Real-Time Recognition of Peruvian Sign Language Using
Convolutional Neural Networks (CNNs)

Sonia J. Ledn-Jimenez! (ID), Claudia Le6n-Chavarri? (ID), Rafael Chavez-Ugaz® (ID), Lucia B. Suni-Chavez*

Fabricio H. Paredes-Larroca® (ID), Ezilda M. Cabrera-Gil®

1(20201141@aloe.ulima.edu.pe), *(cleon@ulima.edu.pe), *(rchavezu@ulima.edu.pe), 4(20194642@aloe.ulima.edu.pe),
5(fparedes@ulima.edu.pe), ®(ecabrera@ulima.edu.pe)

123456 Carrera de Ingenieria Industrial, Universidad de Lima, Pera

Received: 15 August, 2025 / Accepted 5 September, 2025 / Published: 5 June, 2026
https://doi.org/10.26439/ciii2025.8660

ABSTRACT-Inclusive education for people with hearing
impairments in many countries still lacks accessible
technological tools. This work introduces a prototype for
automatic translation of the Peruvian Sign Language (PSL)
finger alphabet based on convolutional neural networks
(CNNs) combined with support vector machines (SVMs).
The system recognizes letters in real time without requi-
ring additional sensors or wearable devices. A proprietary
dataset containing up to 50 images per class was used for
training under controlled conditions. The prototype achie-
ved an average accuracy of 97%, a word error rate (WER)
of 15%, and a response time of 1.8-2.0 s and a processing
speed of up to 125 frames per second (fps). These results
demonstrate the viability of the system as an inclusive
educational tool in both controlled environments and real-
life school settings.

Index Terms—Assistive technology, convolutional neural networks
(CNN5), inclusive education, Peruvian Sign Language (PSL), sign
language recognition.

I. INTRODUCTION

The inclusion of people with hearing disabilities in the
education system continues to be a considerable challenge
worldwide, especially in developing countries such as Peru
[1]. Despite various institutional efforts, deaf students
continue to face persistent barriers, including a shortage of
qualified interpreters, limited teacher training in the use of
Peruvian Sign Language (PSL), and the low availability of
inclusive technological tools [1], [2], [3].

According to the World Health Organization (WHO),
approximately 5% of the world’s population—about 430
million people—live with significant hearing loss, a figure
that is projected to increase to one in ten people by 2050
[7]. In Peru, children living in poverty are at increased risk

of hearing impairment, partly due to untreated middle
ear disease and limited access to pediatric ear care, which
is associated with worse academic performance [22]. In
low- and middle-income countries, people with hearing
loss frequently experience restricted access to education,
employment and health services, leading to substantial
psychosocial burden [8]. Limited access to appropriate
language in deaf children can lead to delays in language
development, which can cause academic problems and
social exclusion. These challenges can also influence
emotional development, particularly in contexts where
there are communication barriers that restrict interaction
with colleagues or educators. [9]. In the long term, the
educational barriers can negatively impact the academic
outcomes, social participation and inclusion in society. [10].

In response to this problem, deep learning-based tech-
nologies, such as CNNs, have demonstrated remarkable
effectiveness in visual recognition tasks, including auto-
matic sign interpretation [4], [13], [14]. CNNs are particularly
suitable for real-time applications as they enable efficient
processing and faster inference compared to traditional
computer vision approaches [14], [16]. Recent studies indi-
cate that the integration of CNNs with techniques such as
support vector machines enhances classification accuracy
for highly similar gestures, thereby increasing their applica-
bility in educational contexts [14], [17].

Currently, several prototypes aimed at improving
communication for people with hearing disabilities have
been proposed, using a variety of technologies, as described
and illustrated in Fig. 1. However, many of these approaches
exhibit adaptability limitations and rely on wearable
devices, such as sensorized gloves, whose accuracy typically
ranges from 93.4% to 96% under standard conditions [5],
[6]. Although some studies using specialized sensors have
achieved accuracies of up to 96% in controlled scenarios
[5], [6], these solutions remain intrusive, expensive, and
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impractical for deployment in conventional classroom
environments. In contrast, international studies based on
computer vision and CNN models report more consistent
accuracies, typically >90% accuracy, in some controlled
scenarios above 95% [4], [13], Using polynomial classi-
fiers, recognition accuracy can range from 93.41% to 98.4%,
depending on the number of training patterns [25]. These
findings indicate that non-invasive and context-aware
approaches represent a more viable and relevant alternative,
thereby reinforcing the proposed approach of this study.

