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Abstract

Our study introduces a surface electromyography (sSEMG)-based Cheonjiin speller sys-
tem developed to assist individuals with restricted hand mobility. The interface incor-
porates a directional control framework—comprising up, down, left, right, and select
commands—integrated with a Korean keyboard layout to enable efficient and accessible
text input. Two-channel surface EMG signals were recorded from the rectus femoris and
gastrocnemius muscles at a sampling rate of 200 Hz using an EMG acquisition module. The
signals were processed in real time using notch and bandpass filtering, followed by full-
wave rectification. To decode user intent, three physiologically interpretable time-domain
features—root mean square (RMS), slope sign change (55C), and peak amplitude —were
extracted and subsequently used for classification. The Cheonjiin speller was implemented
in Python 3.10.8 and operated through directional cursor navigation. System performance
was quantitatively evaluated in two experiments: in Experiment 1, recognition accuracy
for five discrete commands reached an average of 90.0%, while Experiment 2, involving
continuous Korean word and sentence input, achieved an average accuracy of 88.65%.
Across both experimental conditions, the system attained an average information trans-
fer rate (ITR) of 96.19 bits/min, confirming efficient real-time communication capability.
The results demonstrate that high recognition performance can be achieved using sim-
ple, low-computation features without deep learning models, confirming the feasibility of
real-time implementation in resource-limited environments. Overall, the proposed speller
system exhibits high operability, accessibility, and practical usability in constrained condi-
tions and holds potential for integration into augmentative and alternative communication
(AAC) systems for users with motor impairments. Moreover, its lightweight architecture,
minimal computational load, and flexible directional control structure make it adaptable
to a wide range of assistive and wearable technology applications.

Keywords: interface; rectus femoris; gastrocnemius; electromyography (EMG);

speller system; Cheonjiin keyboard; directional input

1. Introduction

A Human-Machine Interface (HMI) provides a medium through which users com-
municate with computing systems, supporting the transmission of information and exe-
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cution of commands. As computing systems become increasingly embedded in everyday
environments, HMIs play a pivotal role in interpreting human intent and transforming
it into precise machine control, thus determining the overall effectiveness of interactive
technologies. Recent research has further expanded the concept of HMI to emphasize
human-machine collaboration and mutual adaptation, highlighting the cognitive and be-
havioral mechanisms underlying user interaction with assistive systems [1]. This concep-
tual expansion has been reflected in the technological evolution of HMIs across different
application domains.

Early developments in Human—-Machine Interfaces (HMIs) were primarily centered
on motor control applications, where bioelectrical or mechanical signals were converted
into control commands for assistive devices such as robotic arms, prosthetic hands, and
powered wheelchairs, which demonstrated that coordinated muscle synergies could be
utilized to achieve stable control of multi-DOF systems [2]. These systems demonstrated
the feasibility of translating physiological activity into reliable control outputs, marking
an important milestone in the evolution of assistive HMI design [3—6]. Driven by these
advances, digital and communication-oriented applications emerged, extending conven-
tional control paradigms into more interactive and accessible environments. Virtual cursor
control, on-screen joystick interfaces, and speller systems were developed to enable text in-
put and menu selection using simplified input mechanisms, thereby providing alternative
communication pathways for individuals with severe motor impairments. These develop-
ments marked a clear transition toward digital communication interfaces, where informa-
tion exchange replaced direct physical control as the primary mode of interaction [7-9].

Among various input systems, the keyboard and mouse remain the most common
means of user interaction. These devices achieve high efficiency by reliably translating
hand movements into digital commands with both speed and accuracy. For users with
unrestricted hand movement, they provide substantial convenience, as their operation
is intuitive and requires no specialized training. Since keyboards and mouses were de-
signed for users with free hand movement, difficulties may arise when used by those
with limited hand movement [10]. To overcome these limitations, research continues on
methods that allow users to input information or express intent without using hand move-
ments. Consequently, interface technologies utilizing bio-signals are gaining attention as
a new alternative.

Biomarker-based interface technology refers to the technology that interprets a user’s
intent by receiving biological signals as input and controls devices or systems based on this
interpretation [11]. Researchers have diversified their approaches toward bio-signal-based
interaction, incorporating physiological and cognitive signals as intuitive communication
channels. In this context, modalities such as electroencephalography (EEG), electroocu-
lography (EOG), and electrocardiography (ECG) have emerged as complementary input
channels [12-14].

Electrooculogram (EOG) is a signal generated by eye movements, representing corneal-
retinal potential changes at levels of approximately 50 to 3500 pV [15]. Electroencephalo-
gram (EEG) is an electrical signal generated by the cerebral cortex, typically ranging from
approximately 0.5 to 100 uV [16]. Furthermore, Electromyogram (EMG) is an electrical
signal generated during muscle contraction and relaxation, with a maximum signal ampli-
tude reaching 50 1V to 20 mV [17].

Among these, EMG has the advantage of having a larger signal amplitude compared
to other bio-signals and can be easily acquired from various body parts. Furthermore, EMG
reflects muscle contraction intensity and patterns, enabling more accurate communication
of user intent with simple movements. These characteristics make EMG a promising alter-
native to conventional communication devices such as keyboards and mouses, especially
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for individuals with limited hand mobility [18,19]. In particular, users with congenital limb
deficiencies, amputations due to accidents, or impaired motor function due to disease can
input characters using only simple muscle contractions through this structure. Because
such users often lack the fine motor control required for conventional input devices, there
is a growing need for systems that enable reliable communication through minimal mus-
cle activity. To reduce the burden of complex hand movements, such systems often rely
on simplified directional commands. By converting muscle contraction signals into digital
inputs for four directions (up, down, left, right), characters can be selected in a more sim-
plified manner without complex hand movements. Consequently, an EMG-based speller
system with an up, down, left, right input structure can serve as a practical and highly
accessible alternative for users with limited hand or arm movement.

To further enhance the practicality of such electromyography-based speller systems,
it is essential to consider not only improvements in input and operation methods but also
the selection of an efficient keyboard layout suited to the user’s conditions. Over the past
decade, various EMG-based speller systems have been developed to explore muscle ac-
tivity as an alternative communication channel. Early studies primarily focused on simple
command recognition or single-letter selection tasks, demonstrating the feasibility of trans-
lating muscle contractions into discrete control inputs [20]. Subsequent research expanded
these designs by integrating EMG with EEG or SSVEP signals to increase classification
accuracy and target diversity [21]. However, most of these systems were optimized for
English or alphanumeric input and relied on multi-channel setups or complex classifiers,
limiting their accessibility and real-world usability.

