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Abstract  

Visual acuity (VA) testing is a fundamental procedure for evaluating visual function. Conventional VA examinations require 
an examiner to interpret patients' responses, which may limit automation and scalability in repeated or remote testing 
scenarios. This study develops an embedded speech-based optotype recognition system to support digital visual acuity testing 
workflow. Mel-Frequency Cepstral Coefficients (MFCCs) were used to represent spoken responses, and a Convolutional 
Neural Network (CNN) was trained to classify nine Snellen optotype letters. Voice recordings were collected from 20 
participants, with data augmentation including noise injection, pitch shifting, time stretching, and random gain adjustment to 
increase acoustic variability. Under the evaluated experimental protocol, the proposed MFCC-CNN model achieved 97.42% 
accuracy, 94.89% precision, 94.33% recall, and an F1-score of 94.61%, outperforming the evaluated kNN, Random Forest, 
and SVM baselines. The model was deployed on an NVIDIA Jetson Orin Nano, occupying approximately 8.3 MB and achieving 
an inference latency of approximately 30–40 ms per prediction. These results demonstrate the technical feasibility of embedded 
spoken-optotype recognition for supporting visual acuity testing workflows. However, the present study evaluates speech-
recognition performance rather than clinical agreement between automatically generated VA scores and clinician-
administered measurements. Formal clinical validation and stricter leakage-safe evaluation are therefore required before 
clinical applicability can be established. 
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1. Introduction  

Visual acuity (VA) assessment is a critical component 
in evaluating ocular health and detecting visual 
impairments at an early stage [1]. Traditionally, VA 
testing has relied on the Snellen Chart, a widely used 
tool that measures the clarity of vision at a standard 
distance [2]. Despite its prevalence, this conventional 
method is inherently susceptible to human error, 
subjectivity, and inefficiencies, particularly in large-
scale or repetitive screening scenarios [3].  

To address these challenges, recent advancements in 
artificial intelligence (AI), machine learning (ML), and 
sensor technology have paved the way for more 
objective, automated, and scalable solutions in 
healthcare diagnostics [4-6]. This study presents the 
Intelligent Visual Acuity (IVA) Assessment System, an 

innovative approach that integrates voice recognition 
and deep learning techniques to automate VA 
assessment.  

Eye health plays a crucial role in overall quality of life 
[7], [8], especially in the digital age where prolonged 
screen exposure contributes to conditions such as 
Computer Vision Syndrome (CVS), affecting up to 
90% of individuals who spend more than three hours 
daily using digital devices [9]. Symptoms like eye 
strain, blurred vision, dry eyes, and headaches highlight 
the importance of early detection and regular VA 
monitoring [10-12]. Automated tools such as the IVA 
system may support routine assessment workflows by 
reducing reliance on manual interpretation of spoken 
optotype responses.  

https://doi.org/10.29207/resti.v10i5.7538
https://doi.org/10.29207/resti.v10i5.7538
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https://www.iaii.or.id/


Meidelfi et al            Jurnal RESTI Vol. 10 No. 5 (2026) 
 

 
                                                                                 1448 

 

Several studies have explored the application of AI in 
ophthalmic diagnostics, including retinal image 
analysis, cataract detection, and diabetic retinopathy 
screening [13], [14]. However, research focusing on 
voice-based automation of VA testing remains limited. 
Previous efforts at Politeknik Negeri Padang explored 
K-Means clustering to classify visual acuity decline due 
to smartphone usage [15]. Building upon this 
foundation, our work advances the field by integrating 
audio classification techniques, commonly applied in 
respiratory disease detection and speech recognition, 
into visual acuity evaluation [16], [17].  

The IVA system leverages Mel-Frequency Cepstral 
Coefficients (MFCC) for feature extraction and 
employs a Convolutional Neural Network (CNN) for 
classification [18-23]. By capturing and interpreting 
spoken responses from patients, the system supports 
automated recognition of spoken optotype responses 
during a Snellen-style visual acuity examination. The 
trained model achieves high accuracy (>97%), 
validated through confusion matrix analysis and 
extensive experimentation.  

Moreover, the IVA system aligns with global trends 
toward digital health transformation by supporting 
semi-automated visual acuity testing. This approach 
reduces reliance on manual interpretation of patient 
responses while maintaining compatibility with 
standard Snellen-based examination procedures. 
However, the current study focuses on spoken optotype 
recognition and does not include direct clinical 
validation of visual acuity measurements. The system is 
implemented on an embedded Jetson Orin Nano 
platform to evaluate real-time operation and portability 
in the proposed testing workflow. 