This project proposes an autonomous, portable, and
non-intrusive tool capable of recognizing PSL gestures in
real time and automatically translating them into text and
voice, without requiring gloves or an internet connection.
Using an HD camera and local processing on a computer with
an integrated GPU, the proposed system is positioned as an
accessible alternative for public educational institutions.
Unlike models based on international datasets (ASL, ISL)
[11], [17], this prototype will be trained using data specific
to the Peruvian context, thereby increasing its relevance
and accuracy in national scenarios. It is expected to achieve
an average accuracy in the range of 95% to 99%, a word error
rate (WER) of approximately 15%, and a response time of no
more than 2.5 s, so that the tool can effectively contribute to
the educational inclusion of people with hearing disabilities
through a scalable, accessible, and adaptable solution to the
Peruvian school system.

A. Prototypes Based on Virtual Dictionaries and Educational
Platforms

One of the most relevant developments in the national
context is the PSL (PUCP) Virtual Bilingual Dictionary, which
enables the translation of approximately 750 words from
Spanish into sign language through manual on-screen selec-
tion [2]. Another example is Yapaykuy, a mobile application
that converts speech to text and text to speech, with plans to
incorporate predefined gesture recognition [3]. These initia-
tives have favored basic access to sign language; however,
their operation remains static and does not support real-
time visual recognition. Furthermore, these solutions rely
on limited databases and do not facilitate natural interac-
tion in dynamic educational contexts, reflecting the gaps
that still exist in inclusive education in Peru [1], as well
as the international challenges reported in terms of acces-
sibility and educational outcomes for people with hearing
disabilities [7]-[10].

+ Comparative technical attributes are summarized
as follows:

+ Input: Manual selection; no automatic visual recog-
nition [2] [3].

+  Output: Text and speech; gestural fluidity is not
considered [2].

+ Limitation: They depend on closed databases
without real-time scalability [1] [7].

B. Prototypes Based on Physical Devices (Gloves, Sensors and
Wearables)

At the international level, some developments have
used physical devices such as sensorized gloves to capture
hand movements. Promising recognition performance
in controlled settings has been approached by wereable
instrumented gloves and inertial sensors; however, they
require calibration and may reduce the comfort and porta-
bility in an educational environment. Although these
solutions have achieved accuracies of 96.3% in segmented
samples and 91.2% in real time—and in some cases up to
96% when using specialized sensors— [5], [6], they present
limitations in terms of cost, user comfort, and the need for
constant calibration. Furthermore, several studies have
indicated that deaf people prefer non-intrusive technolo-
gies that respect their natural body language [12]. In this
sense, although technically effective, gloves interfere with
natural gestures and are impractical for prolonged use in
educational environments.

+ Comparative technical attributes are summarized
as follows:

+ Accuracy: >90%, but dependent on calibration,
hardware used and constant maintenance [5] [6].

+  Cost: high because it requires specialized hardware

[5116].

+ Limitation: They interfere with natural gestures
and reduce comfort in a classroom [12].

C. Prototypes Based on Visual Recognition With Machine
Learning

The latest systems use deep learning models, such as
CNNs, trained on gesture images. Examples include SignNet
and BranTNet—the latter based on transfer learning—which
have been designed for sign languages such as ASL or ISL,
using high-quality standardized datasets [4], [11], [13], [14].
These models have reported accuracies ranging from 93% to
98% under controlled conditions [4], [13], , [25]. However,
these models typically require large volumes of data,
connectivity to external servers, and training in cultural
contexts different from that of Peru. Furthermore, in many
cases, they focus exclusively on isolated letters or words,
without considering sentence-level structure or the particu-
larities of the PSL [11], [17].