Notably, few studies have examined language-specific optimization, and research on
efficient Korean text input for individuals unable to use their upper limbs remains largely
unexplored despite the language’s unique syllabic composition structure. Moreover, pre-
vious EMG-based speller studies have primarily utilized upper-limb or facial muscle sig-
nals, while no research has yet explored the feasibility of using lower-limb EMG—such as
signals from the thigh or calf—for Korean text input. This indicates that prior work has
not fully investigated the potential of muscle groups beyond the upper extremities, nor
optimized speller architectures for languages with compositional structures like Hangul.
To address these limitations, the present study investigates a low-channel, direction-based
EMG speller employing the Cheonjiin (pronounced Chun-jee-in) keyboard layout, which
enables efficient Hangul composition through minimal muscle activity in the lower limbs.

In Korea, text input is commonly performed using two main keyboard layouts, the
QWERTY keyboard and the Cheonjiin keyboard. The widely used QWERTY keyboard lay-
out has the advantage of enabling fast input based on the premise of free hand movement,
as all consonants and vowels are assigned to individual keys. Although both layouts are
optimized for users capable of precise finger control, individuals with limited motor func-
tion require an alternative input method that allows keyboard operation through a small
number of simple EMG signals rather than fine hand movements. When the operation is
restricted to limited directional inputs like up, down, left, and right, the QWERTY layout’s
large number of keys and complex structure can lead to frequent key transitions during in-
put, potentially making it inefficient. Therefore, in such limited input environments, it is
necessary to identify a keyboard layout that minimizes unnecessary key movements and
enables efficient character input through simple directional commands.

The Cheonjiin keyboard layout provides a promising solution for Hangul text entry
under restricted input conditions. Based on the phonetic structure of the Korean language,
which was systematically designed by King Sejong, each syllable is composed by com-
bining basic consonant and vowel elements. The Cheonjiin keyboard, designed to effi-
ciently implement this combinational principle, allows the input of all Korean consonants
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and vowels using only twelve keys—ten of which are dedicated to consonant and vowel
composition—thereby reducing key movement and improving spatial efficiency. Unlike
the QWERTY layout, where consonants and vowels are placed on separate keys that re-
quire frequent finger movements, the Cheonjiin layout enables users to compose both el-
ements within a compact area through sequential directional inputs. For instance, when
typing a syllable that includes the farthest consonant and vowel positions on a QWERTY
keyboard, users may need to move across as many as eleven key intervals, whereas in
the Cheonjiin layout, the same combination can be completed within only four directional
inputs. This substantial reduction in key transitions shortens both physical and tempo-
ral distances during text entry, allowing users to efficiently generate characters through
simple and logical directional sequences and thereby improving overall input efficiency.

This structural characteristic makes it suitable for electromyography-based speller
systems, which select characters solely through up, down, left, and right inputs via
muscle contraction. It enables high input efficiency even with limited input means.
Meanwhile, realizing this input efficiency requires not only keyboard layout design but
also signal processing and classification methods capable of effectively distinguishing
electromyography signals.

Recent research in developing user interfaces utilizing electromyography (EMG) sig-
nals has primarily focused on applying complex preprocessing steps, including deep
learning-based classification models and various feature combinations and normalization
techniques. For example, this includes studies classifying hand gestures using CNN
(Convolutional Neural Network)-based models [22] or employing LSTM (Long Short-
Term Memory)-based neural networks to classify EMG signals into multiple grip gestures
across different force levels in amputee subjects [23]. While these approaches offer high
classification accuracy, they have the limitation of consuming significant computational
resources [24]. In contrast, our study proposes a user interface capable of real-time input
classification even in low-specification environments. This is achieved by using only sim-
ple time-domain features, such as Root Mean Square (RMS) and Slope Sign Changes (SS5C),
without complex neural network structures or high-dimensional feature combinations.

In our study, simple yet physiologically interpretable time-domain features were em-
ployed to enable real-time EMG classification under low-resource constraints. Specifically,
features such as root mean square (RMS), slope sign changes (55C), and peak amplitude
were selected for their proven robustness and computational efficiency in representing
lower-limb muscle activation patterns.

Our study introduces an EMG-based Cheonjiin speller system developed for individ-
uals with restricted hand mobility. The interface adopts a four-directional control scheme
(up, down, left, and right) using surface electromyography (sSEMG) signals recorded from
the rectus femoris muscle of the thigh and gastrocnemius muscle of the calf. Electrode
placement and corresponding movement directions were determined according to anatom-
ical considerations, and input commands were classified in real time by extracting time-
domain features such as root mean square (RMS) and slope sign changes (SSC). Incor-
porating the Cheonjiin keyboard layout, which enables efficient directional control us-
ing a minimal number of EMG signals, allows efficient Korean text entry with fewer
keystrokes compared to conventional methods. Compared to existing QWERTY-based in-
put methods, the proposed system enhances higher accessibility and practicality for users
with limited physical input capacity, thereby extending the applicability of EMG-based
speller systems. Furthermore, through the adoption of a low-resource, real-time process-
ing pipeline, the system minimizes computational load while maintaining high classifica-
tion reliability. This simplicity makes the interface easily adaptable to portable or embed-
ded assistive platforms.
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This paper describes the design and implementation process of the proposed system
and quantitatively evaluates its input recognition performance and actual Hangul input
functionality through two experiments. The first experiment focuses on input action recog-
nition accuracy, while the second centers on actual character input functionality. Results
were analyzed based on metrics such as confusion matrix, accuracy, precision, recall, and
Fl-score. The proposed speller system can serve as an alternative input method for users
who find conventional input devices difficult to use due to physical limitations. It also
holds potential for future expansion into various assistive technology application environ-
ments, such as rehabilitation assistive devices and smart interfaces.

2. Methods
2.1. Participants

Three healthy participants (one male and two females, aged 22 to 28 years) were re-
cruited to perform the Rectus Femoris and Gastrocnemius EMG driven Cheonjiin speller
task. Participants were required to have no history of neurological disorders or movement
impairment and the ability to communicate in Korean. The exclusion criteria included
any conditions that could interfere with the experiment. Each participant reviewed and
signed an informed consent form and was informed of their right to withdraw at any time
without consequence. All personal information was anonymized to ensure confidential-
ity. All participants had prior experience with the Cheonjiin keyboard layout, which is
widely adopted as the standard input method for everyday text entry on Korean mobile
devices. Our study was approved by the Ethics Committee of the Yonsei University Wonju
Institutional Review Board. (1041849-202411-BM-241-02).

2.2. Experimental Design
2.2.1. Experimental Setup

The experiment was conducted in a quiet indoor environment free from electronic
interference, with light and other environmental conditions kept constant to ensure sig-
nal quality and maintain participant concentration. Participants were seated on a com-
fortable chair with their legs relaxed, and the attachment status of the surface elec-
tromyography (SEMG) electrodes was verified before and after the experiment to ensure
recording consistency.

