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1. INTRODUCTION

Quadriplegia is a medical condition that results in paralysis of all four limbs due to spinal cord
injury caused by a sudden and forceful impact, such as in accidents [1]. This condition leads to neurological
dysfunction, affecting both motor and sensory nerve functions, ultimately causing paralysis in all four limbs
[2]. Paralysis in all four limbs makes individuals with quadriplegia highly dependent on wheelchairs and
assistants, even for simple mobility tasks [3]. Although individuals with quadriplegia experience paralysis in
their limbs, their ability to speak remains intact. Therefore, there is a need for innovation in electric
wheelchairs that accept voice commands [4]. Conventional electric wheelchairs, typically operated using a
joystick, cannot be used by individuals with quadriplegia because they are unable to move their hands.
Several innovations in electric wheelchair control systems for individuals with quadriplegia have been
developed to improve interaction with users [5], including the use of head motion sensors and eye-gaze
sensors. However, these innovations are still expensive and have not achieved the desired level of accuracy
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for maneuvering [6], [7]. A voice control system is the most feasible option for individuals with quadriplegia,
providing flexibility in direction and range of maneuvers as desired. [8], as it offers maneuvering accuracy
that meets user expectations and is affordable. However, various studies related to voice recognition-based
control systems are still limited to word recognition [9]. These systems can only move the wheelchair
statically according to specific commands, such as “forward,” “backward,” “right,” “left,” and “stop.”
Therefore, this innovation has not yet provided the necessary acceleration for maneuvering.

While advancements in robotics and automated control systems can be adopted in the development
of electric wheelchairs to enhance human-machine interaction more naturally and efficiently, one of the key
aspects of this development is the ability to control the wheel's direction accurately and responsively through
the integration of voice commands. Using voice recognition as an input method to control the direction and
speed of wheel rotation offers convenience and comfort to users without the need for direct physical
interaction [10]. However, the main challenge in implementing such a system is optimizing the wheel's
rotational angle to ensure smooth, accurate, and efficient movement following the given voice command
[11]. The application of voice recognition for voice command recognition uses machine learning (ML)
methods to classify and predict voice data, whether it is word data or amplitude data. Word data, processed
using natural language processing (NLP) algorithms, is recognized as commands to adjust the wheel's
direction, while sound amplitude data, processed using support vector machine (SVM) algorithms, is
recognized as commands to control the voltage regulator's strength [12], [13]. The inverse kinematics
algorithm functions to determine the required wheel rotation angle based on the target's position and
orientation. The combination of the voice recognition-based control system and inverse kinematics
algorithms provides the optimal rotation angle to reach a desired position [3], [10].

Voice commands are highly susceptible to recognition errors due to variations in intonation and a
low signal-to-noise ratio [14]. Challenges arise when noise or additional sounds interfere with the intended
command. In low signal-to-noise ratios, external noise can disrupt the program's ability to accurately
interpret verbal commands [15]. To address this issue, NLP algorithms are employed to enhance word
recognition, and ML algorithms, specifically SVM, are used for amplitude classification [16], [17]. For the
wheel rotation system design, kinematic methods are used to control the wheel's rotation, while ML
algorithms are applied for classifying and predicting commands [18]. Additionally, the kinematic model is
implemented to control the left and right wheel rotations, ensuring that the minimum rotation angle is
achieved, thus optimizing system efficiency [19]. Dynamic wheel rotation is controlled using both forward
kinematics and inverse kinematics methods. Forward kinematics is used to calculate the wheel's rotation
angles, while inverse kinematics is applied to determine the wheelchair's range of motion [20]. The
integration of voice recognition, machine learning, and inverse kinematics is expected to result in significant
and accurate movement acceleration, ultimately improving user comfort and enhancing the overall system's
usability.

The research on the prototype of an electric wheelchair control system with a voice-user experience
(VUX)-based control system, complemented by a wheel rotation system using kinematic methods, is
expected to make a significant contribution to assistive technology for individuals with disabilities,
particularly those suffering from quadriplegia. The VUX-based voice recognition system serves as the
foundation for developing an intelligent system based on artificial intelligence (AI) [21]. By integrating voice
recognition algorithms, ML, and NLP to recognize voice commands based on VUX [22]. Along with
kinematic methods such as forward kinematics and inverse kinematics, the maneuverability of the electric
wheelchair is optimized. The ML and NLP algorithms used to recognize voice commands are focused on
improving speech recognition accuracy under real-world conditions, including addressing user voice
variability and noise disturbances [23].

The main contributions and novelties of this research in the development of the electric wheelchair
control system are as follows:

— This research optimizes the usability of the electric wheelchair with a voice recognition control system,
optimized with ML and kinematic methods.

— This system provides a practical solution in the form of more intuitive voice control, enhancing comfort,
safety, and accessibility for individuals with quadriplegia.

— The main novelty of this research lies in the combination of voice recognition technology, ML, and
kinematics to control wheel movement dynamically and responsively.

2. METHOD
2.1. Research methods

The design of the electric wheelchair prototype with a wheel rotation acceleration control system
based on VUX in this research combines ML methods and forward-inverse kinematics methods. To achieve
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optimal usability, the development of the control system is carried out in three stages. The first stage is the
voice recognition process, which aims to convert voice commands into word data and amplitude data in
digital form. The second stage is the classification and prediction of word and sound data using ML methods
with NLP algorithms. Word data is recognized and processed into the control system for wheel direction and
amplitude data is recognized and processed into the control system for current strength that adjusts the
wheel's rotational angle. The third stage involves forwarding the classification and prediction results from the
ML process of word and amplitude data to the control system for wheel direction and speed [24], which is
controlled using forward-inverse kinematics, as shown in Figure 1.
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Figure 1. Framework of voice recognition-based control system

