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Accepted : 30 Aug 2026 as Tanzania, where access to assistive technologies remains limited.

Conventional solutions, including hearing aids, cochlear implants, and

interpreters, are often costly and inaccessible. This study proposes an Al-

Keywords driven real-time Swahili Sign Language Recognition system designed to

bridge communication gaps between the hearing-impaired community
and the general population. The system integrates Convolutional Neural
Networks (CNNs), Scale-Invariant Feature Transform (SIFT), and Long
Short-Term Memory (LSTM) with computer vision techniques to
recognize and interpret sign gestures. SIFT extracts key features from
images captured via webcam, while CNN performs classification and LSTM
models temporal dependencies for improved accuracy. Experimental
results reveals high recognition accuracy of 98.5% and a low error rate of
0.1345%, outperforming several existing models. The system offers an
effective, affordable solution for enhancing communication among
Swabhili-speaking communities.
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A. Introduction

Hearing impairment affects millions of individuals worldwide,
disproportionately affecting low-income regions like Tanzania and other Sub-
Saharan African countries. This led to communication constraints that significantly
reduced access to social and economic services, including healthcare, education,
and security. Sign language remains an essential medium for the hearing-impaired
community and a vital tool for sign-to-speech and sign-to-text translation [1].
However, sign language is often misunderstood or inaccessible to individuals
outside the hearing-impaired community, while sign-to-speech and sign-to-text
translation remain limited and costly [2], [3]. Traditional communication methods,
such as interpreters, are often expensive and require trained professionals.

Globally, over 1.5 billion people live with some degree of hearing loss, while
more than 700 million people, or one in every ten people, are estimated to have a
hearing disability by 2050 [4]. Nearly 50% of young people aged 12 to 35 years are
at risk of hearing loss due to excessive exposure to noise[5]. In Tanzania, for
example, more than 3.2 million Tanzanians (7.8%) aged 7 years and above have
some form of hearing disability, and up to 5.4 million (13.2%) are affected by
disability. Slightly higher prevalence of disability (13.3%) was found in Tanzania
mainland, while in Zanzibar (9.3%). The occurrence is also somewhat higher in
rural areas (8.3%) than in urban areas (6.36%) [6]. The prevalence of hearing loss
within this broader disability context demands targeted interventions. The lack of
accessible healthcare, rehabilitation services, and assistive technologies in these
communities creates a significant barrier to inclusion. This underscores the urgent
need for assistive technologies to address these challenges. Despite hearing loss
hindering communication worldwide, Tanzania faces unique difficulties. Limited
inclusive tools and technologies make it difficult for students with hearing
impairments to receive a high-quality education. Lack of certified sign language
interpreters in education settings makes it difficult for hard-of-hearing students to
acquire quality education and other important social and economic services [6]

Several solutions have been proposed to address the challenges in hearing
impairment communication. Munawar et al. [7] propose a method that identifies
sign language through data fusion and attention-based machine translation from
continuous RGB video using CNN and spatial-temporal LSTM. Khan et al. [9]
conduct a practical Review on Indian Sign Language using Deep Neural Networks.
Kanungo et al. [8] propose Al-driven gesture recognition systems for automating
the translation of sign language gestures into understandable text or speech using
computer vision. However, a large number of existing studies in SLR remain
isolated and focus on identifying a word or phrase that is difficult to implement in
a variety of devices and require the reconstruction of sentence structures from a
large general dataset. There are limited studies in African Sign Languages,
predominantly Swahili Sign Language recognition, which motivates this study.
Existing SLR models focus on the Indian Sign Language [10], [11] and American
Sign Language [12], [13] leaving African Sign language unpresented. To address
this challenge, we propose an Al-Driven Real-Time Swahili Sign Language
Recognition system that uses integrated SIFT, CNN, and LSTM algorithms to
process a simple Swabhili sign captured via a webcam [31], [32].
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B. Related Works

This section examines the evolution of sign language recognition technologies,
comparing traditional rule-based methods with modern deep learning approaches
while exploring key aspects such as data collection, feature extraction, and
classification. Al is transforming the way people with hearing impairments
communicate [2], [3]. Many approaches to sign language recognition rely either on
traditional rule-based learning [12],[13] or on data-driven deep learning [15], [16].

Rule-based Sign Language Recognition

Early studies in the field of SLR have evolved from rule-based systems
relying on handcrafted models to modern deep learning frameworks, which
require large datasets and appropriate network architectures for feature learning
and classification [17], [18], [19], [20]. Traditional SLR systems rely on rule-based
or sensor-based approaches in which gesture visual cues are explicitly defined.
These techniques typically use sensor gloves, such as data gloves [21], [22], or
color markers [23], to measure hand orientation and simplify visual data for
gesture recognition. Sequential models, such as Hidden Markov Models (HMMs),
are used in sequence to support the mapping of motions and shapes to sign classes
for temporal dynamics and temporal gesture handling [22], [24]. The approach
requires capturing dynamic hand configurations, motion, body posture, and facial
expressions for effective SLR. However, rule-based systems require manual feature
engineering, which is hard, time-consuming, and not robust to environmental and
signer variations. They also struggled in generalization across signers and complex
signing contexts. This situation underscored the need for more flexible, data-
driven techniques.