The Cheonjiin keyboard was displayed on the monitor, where cursor movements and
character input results were presented in real time to provide immediate feedback. Par-
ticipants were instructed to operate the system by performing predefined voluntary con-
tractions of the rectus femoris and gastrocnemius throughout the experiment. All inputs
were performed spontaneously without external prompts, and the timing of each action
was determined autonomously by the participants.

2.2.2. System Design

We developed an EMG-based Cheonjiin speller system that decodes four-channel
EMG signals, with two channels obtained from the rectus femoris and two channels from
the gastrocnemius muscles. Based on these signals, the system generated five distinct com-
mands: four directional inputs (UP, DOWN, LEFT, RIGHT) and a selection (SELECT). The
system comprises disposable Ag/AgCl electrodes for sEMG acquisition, an OpenBCI Gan-
glion board for analog amplification and 24-bit digitization, a computer platform for real-
time signal processing and command classification. Visual feedback was simultaneously
provided on a monitor through a graphical user interface, allowing users to confirm their
inputs. Figure 1 presents a schematic overview of the system architecture and operational
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flow, illustrating the process from sEMG acquisition to feature extraction, classification,
and visual feedback.

a. . S b
Monitor ! Processing Computer
C) H C g B Control flow
H e Cursor movement o Pre-processing e Classification
o Word selection e Feature extraction e Key selection

O EMG electrodes
o Detecting EMG contraction

() EMG signal acquisition device !
a Signal amplification

o Analog-to-digital conversion

< EMG acquisition device >

Figure 1. (a) System configuration showing EMG electrodes, an acquisition device, a PC running
signal processing, and a monitor with the Cheonjiin keyboard; (b) Flow diagram of EMG detection,
preprocessing, feature extraction, classification, and key selection; (c) Disposable Ag/AgCl electrodes
(Kendall) and the Ganglion board (OpenBClI) used for EMG acquisition.

2.2.3. Monitor Design

The EMG-based Cheonjiin speller system was implemented in a Python environment
using the PyQtGraph and Pygame libraries. Asillustrated in Figure 2, the virtual keyboard
design consists of the Cheonjiin keyboard area and the character output area. A 4-row by
4-column grid-type keyboard is positioned centrally, containing a total of 14 input keys.
In the top row, the keys “ |/, “ +/, and “—’ for vowel combinations are placed alongside
the ‘del’ key. The lower rows include consonant input keys as well as function keys such
as ‘space’, ‘enter’, and ‘.’. The key under the selection is highlighted with a red border to
indicate its status.

a b

13 La CE enter

ehastile

Figure 2. Monitor interface and keyboard layout of the EMG-based Cheonjiin speller. (a) The monitor
interface displays directional command keys (UP, DOWN, LEFT, RIGHT, SELECT), which control
cursor navigation and briefly flash when activated. The Cheonjiin keyboard layout is centered on
the screen, and the text shown below it (e.g., “2HESIM| 2”) represents the user’s real-time input.
The red box highlights the currently selected key; (b) The Cheonjiin keyboard layout consists of
Korean vowels ( *, —, and | ) and grouped consonantkeys (7=,L2,EE,HI, A3, X%, 00O)
arranged to reflect the principles of the Cheonjiin input system.
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To provide real-time visual feedback of the detected command, the color of the cor-
responding tile temporarily changed whenever an EMG-based directional command (UP,
DOWN, LEFT, RIGHT, or SELECT) was recognized. This visual response allowed partic-
ipants to confirm that each directional or selection command was successfully identified
by the system before proceeding to the next action.

2.2.4. Cheonjiin Keyboard Layout

The Cheonjiin (¥1X|2l) keyboard layout, derived from the Korean philosophy of
heaven ( * ), earth (—), and human ( | ), organizes vowels and consonants based on the
combination of these three fundamental elements. It was commercialized by LG Electron-
ics in 2000 for mobile text input, and similar keypad structures have since been registered
in several Korean patents [25]. The layout follows a 4 x 4 grid design containing 14 active
keys, including consonant and vowel keys as well as functional keys such as space, enter,
and delete. The vowel keys (*+, —, |) are positioned in the top row, while the remain-
ing rows contain grouped consonant and function keys. These elements form 21 vowels
through single or combined selections, while consonants are arranged in grouped keys.
The consonant and vowel composition rules of the Cheonjiin keyboard layout are summa-
rized in Table 1.

Table 1. Composition rules and resulting consonant characters in the Cheonjiin keyboard layout.

Category Base Key(s) Composition Rule Resulting Characters
Consonant 13 Single: 71; Double: =; Triple: ™ Q,3, M
L= Single: L; Double: =; L, =
CE Single: =; Double: E; Triple: CC C,E,
HI Single: H; Double: IT; Triple: bH H, I, b
AT Single: A; Double: &; Triple: A A, S, M
XX Single: X; Double: X; Triple: *x X, X, xX
oo Single: O; Double: O o, O
Vowel | |
+ - b
+ | 9
4+ o 4 o F
+ oo+ | 1
-+ — N
— -
+ * +— a1
— e+ -
—+ | —|
+—+ | 4]
—+ .+ | T
|+ -+ | H
| i
o+ o+ | H
. i
+ —+| | + -+ o
ch— 4+ |+ T-||

™
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Each consonant key includes multiple phonetic options that can be accessed through
repeated selections. For instance, selecting the * 713’ key once produces 71, twice 3, and
three times 11. This mechanism also applies to other consonant keys suchas’'C E’,"& I’,
and ‘A &',

Vowel input is generated by combining one or more of the three vowel keys (*, —,

| ). For example, } is formed by combining ‘ | " and * * ’, - by combining * *+ " and ‘—,
and T| by combining * +’,*—’, and | .

Once a complete syllable is formed by sequentially combining an initial conso-
nant (choseong), a medial vowel (jungseong), and, when applicable, a final consonant
(jongseong), the enter key is used to confirm the input. Spacing between words is created
using the space key, allowing continuous text generation in Korean. This compact struc-
ture enables efficient character composition using minimal key operations—an essential
feature for assistive or EMG-based input systems with limited command bandwidth.

2.3. Signal Acquisition and Preprocessing
2.3.1. Signal Acquisition

For our study, two pairs of lower-limb muscles —the left and right rectus femoris and
the left and right gastrocnemius — were targeted. The rectus femoris, a major component of
the quadriceps group, primarily contributes to knee extension and hip flexion during vol-
untary leg movements, while the gastrocnemius, a superficial calf muscle, is responsible
for ankle plantarflexion and contributes to postural stability. These muscles were selected
not only for their anatomical accessibility but also for their substantial size and functional
independence, which enable distinct activation patterns with minimal crosstalk between
limbs. Due to their size and superficial fiber orientation, both muscles generate strong sur-
face EMG signals during contraction, facilitating stable and high-quality signal acquisition.
Moreover, their robust contractile properties allow consistent performance across repeated
activations, making them suitable for long-duration control tasks in EMG-based interfaces.