Comparative technical attributes are summarized as
follows:

+ Accuracy: above 90%under controlled conditions

[4], [13], [25].

+ Requirements: large volumes of data and connecti-
vity with external servers [11], [17].

+ Limitation: trained in international contexts,
without considering particularities of the PSL [11],
[17].
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II. METHODOLOGY

Quality Function Deployment (QFD) was used as a
comparative analysis tool, allowing the attributes that the
proposed prototype must address to be evaluated against
existing solutions. To this end, the main user requirements
were reviewed: clear and accessible visualization, real-time
gesture recognition, portability and ergonomics, simulta-
neous audio and video feedback, and adaptation to the PSL.
Each requirement was assigned a weighting based on its
relevance, and the performance of the proposed prototype
was compared with that of several international patents
[19], [20], [21].

The results show that the proposed system achieved the
maximum score across all criteria, achieving 97% accuracy,
operating in real time at 125 fps, working with a standard,
low-cost, non-intrusive camera, offering immediate visual
and auditory feedback, and being trained on a proprietary
PSL dataset, thereby ensuring cultural relevance. The
dataset was generated under controlled but variable condi-
tions, using a 1080p webcam to capture the 28 letters of
the PSL, including “N”, with at least 50 images per class.
Data acquisition sessions were conducted on different days,
introducing variations in lighting, distance, and hand orien-
tation to better simulate real-world environments. Gesture
references were obtained through direct visual observation
in a Peruvian Sign Language (PSL) school and were subse-
quently replicated during data collection, ensuring that the
captured samples reflected the authentic characteristics of
the local context. In contrast, the reviewed patents, while
reporting accuracies above 90%, rely on gloves or other
specialized devices, provide partial feedback, and focus on
foreign sign languages, thereby limiting their ergonomics,
accessibility, and applicability to the Peruvian context.

The proposed modular system for PSL translation
consists of various phases that integrate computer vision
and deep learning techniques. The main performance indica-
tors targeted were: achieving an accuracy between 95% and
99 %, ensuring real-time operation with a minimum speed
of 120 fps, maintaining a response time of less than 2 s,
obtaining a WER of no more than 15% in dynamic sequences,
and ensuring system non-intrusiveness through the use of a
low-cost, standard camera adapted to the PSL context.

The experimentation phases followed a valida-
tion protocol widely used in computer vision [13], [14],
consisting of dividing the dataset into 80% for training and
20% for testing, ensuring the evaluation of the model with
data not seen during learning. In contrast, previous studies
based on LSTM architectures have evaluated performance
using sequence-based metrics such as BLEU, ROUGE, and
CIDEr [15]. In real-time experiments, the system response
rate in frames per second (fps) was also measured, and a five-
frame moving average was applied to smooth predictions,
thus stabilizing the output and reducing instantaneous
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Fig. 1. Assistive technology for people with hearing
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classification fluctuations, improving output stability and
reducing instantaneous classification fluctuations.

The experimental process was progressively designed
in three phases, using 5, 15 and 50 images per class. This
strategy enabled the evaluation of the impact of dataset size
on the model’s generalization capability. The deep learning
literature indicates that small datasets tend to induce over-
fitting, which limits the system’s ability to recognize new
variations in the samples [13], [14]. In the first phase, using
only five images per class, the model exhibited low accuracy
and high classification instability. In the second phase, with
15 images per class, a substantial improvement in predic-
tion stability was observed, reflecting increased diversity in
the training samples. Finally, in the third phase, using 50
images per class, the system achieved its best performance,
attaining a competitive level of accuracy consistent with
that reported in international CNN-based sign recognition
studies, where accuracies exceed 90% on larger datasets [4].
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A. Data Collection and Use of Formulas

A proprietary dataset was constructed from video
captures acquired with a high-resolution webcam (1080p at
30 fps), focusing exclusively on the user’s hands against a
neutral background. For each of the 28 letters of the PSL
alphabet, including “N”, a minimum of 50 images per class
were captured, as shown in Fig. 2. Sessions were conducted
on different days, with intentional variations in lighting,
distance, and orientation to ensure diversity and improve
model generalization, as recommended in [13].