Recent studies have explored digital visual acuity 
testing systems and tele-ophthalmology platforms that 
enable remote vision screening using mobile devices 
and web-based interfaces. These approaches aim to 
improve accessibility to eye-care services, particularly 
in underserved areas. In addition, speech-driven 
human–computer interfaces have been investigated to 
support hands-free interaction in healthcare 
environments. Despite these advances, the integration 
of speech recognition with automated visual acuity 
testing remains relatively limited.  

To further clarify the positioning of the proposed 
approach, Table 1 summarizes its main characteristics 
relative to representative digital visual acuity and 
related technology-assisted assessment approaches 
reported in the literature. Compared to existing digital 
visual acuity systems, which primarily rely on manual 
interaction or touchscreen-based responses, the 
proposed approach introduces a speech-driven 
interaction mechanism for optotype recognition. This 
enables a more accessible and hands-free assessment 
workflow while maintaining compatibility with 
standard Snellen-based evaluation procedures. 

The contributions of this study are threefold. First, this 
study proposes an MFCC–CNN pipeline for spoken 
optotype recognition within a visual acuity testing 
workflow. Second, the proposed model demonstrates 
high classification performance for spoken optotype 
letters through experimental evaluation. Third, the 
trained model is deployed on an embedded Jetson 
platform to support real-time and portable testing 
scenarios. 

Table 1. Comparison with Existing Digital Visual Acuity Approaches 

Study Assessment Approach Interaction 
Modality 

Speech 
Recognition 

Embedded/ Portable 
Implementation Clinical Validation 

Wanten et al. 
[3] 

Digital/eHealth visual acuity 
tool 

Digital interface No Not reported Evaluated in cataract 
patients 

Baker et al. [24] Electronic ETDRS visual 
acuity protocol 

Electronic 
chart/protocol 

No Not reported Compared with Snellen 
measurements 

Laidlaw et al. 
[25] 

Compact reduced logMAR 
chart 

Chart-based No Not reported Clinical feasibility 
evaluated 

Proposed IVA 
System 

Snellen-based VA workflow Voice Yes Yes Not yet performed 

In summary, this paper presents an embedded speech-
driven approach for supporting visual acuity testing 
through automated optotype recognition. The following 
sections describe the methodology, experimental 
results, embedded implementation, and limitations of 
the evaluated system. 

2. Methods 

This study followed five research stages. Figure 1 
illustrates the sequential research stages undertaken in 
the development of the Intelligent Visual Acuity (IVA) 
system. The process begins with problem identification, 
where the clinical need for a voice-based visual acuity 

testing tool is defined as an alternative to traditional 
chart-based methods. 

Following this, the second stage involves dataset 
acquisition, which includes recording speech samples 
of optotype letters from participants under controlled 
conditions. These audio samples form the raw input for 
the system. 

The third stage, signal preprocessing and MFCC 
extraction, transforms the raw audio into a structured 
format suitable for machine learning. This step includes 
denoising, segmentation of the signal into uniform 
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durations, and extraction of 20 Mel-Frequency Cepstral 
Coefficients (MFCCs) to capture key spectral features. 

In the fourth stage, CNN model design and training is 
performed. Here, the extracted MFCC features are used 
to train a Convolutional Neural Network (CNN) model 
designed for multi-class classification of the spoken 
letters.  

Finally, the fifth stage entails performance evaluation 
and system deployment, where the trained model is 
evaluated using standard metrics such as accuracy and 
recall. Upon achieving satisfactory performance, the 
system is deployed to an NVIDIA Jetson Orin Nano 
platform, enabling real-time spoken optotype 
recognition within the proposed visual acuity testing 
workflow. 

 
Figure 1. Research Stage 

2.1 Overview of the Intelligent Visual Acuity (IVA) 
System  

The proposed Intelligent Visual Acuity (IVA) system 
integrates voice recognition and deep learning 
techniques to automate visual acuity assessment. The 
system mimics the traditional Snellen Chart test but 
replaces manual interpretation with a machine learning 
pipeline that captures, processes, and classifies spoken 
responses using Mel-Frequency Cepstral Coefficients 
(MFCC) and Convolutional Neural Networks (CNN) 
[15], [17].  