EMG signals were acquired using a single active electrode for each target muscle, with
a common reference electrode placed on the patella to minimize electrical interference. The
active electrodes were aligned parallel to the muscle fiber orientation to maximize the de-
tected potential amplitude and reduce phase effects, and a minimum distance of 3 cm was
maintained between the active and reference electrodes to prevent signal interference and
minimize the influence of shared electrical fields. For the rectus femoris muscles, elec-
trodes were attached bilaterally to the central portion of each muscle belly, approximately
midway between the anterior superior iliac spine and the patella, whereas for the gastroc-
nemius muscles, electrodes were placed on the most prominent region of the medial belly
on both legs. This bilateral configuration allowed symmetrical signal acquisition while
minimizing crosstalk between adjacent muscle groups.

Accurate electrode positioning is essential for maintaining high signal quality and
classification accuracy, as misalignment or inconsistent spacing can result in amplitude
attenuation, phase distortion, or motion artifacts. Figure 3 illustrates the anatomical place-
ment of the EMG sensors on the bilateral rectus femoris and gastrocnemius muscles.

The EMG signals were measured using a disposable Ag/AgCl electrode (Kendall,
H1355G, Cardinal Health, Mansfield, MA, USA) with dimensions of 43 mm X 35 mm.
The signals were transmitted via button-type cables to the EMG signal acquisition device
(OpenBClI, Ganglion board, OpenBClI Inc., Brooklyn, NY, USA), which incorporates an
analog front end (MCP3912) with built-in amplification and 24-bit A/D conversion [26,27].
This hardware configuration provided a robust and scalable platform for integrating
EMG signals.
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Channel 1

Reference channel

Channel 2

Channel 3 Channel 4

Reference channel

Figure 3. Electrode placement for EMG signal acquisition from the rectus femoris and gastrocnemius.

2.3.2. Signal Preprocessing

Figure 4 schematically illustrates the signal processing and cursor control flow of
the directional key-based Cheonjiin speller system using electromyography (EMG). In our
study, a total of four channels of EMG signals were collected in real time using an EMG
signal acquisition device via electrodes attached to the bilateral rectus femoris and gas-
trocnemius muscles. The analog signals were amplified and digitized at 200 Hz using the
OpenBCl Ganglion board and transmitted to Python through the BrainFlow library. To
ensure reliable control performance, the acquired signals were subjected to sequential pre-
processing and feature extraction steps.

EMG preprocessing was implemented in Python using standard IIR filtering routines
to ensure real-time compatibility with the OpenBCI Ganglion board. Raw EMG data from
each channel were first passed through cascaded notch and bandpass filters designed to at-
tenuate power-line interference and retain physiologically relevant frequency components,
while complex deep learning based recognition approaches such as LSTM or wavelet—
hybrid models have also been proposed in related EEG and EMG research [12]. Specifi-
cally, second-order IIR notch filters were applied sequentially at 50 Hz and 60 Hz (quality
factor Q = 30) to eliminate regional powerline and hardware-induced noise. Subsequently,
a fourth-order Butterworth bandpass filter (20-90 Hz) was employed to preserve the domi-
nant EMG spectrum while suppressing motion artifacts and high-frequency noise beyond
the motor unit firing range.

After filtering, the signals were processed by full-wave rectification to obtain an
absolute-valued envelope suitable for amplitude-based feature extraction. A sliding anal-
ysis window of 1.0 s with a 5 ms updated step was applied for continuous computation
of time-domain features. Within each window, root-mean-square (RMS) and slope-sign-
change (SSC) values were extracted to represent muscle activation intensity and transition
frequency, respectively. The window length was empirically optimized to balance tem-
poral resolution and computational efficiency under the low-resource constraints of the
Ganglion board, ensuring reliable real-time operation (<10 ms latency per iteration). These
preprocessing steps collectively provided stable, artifact-suppressed EMG signals suitable
for accurate directional command classification [28], emphasizing the importance of sta-
ble sSEMG morphology and fatigue-resistant signal characteristics in long-term use. The
processing pipeline was designed to operate with minimal computational delay, ensuring
compatibility with real-time EMG-based control requirements.



Sensors 2025, 25, 7243

10 of 25

Spelling Process

Signal Process

EMG Signal Input

Signal Acquisition Block

2 channel OpenBCl / Raw EMG Data

Signal >
Threshold

EMG Signal Brainflow / Python (Sampling Rate 200Hz)

Pre-processing Block

Measurement Filtering Full-wave
EMG Baseline Bandpass / Notch Rectification

Feature Extraction Block

Slope Sign Changes Root Mean Square Peak Amplitude

Channel mapping

EMG Signal Output

EMG Channel Spelling process Block
Activate
Keyboard Cursor Display / Sound
Movement Feedback
Next Action Waiting After Spelling process Block

Reset

Figure 4. Flowchart of the proposed EMG-based Cheonyjiin speller system, showing signal prepro-
cessing and cursor control steps.

2.3.3. Feature Extraction

Time-domain features were selected for their proven reliability in EMG-based classifi-
cation and suitability for real-time implementation. Among various candidates, RMS, SSC,
and peak amplitude were chosen based on their physiological interpretability and consis-
tent discriminative performance reported in prior EMG studies. These features have been
extensively employed in surface EMG analysis for their ability to capture distinct yet com-
plementary aspects of neuromuscular activation [29,30]. Specifically, RMS quantifies the
effective power of the EMG signal and correlates with the level of motor unit recruitment,
making it a reliable indicator of contraction strength. SSC measures the frequency of slope
reversals between successive samples, providing sensitivity to transient changes in con-
traction dynamics and muscle fatigue. Peak amplitude serves as an auxiliary descriptor
that reflects short-duration, high-intensity activations which may not be fully represented
by RMS alone.

Although alternative time-domain features such as zero crossing (ZC) and wave-
form length (WL) were also considered, they were excluded after empirical evaluation
due to their high sensitivity to baseline noise and microfluctuations, which often caused
instability in short-window or high-amplitude EMG recordings. Furthermore, ZC be-
comes ineffective after full-wave rectification because polarity transitions are no longer
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observable [31]. Given that lower-limb EMG signals in our study exhibited strong am-
plitudes and clear separability across directional commands, the inclusion of additional or
noise-prone features would not have improved classification performance but would have
increased computational latency.

Because of these characteristics, the system did not require complex classification algo-
rithms or normalization procedures. Instead, a simple, threshold-based decision rule was
adopted, enabling intuitive operation and ensuring low computational load suitable for
real-time embedded EMG control. Collectively, the selected features —RMS, SSC, and peak
amplitude—provide physiologically interpretable and computationally efficient represen-
tations of muscle activity, ensuring reliable and low-latency operation for real-time EMG-
based control [32], contrasting with recent studies that apply high-dimensional sSEMG fea-
tures for diagnostic classification.