2.2. Voice recognition and machine learning methods

The classification of command data in the voice-based control system involves a complex process as
it combines voice recognition methods with machine learning techniques [25]. The voice input received by
the converter is converted into digital data, whether it is word data or amplitude data. Next, feature extraction
is performed on both the word and amplitude data to separate the interfering noise, ensuring that only the
primary data is processed further [26]. Once the data is isolated, a classification process using machine
learning methods and NLP algorithms is applied to identify the class of the data, followed by a training
process on the dataset. This allows the voice recognition system to accurately recognize each voice
command, as shown in Figure 2.
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Figure 2. Voice recognition and machine learning methods

2.3. Feature extraction

After preprocessing, the next step is feature extraction from the speech signal. Feature extraction is a
crucial step in the speech recognition process to build a meaningful and compact set of representations,
making it easier for machine learning models to process [27]. This step captures the most important
characteristics of the speech signal while minimizing irrelevant information, leading to accurate speech
pattern recognition even in noisy environments or with varying speech rates [28], [29]. To achieve this, the
digital signal is divided into smaller frames, each representing a short segment of the speech signal, which
helps in accurately identifying the words and commands spoken [30], [31]. These features are mathematical
representations that capture important characteristics of the sound, such as frequency and amplitude, using
techniques such as mel frequency cepstral coefficients (MFCC) [32], [33].
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2.4. Machine learning models of voice recognition

Voice recognition is a critical component in modern assistive technology, particularly in control
systems for managing electric wheelchairs. Converting audio data into useful features using MFCC is an
important step in the voice recognition system [33]. MFCC captures the timbral features of sound by
applying the Fourier transform to the signal and mapping it to the Mel scale (a perceptual scale of pitches)
[34]. The amplitude features form a nonlinear function, which is then extracted into digital power. This
digital data, in the form of fuzzy data, is then trained using a machine learning model [35]. The methodology
for applying machine learning models in voice recognition involves several key steps, starting from the
preprocessing of voice data to training models that can accurately interpret voice commands [36], as shown
in Figure 3.
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Figure 3. Machine learning framework of voice-signal recognition

2.4.1. Training the model of machine learning

The processed data, including the extracted features, is used to train the machine learning model
for classifying the voice commands. In this research, the classification of voice commands based on the
extracted features is performed using the SVM algorithm [37]. SVM works by finding the optimal
hyperplane that separates different classes (such as different commands) in the feature space. To ensure the
accuracy and robustness of the voice recognition model, several performance metrics are employed,
including accuracy to measure the overall percentage of correct predictions made by the model, precision,
and recall to evaluate how many of the predicted positive labels are correct [38]. The balance of the machine
learning model’s performance is measured by the Fl-score, which is the harmonic mean of precision and
recall.

2.4.2. Labeling and classification of data
After the voice features are extracted, a dataset is formed consisting of feature label pairs (input-
output) to improve the user experience and evaluate usability [39]. This dataset is then used to train a
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machine learning model. Each entry in the dataset typically consists of a feature vector that represents the
characteristics of the audio signal, which is labeled based on the spoken word or command, such as
“forward,” “backward,” “right,” “left,” and “stop” [31], [40]. Subsequently, voice command classification is
performed using a machine learning model, specifically employing the SVM algorithm to distinguish
between different voice command classes [37], [41]. SVM was selected due to its superior performance with
small to medium-sized datasets and its robustness in high-dimensional feature spaces such as MFCC vectors.
The model is then trained using the labeled dataset. Once the model has been trained, the next step is
validation and testing using previously unseen data [42]. This step aims to assess how well the model can
convert amplitude data into digital input suitable for classification in identifying electric currents at varying
rotation angles [43]. The assessment uses performance metrics such as accuracy, precision, recall, and
Fl-score, which are standard measures for evaluating the effectiveness of machine learning models in
classification problems [44]-[46].

2.5. Natural language processing of voice recognition
2.5.1. Removal of noise

In the voice recognition process, noise removal plays a crucial role in ensuring the system's accuracy
and efficiency. Noise refers to unwanted signals or disturbances present in the recording environment, such
as background conversations, electrical noise, or microphone imperfections. These noises can significantly
degrade the quality of the sound signals and hinder the accuracy of the recognition model. The primary
objective of noise removal is to extract relevant sound information while minimizing or eliminating the
impact of unwanted sounds, making it a vital preprocessing step in the sound recognition system [47], [48].
The noise removal technique used in this study is Wiener filtering, which adjusts the speech signal based on
the estimated signal-to-noise ratio (SNR). This filter reduces the noise component in the signal by applying
varying amounts of filtering based on the noise level in specific frequency bands [49], [50]. For instance, in
signals with high SNR, the Wiener filter allows more speech signals to pass, while in noisier parts, it
attenuates the noise more aggressively. This dynamic adaptation improves the speech signal quality, making
it clearer for the recognition algorithm [51].

2.5.2. Normalization of signal data

Normalization in speech recognition is an important preprocessing step that helps ensure consistent
input to a speech recognition system. The main purpose of normalization is to adjust the recorded speech
signal so that variations in factors such as loudness, microphone sensitivity, or recording environment do not
negatively impact the performance of the recognition system. Variability in these factors can lead to
inconsistent speech recognition accuracy, especially when the system encounters voices recorded under
different conditions [52], [53].

In this study, normalization is carried out by adjusting the volume of the speech signal to match a
predetermined range between -1 and 1 in order to eliminate possible variations in signal amplitude, so that
mathematically the average value of the signal scale is zero with a standard deviation of one, as (1):

x(t)—p
Xnorm () = T (1)
where x(t) is the raw signal, u is the average signal, and o is its standard deviation [30], [54]. Meanwhile, to
reduce the volume of the loudest sound signal and increase the uniformity of the sound volume in this study,
dynamic range compression was carried out so that the data signal was more stable with the following
calculation:

Xcomp (t) =log (x(t) +1) ()

This technique helps improve the overall robustness and consistency of the speech signal for more accurate
recognition [30].