Modern Deep Learning Sign Language Recognition

This category of SLR involves data-driven approaches [1], [5], which
require large annotated datasets to learn hierarchical visual representations. The
approaches eliminate manual feature design from traditional rule-based systems
by learning discriminative feature representations directly from raw inputs.
Recent studies confirm the dominance of deep learning architectures such as
Recurrent Neural Networks (RNNs) and CNNs [25], LSTM networks [24], and
Attention mechanisms and Transformer [14] models for automatic feature
learning and classification. These approaches combine diverse datasets from RGB
video across diverse signing contexts [21], [24], or depth sensors like the Microsoft
Kinect for 3D spatial cues, and multi-modal recordings to enrich feature
representation. However, signer diversity and language coverage limit the
performance of many systems across real-world users and environments.

Hybrid Network Architectures for Sign Language Recognition

The evolution of sign language recognition technologies reflects a broader shift
from rule-based systems with explicit handcrafted features and limited
adaptability to deep learning frameworks that learn rich representations and
achieve high recognition and translation performance [2], [26].

Recent works in the field of SLR explore combinations of different deep
learning network architectures, such as CNN-LSTM [27], Transformers with
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attention modules [28], and SIFT-CNN [29] [30], [32], to improve temporal
modeling and spatial feature discrimination, thereby enhancing real-time
recognition. Hybrid networks, such as Transformer-based sequence-to-sequence
and CNN-LSTM [15], have shown good performance in gesture recognition and
translation by mapping sign sequences to speech or text. Common sign recognition
and translation metrics include Word Error Rate (WER), accuracy, and BLEU
scores [1]. Despite remarkable achievements in SLR and translation enabled by
deep learning techniques, the scarcity of data and the real-time, low-latency
deployment of SLR systems on edge devices remain major challenges that motivate
future studies to enhance gesture recognition and translation in real-world
settings [33], [34].

C. Research Method

Figure 1 represents a hybrid gesture recognition pipeline that integrates image
processing, feature engineering, and deep learning. The pipeline is well-structured
for translating hand gestures into meaningful outputs (audio), making it highly
relevant for assistive communication systems and intelligent interfaces. It
combines computer vision techniques with deep learning models for hand gesture
recognition and translation into audio output.

iﬁ..m;gr»;- +mmm1@ - il |

i L e ————
|

Figure 1. Workflow of the proposed system

The system relies on a collection of pre-trained samples rather than a large
dataset. It performs on-demand recognition and translation of specific sign
language movements using these samples and maintains accurate sign recognition
even without a substantial training dataset. During operation, real-time test
samples were captured via a webcam to map current gestures to existing training
examples. This approach provides effective, responsive gesture detection with a
lightweight TensorFlow setup.

Image acquisition
We solely focus on studying signs with a static nature. The camera first records
the gestures, which are then enhanced through image preprocessing, as illustrated
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in the system's workflow in Figure 1. A user can define a new gesture using the
"Add Gesture" interface shown in Figure 2 by entering its title into the "New
Gesture Title" box and clicking "Add Word" to start capturing images from a
webcam. The large plus sign indicates each sample, with the total number of
instances shown below (for example,” 30 examples"). The "Train" button initiates
model training once enough samples have been collected. All data for that gesture is
erased when the "Clear” button is clicked. A green checkmark shown in Figure 2
indicates completion or readiness for training.

Add Gesture

New Gesrure Title Add Word B

30 examples

o

Figure 2. Collection of samples for model training

Data preprocessing and segmentation:

We distinguish the signer's hand from the background by segmenting it using
threshold values for light sensitivity and color saturation. To reduce noise and
variability while making feature extraction more reliable, the raw images are
resized and contrast enhancement is applied to the captured gestures to improve
visibility of hand features and ensure uniform input dimensions for model training.
To isolate the hand Region of Interest (ROI) from the background and avoid errors
in later stages, thresholding techniques were applied during segmentation.