The first feature, the root mean square (RMS), quantifies the energy content of the
signal within a given analysis window and is defined as

RMS = 1)

where x' denotes the i-th sample of the rectified signal and N is the number of samples in
the window.

The second feature, slope sign change (SSC), captures the frequency of slope transi-
tions between consecutive samples, serving as an indicator of contraction irregularity. It
is computed as

N-1
SSC =) fllx;—xi1) % (x; = xi11)] @
i=2
with the condition function

1, if x> threshold
= 3
fx) {0, otherwise ®)

where x' 71, x, x'T1 represent three consecutive samples. The threshold is introduced to
reduce false detections caused by minor fluctuations due to noise. A higher SSC value
indicates more frequent slope changes, implying greater variability in muscle activation.

The third feature, the maximum amplitude, was included as an auxiliary indicator to
capture the peak intensity of muscle contraction within each analysis window. While RMS
represents the overall energy and SSC reflects signal irregularity, the maximum amplitude
emphasizes transient high-magnitude activations. Incorporating this feature improved the
robustness of channel activation detection by reducing misclassifications due to weak or
noisy contractions.

By jointly evaluating RMS, SSC, and maximum amplitude in real time, the system
determined whether each channel was active, which provides a simple yet effective con-
trol logic compared to neural learning-based approaches for muscle-driven actuation [33].
The resulting channel activations were then translated into directional cursor movements
according to the predefined command mapping rules.

As shown in Figure 5, the system first measures and stores the baseline RMS value
for each channel during the initial stable state. It then compares this baseline with the
signal received in real time to determine channel activation. A channel was deemed active
if its RMS value increased significantly above the baseline and simultaneously exceeded
predefined thresholds for SSC and peak amplitude.
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Figure 5. Signal processing and feature extraction of EMG signals, including preprocessing, feature
computation (RMS, slope sign changes, and peak amplitude), and key selection. In the preprocessing
plots, the light blue region (0~2 s) represents the baseline measurement period, whereas the darker
blue region indicates the segment used for signal processing. The light green region shown in feature
extraction plots corresponds to the same processing segment highlighted in the prepro-cessing stage.

2.3.4. Classification

The extracted time-domain features (RMS, SSC, and peak amplitude) were compared
with baseline values to determine whether each channel was active. A channel was deemed
active if its RMS increased significantly above the baseline while simultaneously exceeding
the thresholds for SSC and peak amplitude.

Based on this classification, user actions were mapped to five distinct control com-
mands. As illustrated in Figure 6, contraction of channel 1 was interpreted as an UP com-
mand, while contraction of channel 2 was interpreted as a DOWN command. Similarly,
contraction of channel 3 corresponded to a LEFT command, and contraction of channel
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4 corresponded to a RIGHT command. Finally, simultaneous contractions of two or more
channels sustained for more than 0.3 s were recognized as a SELECT command.
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Figure 6. (a) Illustration of five input gestures based on rectus femoris and gastrocnemius muscle
activation; (b) EMG signal recordings from individual channels showing variations during muscle
contraction and relaxation for each gesture.

This mapping strategy maximized the separability of commands while minimizing
cognitive and physical load, allowing participants to reliably control four directional cur-
sor movements and confirm selections in real time. The classification results were im-
mediately reflected in the graphical user interface, enabling efficient cursor control and
character input.

2.4. Experimental Procedure

Two experiments were conducted to evaluate the feasibility and usability of the pro-
posed EMG-based Cheonjiin speller system. The first experiment, basic command recog-
nition evaluation, examined the recognition performance of EMG-based directional com-
mands, while the second experiment, the real-time Korean text input evaluation, evaluated
the system’s usability during continuous text-entry tasks.

The basic command recognition evaluation (Experiment 1) focused on verifying the
system’s ability to accurately recognize and classify EMG-based directional commands,
while the real-time Korean text input evaluation (Experiment 2) aimed to assess its usability
under continuous operation in a realistic text-entry environment. These two experiments
provided a complementary assessment of the system’s overall performance, linking recog-
nition accuracy and information transfer rate (ITR) to practical text-input functionality.

Participants were seated at 70 cm from the monitor and instructed to perform rectus
femoris and gastrocnemius contractions to control cursor movement, enabling the selec-
tion of consonants and vowels on the virtual keyboard. Two experiments were designed
using guided target selection tasks. These experiments were conducted to evaluate the sys-
tem’s gesture recognition performance and Hangul input functionality. Figure 7 illustrates
the experimental procedure.
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Figure 7. (a) Experiment 1 illustrating the control of five distinct commands (UP, DOWN, LEFT,
RIGHT, and SELECT) through EMG gestures; (b) Experiment 2 illustrating the word-input task and
sentence-input task using EMG-based directional control.

2.4.1. Basic Command Recognition Evaluation—Experiment 1

Experiment 1 was conducted to verify the feasibility of the proposed EMG-based
Cheonijiin speller system by evaluating its ability to accurately recognize muscle-induced
directional commands—UP, DOWN, LEFT, RIGHT, and SELECT. This experiment aimed
to verify the system’s ability to consistently recognize each command on a per-key ba-
sis, thereby establishing the reliability of its fundamental recognition mechanism prior to
real-time operation.

Based on two fundamental muscle gestures, participants controlled five different com-
mands through single, repeated, or simultaneous contractions. Each of the five commands
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was performed twice, resulting in 10 key operations per set, and the sequence was repeated
for a total of ten trials, as shown in Figure 7a. During each action, the system’s real-time
recognition accuracy was verified and recorded. In each trial, participants executed a sin-
gle command, then rested for 2 s before performing the next command. A total of 10 trials
were conducted per with approximately 30 s of rest between successive trials.

2.4.2. Real-Time Korean Text Input Evaluation—Experiment 2

Experiment 2 was designed to verify whether the proposed system could function
as a practical Korean text-input interface by evaluating its usability through a continuous
text-entry task. This experiment assessed the system’s capability for real-time control and
continuous text typing, examining whether consecutive EMG-based commands could be
reliably recognized and translated into continuous text control during actual input tasks.

To this end, participants were instructed to reproduce the word “C}2|” (meaning
“leg”) by sequentially selecting the corresponding consonant and vowel characters using
the EMG-controlled cursor. And this word-input task was repeated across five trials, with
a 30 s rest interval between trials, as presented in Figure 7b.

