement that characterize these types of diseases [3].

1.2 Devices for people with communication difficultics

In recent years, technological advances have enabled development of devices that help
meet communication needs of people with speech disabilities. Among these, Human-
Computer Interfaces (HCIs) stand out, as they allow interaction between humans and
devices through bioelectrical signals captured from different parts of body [4]. HCIs
focused on communication typically capture brain activity | 5], subvocal signals | 6] and
ocular signals [ 7], serving as ¢flective alternatives for individuals with limited mobility.

In addition to these technological developments, communication languages based on
ocular activity have been created: “Blink to Speak” (BTS) and “Blink to Live”, the
latter being inspired by the former [8]. BTS represents an innovative ocular language
intended for universal application, featuring fifty everyday messages that support com-
munication between patients and their caregivers or family members. This language is
based on cight alphabets characterized by exceution of relatively simple ocular move-
ments such as closing eyes, blinking, moving eyes to left, moving eyes to right, moving
eyes up, moving eyes down, winking and executing an ocular rotation with both eyes,
that is an ocular turn in three quadrants. I'or simplicity, these eight alphabets are known
respectively by following names: 1) Close, 2) Blink, 3) Left, 4) Right, 5) Up, 6) Down,
7) Wink and 8) Rotate (sce Fig. 1). The combination of one or several of these alphabets
gives rise to ocular movement patterns that represent messages. Some of messages are:
“I feel like eating”, which is communicated with Up and Down alphabets; “Call the
doctor”, expressed with a blink and a movement to left; and “I’m proud of you”, repre-
sented by two consecutive blinks followed by closing eyes |9].

Interpreting BTS language can be a tedious process that requires significant attention
from receiver, which makes it prone Lo errors. In this context, augmentative and alter-
native communication systems offer great assistance by proposing various solutions
based on monitoring of ocular movements [ 10, 11].
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Fig. 1. Alphabets of Blink to Speak [9].

2 Related works

Studies found in state-of-art focused on interpreting BTS language messages are few
and limited to recognizing only two alphabets |12, 13], in addition to fact that ocular
movement patterns are not always interpreted as described in the BTS language manual
[9]. Therefore, a search is conducted for works focused on activity of interest: monitor-
ing of ocular activity.

2.1 Systems for eye movement monitoring

There are two main approaches to detecting ocular patterns: computer vision-based sys-
tems and sensor-based systems. Regarding computer vision-based systems, simple and
alfordable solutions have been presented, such as in [8], where a language of 64 mes-
sages 1s proposed using only 4 key alphabets based on BTS. This acquisition method is
viable for classifying alphabets included in that language, but it is not suitable for BTS
language since it cannot differentiate between moving eyes down and blinking. Another
related work uses video frames, in which, by detecting 6 reference points around eye
arca, blinks arc identified and counted, assigning interpretations (o 4 patterns according
to BTS language. The disadvantage of this work is that messages to be interpreted are
limited, as only blinks can be counted [14].

Alternatively, there are sensor-based eye pattern recognition systems: in [15] an in-
frared sensor is used to count blinks and represent seven messages, two of these corre-
sponding to BTS language. In addition, use of infrared reflectometry in an eye tracking
system [16] stands out, where pupils are detected to identify eye movements. Another
way to detect them is through magnetic field sensors, where the position of eye is de-
tected by means of a special contact lens placed on eyeball [17]. Although these systems
offer advantages. such as detection of specific patterns. some of them are limited bv
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need to control external factors such as lighting and position of detection device, as
well as complication in detection of some movements related to alphabets of BTS lan-
guage when position of pupil remains in the same position, as in the case of blinking
since only eyelid moves and when at rest pupil remains looking towards center. Another
sensor-based system is electrooculography (EOG), which has shown promising results
for identifying users of BTS language alphabets, without posing a risk [7]. Work has
been developed in which eye movement patterns composed of up to 4 movements con-
sidered as alphabets (leli, right, up and down) arc classificd [18-20], with performances
around 75% accuracy. Its reported good performance and practicality of its implemen-
tation, without need to control external conditions such as lighting, highlights it as a
viable alternative.