The methodology consists of five major components: 
dataset collection and augmentation, audio 
preprocessing, feature extraction using MFCC, model 
training with CNN architecture, and performance 
evaluation using a confusion matrix and classification 
metrics.  

2.2 Dataset Collection  

The dataset was collected by recording participants’ 
vocal responses to letters displayed on a digital Snellen 
Chart interface. Participants (N=20) were recruited 
from Politeknik Negeri Padang campus community 
under voluntary participation guidelines. All 
participants provided informed consent prior to data 
collection. The study involved non-invasive voice 
recording only, with all data fully anonymized and no 
personal health or clinical information collected. 
Therefore, formal ethical approval was not required, in 
accordance with institutional guidelines for low-risk, 
non-clinical human subject research. The 20 
participants were partitioned at the speaker level into 12 
participants for training, 4 for validation, and 4 for 

testing. All recordings from each participant were 
assigned exclusively to one subset, ensuring that no 
participant appeared simultaneously across the training, 
validation, and testing sets. Each participant was asked 
to read aloud letters of decreasing size, simulating a 
standard VA test. Audio recordings were saved in .wav 
format and organized into nine subfolders 
corresponding to each letter used in the Snellen Chart 
(e.g., C, D, E, F, L, O, P, T, Z), with approximately 200 
samples per class [2]. All audio recordings were 
conducted in a quiet room with consistent microphone 
placement to ensure signal quality and reproducibility. 

To ensure diversity and robustness, recordings were 
made under various environmental conditions, 
including background noise and different speaking 
styles (e.g., fast, slow, whispered). This process 
followed established practices in speech-based medical 
diagnostics to enhance generalizability [16], [24].  This 
approach ensures a speaker-independent evaluation 
setting, reducing the risk of overestimating model 
performance. 

2.3 Visual Acuity Scoring 

Visual acuity scores are derived using standard Snellen 
chart evaluation rules. During the assessment, 
participants are instructed to read aloud the optotype 
letters displayed on a digital Snellen chart interface. A 
line is considered successfully identified when at least 
three out of five optotypes are correctly recognized, 
following conventional clinical practice. 

The evaluation proceeds sequentially from larger to 
smaller optotype sizes. The test is terminated when the 
participant fails to correctly identify the majority of 
letters within a given line. The smallest line correctly 
identified is then used to determine the visual acuity 
value, expressed in Snellen notation (e.g., 20/20, 
20/40). 

In the proposed IVA system, the primary function is to 
automatically recognize spoken optotype responses 
using the trained classification model. These recognized 
responses are subsequently used to support visual acuity 
scoring based on the standard evaluation procedure. It 
is important to note that this study focuses on the 
speech-based optotype recognition component and does 
not include direct clinical validation of visual acuity 
measurements. 

2.4 Data Augmentation  

To expand the dataset and improve model 
generalization, several data augmentation techniques 
were applied:  

Four augmentation operations were applied before 
dataset partitioning: noise injection, pitch shifting, time 
stretching, and random gain adjustment. Noise injection 
added white noise; pitch shifting varied fundamental 
frequency; time stretching varied speaking rate while 
preserving pitch; and random gain varied signal 
amplitude. These operations increased the dataset size 
tenfold. 



Meidelfi et al            Jurnal RESTI Vol. 10 No. 5 (2026) 
 

 
                                                                                 1450 

 

In the current experimental pipeline, data augmentation 
was performed before participant-level partitioning. 
Augmented samples retained their participant identity 
during subset assignment; nevertheless, partitioning 
participants before augmentation and restricting 
augmentation to the training subset would provide a 
stricter leakage-control protocol. 

2.5 Preprocessing and Feature Extraction  

Audio preprocessing comprised spectral-gating noise 
reduction, amplitude normalization to −1 to +1, and 
segmentation into fixed-length clips corresponding to 
single optotype responses. 

