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Abstract

This paper presents a sign language recognition system based on deep learning and computer
vision. It aims to support communication between deaf and hard-of-hearing individuals and
the community. The proposed system translates hand gestures into textual output through
real-time image and video processing. It supports three recognition modes, including num-
ber, alphabet, and word recognition. For alphabet and digit recognition, MobileNetV2 is
adopted due to its lightweight architecture and suitability for real-time deployment. To im-
prove recognition accuracy and robustness in practical scenarios, a custom-collected dataset
is combined with publicly available American Sign Language (ASL) datasets. The resulting
dataset covers static alphabet gestures (excluding the motion-based letters J and Z) and digit
gestures corresponding to the numbers 0-9. For word recognition, the pretrained Inflated
3D ConvNet (I3D) model is adopted to process short video clips and learn both spatial and
temporal gesture features. Additionally, OpenCV is employed for video processing and real-
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time frame capture, while DroidCam is used to capture live input. For the MobileNetV2
model, a Region of Interest (ROI) is applied before prediction. Experimental results from
real-time testing demonstrate high confidence scores for alphabet and number recognition,
achieving 93.43% and 92.8%, respectively, at 30 FPS. In addition, the word recognition
module achieves moderate performance, with Top-1 and Top-5 accuracies of 39.2% and
68.0%, respectively.

Keywords: Sign language recognition, Deep learning, MobileNetV2, I3D, Real-Time ges-
ture recognition, OpenCV.

1. INTRODUCTION

Communication is vital to daily human life. It is an exchange of ideas, emotions, and information.
For a deaf or hard-of-hearing person, sign language is their main way to communicate with the
public. However, many people do not understand sign language, which often creates a communica-
tion barrier between deaf people and the community. According to the World Health Organization
(WHO), more than 430 million people worldwide—approximately 5% of the global population—
live with disabling hearing loss, and this number is expected to reach over 700 million by 2050 [1].
In recent years, communication between deaf people and hearing-impaired and non-hearing individ-
uals has become increasingly important, especially in public services, education, and daily interac-
tion. Sign language is the primary mode of communication for the deaf community today. However,
the absence of understanding of sign language among the general population creates a significant
communication problem. This barrier often results in misunderstandings, difficulties, and limited
access to essential services. The development and evaluation of sign language recognition systems
have become an important research area in computer vision and artificial intelligence. Deep learning
models, large datasets, and cameras have enabled the recording of hand gestures and movements.
A system can now translate these gestures into textual output. The SLR system (Sign Language
Recognition) combines images that are preprocessed with deep learning techniques to recognize
gestures through hand movements. For SLR system, it was valued around 500 million USD in
2025, with a projection that shows the annual growth due to the increasing use of communication
tools for accessible Al-driven [2]. With all this progress in sign language detection, there is still a
difficulty. Each hand gesture can be recognized depending on some conditions like lighting, colors,
hand orientation, and background complexity [3]. As a result, building an efficient and reliable SLR
system from a live video capture is challenging. To handle these problems, this research focuses on
developing a real-time inference sign language recognition system using a deep learning approach
for three modes: numbers, alphabet, and words.