2.5.3. Signals-to-digital data

The next stage is to transform the speech signal into digital data so that the speech signal can be
processed by the algorithm. In this study, a continuous analog speech signal was converted into a discrete
digital signal to form digital data from the command speech signal given to move the wheelchair, such as the
commands “forward,” “backward,” “right,” “left,” and “stop.” Each analog data point is converted into
digital data in the form of a 3x3 matrix as shown in Figure 4.
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2.6. Kinematics control model of rotation

Kinematically design the rotation [9] of the right and left wheels to change the angle of rotation of the
DC motor, which is regulated using the V3 module on the Arduino, which is coded using the C++
programming language according to the angle and speed needed when the V3 module receives commands
from machine learning. Specifically, the novelty in the wheel rotation adjustment system is that to move
straight, the right and left wheels rotate at the same speed, to turn with an effective area, the wheel rotation
will be opposite between right and left where one wheel (BC) moves around the center of rotation (C) and the
other wheel rotates in the opposite direction as presented in Figure 5. The triangle (KBC) is constant when
the wheel gear angles (1, 5,) change, where:

Bo+o=75° 3)

Consider triangle (OBA), the following equations can be obtained:

BA =,/OB% + 0A% — 2 OB.0A.cos (B; + B2) “)
BA 0A
sin (B1+B2)  sina ®

From (3) to (5), one can find the expression (6):

Sin(75 — ) |2 +28 + 2122 cos(B, + B, ) = Zsin (B + B2) ©)

The calculation of the rotation angle in the forward-inverse kinematics model to achieve the desired range of
motion is illustrated in Figure 6.

Figure 5. Geometric parameters of wheel rotation
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| ;—
Figure 6. Calculation diagram of the design wheel’s rotation (xg, yz)

To determine the coordinates of the points B’(xg, ¥'g) and K’'(x’g, y’x) when (BC) rotates around
the center C(x,y), first apply translation T (—x,, —y,-) to move the center back to the origin. Second, apply
rotation R() to rotate (BC) around the origin by an angle ¢. Finally, apply the translation T'(x,, y;-) to move
the center of rotation from the origin to the original position. The rotation matrix equation is represented by
multiplication and translation, as the matrix sum representation. With homogenecous coordinates, the
coordinates of the point (x, y) can be represented in the form (x/h, y/h, h). For convenience, h=1 is chosen,
the geometric transformation matrix is given as:

1 0 x,
R(xyr, xr, @) = T(x7, y)-R(9). T(=xr, —y) = |0 1 yr]'
0 0 1
cosp —sing 0] [1 0 x,.] [cose¢ —sing x.(1—cosp)+ y.sing
sing cosp 0[.[0 1 y.[=|sing cosp y.(1—cosp)—x,sing (7
0 0 1 o0 1 0 0 1

The coordinates of the starting points B(xg, Vg), I(x;,y;), K(xk,yx), and fixed-point M (x,, yy) were
determined using AutoCAD. The coordinates of the point after rotation at an angle are determined as follows
as point B(xg, yg) as:

XB Xp
B = [ys] =R(xr, ¥, @) [yB] ®)
1 1
cosp —sing x.(1 —cosp) + y.sinp] X
B' =|sing cosp y.(1—cosp)— x,sing]|- [}’B] ©))
0 0 1 1
The coordinates of point K (xx, yx) are:
Xk XK
K= [yK] = R0, yr, @) [YK] (10)
1 1
cosp —sing x.(1 —cosp) + y,sing | Xk
K'=|sing cosep y,(1— cosp) — x,(sing [}’K] (11)
0 0 1 1

The coordinates of point I (x;, y;) are defined as:

X X1
I = [yl] = R(xp, Yr, ¢) [yl] (12)
1 1
cosp —sing x.(1—cosp) + y.sing] X
sing cosp  y.(1—cosp) — x,sing|- [}’1] (13)
0 0 1 1

I'=

From (9), (11), and (13) the following vector is generated:
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cosp —sing x.(1—cosp) + y,.sinp] 1 Xk—Xgp
e = |Sing  cose V. (1 — cosp) — x,sing]| - [}’K - 3’3] (14)
0 1 0
cosp —sing x,.(1 —cosp) + y,.singp] —Xp
20" |sine  cosep  y, (1 — cos@) — x,sing|- [—}’B] (15)
0 0 1 -1
cosp —sing x.(1—cosp) + y.sinp| % Xym
2 =|sing  cosp  yr(1-cosg)—x,sing -[M] - [}’M] (16)
0 0 1 1 1

The MI vector in (16) defines the length of MI when the plane (BC) rotates at an angle ¢. The angle f1 can
be when the plane (BC) is rotated at an angle o.

—
BK

7l
BK

gl

cos B, =

] a7

2.7. Usability testing of voice recognition-based electric wheelchair

Usability testing for a voice recognition-based electric wheelchair control system provides valuable
insights into system performance and user satisfaction [55]. By focusing on real-world usability, including
accuracy, response time, and overall comfort, this testing methodology ensures the system meets the needs of
people with disabilities, especially those with quadriplegia, thereby improving their mobility and
independence. Testing was conducted with 15 users limited to the commands “forward,” “right,” “left,”
“backward,” and “stop.” The overall system acceptance evaluation of the voice recognition-based wheelchair
regarding VUX includes “ease of navigation,” “instrument aesthetics,” “system responsiveness,” “ease of use,”
and “overall satisfaction” [56].

8l

EENT3 9 ¢

3.  RESULTS AND DISCUSSION
3.1. Evaluation and performance of voice recognition

Voice recognition was implemented using machine learning algorithms coded in Python. The
system was trained to identify basic command words such as “forward,” “right,” and “left” to enable dynamic
processing of user input. The training process included an early stopping mechanism within 50 epochs to
prevent overfitting. Each command was trained through 100 iterations, resulting in a word recognition
accuracy of 91%. In addition to word classification, the model also processed voice pitch features,
specifically frequency and amplitude, to control motor speed. These features were trained through 30
iterations per frequency level and achieved an accuracy of 89 percent. The classified voice and pitch data
were then converted into motor control commands and transmitted to the Arduino V3 module to regulate the
rotation of the DC motors, enabling directional movement of the electric wheelchair.