Subsequently, participants performed the sentence-input task by reproducing
“PHASIM 2” (meaning “hello”) five times under the same conditions, with identical rest
intervals between trials. During both tasks, participants sequentially selected consonants
and vowels to compose characters and finalized each syllable using the ‘enter” key. The
system simultaneously recorded the recognition results for each input, enabling evaluation
of recognition accuracy and overall usability of the proposed interface.

2.5. Data Analysis

To quantitatively analyze the results, we employed standard performance metrics de-
rived from a confusion matrix, a widely used tool for evaluating the performance of classi-
fication algorithms by summarizing predicted and actual outcomes across all classes [34].
The confusion matrix consists of four fundamental elements based on True/False and Pos-
itive/Negative. When a user performs a specific input action and the system accurately
recognizes it as that action, it is defined as a True Positive (TP). Conversely, when a user
performs a specific input action, but the system incorrectly recognizes it as a different ac-
tion, it is defined as a False Negative (FN). Conversely, when a user performs a different
input action and the system correctly determines it is not that action, it is called a True
Negative (TN). When a user performs a different input action, but the system incorrectly
recognizes it as that action, it is called a False Positive (FP). Based on these values, precise
performance evaluation metrics can be calculated. Our study used accuracy, precision,
recall, and F1-score as the primary evaluation metrics [35].

Accuracy was defined as the ratio of correctly classified samples to the total number

of samples:

TP+ TN
A - 100 4
Uy = TP TN+ FP+EN @

Precision represents the proportion of predicted positives that were correct and was
defined as:

TP
TP+ FP

The recall rate, corresponding to the proportion of actual positives correctly identified,

Precision = x 100 (5)

was expressed as:

TP
Recall = m x 100 (6)
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Finally, the F1-score, the harmonic mean of precision and recall, was calculated as:

2-Precision-Recall

Fiscore = —
! Precision + Recall

@)

The F1-score is widely used as a useful metric for evaluating the overall performance
of classifiers, particularly in situations where class imbalance exists. In our study, these
metrics were also utilized to quantitatively verify the motion recognition accuracy and
character input stability of the proposed system.

In addition to these classification metrics, the information transfer rate (ITR) was cal-
culated to quantitatively evaluate the communication efficiency of the proposed system.
The ITR, expressed in bits per minute (bits/min), was computed using the standard for-
mula widely adopted in BCI and EMG-based communication studies:

ITR = [log,N + Plog,P + (1 — P)logz(%) X ? (8)
where N is the number of available commands (five in our study), P denotes the classifi-
cation accuracy, and T represents the average time required for one selection (in seconds).
This metric jointly considers both recognition accuracy and selection speed, thereby pro-
viding an integrated measure of system efficiency for real-time operation.

3. Results
3.1. Feature Analysis

As illustrated in Figure 8, the temporal patterns of the three extracted features —RMS,
SSC, and maximum amplitude — clearly represent muscle activation and relaxation phases
across channels during continuous directional input sequences. RMS exhibits distinct am-
plitude peaks corresponding to active contractions, SSC captures fine-grained variations
in firing activity, and the maximum amplitude highlights transient bursts of high-intensity
contraction. These complementary patterns enable robust detection of active channels
through simultaneous thresholding of all three features. When visualized separately for
Experiment 1 and Experiment 2, the distributions of these features showed consistent sep-
arability among the target commands (e.g., UP, DOWN, SELECT), confirming stable real-
time classification during sequential text-entry tasks.

3.2. Experimental Results

Two experiments were conducted to quantitatively evaluate the performance of the
EMG-based Cheonjiin keyboard system. In Experiment 1, participants were instructed to
perform each of the five commands—up, down, left, right, and select—individually, al-
lowing assessment of recognition accuracy for single inputs. In Experiment 2, participants
were tasked with performing multiple commands consecutively to simulate actual char-
acter input, thereby enabling evaluation of the system’s stability and consistency under
real-world usage conditions.

Experiment 1 was conducted with a total of 3 subjects, each of whom repeatedly per-
formed the 5 input actions, which are ‘up’, ‘down’, ‘left’, ‘right’, and ‘select’. According
to the confusion matrix derived from the collected 300 data points, the proposed system
demonstrated high classification accuracy across most classes. As shown in Figure 9a, the
system achieved perfect classification for the “up’ class, while the ‘left’, ‘right’, and ‘down’
classes also demonstrated high accuracy with only a few misclassifications. In contrast,
the ‘select’ class exhibited the lowest accuracy, frequently confusing it with the ‘left’ and
‘up’ classes.
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Figure 8. Temporal variations in the three extracted time-domain features during continuous direc-
tional input sequences. (a) Root Mean Square (RMS) representing overall signal power and muscle
activation strength; (b) Slope Sign Change (SSC) capturing rapid fluctuations in motor-unit firing
activity; (c) Peak Amplitude highlighting transient high-intensity contractions observed across four
EMG channels.

Based on these classification results, the overall average accuracy was 90.0%, precision
was 90.7%, recall was 90.0%, and the F1-score was 89.8%. Notably, the ‘up’, ‘left’, and ‘right’
inputs demonstrated high recognition performance, with precision and recall values close
to or above 90%. In contrast, the ‘select’ input showed the lowest recall at 71.7%, despite a
relatively high precision of 93.5%, indicating that many ‘select’ actions were misclassified
as other directional inputs. Analysis of the information transfer rate (ITR) showed that the
average ITR for the three subjects was 99.5 bits/min, suggesting that the proposed system
ensured sufficient speed for rapid recognition and processing of input actions.

The results of this experiment demonstrate that the system maintains high overall
recognition performance despite differences in signal magnitude, duration, and variation
patterns among subjects. Furthermore, it was confirmed that adequate classification per-
formance can be achieved using only simple feature extraction algorithms based on SSC
and RMS.

Experiment 2 involved collecting a total of 1704 data points by having three subjects
repeatedly perform each input action. The multi-class classification performance of the pro-
posed system was evaluated through a confusion matrix, as illustrated in Figure 9b. The
results showed that the “up’, “down’, ‘left’ and ‘right’ classes were all correctly classified
instances, respectively. Misclassifications for these classes were relatively few, with errors
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mainly distributed across adjacent directional inputs. The ‘select’ class presented relatively
low accuracy compared to the other commands, with 504 of 641 instances correctly recog-
nized, and some degree of confusion occurring with the ‘down’, “up’, and ‘left’ classes.
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Figure 9. (a) Confusion matrix for Experiment 1; (b) Confusion matrix for Experiment 2, with cor-
responding bar graphs presenting the average accuracy, precision, recall, and F1-score values, ex-
pressed as percentages.