Ilowever, the need for an LOG-based system that interprets B'T'S language messages
is present, which is why research focused on interpretation of this language has been
developed in recent years.

2.2 Systems for interpreting the alphabets of the Blink to Speak language

Advanced works currently in state-of-art focused on interpretation of BTS language are
based on EOG signals. I'irst of them works with 10 messages of BTS language selected
according to complexity of message and its communicative intention. EOG activity
corresponding Lo cach message 1s recorded in 20 subjects, [rom which [caturcs are cx-
tracted to train a decision tree model. 83.4% of accuracy of multiclass classification is
reported. However, classification is dependent on length of record, which makes clas-
sification difficult when all messages of B'I'S language are to be classified [21].

Another study examines the classification of messages of BTS language from a gen-
cral perspective, classilying 8 alphabets that make up the language [22]. This work
records in 38 subjects EOG activity coming from 3 channels in bipolar configuration
(horizontal channel, right channel and left channel). Each subject performs a series of
5 eye movements corresponding to each of alphabets of BTS language. EOG records
are segmented to extract repetitions individually and they are featured in order to form
dataset with which machine learning classifier models are trained. Random Forest (RF),
Multi-Layer Perceptron Classilier and Decision Tree are tested, obtaining highest F1-
score of 82% with RF model. This multiclass classification is performed considering
records of all subjects, which makes 1t a between-subjects classification, however, there
are also works that perform within-subject BLOG signal classification.

2.3  Within-subject and between-subject classification of electrooculographic
signals

EOG signal classification can be approached from two main approaches: within-subject
(WS) and between-subject (BS). In the WS approach, model is trained and tested using
data from same subject, which allows capturing individual characteristics of signals.
However, BS classification involves use of records from multiple subjects, which pre-
sents challenge of interindividual variability, but oflers a more generalizable system (o
new users [23]. This distinction is crucial for development of personalized or universal
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interfaces oriented to communication. Selection between these approaches depends on
application and balance between desired precision and generalization in EOG eye
movement recognition system.

Table 1 presents some of works found for classification of EOG signals correspond-
ing to individual eye movements that in this context are considered alphabets of BTS
language, regardless of their implementation. It is highlighted whether their classifica-
tion is WS or BS.

Table 1. Within-subject and between-subject electrooculography activity classification work.

Work WS Number of records and/or Eye movements Results
or BS subjects used recognized

BS 3 subjects, each performed 6  Lefl, right, upand ~ 94.11% correct

141 sequences of 12 movements  down

[25] BS 3 subjects, each performed 5 Lelfl, right, upand  Statistically significant features by
times each movement down ANNOVA

26] WS 4 subjects, each performed Left and right 96.9% Accuracy (classifier not reported)
56 movements

[27] WS 5 subjects, 10 repetitions of  Left, right, upand  100% separable features
each movement down

28] BS 10 subjects, 5 movement se-  Shut, up and wink  SVM classifier with 78% Accuracy
quences

[29] BS 12 subjects, each performed  Letft and right KNN classifier with 99% F1-score
10 movement sequences

[19] WS 30 repetitions between the 4 Left, right, upand ~ MLP classifier with 75% Precision
movements down

[20] WS Sequence of the 4 move- Lefi, right, upand ~ SVM classifier with 76.9% Jacard index
ments during 10 seconds down

Although classification of EOG records corresponding to eye movements considered
as alphabets of BTS language shows good performance, it is desired to know if for
classification of all alphabets that make up BTS language it is convenient Lo perform a
BS classification as reported in [22] or a WS classification.

3 Methodology

In order to make comparison between BS and WS classification, it is proposed 10 use
dataset used in [22]. Next, we explain how it is composed and the analysis of similari-
ties found in EOG records, which is why we decided to carry out this work.

Regarding WS classification, Random Forest model is used, which 1s machine learn-
ing model that obtains the best I'l1-score in BS classification.
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3.1 Data Used

Dataset used to train classifier model is made up of features extracted from recorded
EOG signals. Ocular activity was recorded using 7 gold cup electrodes in a bipolar
configuration around cye arca (sce Fig. 2). It should be noted that recording was carried
out under the approval of research protocol of University of Guadalajara, CUCS cam-
pus, with folio 24-16.

o)e
o()e®

Fig. 2. Placement of gold cup electrodes for bilateral EOG recording (red electrodes for horizon-
tal channel recording, green for right channel, blue for le(t channel and black for reference) [22].