The performance of the voice recognition model in recognizing voices based on the type of words
spoken by the user, with a total of 255-word repetitions for each word, has a fairly high accuracy, as shown
in Table 1. Meanwhile, speech recognition based on the frequency and amplitude of the user's voice also
demonstrated high accuracy, as shown in Table 2. Each voice was tested 51 times per frequency level.
Beyond simple word classification, these acoustic features were further utilized to dynamically regulate the
motor’s rotational speed through a proportional mapping to pulse width modulation (PWM) signals. The
system interprets higher voice amplitudes as indicators of stronger user intent, thus increasing the current sent
to the motor controller and widening the wheel rotation angle. Conversely, lower-intensity voice commands
result in reduced motor current and slower rotation. This approach enables scalable and intuitive control: the
louder and firmer the voice, the faster the wheelchair responds. The integration of pitch-based modulation
contributes significantly to the system’s responsiveness and user-centered mobility adaptation.

Table 1. Voice recognition classification results based on word-commands

Voice command Precision Recall F1-score Accuracy (%)
Forward 0.94 0.92 0.93 922
Backward 0.91 0.89 0.90 91.6

Right 0.96 0.94 0.95 94.3
Left 0.93 0.91 0.92 91.4
Stop 0.97 0.94 0.93 94.6
Average 0.94 0.92 0.93 92.82

Int J Elec & Comp Eng, Vol. 16, No. 2, April 2026: 739-752



Int J Elec & Comp Eng ISSN: 2088-8708 a 747

Table 2. Results of voice recognition classification based on frequency-command

Frequency (Hz) Precision Recall F1-Score Accuracy (%)
Very low 091 0.89 0.90 923
Low 0.92 0.90 0.91 93.1
Medium 0.94 0.92 0.93 94.5
High 0.96 0.94 0.94 95.8
Very high 0.96 0.96 0.95 96.7
Average 0.938 0.922 0.926 94.48

The results of the classification of speech recognition based on words and frequencies from the
machine learning algorithm are used as commands that the V3 module passes to adjust the rotation angle of
the DC motor gears, right and left, to adjust the wheel rotation. The right and left DC motor gear rotations
against the given command are synchronized using the Kinematics method.

3.2. Classification kinematics performance testing

Performance testing is carried out to ensure that the wheelchair prototype and the system can work
properly as a whole. Command testing from this application aims to determine the suitability of commands
with the resulting DC motor movement, as shown in Table 3. Table 3 shows the results of the application
command testing that has been carried out. The test results show that all direction commands for movement,
whether forward, backward, right, left, or stop, can be sent and received by the DC motor rotation simulator
device, as shown in Figure 7. All movements produced also follow the instructions without any obstacles,
such as swapped directions or one of the directions not working, as shown in Table 4.

Table 3. Module V3 application command testing

No Commands performed Command response
1 Forward True
2 Backward True
3 Right True
4 Left True
5 Stop True
Move to Forward Move to Backward
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Figure 7. Synchronize the rotation angle of the right and left gears with VUX
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The test aims to determine the suitability of the commands carried out with the direction of rotation
of the DC motor following the desired direction. According to the test results that have been carried out in
Table 4, it is found that the direction of rotation of the right and left motors is in accordance with the
commands carried out. The results of the movement of the wheelchair simulator are also appropriate without
any obstacles in the wrong direction or direction malfunction.

Table 4. Testing DC motor rotation and wheelchair movement direction

No Commands performed Directional movement of the DC motor Wheelchair direction
Right motor Left motor
1 Forward Forward rotation Forward rotation Forward
2 Backward Backward rotation Backward rotation Backward
3 Right Backward rotation Forward rotation Right
4 Left Forward rotation Backward rotation Left
5 Stop Slow to silence Slow to silence Silent

3.3. Functional testing of voice recognition and kinematics work

Functionality testing was carried out in two stages, namely the stage of setting the wheel movement
angle based on the voice command data given, as shown in Table 5. Testing the wheel rotation speed based
on the voice frequency of the command given, both without load and with a load of 60 kg, with a distance of
2 meters for the forward and backward direction, and a distance of 0.5 meters for the right and left direction
as many as 10 trials with a performance comparison as in Table 6. After knowing the travel time and speed in
each test, the average speed is calculated in all directions of wheelchair movement. From the experiments
that have been carried out, it is known that the speed during testing without a different load and with a good
load for the direction of movement forward, backward, right, and left results in different results. The load
affects the power of the motor, so it affects the speed of the wheelchair simulator. The difference in speed
can also be caused by the strength of the battery which begins to decrease due to repeated trials, this can be
seen from the difference that occurs during the first trial to the 10th trial, where battery life is still stable until
the 6! test for no load while testing with battery power loads is still stable until the 5% test for all directions
of electric wheelchair movement.

Table 5. Wheel position and rotation angle based on voice recognition
Command  Left Wheel Angle (rad)  Right Wheel Angle (rad)  Position X (m)  Position Y (m) Theta (rad)

Forward 0.50 0.50 0.30 0.00 0.00
Backward -0.50 -0.50 -0.30 0.00 0.00
Left 0.00 0.50 0.00 0.30 0.50
Right 0.00 -0.50 0.00 -0.30 -0.50
Stop 0.00 0.00 0.00 0.00 0.00

Table 6. Testing the forward direction of the electric wheelchair as a whole

Without Load With Load
Trial Time Speed (m/s) Time Speed (m/s)