Resizing

Images are resized to a fixed dimension as;

I'(x,y) = I(ax, By)

where «a, fare scaling factors. (D

Contrast Enhancement
The image is enhanced using histogram equalization as;
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I(x: y) — Imin

Ion I(X,}’) =
} Imax - jrmin (2)

The hand is separated from the background using binary segmentation as;

(1, ifI(x,y)>T
S(xy) = {0, otherwise
where T'is an adaptive threshold value given as; (3)
T=—— Z I(x,
Qi (x.y)
(xy)EQ (4)

Feature selection and extraction

SIFT extracts distinctive keypoints from the hand image that are invariant to
scale, rotation, and illumination, thereby capturing important structural details of
the hand gesture. To reduce dimensionality and improve computational efficiency,
relevant features were selected by focusing only on expressive features based on
size, margin, center, and finger position. The four key features, namely finger
position, palm center, hand size, and margin or edge, were extracted from the
acquired image using SIFT, as indicated in Figure 3. The edges and borders of the
captured hand were detected using the Canny edge detector, which operates on
intensity variations in the image. SIFT detects scale-space extrema using
Difference of Gaussian (DoG) as;

D(x,y,0) =L(x,y, ko) — L(x,y,0)

where: (5)
L(x,y,0) = G(x,y,0) *I(x,y) and
G(x,y, o)= Gaussian kernel

Keypoints are selected as extrema in scale-space using a feature descriptor vector
as;

f, € R128
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Figure 3. The hand's chosen feature set characteristics

Invariant key points from the input image /(*.) were identified using SIFT with
the scale space represented as

H{IJ ¥ 6} = f{:.'x.] }?} " G{IJ ¥, S} (6)

Where G represents the Gaussian kernel given as

1 —xTyy?
+ e z8°

G(x,v,8) = —

(7)

The hand key points are detected as local extrema in a different Gaussian space
represented as V(x..6) = 5(x,v,k6) — H(x,y,6) (8)

Each key point is described using the gradient magnitude given as

E{IJ}? = ||Ux}:+{fy}: (9)

The orientation of each key point is controlled by
¥ _— _1 i"—‘
B(x,¥) = tan (Ir) (10)

These features from the SIFT descriptor are then fed into the CNN for learning,
as indicated in the full architecture of the proposed system in Figure 4.
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Figure 4. Architecture of the proposed Swahili Sign Language Recognition and
Translation

Convolutional Neural Network (CNN)
The discriminative spatial features from the SIFT module were applied to the CNN,
with the gesture input image given as X € R#*"*¢ The learning is controlled by

KX =5(Z,. X wk 4 p#) (11)

m, i LT

Where &- ReLu activation function and W'%'- Convolution kernel.

Temporal Gesture Modeling

To produce a more context-aware prediction, the LSTM learns the temporal
dependencies or sequence patterns across several frames from the CNN. The
gesture modeling follows the computations from the LSTM network through the
time series output of the CNN module, modeled as

G=1{9,95-.-.. gr} (12)

The LSTM then computes the gesture sequences as;

f.=8(W,g. +U;S,_y +b;) (13)
B. = 8(Wik, + U,S,_, +bg) (14)
a,=8(W,h, +U,5._, +b,) (15)
k. = tanh(W, h, + U,S._, + b,) (16)
ke =Bokeo + fro ke, (17)
s, = a,.tanh(k,) (18)

s, is the LSTM output, which classifies gesture sequences. The full architecture of
the proposed system is shown in Figure 4.
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Table 1. Gesture counts comparison

Author Model Gesture count
Elhagry etal, 2021 CNN-LSTM 39
Bashaa et al., 2024 SIFT +CNN 32
Pol etal., 2025 LSTM 24
Ojha et al,, 2020 CNN 36
Ours SIFT+CNN+LSTM 32

Experimental Setup

Dataset

To minimize computational and memory costs when capturing Swahili sign
gestures with the webcam to depict static gestures representing Swabhili idioms,
the images were captured at low resolution. Pruning and quantization operations
were also applied as optimization techniques to enhance real-time processing. This
helps reduce computational load while maintaining high accuracy. The final model
is deployed in an optimized environment to ensure low-latency sign language
recognition, making the system practical for real-world applications.

Model Training
The model was trained using the Adam optimizer with a learning rate of 1 x 10"-4,
a batch size of 32, and 50 training epochs. The categorical cross-entropy loss
function was applied as:

N

L=— ) ylog(y)
Z 3 (19)

D. Result and Discussion

The study achieves 98.5% accuracy, with an error rate of 0.1345% and
precision and recall greater than 97%. These results outperform several other
state-of-the-art models with separate CNN, SIFT, or LSTM baselines, as indicated in
Figure 5.
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Figure 5. Gesture count comparisons with-the-state-of-the-art-methods

Figure 5 above illustrates the relationship between training epochs and gesture
count, broken down by the five methods shown in Table 1. The models are
evaluated for their ability to detect gestures across multiple training epochs
accurately. A comparative analysis between the proposed model and existing
methods, including CNN-LSTM Elhagry et al. [4], SIFT + CNN, Bashaa et al. [34],
LSTM Pol et al. [2], and CNN, Ojha et al. [3], was conducted. Across all methods,
there is a consistent trend in gesture count as the number of epochs increases. The
results indicate that all models learn progressively over time. The performance
improves rapidly during early epochs before convergence. Our proposed method
achieves a slight improvement in the early epochs, with a competitive final
accuracy (gesture count) of approximately 32.
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Figure 6. Model training and validation accuracy

The model achieves a competitive performance in both training and validation
accuracy as the number of training epochs increases, as shown in Figure 6. This
indicates that the model is effectively learning from the training data, particularly
during the early stages of training.