2. RELATED WORK

Sign language recognition has become a prominent research area, particularly with the rapid growth
in computer and machine vision and artificial intelligence. Tolentino et al. (2019) [4], presented a
vision-based system designed to recognize static ASL hand signs using deep learning techniques.
The authors limited their work to static hand postures such as letters, numbers, and basic signs,
since these can be processed directly by a Convolutional Neural Network (CNN), which operates
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on single images rather than motion sequences. The system was intended to function as a simple and
accessible learning tool for beginners who want to practice ASL hand signs using only a webcam and
a deep learning classifier. The proposed system achieved an average testing accuracy of 93.67%,
including 90.04% for ASL alphabet recognition, 93.44% for number recognition, and 97.52% for
static word recognition. The researchers in [5] presented a deep learning model, CNNSa-LSTM.
The prototype uses VGG16 to pull out features from samples and extract motion information. It
combines the 2 models, CNN and LSTM components. It reached an accuracy of 98.7%, a sensitivity
of 98.2%, a precision of 98.5%, a WER of 0.131, a SER of 0.114, and an NDCG of 98%, proving
strong total performance. Garg et al. (2025) [6], concentrated on automatic sign language detection
using CNNs to categorize hand motions. They used a dataset including 26,000 image samples, with
1000 images for each hand alphabet sign. The images were collected under controlled lighting
conditions with a black background to improve feature extraction. Participants of different ages,
skin tones, and hand shapes were included to enhance dataset diversity. The dataset was divided into
70% training, 15% validation, and 15% testing sets. This model achieved high accuracy. To reduce
the communication barrier between deaf or mute individuals and the general public, Dadge et al.
(2025) [7], proposed a lightweight hand gesture recognition system for real-time communication.
The framework combines MediaPipe hand landmark detection with a machine learning classifier
to recognize static and dynamic hand gestures. Only seven gestures were tested, using a dataset of
3500 samples (A, B, C, D, Open, Close, and OK). The system achieved an accuracy of 94.1% at
30 FPS (frames per second). Compared with CNN, Transformer, and TinyML-based models, the
proposed approach offers a good balance of accuracy, speed, and real-time accessibility. Arasavali
et al. (2024) [8], proposed a low-cost ASL recognition system using CNN on the “Finger Spelling,
A” image dataset containing 24 alphabet letters, excluding J and Z, since these require movement.
The dataset includes varied backgrounds, making recognition more challenging and realistic. A
deep learning and computer vision approach was also proposed by Kale et al. (2022) [9], for
ASL detection. The system employed a Linear SVM algorithm and MediaPipe libraries to translate
gesture alphabets using 16 datasets, including A—K and U, V, W, and Y. In addition, a gesture-based
communication tool based on a flex sensor, an accelerometer, Arduino, and a WI-FI module is
implemented by Pavitra et al. (2023) [10], for Mute and Hearing Impaired People. Harikrishnan et
al. (2023) [11], developed a CNN-based system to recognize and convert sign language into text
and voice using image data captured by a computer webcam. In this context, and to address these
challenges, this work focuses on developing a real-time sign language recognition system with live
inference that displays the predicted output directly during hand gesture performance. The system
relies on MobileNetV2 and I3D models to recognize alphabets, numbers, and words from live video
streams. Unlike many existing studies, the proposed system performs real-time recognition and
displays the corresponding textual output directly on the screen, rather than simply reporting the
training results.

3. DATASET AND PROPOSED METHODOLOGY

3.1 Data and Preprocessing

In this study, multiple datasets were used to train different recognition models for the sign language
recognition system, covering three modes: words, alphabets, and numbers. A pretrained I3D model,
originally trained on the WLASL dataset, is used directly for inference in this project [12]. This
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dataset contains 2000 classes represented in around 21,000 short videos, and 119 signers participated
in recording the signs. These videos were processed by extracting frames, which were later used to
train the I3D model. WLASL uses a signer-independent split protocol, where all samples belonging
to a specific signer are assigned exclusively to one subset (training, validation, or testing). This
prevents overlap of signer identities across splits and enables evaluation on unseen signers. For
alphabet recognition, the ASL Alphabet Image Dataset was employed [13]. The dataset contains
3,000 samples for each alphabet letter, represented by different hand gestures captured under various
conditions, including diverse backgrounds, lighting settings, hand positions, and hand sizes. To
enhance dataset diversity and improve real-time performance, an additional 500 samples per letter
were manually collected using a camera from a single participant, resulting in a total of 3,500 sam-
ples for each letter. The dataset does not include the letters “J”” and “Z” because these signs involve
motion and therefore require video sequences rather than static images for accurate representation.
For number recognition, a separate ASL digits dataset collected under different conditions was
used [14]. This dataset contains 500 samples for each digit. To further improve dataset diversity
and real-time performance, an additional 500 samples per digit were manually collected from the
same participant and incorporated into the dataset, resulting in 1,000 samples per digit. It should
be noted that all additional alphabet and digit samples were collected from a single participant,
who also participated in the real-time inference experiments. For the number recognition mode, the
dataset was divided into 80% training data and 20% validation data. For the alphabet recognition
mode, the dataset was divided into 70% training data, 20% validation data, and 10% testing data.
Regarding the preprocessing, We applied the following preprocessing steps to ensure that the data
is consistent, suitable, and efficiently processed before starting the training process.