The overall average accuracy was 88.2%, indicating that the system maintained practi-
cal classification performance under online conditions. Class-specific quantitative metrics
recorded an average precision of 87.3%, average recall of 90.6%, and an average F1-score
of 88.3%. The ‘up’, ‘left’, and ‘right’ inputs showed consistently high recognition per-
formance. Conversely, the ‘down’ input demonstrated reduced precision of 71.0%, and
the “select’ input exhibited relatively low recall of 75.8% despite a high precision of 98.4%.
These results suggest that some ‘down’ and “select’ actions were confused with directional
inputs of similar activation patterns. Analysis of the information transfer rate revealed
an average of 92.87 bits/min across the three subjects, indicating that despite its simple
feature-based algorithm, the proposed system sustained stable and efficient communica-
tion in real-world environments.

These results demonstrate that the proposed system maintains stable classification
performance overall, even under conditions where users perform multiple actions consec-
utively as if typing characters. Notably, even when subjects repeatedly performed the
same action multiple times, we confirmed that simple feature extraction algorithms based
on SSC and RMS alone could effectively distinguish between signals with similar charac-
teristics across classes.



Sensors 2025, 25, 7243

19 of 25

To comprehensively evaluate the input recognition performance and user applicabil-
ity of the proposed system, the results of Experiment 1 and Experiment 2 were compared.
In Experiment 1, conducted with a limited number of inputs and in a controlled environ-
ment, the system demonstrated very high classification performance, achieving an overall
average accuracy of 90.0%, precision of 95.7%, recall of 90.0%, F1-score of 89.8%, and in-
formation transfer rate of 99.5 bits/min. Notably, the inputs “up’, ‘left’, and ‘right’ were
all perfectly classified, confirming that the system operates with high reliability for basic
directional inputs.

In Experiment 2, even as the number of inputs increased and experiments were con-
ducted under more diverse conditions, the overall average accuracy remained at 88.65%,
precision at 86.45%, recall at 91.15%, F1-score at 87.8%, and information transfer rate at
92.87 bits/min. This is a positive result demonstrating that the system can reliably main-
tain practical performance levels even as the usage environment expands.

Additionally, to assess the subjects’ subjective cognitive workload, the NASA-TLX
questionnaire was administered after the experiment concluded. The results are presented
in Figure 10. This questionnaire is structured to evaluate six items: Mental Demand, Physi-
cal Demand, Temporal Demand, Performance, Effort, and Frustration. Across participants,
the overall workload scores ranged from 13.7 to 26.3, corresponding to a medium per-
ceived workload level. As shown in Figure 10a, most individual item scores remained
relatively low, generally between 10 and 30 points, with the exception of Physical Demand
and Temporal Demand, which reached higher values for certain subjects. The pie chart in
Figure 10b illustrates the relative weighting of each item, showing that Physical Demand
accounted for the largest proportion at 26.7%, followed by Performance at 26.4% and Effort
at 24.4%. Temporal Demand showed the lowest contribution, and both Mental Demand
and Frustration were also minor components of the overall workload. These results con-
firm that while the proposed input system may impose some degree of physical burden,
particularly in terms of muscular effort, it does not generate excessive cognitive load, time
pressure, or emotional stress. Overall, participants perceived the workload as moderate
and manageable, suggesting that the system can be adopted without substantial difficulty.
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Figure 10. Results of classification performance and user workload assessment; (a) Bar graph pre-
senting evaluation scores of six workload components and overall workload across three subjects;
(b) Pie chart showing the proportional contribution of each component to the overall workload.

4. Discussion

The proposed EMG-based Cheonjiin speller demonstrated stable and accurate perfor-
mance across both experimental conditions. The system achieved overall accuracy near
89% and maintained comparable precision and recall values between simple and continu-
ous input tasks, confirming its robustness during real-time operation. The average infor-
mation transfer rate (ITR) of 96.19 bits/min indicates that the system enables interactive
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communication while operating with only two EMG channels. This level of performance
is comparable to previously reported EMG-based interfaces (40-90 bits/min) [24] and ap-
proaches that of mid-level SSVEP-based BCI spellers (80-100 bits/min) [22,23].

These findings suggest that the proposed system can achieve competitive throughput
while maintaining low computational cost and real-time responsiveness, as evidenced by
the mean command interval of approximately 2.2 s. Moreover, the results reflect consistent
user—machine coordination and minimal interaction conflict, underscoring the system’s
practical applicability even under low-resource hardware conditions [1].

It demonstrates that stable classification of up/down, left/right, and selection inputs
is achievable using only simple time-domain features based on RMS and SSC, without
complex deep learning models. The observed results demonstrate that the selected time-
domain features effectively capture the physiological characteristics of muscle activation
relevant to directional control. In particular, RMS exhibited clear increases correspond-
ing to contraction intensity, indicating its role as a direct measure of muscle activation
strength. SSC, in contrast, revealed more dynamic fluctuations, reflecting transient varia-
tions in muscle fiber recruitment and firing behavior during directional transitions. These
complementary patterns were especially evident between the rectus femoris and gastroc-
nemius muscles, whose activation dynamics differed across up, down, left, and right com-
mands. Together, RMS and SSC enabled consistent differentiation of movement directions
while maintaining low computational complexity. This confirms that the chosen features
not only simplify the real-time processing pipeline but also retain sufficient discriminative
power for reliable classification in practical EMG-based communication systems.

Compared to recent EMG-based speller systems that utilize multi-channel setups or
complex frequency-domain features [21,36], the proposed system demonstrates that com-
parable accuracy can be achieved with only two channels and simple time-domain de-
scriptors. This finding underscores the potential of the system as a minimal yet effective
approach for real-time text input, particularly in low-resource or embedded environments.

While previous studies typically employed deep learning-based models for EMG sig-
nal analysis and classification [37-39], such approaches often require large datasets, high
computational resources, and extended training times, which limit their feasibility for
real-time or embedded applications [40]. In contrast, the present study effectively distin-
guished similar EMG signals using simple time-domain features such as RMS and SSC,
demonstrating that reliable classification can be achieved with minimal computational
cost. This lightweight feature-based approach aligns with findings from prior research
on efficient EMG-based control paradigms [41,42], confirming its suitability for portable
assistive systems.

Furthermore, this system provides a practical alternative input method for users with
limited hand mobility. By adopting the Cheonjiin layout, which has fewer keys and shorter
key travel distances compared to the QWERTY layout, Korean input is possible using only
directional control operations. Minimizing input actions is expected to reduce user burden.
Electrode placement and input actions were set based on anatomical structures, maintain-
ing high consistency and accuracy despite differences in signal strength and variation pat-
terns between subjects.

Despite the overall high accuracy observed in both experiments, some misclassifica-
tions were identified — particularly in the “select” command, which was occasionally rec-
ognized as “up” or “left.” This phenomenon is likely attributed to the challenge of isolating
specific lower-limb muscles, as some participants unintentionally activated adjacent mus-
cles during contraction. Even when participants intentionally attempted to activate the
muscles corresponding to “select,” the signal from one muscle (e.g., the rectus femoris)
could be detected earlier or more strongly than its counterpart (e.g., the gastrocnemius),
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resulting in an unbalanced feature pattern. Additionally, occasional confusion in direc-
tional intent was observed when participants rapidly switched between directional and
selection commands, indicating a possible timing mismatch between muscle activations
and the system’s recognition window.