Features were extracted from separate EOG channels: horizontal, right and left chan-
nels, and [rom signals resulting [rom combination of scparale channels, such as sub-
traction of horizontal channel minus right channel, horizontal channel minus left chan-
nel and subtraction of right channel minus left channel, as well as sum of 3 separate
channels. Arithmetic mean, variance, kurtosis, skewness, area under the curve, differ-
ence between maximum and minimum values and coefficients of a degree 5 polynomial
ol separate channels are calculated. As for characterization of signals resulting [rom
combination of channels, they are characterized with arithmetic mean, variance, kurto-
sis, skewness, area under the curve and difference between maximum values (this last
feature is not extracted from the sum signal of 3 channels). It should be noted that before
extracting features, each record is added to its minimum value in order to ensure that
all its values are positive and thus avoid arithmetic means close to zero.

Pearson correlation is calculated for 59 [eatures calculated [fom EOG records and
one of features with a correlation greater than =0.9 is eliminated. In total, 21 attributes
were eliminated, corresponding to arithmetic means and attributes from sum signal of
3 channels, except for area under the curve. Resulting data set with which the classifier
models are trained and tested is composed of 38 attributes corresponding to the features
obtained from EOG records and 1498 instances, belonging to repetitions of alphabets
o[ BTS language that could be extracted [rom the 38 test subjects.

3.2 Similarity in electrooculographic recordings

In studies focused on BS classification, a comparison is conducted by analyzing aver-
age repetitions of each subject across different BTS alphabets (see Fig. 3).
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Correlation in horizontal channels

Subjects

Subjects

Fig. 3. Correlation matrix between the "Blink" alphabets in its horizontal channel. Modified
from [22].

Correlations greater than 0.7 are counted and shown as a descending percentage in Ta-
ble 2, where alphabets that appear at beginning of table are more replicable between
different subjects, that is, they are more similar between different people and last ones
are those that are made with greater differences between different people.

Table 2. Similarity between within-subject models of alphabets by channel. Modified from

[22].
Alphabets Horizontal Chan-  Right Channel Left Channel Percentage of similarity be-
nel tween dilferent subjects
Down 90.33 % 93.03 % 9331 % 9222 %
Blink 83.93 % 90.18 % 90.04 % 88.05 %
Up 46.23 % 72.40 % 70.55 % 63.06 %
Right 95.59 % 60.46 % 30.87 % 62.30 %
Shut 52.49 % 5434 % 54.62 % 5382 %
Left 79.66 % 5420% 18.78 % 50.88 %
Roll 41.11 % 45.09 % 30.01 % 38.74 %

Wink 13.51 % 2091 % 13.51 % 15.98 %
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Originally, comparison of each alphabet by channel is used to determine whether or not
it is [casible to climinate a recording channcl. In context of this work, it is used (o define
alphabets that are most similar between different subjects. As observed in Table 2,
“Down” and “Blink™ are quite similar between different people, so in WS classification
is not expected to improve for these particular alphabets. ITowever, it is observed that
“Wink”, “Roll” and “I.eft” are very different between different subjects, so classifica-
tion performance is expected (0 improve.

3.3  Training and testing of Random Forest

Since a comparison with BS classification results is desired, it is decided to use algo-
rithm with the best reported F1-score, which is Random Forest. It is decided to take F1-
score metric as a reference for performance of classification model since it is metric
that encompasses precision and recall.

It s desired to obtain performance of WS models, that is, for cach of 38 subjects that
make up dataset, a Random Forest algorithm will be trained and tested, all with the
same configuration. For each of subjects, only instances of dataset that belong to it are
selected (around 40 instances) and data 1s divided randomly and stratified in order to
ensure balance in number of instances per class both in training and testing. 60% of
data 1s used for training and 40% for testing, and it is validated with cross-corrclation.
For each subject, model is trained and tested 20 times, using different training and test-
ing data in each iteration, and average performance is reported at the end of 20 itera-
tions.