1. Image resizing: All images are resized to 224x224. This ensures that all inputs have the same
size before being fed into the MobileNetV2 model.

2. Random Resized Crop: It is applied to randomly crop and resize images, creating variations
in hand position within the Region of Interest (ROI). For the alphabet and number recognition
modes, the ROI size is 316 x 288 pixels. After extraction, the ROI is resized to 224 x 224
pixels before being used as input to the model.

3. Random Rotation and Random Affine: These transformations are used to simulate variations
in hand movement and orientation during real-time conditions.

4. Random Perspective: It is responsible for handling different camera angles.

5. Color Jitter: It is applied to adjust brightness and saturation, enabling the model to handle
variations in lighting conditions.

6. Gaussian Blur and Random Adjust Sharpness: They are applied to introduce variations in
image quality and sharpness.

7. Tensor the output: This final step is applied to the processed images into tensor format before
being passed to the MobileNetV2 model for training.

3.2 Proposed Methodology

In this study, the system used the MobileNetV2 algorithm for alphabet and number recognition [6,
15]. This model contains 53 layers and employs inverted residual blocks with linear bottlenecks to
reduce computational complexity and memory usage. FIGURE 1, presents the MobileNetV2 model
architecture. It is chosen due to its suitability for real-time classification applications. The system
captures a defined image from a region of interest (ROI), which is then preprocessed and passed to
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the trained MobileNetV2 model to predict the output. For the word recognition, the system uses the
pretrained 13D Inflated 3D ConvNet algorithm [16]. The model receives a video clip of 64 RGB
frames. Each frame is resized to 256 pixels and normalized to the range [-1,1] before being passed
to the model for inference. FIGURE 2, presents the 13D model architecture. It consists of more
than 100 layers and processes short video clips instead of single images. It extends a traditional 2D
convolution neural network to 3D by adding a temporal dimension, allowing the network to capture
both spatial and temporal information. It is selected due to its capability of learning both spatial and
temporal features from video sequences. FIGURE 3, summarizes the system overflow. TABLE 1,
lists the training configuration for the alphabet and number MobileNetV2 models.
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Figure 1: MobileNetV2 architecture.
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Figure 2: 13D architecture [17].
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Figure 3: System Workflow
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Table 1: Training Configuration of MobileNetV2 Models

Parameter Alphabet Mode Number Mode
Model MobileNetV2 MobileNetV2
Epochs 15 10
Batch Size 32 32
Optimizer AdamW AdamW
Learning Rate 1x1074 1x1074
Weight Decay 1x1074 1x1074
Loss Function Cross-Entropy Loss  Cross-Entropy Loss
Label Smoothing 0.05 0.05
Dropout 0.35 0.35
Random Seed 42 42

4. MODEL PERFORMACE AND EXPERIMENTALS RESULTS

4.1 Evaluation Metrics

In this study, several metrics were used to evaluate the performance of the real-time sign language
recognition system, as listed below. For numbers and alphabet modes, the confidence score is

calculated as illustrated in Equation 1.
e’

ST

pi (1)

where pj is the confidence of class i, z; is its raw score, and C is the number of classes, which is 24
for alphabet recognition and 10 for number recognition.
For the words mode, the confidence score is shown in Equation 2.