MFCCs were selected as the primary audio feature 
representation due to their proven effectiveness in 
capturing perceptually relevant aspects of human 
auditory processing [25], [26]. The MFCC extraction 
process consisted of several key steps. First, a pre-
emphasis filter was applied to enhance high-frequency 
components, using the formula 𝑝𝑝(𝑛𝑛) = 𝑠𝑠(𝑛𝑛)− ∝ ∙
𝑠𝑠(𝑛𝑛 − 1), where 𝛼𝛼 was set to 0.97. This was followed 
by framing, where the continuous signal was divided 
into overlapping short-time segments using a frame size 
of 25 ms and an overlap of 10 ms. Each frame was then 
windowed using a Hamming function to reduce spectral 
leakage. In this implementation, audio signals were 
sampled at 16 kHz with an FFT window size of 2048 
samples and a hop length of 512 samples. 

Next, a Fast Fourier Transform (FFT) was applied to 
convert the time-domain frames into frequency-domain 
representations. The resulting spectrum was then passed 
through a Mel-scale filter bank to better approximate 
human auditory perception. The logarithmic outputs of 
these filters were subsequently compressed using a 
Discrete Cosine Transform (DCT), producing the final 
set of MFCC features. Typically, the top 13 to 20 
coefficients are retained, and in this implementation, 20 
coefficients per frame were used to strike a balance 
between dimensionality and discriminative power. 
These MFCC features were stored in JSON format and 
served as the input representations during model 
training[27], [28]. Each utterance was thus encoded as 
a two-dimensional matrix of size 𝑇𝑇 × 𝑀𝑀, where 
𝑇𝑇denotes the number of time steps and 𝑀𝑀 =
20represents the number of Mel-frequency cepstral 
coefficients. A total of 20 MFCC coefficients were 
extracted from each frame. 

2.6 Model Architecture and Training  

To effectively model the temporal and spectral features 
of the MFCC representations, a Convolutional Neural 
Network (CNN) architecture was employed due to its 
strength in identifying spatial patterns within image-
like data such as spectrograms [29]. The model 
accepted MFCC matrices of shape 𝑇𝑇 × 𝑀𝑀as input, 
where 𝑇𝑇 represents the number of time steps and 𝑀𝑀 =
20denotes the number of Mel-frequency cepstral 
coefficients per frame. 

The CNN architecture comprised two convolutional 
blocks, each followed by ReLU activation and 
MaxPooling, to extract hierarchical temporal-spectral 
patterns from the MFCC matrices. The extracted feature 
maps were flattened and passed to a fully connected 
layer with dropout regularization, followed by a nine-
unit SoftMax output layer corresponding to the nine 
optotype classes. Training used categorical cross-
entropy loss and the Adam optimizer. The maximum 
training limit was 500 epochs, with early stopping based 
on validation performance to reduce overfitting. 

Under the early-stopping criterion, training converged 
after approximately 46 epochs, as illustrated in Figure 
2. 

 
Figure 2. Training and Validation Accuracy and Loss Curves 

To ensure speaker-independent evaluation, the dataset 
was partitioned at the participant level into training, 
validation, and testing subsets in a 60:20:20 ratio. The 
20 participants were allocated to 12 training, 4 
validation, and 4 testing participants, with all recordings 
from each participant restricted to a single subset. 
Model performance was assessed using accuracy, 
precision, recall, and F1-score derived from the 
confusion matrix.  

2.7 Evaluation Metrics  

The performance of the Intelligent Visual Acuity (IVA) 
system was assessed using accuracy, precision, recall, 
and F1-score derived from the confusion matrix. Here, 
TP, TN, FP, and FN denote true positives, true 
negatives, false positives, and false negatives, 
respectively. Accuracy was calculated using Equation 
1, while precision and recall were determined using 
Equations 2 and 3, respectively. The F1-score, 
representing the harmonic mean of precision and recall, 
was calculated using Equation 4. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

                           (1) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

               (2) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

               (3) 

𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 × (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥)
(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)

             (4) 

Label-wise performance varied across optotype classes. 
Classification accuracy ranged from 97.72% for E to 
99.69% for L and O, while precision was lowest for P 
(84.61%) and reached 100% for O.  



Meidelfi et al            Jurnal RESTI Vol. 10 No. 5 (2026) 
 

 
                                                                                 1451 

 

2.8 Implementation of Embedded Hardware  

The trained model was deployed on an NVIDIA Jetson 
Orin Nano with a monitor, microphone, and audio card 
for on-device inference, demonstrating technical 
feasibility for real-time embedded operation. 

The interface guides participant entry, sequential 
optotype presentation, voice capture, and display of the 
resulting Snellen-based score. 