4 Results and Discusion
Table 3 shows F1-score metric obtained from average of 20 iterations of Random Forest

model, for each of subjects. Average performance of model and performances for each
BTS alphabet are reported.

Table 3. Fl-score performances for within-subject models.

Subjects Average  Shut Blink Left Right Up Down Wink Roll
F1-score

Subject 1 88.04% 100.00% 69.00%  76.17% 100.00% 86.67%  73.50% 100.00%  99.00%
Subject 2 86.27%  94.67%  62.17% 100.00% 92.33%  72.67%  89.00%  91.67%  87.67%
Subject 3 76.94%  09.17%  76.02% 100.00% 85.67%  95.33%  95.33%  0.00% 94.00%
Subject 4 93.44%  97.00%  88.33% 100.00% 100.00% 76.33% 100.00%  100.00%  85.83%
Subject 5 97.67%  98.00% 100.00% 96.00%  91.67% 100.00%  99.00%  96.67% 100.00%
Subject 6 90.75%  93.33%  069.86% 100.00% 96.33%  70.83%  95.67% 100.00%  100.00%
Subject 7 89.58%  78.17%  83.50%  99.00%  94.00%  68.33% 100.00%  93.67% 100.00%
Subject 8 7733%  90.67%  89.00%  97.33%  4950%  5333%  49.50%  9233%  97.00%
Subject 9 98.33%  91.67%  95.00% 100.00%  100.00% 100.00% 100.00% 100.00%  100.00%
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Subject 10 89.71%  87.67%  8833%  8533%  100.00% 97.00% 93.33%  83.67%  82.33%
Subject 11 68.56%  25.76%  30.05%  100.00% 74.00% S56.52%  89.67%  100.00% 72.50%
Subject 12 93.44%  90.67%  7650%  100.00% 98.00% 93.67%  95.00%  9800%  95.67%
Subject 13 88.69%  8333%  8533%  95.00%  99.00%  90.00%  87.33%  69.50%  100.00%
Subject 14 96.67%  100.00% 98.00%  96.67% 91.67%  98.33%  91.33%  99.00%  98.33%
Subject 15 9546%  92.00%  80.00%  100.00% 9667%  100.00% 95.00%  100.00% 100.00%
Subject 16 84.69%  9033%  8867%  100.00% 6217% S51.67% 84.67%  100.00% 100.00%
Subject 17 94.46%  97.00%  99.00%  9833%  95.67%  83.33%  95.33%  96.67%  90.33%
Subject 18 84.77%  90.00%  51.83%  97.00%  9333%  63.00%  92.00%  100.00% 91.00%
Subject 19 82.13%  86.67%  62.17%  99.00% 9586% 91.33%  86.67%  4333%  92.00%
Subject20  89.35%  87.00%  7633%  100.00% 95.67% 74.83%  93.00%  93.33%  94.67%
Subject2l  67.56%  50.50%  3495%  96.00%  7852%  84.02%  75.67%  22.83%  98.00%
Subject22 88.77%  79.17%  63.67%  100.00% 100.00% 7536%  95.00%  97.00%  100.00%
Subject23 84.77%  87.67%  80.67%  99.00%  8283%  61.33%  66.67%  100.00% 100.00%
Subject24 82.61%  5133%  72.19%  100.00% 96.67%  62.33%  98.33%  9033%  89.67%
Subject25 8229%  61.17%  48.83%  8333%  9583% 8217%  97.00%  9633%  93.67%
Subject26  79.15%  75.00%  6733%  95.00%  5383%  77.50%  82.00%  90.00%  92.57%
Subject27 88.56%  88.00%  7650%  99.00%  8333%  80.67%  83.00%  99.00%  99.00%
Subject28 89.23%  85.17%  8733%  99.00% 99.00%  8200%  7633%  8500%  100.00%
Subject29 88.33%  46.67%  7550%  99.00%  100.00% 90.50%  100.00% 100.00% 95.00%
Subject30  93.67%  95.67%  9633%  94.00%  87.33%  100.00% 80.00%  99.00%  97.00%
Subject31 98.00%  98.00%  9833%  96.67%  9667% 98.33%  100.00% 99.00%  97.00%
Subject32 94.46%  94.67%  8833%  100.00% 9833%  100.00% 100.00% 77.33%  97.00%
Subject33 84.98%  74.83%  5567%  9133%  100.00% 69.33%  95.33%  100.00% 93.33%
Subject34  86.30%  99.00%  100.00% 100.00% 91.67% 81.33%  100.00% 4883%  69.57%
Subject35 92.06%  9633%  87.50%  89.67%  98.00%  9633%  87.33%  9433%  87.00%
Subject36 94.67%  92.00%  86.67%  100.00% 99.00%  100.00% 86.67%  100.00% 93.00%
Subject37 82.92%  9033%  93.00%  99.00%  92.19%  80.50%  60.86%  60.17%  87.33%
Subject38 9L17%  9533%  83.67% 9633%  99.00% 81.67% 96.33%  8733%  89.67%