Si = mlaX(Zi,z) (2)

where z; ; is the raw model score for word class i at time ¢, s; is the final score of word class i after
temporal max pooling. Softmax is then applied across all word classes as shown in Equation 3.

esi

Pi=——— 3)
2:5;1 e’

where p; is the word confidence of class i, C is the number of word classes.

Cross Entropy Loss was applied to measure the error between the actual gestures and the predicted
outputs as shown in Equation 4.

C
L=- Z yilog(pi) 4)
i=1

where y; is the actual label, p; is the predicted probability, C is the number of classes.
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Top-1 Accuracy (Equation 5) measures the proportion of test samples for which the model’s most
confident prediction is correct. .

N
1
Top-1 Accuracy = N Z I()?l(l) = i) )
i=1

The Top-5 accuracy metric (Equation 6) considers a prediction correct if the ground truth label
appears among the model’s five most confident predictions.

N
1 . ~(2) ~(3) ~(4) A(b
Top-5 Accuracy = A—]Zl()’i € {yﬁl)’yf ),y§ ),yﬁ )’)’z( )}) ©
—

1

4.2 Experimental Results and Discussion

We developed a user-friendly interface to display the system output, as shown in FIGURE 4. The
user selects the desired recognition mode and performs hand gestures within the green region,
which represents the Region of Interest (ROI). Once a sign is recognized, the predicted alphabet
and its corresponding confidence score are displayed. The confidence score shown in the real-time
interface represents the predicted class probability generated by the model. The user can then press
the ENTER key to append the predicted character to the text area displayed in the black rectangle.
For each prediction, the confidence score, predicted character, and selected mode are shown in the
upper-left corner of the ROI, together with the processing rate of 30 FPS. Here, 30 FPS refers to the
webcam capture and display refresh rate during real-time operation. In word recognition mode, the
Record Word button allows the user to capture an additional 2.5-second video clip for subsequent
recognition. The system acquires live video through DroidCam, extracts the ROI, preprocesses the
input, and performs recognition using MobileNetV2 for alphabets and digits and 13D for words.
The predicted class is then converted into text and displayed in real time. The experiments were
conducted on a Windows machine equipped with a 13th Gen Intel Core i7 processor, 16 GB of RAM,
and Intel UHD Graphics with 8 GB of reported graphics memory. The system was implemented in
Python, utilizing the PIL/Pillow library for image handling. FIGURE 5 and FIGURE 6, present the
output predicted by our system for the number 5 and letter V, respectively.

Figure 4: System Interface
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Figure 5: Number 5 gesture Figure 6: Letter V gesture

We evaluated three recognition modes: alphabets, numbers, and words. The evaluation was con-
ducted under two environmental settings: In-Dataset, which used a white-wall background sim-
ilar to that of the training data, and Out-of-Dataset, which involved arbitrary backgrounds and
environmental conditions not represented during training. TABLE 2 and TABLE 3, present the
confidence scores obtained for the number and alphabet recognition modes during real-time testing,
respectively. In these experiments, new gesture samples were captured using DroidCam under
varying environmental conditions. The results demonstrate high recognition confidence across all
digit classes, achieving an average confidence score of 92.8% under Out-of-Dataset conditions.
Under In-Dataset conditions, the average confidence score increased to 96.89%, which is consistent
with the model’s strong performance during training. Similarly, the alphabet recognition system
reached an average confidence score of 93.43% for samples captured under conditions different from
those of the training dataset (like hand position, lighting, colors, and background) and an average
confidence score of 96.67% for the same dataset conditions. This result indicates the effectiveness
of the model in real-time performance. TABLE 4, presents the training and validation loss of the
two modes, alphabet and numbers. It indicates good generalization performance and low validation
error for both modes.

Table 2: Confidence score (%) of number recognition gestures at 30 FPS.