(s) Forward Backward  Right Left Stop (s) Forward Backward Right Left Stop

1 6 0.35 0.34 0.35 0.35 0.34 72 0.33 0.27 0.33 0.33 0.32
2 6 0.35 0.34 0.35 0.35 0.34 7.2 0.33 0.33 0.33 0.32 0.33
3 6 0.35 0.34 0.35 0.35 0.34 7.2 0.33 0.33 0.33 0.32 0.33
4 6 0.35 0.34 0.35 0.35 0.34 72 0.33 0.33 0.33 0.32 0.33
5 6 0.35 0.34 0.35 0.35 0.34 7.2 0.33 0.33 0.33 0.32 0.33
6 6 0.35 0.34 0.34 0.34 0.34 73 0.29 0.27 0.30 0.30 0.29
7 6.4 0.34 0.31 0.34 0.34 0.34 7.5 0.29 0.27 0.30 0.30 0.29
8 6.6 0.33 0.30 0.33 0.33 0.32 7.6 0.28 0.26 0.27 0.27 0.26
9 6.8 0.33 0.29 0.33 0.33 0.32 7.6 0.26 0.26 0.27 0.27 0.26
10 7 0.33 0.28 0.32 033 0.32 7.6 0.26 0.25 0.26 0.26 0.26
Average 0.343 0.322 0341  0.342  0.334  Average 0.305 0.266 0.305  0.301 0.300

3.4. Subjective usability testing

Subjective testing of user satisfaction with the prototype's performance was conducted using an
assessment research method using a questionnaire. The evaluation was conducted using a Likert scale
ranging from 1 to 5, and then the average score for each category was calculated. The results of the 15
subjective tests were obtained, as shown in Table 7.
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Usability testing subjectively provides a user's cognitive assessment of the usability of an electric
wheelchair design, with a direct assessment by the user. Table 7 shows that the cognitive load perceived by
the user is very low. In addition, the test also showed a very high level of usability, where the high level of
ease of learning, attractive aesthetics, and very easy navigation played the role of the principle of human-
machine interaction in design based on VUX data, with an average usability level of 93%.

Table 7. Usability test of application design

Assessment Aspects Indicators Rating scale (1-5) Average score
Ease of navigation speech, movement suitability 1: Very difficult - 5: Very easy 4.8
Aesthetics of instruments Microphone Position 1: Not interesting - 5: Very interesting 4.5
System responsiveness Response time 1: Slow — 5: Very fast 4.7
Ease of use Quickly, users understand the 1: Very difficult — 5: Very easy 4.6
functions of the machine
Opverall satisfaction Overall experience 1: Dissatisfied — 5: Very satisfied 4.65

4. CONCLUSION

This study successfully develops an electric wheelchair optimized for individuals with quadriplegia
by integrating VUX and a kinematic-based wheel rotation system. Implementing voice recognition and
machine learning ensures high accuracy in recognizing and executing movement commands. The kinematic
model effectively enhances maneuverability, allowing users to navigate confined spaces efficiently.
Performance testing demonstrates a 92.82% accuracy in word recognition and 94.48% accuracy in frequency
and amplitude detection, ensuring reliable functionality. The wheelchair achieves stable movement at an
average speed of 0.343 m/s without a load and 0.305 m/s with a 60 kg load. These findings indicate that the
proposed system significantly improves accessibility, ease of use, and independence for individuals with
quadriplegia. Future research may explore the refinement of noise-canceling techniques in voice recognition
and the integration of advanced Al-driven adaptability to further enhance user experience and mobility.

ACKNOWLEDGEMENTS

This work was funded by the Directorate of Research and Development, Ministry of Higher Education,
Science and Technology (KENDIKTISAINTEK) of the Republic of Indonesia for the financial year 2025.
Grand scheme: Penelitian Fundamental Reguler (PFR). Contract numbers: B/335-40/UN14.4.A/PT.01.03/2025.

AUTHOR CONTRIBUTIONS STATEMENT
This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author
contributions, reduce authorship disputes, and facilitate collaboration

Name of Author C M So Va Fo 1 R D O E Vi Su P Fu
I Wayan Santiyasa v v v v v v v v v v v
Ida Bagus Alit v v v v v o v v v v
Swamardika

I Ketut Gede Suhartana v 4 v v v

I Gusti Ngurah Anom v v v v

Cahyadi Putra

C : Conceptualization I : Investigation Vi : Visualization

M : Methodology R : Resources Su : Supervision

So : Software D : Data Curation P : Project administration
Va: Validation O : Writing - Original Draft Fu : Funding acquisition
Fo : Formal analysis E : Writing - Review & Editing

DATA AVAILABILITY

The data that support the findings of this study are available from the corresponding author upon
reasonable request. Due to ethical and privacy considerations, certain data may be restricted to protect
participant confidentiality. Alternatively, if applicable the datasets generated and analyzed during this
study are publicly available at https://docs.google.com/spreadsheets/d/15M1hwMJIpSVRafWWgvZPa6o-
JSuHlfdye/edit?usp=sharing&ouid=102693883183634282270&rtpof=true&sd=true.

Optimizing usability of electric wheelchairs with voice user experience ... (I Wayan Santiyasa)


https://docs.google.com/spreadsheets/d/15M1hwMJpSVRafWWgvZPa6o-JSuHlfdye/edit?usp=sharing&ouid=102693883183634282270&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/15M1hwMJpSVRafWWgvZPa6o-JSuHlfdye/edit?usp=sharing&ouid=102693883183634282270&rtpof=true&sd=true

750 a ISSN: 2088-8708

REFERENCES

[11  B. Debsingha, K. Sharma, and K. Kishor, “Review of the diagnosis and treatment of paralysis,” International Journal of Trend in
Scientific Research and Development (IJTSRD), vol. 5, no. 5, pp. 1480-1483, 2021.

[2] P. Cordo, S. Wolf, W. Z. Rymer, N. Byl, K. Stanek, and J. R. Hayes, “Assisted movement with proprioceptive stimulation
augments recovery from moderate-to-severe upper limb impairment during subacute stroke period: a randomized clinical trial,”
Neurorehabilitation and Neural Repair, vol. 36, no. 3, pp. 239-250, 2022, doi: 10.1177/15459683211063159.