Performance of Random l'orest model in BS classification 1s compared with WS clas-
sification results obtained in this study, as shown in Table 4. First row of Table 4 pre-
sents the previously reported performance for BS classification, which serves as bench-
mark to surpass in WS classification. Second row indicates number of cases where per-
formance improves, highlighted in green in l'able 3. Conversely, third row displays
number of cases where performance decreases by 60%, marked in red in Table 3.
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Table 4. Performance evaluation for within-subject models.

F1- Shut Blink Left Right Up Down  Wink Roll
score

Reported performance  82% 81.65% 72.11% 88.07% 93.74% 70.46% 9041% 6828% 84.34%
in between-subject

classilication [22]

Number of subjects in 33 28 27 35 23 30 22 33 35
which the F1-score im-

proves

Number of subjects 0 4 5 0 2 3 1 4 0

with an I'l-score below

60%

When considering only performances of Random Forest model, WS classitication gen-
erally outperforms BS classification. As shown in second row of 'l'able 4, performance
improves in 33 out of 38 subjects, with enhancements observed across all alphabets.
However, it must be considered that this does not apply to all subjeets, since in casc of
subjects 8 and 21 average performance of model does not improve and 3 of alphabets
lower their performance to less than 60%.

Based on DTS alphabet similarities presented in Table 2, it was expected that
“Down” and “Blink” would not improve their performances because they are very sim-
ilar between different subjects. This is conlirmed, as these alphabets are among the
three with the least improvement, showing gains in only 22 and 27 out of 38 subjects,
respectively. In contrast, “Wink”, “Roll” and “Left” which exhibit the least similarity
between subjects, benetit more from WS classification. This is validated by substantial
improvements, with performance gains in 33, 35 and 33 subjects, respectively.

5 Conclusions and Future Work

Considering only performance of Random Forest classitier, WS classification, where
the model is trained and tested with data from same subject, as done in this study, gen-
erally yields better results. However, applying this approach in real-life scenarios could
present challenges, particularly regarding time required (o record EOG paltlerns and
train and test classification models. This process can be time-consuming, as it involves
calibrating device that interprets BTS alphabets and performing multiple recordings of
each alphabet.

WS classification can be especially beneficial for individuals who involuntarily per-
form movements outside the guidelines of BTS language. Examples include raising
cycbrows when looking upward (“Up” alphabet), blinking when looking 1o “Leflt” or
“Right” being unable to “Wink” with one eye, or struggling to perform “Roll” move-
ment in specitfied direction.

For future work, to select what type of classification is desired to be performed for
identification of BTS alphabets by means of EOG signals, it 1s essential to identify what
prioritics there are in rescarch, (1t is design of classificr modcls, it is suggested Lo train
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and test model with data from a single subject (WS classification), or for those cases in
which subjects cannot correctly perform cye movements. On the other hand, if what 1s
desired is to adapt the system that interprets BTS alphabets to different subjects more
quickly, a classification that considers all subjects can be used (classification BS), sac-
rificing a little of the model's designs, but still obtaining acceptable results.
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