Number Out-of-Dataset Conditions In-Dataset Conditions
0 94.0 96.9
1 92.7 97.3
2 92.5 97.5
3 90.4 96.8
4 934 96.5
5 95.2 97.1
6 91.9 96.8
7 96.1 96.1
8 91.7 96.8
9 90.1 97.1

Average 92.8 96.89

5990



https://www.oajaiml.com/ | August 2026 Advances in Artificial Intelligence and Machine Learning

Table 3: Confidence score (%) of alphabet recognition gestures at 30 FPS.

Alphabet Out-of-Dataset Conditions In-Dataset Conditions
A 86.1 97.1
B 94.7 96.2
C 93.7 96.4
D 94.5 96.9
E 95.8 96.9
F 94.9 96.7
G 94.1 97.2
H 95.6 97.1
I 94.6 97.8
K 93.6 96.1
L 94.0 96.5
M 95.3 96.3
N 95.3 96.8
(0] 91.4 95.8
P 93.3 95.7
Q 94.8 96.1
R 93.5 96.3
S 90.8 97.6
T 94.8 97.1
U 94.2 96.9
\Y% 96.0 96.2
w 88.4 96.8
X 90.0 96.3
Y 93.1 97.1

Average 93.43 96.67

Table 4: Training and Validation Loss for Alphabet and Numbers Recognition Modes

Mode Training Loss Validation Loss
Numbers Recognition 0.3320 0.2996
Alphabet Recognition 0.3490 0.3438

For the word recognition system based on the I3D model, the authors in [16] reported a training
Top-1 accuracy of 32.48% and a training Top-5 accuracy of 57.31%. To evaluate the system in a
real-time scenario, we tested 25 words under real-time inference conditions. Each word was tested
five times, and the predicted outputs of the captured short video clips were recorded and analyzed.
The evaluation was limited to 25 words due to the small size of the available dataset, which contains
only a few samples per word. This data limitation makes correct prediction more challenging for the
system. TABLE 5, shows that the average Top-1 accuracy reached 39.2%, while the average Top-5
accuracy reached 68.0%. Some words were correctly predicted as Top-1 in all five attempts, while
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Table 5: Top-1 and Top-5 Accuracy at 30 FPS.

Words Top-1 (%) Top-5 (%)
Baby 100 100
Arm 80 100
Book 80 100
Chop 80 100
Community 80 100
Laptop 100 100
Pizza 100 100
Scissors 100 100
Yes 0 0
Hello 0 0
Drink 0 60
We 60 80
Love 80 100
Table 20 80
Monkey 20 80
No 0 0
Help 0 40
Stomach 20 40
Brain 20 60
Telephone 40 100
Hug 0 80
If 0 60
You 0 0
Appreciate 0 60
Thanks 0 60
Total Average 39.2 68.0

others appeared only within the Top-5 predictions or were not predicted correctly at all. These results
highlight the challenges of real-time word-level recognition, aligning with the training outcomes
reported in [16].

5. CONCLUSION AND FUTURE WORK

In this study, we developed an efficient sign language recognition system using deep learning
models to facilitate communication with deaf individuals by translating hand gestures into textual
output through a simple interface. The system included three recognition modes: alphabet, number,
and word recognition. The MobileNetV2 model was used for alphabet and number recognition,
while the 13D model was employed for word recognition. The results demonstrated a useful sys-
tem of high confidence scores for alphabet and number recognition, with moderate accuracy for
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word recognition during real-time inference. These results highlight several challenges concerning
dataset conditions and live testing environments, especially with variation in lighting, recording
quality, hand positions, and gesture accuracy. As future work, the dataset can be updated and
increased by collecting more samples with a wide variety of backgrounds and camera angles. This
modification can improve the system’s effectiveness in real-time inference. Secondly, this system
can be deployed on smart devices or smart glasses to make it more useful for daily use. Finally,
testing this system with hard-to-hear and deaf people would give helpful feedback in improving the
system interface, accuracy, and serviceability.
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