Having described the full system architecture, including 
model deployment and user interaction, the following 
section discusses the experimental results and 
performance evaluation of the IVA system. 

3. Results and Discussions 

The dataset collection process involved gathering voice 
responses from participants reading letters displayed on 
a digital Snellen Chart interface. The dataset was 
organized into nine subfolders, each representing a 
distinct letter (C, D, E, F, L, O, P, T, Z), with 
approximately 200 audio samples per class. To enhance 
robustness and generalizability, data augmentation 
techniques were applied, including noise injection, 
pitch shifting, time stretching, and random gain 
adjustment.  

These operations increased the dataset size and 
introduced controlled acoustic variability in noise level, 
pitch, speaking rate, and signal amplitude. This 
approach aligns with best practices in speech-based 
medical diagnostics, where data augmentation 
improves model resilience against environmental and 
physiological variations [16], [30].  

Following dataset collection and augmentation, raw 
audio files underwent preprocessing steps including 
noise reduction, normalization, and segmentation. Mel-
Frequency Cepstral Coefficients (MFCC) were 
extracted as feature vectors, capturing perceptually 
relevant aspects of human auditory perception [25]. 
These features were stored in JSON format for model 
training.  

3.1 Model Training and Evaluation  

The MFCC-CNN described in Section 2.6 was trained 
for nine-class spoken-optotype classification using 
categorical cross-entropy loss and the Adam optimizer. 
Early stopping terminated training after approximately 
46 epochs when validation performance no longer 
improved. 

Evaluation used the participant-level 60:20:20 split 
described in Section 2.6, corresponding to 12 training, 
4 validation, and 4 test participants. 

Model evaluation was conducted using a confusion 
matrix and derived metrics: accuracy, precision, recall, 
and F1-score. Table 2 presents these results across all 
classes. As shown in Table 2, class-wise performance 
was generally high, but the error profile was not 
uniform. P and E showed the lowest precision values, 
84.61% and 86.56%, with recalls of 88.00% and 

90.62%, respectively. The simultaneous reduction in 
precision and recall indicates that the difficulty is not 
limited to a single type of classification error. Because 
E and P are short utterances with potentially 
overlapping temporal-spectral characteristics, 
pronunciation variation and background noise may 
produce less separable MFCC representations for these 
classes. By contrast, O reached 100% precision and 
97.50% recall, indicating that the classification 
difficulty is concentrated in specific acoustically 
confusable optotypes rather than reflecting uniform 
degradation across all classes. Future work should 
examine phoneme-aware features, log-mel 
representations, or other complementary acoustic 
representations to improve discrimination between 
confusable optotypes. 

Table 2. Classification Performance for Each Optotype Class 

Label Accuracy Precision Recall 
C 98.48% 95.60% 93.54% 
D 98.78% 94.38% 96.55% 
E 97.72% 86.56% 90.62% 
F 98.78% 98.66% 91.35% 
L 99.69% 98.59% 98.59% 
O 99.69% 100% 97.50% 
P 97.87% 84.61% 88% 
T 98.32% 87.93% 92.72% 
Z 99.08% 96.10% 96.10% 

Figure 2 shows the training and validation accuracy and 
loss curves. The training process converged after 
approximately 46 epochs under the early-stopping 
criterion.  

Table 3. Performance Comparison of Classification Models 

Model Accuracy Precision Recall F1-score 
MFCC + kNN 91.82% 89.75% 88.60% 89.17% 
MFCC + Random Forest 93.46% 91.24% 90.37% 90.80% 
MFCC + SVM 94.73% 92.51% 92.04% 92.27% 
MFCC + CNN (Proposed) 97.42% 94.89% 94.33% 94.61% 

The results in Table 3 demonstrate that the proposed 
CNN-based approach outperforms conventional 
machine learning classifiers across all evaluation 
metrics. While traditional algorithms such as kNN, 
Random Forest, and SVM achieve competitive 
performance when trained on MFCC features, the CNN 
model consistently achieves higher classification 
accuracy.  

One plausible explanation for the improvement is that 
the CNN operates directly on structured MFCC feature 
maps and can learn local temporal-spectral patterns, 
whereas the conventional baselines use flattened feature 
vectors. The present comparison supports the selected 
architecture under the evaluated dataset and protocol 
but does not establish universal superiority across 
speech-recognition tasks. 