For letters involving movement, such as “J”, “N”, and
“7”, video sequences were recorded and segmented into
individual frames at a rate of 5-10 fps, following a strategy
similar to that used in DeepASLR [14] and in the hybrid
architectures described in [17], as illustrated in Fig. 3.

B. Preprocessing

The preprocessing pipeline consisted of several stages,
including conversion to grayscale to reduce computational
complexity, resizing to 64x64 pixels to standardize the
input of the models, and normalization of pixel values in
a range between 0 and 1. Additionally, data augmentation
techniques were applied, such as random rotation, trans-
lation, horizontal mirroring, and brightness modification,
with the aim of increasing system robustness to real-
world environmental variations. This strategy follows the
approach suggested in [23] for LSTM-based models trained
with augmented data. The corresponding Python code is as
follows:

def preprocesar_frame(frame):
roi=frame[ROI_TOP_LEFT[1]:ROI_BOTTOM _
RIGHT[1],ROI_TOP_LEFT[0]:ROI_BOTTOM _
RIGHT(O]]
resized=cv2.resize(roi,(IMG_WIDTH,IMG_HEIGHT))
normalized = resized / 255.0

return np.expand_dims(normalized, axis=0), roi

C. Model Architecture

The basic architecture for static sign recognition
consisted of a CNN with three convolutional layers, inter-
mediate pooling layers, ReLU activation functions, and
a final fully connected layer with SoftMax for multiclass
classification as illustrated in Fig. 4. To improve accuracy
for gestures with a high degree of similarity (e.g., “M” and
“N”), a SVM classifier was integrated as a post-feature
extraction stage, functioning as a refined decision layer, as
proposed in [14].

In parallel, CNN-LSTM architecture was implemented for
dynamic letters. This model receives a sequence of images
(consecutive frames of the same gesture) as input and learns
to capture temporal progression through recurrent layers.
This approach is supported by works such as [17].
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Fig. 4. Block diagram illustrating the operation
of the model architecture.

D. Real-Time Integration and Execution

The system was implemented in Python using libraries
such as OpenCV for video capture, TensorFlow/Keras for
model training and deployment, and Pyttsx3 for text-to-
speech synthesis. During execution, the camera continuously
detects the region of interest (ROI) corresponding to the
user’s hands and processes each frame in real time. The model
predicts the corresponding class and accumulates the recog-
nized letters, as illustrated in Fig. 5. A temporal segmentation
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algorithm based on pauses between gestures enables the
differentiation of individual letters, words, or complete
phrases. The resulting text is displayed on the screen using a
simple graphical interface and can be automatically converted
into speech, facilitating immediate communication between
the user and their environment, as shown in Fig. 6.

E. Testing, Validation and Metrics

From a statistical perspective, the validity of the perfor-
mance metrics is directly influenced by the size of the test
sample. With the current configuration of 50 images per
class (28 letters, for a total of 1400 images) and an 80/20
training-testing split, the test set comprised approximately
280 samples. This number allows estimating the overall
accuracy with a confidence interval close to + 6-7% at 95%
confidence, which is acceptable for an experimental proto-
type. However, the literature suggests that reducing the
margin of error to + 5% requires at least 384 test samples
[13], [14] Likewise, for per-class metrics such as precision
or recall, it it is recommended to have a sufficient number
of validation samples per category to ensure the statistical
reliability of per-class metrics such as precision and recall.
With 50 images per class, the system obtains, on average,
about ten test samples per letter, which limits the statis-
tical stability of these metrics. Therefore, as future work, it
is proposed to expand the dataset to 100-150 images per
class or to apply stratified k-fold cross-validation in order
to increase the reliability of results.

The prototype was also subjected to alpha and beta
testing with volunteer users to evaluate performance under
both controlled conditions and real-world environments.
Accuracy, sensitivity, and the confusion matrix were used for
static models, while for dynamic letters, the WER was used
together with sequence-level precision and recall, following
the guidelines proposed in DeepASLR [14]. Response time
was measured by directly timing the interval between image
acquisition and prediction output, to determine an average
processing speed of 125 fps, which confirms the system’s
real-time viability, as shown in Fig. 7.