[3] G. Morone, A. Pirrera, A. lannone, and D. Giansanti, “Development and use of assistive technologies in spinal cord injury: a
narrative review of reviews on the evolution, opportunities, and bottlenecks of their integration in the health domain,” Healthcare
(Switzerland), vol. 11, no. 11,2023, doi: 10.3390/healthcarel 1111646.

[4] K. Li, D. Chen, Z. Rao, Z. Guan, Y. Jiang, and Y. Li, “A multimodal asynchronous human-machine interaction method based on
electrooculography and speech recognition for wheelchair control,” IEEE Sensors Journal, vol. 24, no. 23, pp. 39195-39205,
2024, doi: 10.1109/JSEN.2024.3432076.

[51 Z. Lu et al, “A wearable human-machine interactive instrument for controlling a wheelchair robotic arm system,” IEEE
Transactions on Instrumentation and Measurement, vol. 73, pp. 1-15, 2024, doi: 10.1109/TIM.2024.3376685.

[6] M. Cognolato, M. Atzori, and H. Miiller, “Head-mounted eye gaze tracking devices: An overview of modern devices and recent
advances,” Journal of Rehabilitation and Assistive Technologies Engineering, vol. 5, pp. 1-13, 2018, doi:
10.1177/2055668318773991.

[71 P. Q. Thai, V. C. Tai, and L. M. Tien, “Design and implementation of an electric wheelchair operating in different terrains,”
International Journal of Mechanical Engineering and Robotics Research, vol. 9, no. 6, pp. 797-802, 2020, doi:
10.18178/ijmerr.9.6.797-802.

[8] X. Mai, J. Ai, M. Ji, X. Zhu, and J. Meng, “A hybrid BCI combining SSVEP and EOG and its application for continuous
wheelchair control,” Biomedical Signal Processing and Control, vol. 88, no. PA, p. 105530, 2024, doi:
10.1016/j.bspc.2023.105530.

[91 S. Alharbi et al., “Automatic speech recognition: systematic literature review,” IEEE Access, vol. 9, pp. 131858-131876, 2021,
doi: 10.1109/ACCESS.2021.3112535.

[10] M. Schreuder et al., “User-centered design in brain—computer interfaces—A case study,” Artificial Intelligence in Medicine,
vol. 59, no. 2, pp. 71-80, Oct. 2013, doi: 10.1016/J. ARTMED.2013.07.005.

[11] K. Kruthika, B. M. K. Kumar, and S. Lakshminarayanan, “Design and development of a robotic arm,” in 2016 International
Conference on Circuits, Controls, Communications and Computing (I14C), Bangalore, India, 2016, pp. 1-4, doi:
10.1109/CIMCA.2016.8053274.

[12] Q. Wang, S. Gan, W. Chen, Q. Li, and B. Nie, “A data-driven, kinematic feature-based, near real-time algorithm for injury
severity prediction of vehicle occupants,” Accident Analysis and Prevention, vol. 156, no. April, p. 106149, 2021, doi:
10.1016/j.aap.2021.106149.

[13] T. A. Angwyn and T. Thiang, “Miniature wheelchair control using voice commands based on voice recognition module,” (in
Bahasa) Jurnal Teknik Elektro, vol. 16, no. 2, pp. 71-75, 2023, doi: 10.9744/jte.16.2.71-75.

[14] H. Mazumdar, K. R. Khondakar, S. Das, and A. Kaushik, “Soft robotics for Parkinson’s disease supported by functional materials
and artificial intelligence,” BME Frontiers, vol. 6, 2025, doi: 10.34133/bmef.0143.

[15] F. Doshi-Velez and B. Kim, “Towards a rigorous science of interpretable machine learning,” arXiv:1702.08608v2, no. Ml,
pp. 1-13,2017.

[16] C. Lopez-Franco, J. Hernandez-Barragan, A. Y. Alanis, N. Arana-Daniel, and M. Lopez-Franco, “Inverse kinematics of mobile
manipulators based on differential evolution,” International Journal of Advanced Robotic Systems, vol. 15, no. 1, pp. 1-22, 2018,
doi: 10.1177/1729881417752738.

[17] A. Barredo Arrieta et al., “Explainable artificial intelligence (XAI): Concepts, taxonomies, opportunities and challenges toward
responsible AL” Information Fusion, vol. 58, no. October 2019, pp. 82—-115, 2020, doi: 10.1016/j.inffus.2019.12.012.

[18] R. Rai, M. K. Tiwari, D. Ivanov, and A. Dolgui, “Machine learning in manufacturing and industry 4.0 applications,” International
Journal of Production Research, vol. 59, no. 16, pp. 4773-4778, 2021, doi: 10.1080/00207543.2021.1956675.

[19] Y. Li, Z. Huang, and Y. Xie, “Path planning of mobile robot based on improved genetic algorithm,” in Proceedings - 2020 3rd
International Conference on Electron Device and Mechanical Engineering, ICEDME 2020, 2020, pp. 691-695, doi:
10.1109/ICEDME50972.2020.00163.

[20] Y. Sun and Y. Zhang, “A review of theories and models applied in studies of social media addiction and implications for future
research,” Addictive Behaviors, vol. 114, p. 106699, 2021, doi: 10.1016/j.addbeh.2020.106699.

[21] V. P. Rodda, “Development of Al-based voice assistants using large language models,” no. March, 2023, doi:
10.13140/RG.2.2.20195.12321.

[22] L. Kumar, “Desktop voice assistant using natural language processing (NLP),” International Journal for Modern Trends in
Science and Technology, vol. 6, no. 12, pp. 332-335, 2020.

[23] K. Jain, A. A. Malik, A. Singh, A. Kumar, and A. Singh, “A review on personal digital voice assistant,” International Research
Journal of Engineering and Technology, no. May, pp. 890-893, 2022.