Among the baseline models, SVM achieved the 
strongest performance, indicating that MFCC features 
provide strong discriminative capability for spoken 
optotype recognition. However, the CNN model still 
demonstrated superior performance, confirming the 
effectiveness of deep learning methods for this task. 
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These findings suggest that the performance 
improvement is not solely attributed to MFCC features, 
but also to the CNN’s ability to capture structured 
temporal–spectral patterns. This highlights the 
importance of model architecture in speech-based 
classification tasks involving short and acoustically 
similar utterances. 

3.2 Deployment of Embedded Hardware  

The trained model was deployed on an NVIDIA Jetson 
Orin Nano integrated with a monitor, microphone, and 
audio card for real-time spoken-optotype inference. The 
deployed CNN model has a size of approximately 8.3 
MB and achieves an average inference latency of 
approximately 30–40 ms per prediction on the Jetson 
Orin Nano platform. GPU utilization during inference 
remained below 30%, indicating efficient operation on 
embedded hardware. Figures 3–5 illustrate screenshots 
of the application interface at different stages of testing, 
demonstrating that the system offers clear navigation 
and real-time feedback throughout the VA assessment 
process.  

 
Figure 3. User Data Input Page 

 
Figure 4. Test Page 

 
Figure 5. Test Results 

The proposed IVA system does not replace 
conventional Snellen chart testing but rather 
complements it by automating the recognition of 
spoken optotypes during the examination process. This 
automation can help reduce manual interpretation errors 
and improve workflow efficiency during visual acuity 
assessments [3], [31].  

Clinical equivalence was not evaluated: no 
ophthalmologist- or optometrist-administered 
Snellen/logMAR assessment was used as a reference 
standard. Accordingly, the reported results should be 
interpreted as spoken-optotype classification 
performance rather than evidence of diagnostic 
accuracy. 

Table 4. Effect of Data Augmentation on Model Performance 

Training Configuration Accuracy Precision Recall F1-score 
CNN without augmentation 92.84% 90.31% 89.77% 90.03% 
CNN with augmentation 
(proposed) 97.42% 94.89% 94.33% 94.61% 

As shown in Table 4, the CNN achieved 92.84% 
accuracy without augmentation and 97.42% with 
augmentation. Because augmentation was applied 
before partitioning, this difference is reported 
descriptively and should not be interpreted as a leakage-
free estimate of generalization benefit. 

3.3 Limitations and Future Work 

Several limitations qualify for the reported 
performance. First, augmentation was applied before 
participant-level partitioning. Although augmented 
samples retained participant identity during subset 
assignment, a stricter protocol would partition speakers 
before augmentation and augment only the training 
subset. Second, the dataset contains only 20 
participants, limiting external validity across age 
groups, accents, dialects, and recording environments. 
The participant-level 12/4/4 split prevents direct 
speaker overlaps, but stronger unseen-speaker 
validation using Group K-Fold or LOSO should be 
prioritized in future work. Third, residual errors are 
concentrated among acoustically confusable optotypes, 
particularly E and P, and live predictions remain 
sensitive to noise and pronunciation variability. 

Finally, the study validates spoken-optotype 
recognition rather than clinical visual acuity accuracy. 
Clinical comparison with ophthalmologist- or 
optometrist-administered Snellen/logMAR assessment 
is required before clinical applicability can be 
established. Future work should also evaluate larger 
multilingual cohorts, leakage-safe augmentation, 
lightweight keyword-spotting models, and more 
complete embedded profiling (CPU, memory, power, 
and sustained throughput). 

4. Conclusions 

This study developed a speech-driven optotype-
recognition component for an IVA workflow by 
combining MFCC features, CNN classification, 
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Snellen-based scoring logic, and NVIDIA Jetson Orin 
Nano deployment. The proposed MFCC-CNN achieved 
97.42% spoken-optotype classification accuracy and 
outperformed the evaluated kNN, Random Forest, and 
SVM baselines under the current protocol. The 
embedded model occupied approximately 8.3 MB and 
required about 30–40 ms per prediction. These findings 
demonstrate technical feasibility for speech-driven 
optotype recognition within a visual acuity testing 
workflow; they do not establish clinical equivalence of 
the resulting visual acuity scores. Future work should 
use leakage-safe speaker-level evaluation, larger and 
more diverse cohorts, and formal comparison with 
clinician-administered Snellen/logMAR assessments. 
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