To mitigate such errors, future implementations could increase the duration of each
voluntary contraction or introduce adaptive timing calibration to better align the recogni-
tion window with the user’s activation dynamics. Moreover, as users become more accus-
tomed to the directional control scheme through repeated practice, such misclassifications
are expected to decrease due to improved motor consistency and proprioceptive control.
Therefore, incorporating adaptive calibration and user-specific training sessions may fur-
ther enhance system reliability.

The present research should be further expanded to broaden its scope and practical
applicability. First, the study involved a limited number of healthy participants, which
may constrain the generalizability of the results to individuals with motor impairments.
Expanding the participant group to include individuals with motor impairments would
enhance the generalizability of the findings and provide a more comprehensive evalua-
tion of the system’s clinical applicability. However, recruiting patients with movement
disorders within a limited timeframe poses practical challenges, including the need for
additional institutional review board (IRB) approval and ethical considerations related to
patient safety and consent.

Future studies should investigate how different muscle contraction patterns vary
across demographic and physiological factors. For instance, differences between young
and middle-aged adults, male and female participants (influenced by muscle mass and fat
distribution), and individuals with varying body mass index (BMI) or activity levels could
significantly affect EMG amplitude and stability. Comparative analysis among healthy
participants, those with mild motor impairments, and those with severe disabilities would
provide deeper insights into system adaptability. In addition, systematic evaluation of con-
traction parameters—such as contraction intensity (e.g., weak 10-20% vs. strong 50-70%),
contraction duration (short tap vs. sustained hold), fatigue accumulation across repeated
tasks, and sensitivity differences between the rectus femoris and gastrocnemius—would
help optimize classifier robustness and improve usability across diverse user groups.

Second, the experimental setup was conducted in a controlled environment, whereas
real-world conditions may introduce additional noise or signal variability. Third, while the
current study employed static feature parameters, adaptive or context-aware algorithms
could further improve robustness under changing physiological states or electrode condi-
tions. Addressing these limitations in future studies will be critical for achieving practical
deployment in daily assistive contexts.

Another important consideration for future development is the effect of muscle fa-
tigue on EMG signal stability and classification performance. Since the proposed system re-
lies on voluntary contractions of the rectus femoris and gastrocnemius muscles, prolonged
or repeated activation may lead to muscle fatigue, potentially reducing signal amplitude
and altering spectral characteristics. This issue is particularly relevant for lower-limb mus-
cles, which may fatigue faster under repetitive activation compared to smaller upper-limb
groups. Prior research has demonstrated that fatigue induces a shift in the median fre-
quency of EMG signals, which is closely related to changes in the zero-crossing rate and
slope sign change (SSC) features [43]. Because SSC was one of the key features used in
our study, such variability could influence the reliability of long-term classification. There-
fore, future studies should investigate adaptive feature selection or fatigue-compensation
mechanisms to ensure stable performance during extended use sessions.
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From a software architecture perspective, the current implementation also presents
opportunities for further development. First, the entire signal acquisition, feature extrac-
tion (RMS, SSC, and peak amplitude), and classification pipeline was implemented in
Python, which—while highly productive and convenient for rapid prototyping—carries
inherent overhead. For example, the interpreted nature of Python, the Global Interpreter
Lock (GIL), and non-deterministic garbage collection can introduce latency or jitter, espe-
cially under strict real-time constraints [44]. Secondly, while our latency (~2.17 s) is ac-
ceptable for the targeted interface scenario, it remains relatively coarse compared to hard
real-time control systems where latencies of a few milliseconds or hundreds of microsec-
onds are required [45].

In future work, we plan to explore a hybrid architecture in which latency-critical com-
ponents (e.g., real-time signal preprocessing and event triggering) are implemented in a
compiled language such as C or C++ and invoked from Python only for higher-level tasks.
This would reduce end-to-end latency and improve determinism under wearable or em-
bedded deployment.

While the system performs well with simple time-domain features, future research
could explore advanced feature extraction or hybrid modeling techniques to further im-
prove classification performance. Approaches such as wavelet transform-based time-
frequency analysis or combined statistical-spectral features have shown promise in captur-
ing both transient and steady-state components of EMG signals [29,46]. Integrating such
hybrid representations with lightweight classifiers could enhance accuracy while main-
taining real-time feasibility. This approach facilitates model lightweighting and power
consumption reduction, holding significant promise for future applications in portable as-
sistive devices or low-specification environments.

Future technical refinements hold potential to further enhance the system’s practi-
cality and accessibility. For instance, integrating adaptive filtering algorithms capable
of real-time noise estimation [47], or implementing calibration-free signal normalization
schemes [48], could improve robustness across sessions. Hardware improvements, such
as wireless sensor integration and flexible electrode materials [49], may also increase
portability and user comfort. Furthermore, by utilizing diverse sensory channels like vi-
sion, hearing, and touch to enable users to intuitively perceive the system’s responses,
it is anticipated that the system could be expanded into a comprehensive Augmenta-
tive and Alternative Communication (AAC) system accessible to users with visual or
auditory impairments.

Ultimately, our study demonstrates the potential for electromyography (EMG)-based
interaction technology to substantially enhance information accessibility and freedom of
expression for users with physical limitations. It can serve as foundational data for future
user-centered interface design.

5. Conclusions

Our study introduced a lightweight EMG-based Cheonjiin speller system capable of
Korean text input through five directional muscle commands. The system achieved an
overall accuracy of 88.9% and an information transfer rate of 96.19 bits/min, demonstrating
its feasibility for real-time communication.

The key contribution of this work lies in showing that accurate EMG-based interac-
tion can be achieved using simple time-domain features —RMS and SSC —without relying
on complex machine-learning models. By integrating the directional input structure with
the Cheonjiin layout, the system provides an intuitive, low-cost, and accessible communi-
cation method for users with physical impairments.
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Beyond text input, the proposed framework has broader implications for the field of
human-machine interaction. Potential application areas include hands-free device control
in smart environments, gaming and virtual-reality interaction, rehabilitation and motor
recovery monitoring [50], silent communication interfaces in noisy or privacy-sensitive
contexts, and wearable bio-signal systems for continuous healthcare and Internet of Things
(IoT) applications.

In summary, this research establishes a practical foundation for lightweight, portable
EMG-based assistive communication systems that enhance accessibility, communication
freedom, and user independence, while contributing to the growing integration of physi-
ological signals in next-generation interactive technologies.
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