[24] S. U. Hassan, J. Ahamed, and K. Ahmad, “Analytics of machine learning-based algorithms for text classification,” Sustainable
Operations and Computers, vol. 3, no. April, pp. 238-248, 2022, doi: 10.1016/j.sus0c.2022.03.001.

[25] H. Sarbast, “Voice recognition based on machine learning classification algorithms: a review,” Indonesian Journal of Computer
Science, vol. 13, no. 3, pp. 4414-4431, 2024, doi: 10.33022/ijcs.v13i3.4110.

[26] W. K. Mutlag, S. K. Ali, Z. M. Aydam, and B. H. Taher, “Feature extraction methods: a review,” in Journal of Physics:
Conference Series, 2020, vol. 1591, no. 1, doi: 10.1088/1742-6596/1591/1/012028.

[27] B. Ghojogh et al., “Feature selection and feature extraction in pattern analysis: a literature review,” arXiv:1905.02845v, 2019.

[28] A. A. Soni, “Improving speech recognition accuracy using custom language models with the vosk toolkit,” arXiv:2503.21025v1,
pp. 1-11, 2025, [Online]. Available: http://arxiv.org/abs/2503.21025.

[29] G. Shivaraj, “Advancing accessibility through automatic speech recognition and NLP integration,” International Journal for
Research in Applied Science and Engineering Technology, vol. 12, no. 6, pp. 3-9, 2024, doi: 10.22214/ijraset.2024.62443.

[30] M. J. Alam, P. Kenny, and D. O’Shaughnessy, “Robust feature extraction for speech recognition by enhancing auditory
spectrum,” in /3th Annual Conference of the International Speech Communication Association 2012, INTERSPEECH 2012,
2012, vol. 2, pp. 1358-1361, doi: 10.21437/interspeech.2012-392.

[31] D. O’Shaughnessy, “Spoken language identification: An overview of past and present research trends,” Speech Communication,
vol. 167, no. November 2023, p. 103167, 2025, doi: 10.1016/j.specom.2024.103167.

Int J Elec & Comp Eng, Vol. 16, No. 2, April 2026: 739-752



Int J Elec & Comp Eng ISSN: 2088-8708 a 751

[32] S. Ali, S. Tanweer, S. Khalid, and N. Rao, “Mel frequency cepstral coefficient: a review,” in Proceedings of the 2nd International
Conference on ICT for Digital, Smart, and Sustainable Development, ICIDSSD 2020, 27-28 February 2020, Jamia Hamdard, New
Delhi, India, 2021, doi: 10.4108/eai.27-2-2020.2303173.

[33] Z. K. Abdul and A. K. Al-Talabani, “Mel frequency cepstral coefficient and its applications: a review,” IEEE Access, vol. 10,
pp. 122136122158, 2022, doi: 10.1109/ACCESS.2022.3223444.

[34] D. Locci-Lopez, R. Zhang, A. Oyem, and J. Castagna, “The multi-scale Fourier transform,” SEG Technical Program Expanded
Abstracts, no. September, pp. 4176-4180, 2018, doi: 10.1190/segam2018-2994723.1.

[35] Ni. M. Nasir, N. M. A. Ghani, A. N. K. Nasir, M. A. Ahmad, and M. O. Tokhi, “Neuro-modelling and fuzzy logic control of a
two-wheeled wheelchair system,” Journal of Low Frequency Noise, Vibration and Active Control, Oct. 2024, doi:
10.1177/14613484241287608.

[36] T. Asgher, “Voice recognization using machine learning approach,” ResearchGate, no. November, pp. 1-5, 2021.

[37] D. K. Srivastava and L. Bhambhu, “Data classification using support vector machine,” Journal of Theoretical and Applied
Information Technology, vol. 12, no. 1, pp. 1-7, 2010.

[38] J. Ramirez, J. M., and J. C., “Voice activity detection. fundamentals and speech recognition system robustness,” Robust Speech
Recognition and Understanding, no. June, 2007, doi: 10.5772/4740.

[39] M. Zaghloul, S. Barakat, and A. Rezk, “Predicting E-commerce customer satisfaction: Traditional machine learning vs. deep
learning approaches,” Journal of Retailing and Consumer Services, vol. 79, no. March, p. 103865, 2024, doi:
10.1016/j.jretconser.2024.103865.

[40] L. Gwilliams, T. Linzen, D. Poeppel, and A. Marantz, “In spoken word recognition, the future predicts the past,” Journal of
Neuroscience, vol. 38, no. 35, pp. 7585-7599, 2018, doi: 10.1523/INEUROSCIL.0065-18.2018.

[41] S. Amarappa and S. V. Sathyanarayana, “Data classification using support vector machine (SVM), a simplified approach,”
International Journal of Electronics and Computer Science Engineering, vol. 3, no. 4, pp. 435-445,2014.

[42] A. A. Soomro et al., “Insights into modern machine learning approaches for bearing fault classification: A systematic literature
review,” Results in Engineering, vol. 23, no. August, p. 102700, 2024, doi: 10.1016/j.rineng.2024.102700.

[43] J.J.Jui, M. A. Ahmad, M. M. 1. Molla, and M. 1. M. Rashid, “Optimal energy management strategies for hybrid electric vehicles:
A recent survey of machine learning approaches,” Journal of Engineering Research (Kuwait), vol. 12, no. 3, pp. 454-467, 2024,
doi: 10.1016/j.jer.2024.01.016.

[44] L O. Muraina, O. M. Adesanya, and S. O. Abam, “Data analytics evaluation metrics essentials: measuring model performance in
classification and regression,” International Euroasia Congress on Scientific Researches and Recent Trends 11, no. August, 2023.

[45] G. Varoquaux and O. Colliot, “Evaluating machine learning models and their diagnostic value,” Neuromethods, vol. 197,
pp. 601-630, 2023, doi: 10.1007/978-1-0716-3195-9_20.

[46] A. Tasnim, M. Saiduzzaman, M. A. Rahman, J. Akhter, and A. S. M. M. Rahaman, “Performance evaluation of multiple
classifiers for predicting fake news,” Journal of Computer and Communications, vol. 10, no. 09, pp. 1-21, 2022, doi:
10.4236/jcc.2022.109001.