Learning and Convergence Analysis

The results reveal three distinct learning phases across all models. The initial
Learning phase at Epochs 0-5 demonstrates that all models exhibit rapid
performance improvement, indicating that they quickly learn basic gesture
features. At 6-10 epochs, the rate of improvement across all models begins to
decline as models refine their internal representations. The models' performance
stabilizes around 10-20 epochs, with minimal gains. This suggests that the models
have reached their optimal learning capacity. The convergence behavior implies
that extending training beyond 10 epochs yields marginal benefits. Therefore, the
early stopping technique was applied in our proposed method to improve
computational efficiency without compromising performance.

Table 1. Comparison with the State-of-the-art Methods on Precision, Error Rate,
and Accuracy

Model Error rate Precision (%) Accuracy (%)
CNN-LSTM - 93 93

SIFT+CNN - - 97%

CNN - - 95

LSTM - 86 86.7
SIFT+CNN+LSTM 0.1345 98.53 98.5
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Figure 7. Comparison with the state-of-the-art methods

Figure 7 presents the relationship between training epochs and model accuracy
(%) for five state-of-the-art deep learning approaches: CNN-LSTM, SIFT + CNN,
CNN, LSTM, and SIFT + CNN + LSTM (Ours). The proposed method achieves
approximately 99% accuracy by extracting handcrafted features with SIFT and
spatial features from a CNN, while LSTM supports contextual learning. SIFT + CNN
achieves a detection accuracy of 97%. The CNN-LSTM attains an accuracy of 94%.
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Figure 8. Comparison with the state-of-the-art methods in precision
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Figure 8 compares the precision performance of four different models:
CNN-LSTM, SIFT+CNN, CNN, and LSTM across training epochs. The results
provide important insights into model convergence, learning efficiency, and
comparative performance. All four models show a rapid increase in precision
during the initial epochs (0-5), followed by a gradual plateau as training
progresses. This indicates effective learning in the early stages, diminishing
returns after sufficient training, and convergence toward each model's
maximum achievable precision.

100 T T T T 0 5
80 B Ours - SIFT+CNN+LSTM 1045
N Ehagry, 2021 - CNN+LSTM
[ Pol et al, 2025 - LSTM
80| B Bashaa et al , 2024 - SIFT+CNN 404
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Figure 9. Comparison with the state-of-the-art-methods

Precision performance of four different models CNN-LSTM, SIFT+CNN, CNN,
and LSTM across training epochs is shown in Figure 9. The results provide
important insights into model convergence, learning efficiency, and comparative
performance. All four models show a rapid increase in precision during the initial
epochs (0-5), followed by a gradual plateau as training progresses. This indicates
effective learning in the early stages, diminishing returns after sufficient training,
and convergence toward each model's maximum achievable precision. The
proposed SIFT+CNN+LSTM consistently outperforms all other models, achieving
the highest precision (~99-100%). This makes it highly suitable for complex tasks
such as gesture recognition, video analysis, and sequence-based classification
problems. The model converges faster, reaching above 90% precision within a few
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epochs, and maintains stability with minimal fluctuation after convergence, thanks
to superior feature extraction via SIFT, spatial learning via CNN, and temporal
learning via LSTM. The SIFT+CNN method attains around 92-94% precision,
indicating stable convergence, but is slightly lower than the proposed method. CNN
and LSTM attain moderate precisions of about 85-87% and 83-86%, respectively.
However, all the models stabilize after approximately 10-12 epochs.

E. Conclusion

The study demonstrates a practical and effective solution to address
communication barriers faced by the hearing-impaired community in resource-
constrained settings like Tanzania. By integrating CNN, SIFT, and LSTM techniques,
the proposed system successfully captures spatial features and temporal dynamics
of sign gestures, resulting in high recognition accuracy and improved performance
compared to existing approaches. The achieved accuracy of 98.5% and low error
rate highlight the robustness and reliability of the model in real-time applications.
The system provides a cost-effective and accessible alternative to traditional
assistive technologies, which are often unaffordable or unavailable. Therefore, this
work contributes significantly to inclusive communication by leveraging artificial
intelligence to empower Swahili-speaking communities, and it lays a foundation
for future advancements in sign language recognition systems tailored to low-
resource environments.
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