III. RESULTS

The prototype developed for the automatic translation
of the PSL finger alphabet achieved an overall accuracy of
97% using a dataset of 50 images per class, together with
a WER of 15% and an average response time of 1.8-2.0 s
with a processing speed of 125 frames per second, thereby
confirming its viability for real-time operation. Tests were
conducted under controlled laboratory conditions, with
stable lighting (300 lumens/250 lux), a uniform background,
and minimal visual interference, thereby ensuring that the
observed variations were attributable to the model’s perfor-
mance rather than to external factors.

The class-wise analysis showed that letters with distinc-
tive features (L, T, and Y) achieved accuracies above 95%,

Fig. 5. Code for the class learning method.

Fig. 6. Code for real-time translation.

Fig. 7. Demonstration of translation of letter C.

whereas morphologically similar pairs (M/N and U/V)
exhibited higher misclassification rates. These results
demonstrate that the proposed system is competitive with
international reference models and represents a non-inva-
sive, low-cost alternative tailored to the Peruvian context,
with strong potential for deployment in inclusive educa-
tional settings.
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However, the statistical reliability at the class level was
limited by the number of available samples (approximately
ten test images per letter). Therefore, future work includes
expanding the dataset to 100-150 images per class, incor-
porating additional metrics such as recall and F1-score,
validating the system in real educational scenarios with end
users, and evaluating its performance under more variable
lighting conditions to ensure robustness in uncontrolled
contexts. The use of five images per class was intended to
represent a minimal scenario for observing overfitting and
classification instability under limited data conditions,
whereas the configuration with 15 images per class provided
a mid-level setting that increased sample variability and
improved prediction stability. Finally, using 50 images per
class provided a more representative dataset, enabling the
system to achieve competitive accuracy levels consistent
with those reported in the literature for CNN-based sign
recognition [13]-[15]. The corresponding test results are
summarized in Table I, whereas the performance curve is
shown in Fig. 8.

A. Tests With Five Images per Class

In an initial exploratory phase, the model was trained
using five images per class of the finger alphabet. The
results showed high instability in predictions, especially for
visually similar letters. Overall accuracy was low, and the
system exhibited limited generalization to slight variations
in posture, lighting, and background.

B. Tests With 15 Images per Class

In the second iteration, the dataset was increased to
15 images per class. This expansion resulted in substantial
improvements in model learning, with a significant increase
in overall accuracy and reduced sensitivity to external
conditions. However, some misclassifications persisted
among classes with similar morphologies.

C. Tests With 50 Images per Class

In the third phase, the model was trained using 50
images per class. Under this configuration, the system
achieved its best overall performance. High recognition
accuracy, a decreased error rate, and a more stable response
were observed under controlled lighting conditions (300
lumens/250 lux). Furthermore, the average processing
speed remained at 125 fps.

Performance varied slightly depending on the letter.
The most difficult classes to identify were those with
similar handforms, such as “M” and “N,” or “U” and “V,”
which exhibited higher error rates. In contrast, letters with
distinctive features such as “L,” “T,” or “Y” achieved accura-
cies above 95%.

Under the configuration with 50 images per class, the
model achieved accuracies above 90% for 21 of the 26 evalu-
ated letters and maintained a minimum accuracy of 85% for

TABLE I
PERFORMANCE COMPARISON OF THE THREE
MAIN TESTS
Images  Accuracy Response )
by class %) Loss time (FPS) Observations
1 5 63.4% 192 54 LQW learning with
high errors
9 15 79 6% 08 39 Better learning
and control
High model
3 50 97% 0.2 1.8 accuracy and
stability
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Fig. 8. Training and validation curve of the PSL model.

the remaining classes, demonstrating strong generalization
capability under optimal environmental conditions.