[47] Supriyono, A. P. Wibawa, Suyono, and F. Kurniawan, “Advancements in natural language processing: Implications, challenges, and
future directions,” Telematics and Informatics Reports, vol. 16, no. September, p. 100173, 2024, doi: 10.1016/j.teler.2024.100173.

[48] Y. Kang, Z. Cai, C. W. Tan, Q. Huang, and H. Liu, “Natural language processing (NLP) in management research: A literature
review,” Journal of Management Analytics, vol. 7, no. 2, pp. 139-172, 2020, doi: 10.1080/23270012.2020.1756939.

[49] N. Upadhyay and R. K. Jaiswal, “Single channel speech enhancement: using wiener filtering with recursive noise estimation,”
Procedia Computer Science, vol. 84, pp. 22-30, 2016, doi: 10.1016/j.procs.2016.04.061.

[50] R. K. Upadhyay and S. 1. Hasnain, “Linguistic diversity and biodiversity,” Lingua, vol. 195, pp. 110-123, Aug. 2017, doi:
10.1016/J.LINGUA.2017.06.002.

[51] Z. Lin, T. Patel, and O. Scharenborg, “Improving whispered speech recognition performance using pseudo-whispered based data
augmentation,” 2023 [EEE Automatic Speech Recognition and Understanding Workshop, ASRU 2023, 2023, doi:
10.1109/ASRU57964.2023.10389801.

[52] S. Basak et al., “Challenges and limitations in speech recognition technology: a critical review of speech signal processing
algorithms, tools and systems,” CMES - Computer Modeling in Engineering and Sciences, vol. 135, no. 2, pp. 10531089, 2023,
doi: 10.32604/cmes.2022.021755.

[53] A. Radford, J. W. Kim, T. Xu, G. Brockman, C. McLeavey, and 1. Sutskever, “Robust speech recognition via large-scale weak
supervision,” in Proceedings of Machine Learning Research, 2023, vol. 202, pp. 28492-28518.

[54] R. Patel and A. Gurjar, “Comparative performance analysis of channel normalization techniques,” International Journal of
Research in Engineering and Technology, vol. 04, no. 05, pp. 361-364, May 2015, doi: 10.15623/ijret.2015.0405068.

[55] S. Mendu, S. S. Sundar, dan S. Abdullah, “Context-specific usability measures for voice assistants,” in Proceedings CHI '21
Workshop on Conversational User Interfaces: Let’s Talk About CUIs — Putting Conversational User Interface Design Into
Practice, May 2021.

[56] H. N. Kim, “Usability assessment of voice-enabled technologies for users with visual disabilities,” in Proceedings of the Human
Factors and Ergonomics Society, 2024, vol. 68, no. 1, pp. 1852-1854, doi: 10.1177/10711813241260395.

BIOGRAPHIES OF AUTHORS

I Wayan Santiyasa By 2 received the degree of DRS. M.Si. degrees in mathematics

from Gadjah Mada University, Yogyakarta, in 1991 and 1992. Ph.D. degree in the field of

human-computer interaction from Udayana University in 2023. Currently, he is the head

lecturer in the field of HCI and UI/UX of the Informatics Study Program, at Udayana

: ] University. His research interests include computer-human interaction, machine human

— interaction, high-quality utility interfaces, system usability, and artificial intelligence. He can
be reached by email: santiyasa@unud.ac.id.

Optimizing usability of electric wheelchairs with voice user experience ... (I Wayan Santiyasa)


https://orcid.org/0000-0001-9821-3765
https://scholar.google.com/citations?user=uB-oUK8AAAAJ&hl=id&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=57208868509
https://www.webofscience.com/wos/author/record/MIJ-9543-2025

752

ISSN: 2088-8708

Ida Bagus Alit Swamardika REC holding a Ph.D. and M.Erg. degree in ergonomics
from Udayana University, this electrical engineering lecturer at Udayana University is actively
conducting research in the field of robotics and until now is a supervisor of student research
groups in the field of robotics at Udayana University. In addition to actively developing
robotics, he is also active as a reviewer in the Indonesian Journals of Ergonomics. He can be
reached at email: gusalit@unud.ac.id.

I Ketut Gede Suhartana B C holding a Ph.D. degree in in the field of human-
computer interaction from Udayana University, is a lecturer in the informatics study program,
and is a researcher in the field of HCI and Intelligent Systems at Udayana University. In
addition to actively developing robotics, he is also active as a reviewer in the Indonesian
Journals of Ergonomics. He can be reached at email: ikg.suhartana@unud.ac.id.

I Gusti Ngurah Anom Cahyadi Putra B:J B8 ©© received the title of ST. and M.Cs. in the
field of informatics in the field of artificial intelligence. Currently, he is a lecturer and
researcher at the Informatics Study Program at Udayana University. He has authored or co-
authored numerous journal and conference papers. His research interests include the
application of artificial intelligence, optimization, and heuristic techniques for the planning,
operation, and control of power systems. He can be reached at email: anom.cp@unud.ac.id.

Int J Elec & Comp Eng, Vol. 16, No. 2, April 2026: 739-752


https://orcid.org/0000-0002-4887-4298
https://scholar.google.com/citations?user=3yCx1vwAAAAJ&hl=id
https://www.scopus.com/authid/detail.uri?authorId=56021560800
https://www.webofscience.com/wos/author/record/AAO-9638-2021
https://orcid.org/0009-0000-9038-8464
https://scholar.google.com/citations?hl=id&user=b5IVSLwAAAAJ
https://www.webofscience.com/wos/author/record/NXC-8167-2025
https://orcid.org/0000-0001-8408-7091
https://scholar.google.com/citations?user=QErrltkAAAAJ&hl=id&authuser=1
https://www.webofscience.com/wos/author/record/MHR-7263-2025