In addition to overall accuracy, other relevant metrics
were calculated to further assess the system’s overall
performance:

+ WER: 15% with 50 images/class
+ Average accuracy of 97%

«  Average processing speed: 125 fps

These metrics confirm that the system is functional
in real time and suitable for educational environments
provided that controlled conditions—such as a uniform
background, stable lighting, and minimal visual interfer-
ence—are maintained.

IV. DISCUSSION

The results obtained from the experimental tests enable
a comparison of the system’s performance with respect to
the proposed objectives and existing technological solu-
tions. The initial objective of this prototype was to achieve
an accuracy between 95% and 99% in recognizing letters
of the PSL finger alphabet while maintaining a real-time
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response time of less than 2 s, thereby allowing the system
to be considered viable for inclusive educational settings.

Despite the promising results, this project presents
several limitations. In particular, the dataset size was limited
to 50 images per class, which restricts the statistical reliability
of per-class performance metrics. All experiments were
conducted under controlled conditions of lighting and back-
ground conditions, which limits the system’s robustness in
real-world environments. In addition, the prototype focused
primarily on static letters of the PSL alphabet and a limited
set of dynamic gestures, without addressing the recognition
of complete words or sentences. Finally, validation with end
users in real classroom settings has not yet been conducted,
which is necessary to assess usability and scalability.

A. Comparison With Accessibility Mobile Applications

National platforms such as [2] and [3] provide basic
accessibility features through manual selection or voice-
to-text conversion. However, both are limited to static,
predefined vocabularies without visual gesture recognition.
In contrast, the proposed prototype achieved an average
accuracy of 97% in real-time operation at 125 fps, providing
automatic visual-to-speech translation of live gestures and
overcoming the static nature and limited scalability of these
applications.

B. Comparison With Systems Based on Physical Sensors

Wearable-device-based systems, such as those reported
in [5] and [6], achieve accuracy ranges under standard condi-
tions and up to 96% when specialized sensors are used.
Although technically effective, these solutions are intru-
sive, costly, and require frequent calibration, which makes
them impractical for routine classroom use. In contrast,
the proposed model relies solely on a standard camera and
achieves a real-time correct prediction rate of 91.3% using
50 images per class, thus eliminating the discomfort and
cost associated with gloves and sensors.

C. Comparison With International CNN Recognition Models

International proposals such as [4], [13], and [15]
reported accuracies in the range of 93-98% using large
ASL or ISL datasets under controlled conditions. Similarly,
advanced hybrid models such as those presented in [11],
[14], [16], and [17] demonstrate robust performance;
however, they typically depend on large-scale datasets,
cloud-based infrastructure, and application contexts
different from Peru. By contrast, the proposed prototype
achieved an accuracy of 97% and a WER of 15% using a
locally constructed Peruvian dataset, thereby ensuring
cultural relevance while operating on low-cost hardware.

D. Comparison With Patented Solutions

Patented devices such as those described in [19]-[21]
focus on glove-based or camera-assisted translation of
foreign sign languages and report accuracies above 90%.

However, these solutions rely on specialized hardware and
do not address the specific requirements of the Peruvian
context. This prototype differs by integrating CNN and
SVM models trained on a PSL dataset, providing a scalable,
camera-only solution tailored to local conditions.

V. CONCLUSIONS

In summary, the prototype meets the established objec-
tives by exceeding 95% accuracy, achieving an average
accuracy of 97%, and operating in real time at a processing
speed of 125 frames per second. This performance is
competitive with international models and offers a practical
advantage over intrusive solutions such as sensor-en-
hanced gloves. Furthermore, the objective of developing
a non-invasive and low-cost solution was achieved, with
an approximate 30% savings compared to sensor-based
systems. Its contextualization within the Peruvian environ-
ment was guaranteed by using the Bilingual Dictionary of
PSL as a reference.

Its accessible and educational nature reinforces its poten-
tial as an inclusive tool. However, it is acknowledged that the
results are based on tests under controlled conditions and
with a dataset limited to 50 images per class. Therefore, future
work will focus on validating the system in real-life classroom
settings, using a larger sample size and incorporating addi-
tional evaluation metrics such as recall and F1 score.
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