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Abstract 
This article contributes to improving communication between the deaf com-
munity and the rest of the population through the use of digital technology 
and artificial intelligence techniques, notably Deep Learning, by developing a 
system capable of recognizing isolated signs in text of Niger Sign Language 
(NiSL) gestures (words) in real time using a webcam. For this purpose, a video 
dataset specific to Niger Sign Language was created. Landmarks of articula-
tions were extracted using MediaPipe Holistic [1] and used to train a Long 
Short-Term Memory (LSTM) classification model to perform this recognition 
of isolated signs in text. The results obtained show a good performance of the 
model, with a recognition rate of 62.22% when only hand characteristics are 
used, which is comparable to results of previous works in the literature on 
more documented sign languages. 
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1. Introduction 

Communication is a fundamental process in human interaction, enabling the ex-
change of ideas, information and emotions [2]. For the deaf community, often 
deprived of hearing or speech, non-verbal communication, and more specifically 
sign language, becomes the main vector of interaction. 
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In Niger, disabled people represent 4.2% of the population, approximately 
715,497 individuals, among whom there are nearly 24,000 deaf people [3]. The 
latter use Niger Sign Language (NiSL) to communicate. Sign language is a natural 
language in its own right, which is based on a visual-gestural modality involving 
the hands, facial expressions and body movements [4]. However, in an environ-
ment where the spoken language predominates, this community faces social iso-
lation which hinders its integration. 

Technological advances, particularly in artificial intelligence (AI), offer prom-
ising solutions to overcome this isolation. Systems based on digital gloves (data 
gloves) [5] or computer vision [6] have been developed for other sign languages. 
However, NiSL remains underrepresented in academic work and technological 
applications, suffering from a critical lack of digital resources. 

This work aims to address this challenge by developing a system capable of rec-
ognizing NiSL gestures at word level in real time and translating them into text, 
using a simple webcam. 

2. Materials and Methods 

To design this translation system, we adopted a multi-step methodology, ranging 
from the linguistic study of the NiSL to the validation of the AI model. 

2.1. Linguistic Aspects of Sign Language 

Contrary to popular belief, sign languages are not simple gestural transcriptions 
of spoken languages. They are complex languages with their own phonology, mor-
phology, and syntax. The basic unit, analogous to the phoneme, is the sign, which 
is composed of several essential parameters. William Stokoe [4] was the first to 
identify three of such parameters for American Sign Language (ASL): 
• Hand configuration: The shape the hand takes (e.g., closed fist, open hand).  
• Movement: The movement of the hand in space (direction, speed).  
• Location: The place where the sign is produced on the body or in space. 

Other researchers have complemented this model by adding palm orientation 
and non-manual elements (facial expressions, body movements), which are cru-
cial for nuanced meaning [7]. Our modeling approach aims to capture this mul-
timodal richness. 

2.2. Construction of a Data Set for NiSL 

One of the major challenges of this project was the lack of a digital corpus for the 
NiSL. To address this, we built our own dataset: 

1) Source: We based our work on the Dictionary of Signs in use in Niger, a 
paper document used in schools for the deaf in Niamey. The corpus was recorded 
by a single experienced deaf signer, a deaf person from the Niamey School for the 
Deaf/Hassane Banâ Bâ, a public institution in Niamey. This signer provided all 
nine original recordings. Using a deaf signer instead of directly reproducing the 
dictionary illustrations is a methodological choice: the source only has static draw-
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ings, and only a skilled signer can convey the movement, rhythm, and articulation 
that a drawing can’t capture. 

2) Acquisition: We recorded videos of 9 distinct signs related to the family es-
tate. Each video was captured in high definition with a Canon LEGRIA HF R806 
camera to ensure accurate gesture analysis. 

3) Data enrichment: To increase the robustness and diversity of our initial cor-
pus of 9 videos, we applied data augmentation techniques: 
• Horizontal Flip [8]: To simulate the variability between right-handed and left-

handed signers, each video was duplicated in a mirror version, bringing the 
corpus to 18 videos. 

• Temporal Variation: For each video, we generated 15 new instances with var-
iable execution speeds (slowed down and accelerated). 

In the end, the dataset consists of 270 videos (9 signs × 2 hand variations × 15 
speed variation) (see Figure 1). 

 

 
Figure 1. The 9 dictionary signs used. 

3. Modeling and Design 

The heart of this system is a Deep Learning model capable of processing sequential 
and multimodal data. 

3.1. Feature Extraction with MediaPipe Holistic 

To transform the raw video data into a format usable by a neural network, we used 
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Google’s MediaPipe Holistic solution [1]. This powerful tool allows real time and 
simultaneous extraction of key points (landmarks) of the body, face and hands 
from each frame of the video.  
• Hands: 21 landmarks per hand (see Figure 2) 
• Face: 468 landmarks (see Figure 3) 
• Pose: 33 landmarks (see Figure 4) 

For each video frame, the feature vectors for the right hand ( )dv M , the left 
hand ( )gv M , the face ( )v F  and the pose ( )v P  are extracted. These vectors are 
then concatenated to form a single feature vector ( )v I  for frame. 

 ( ) ( ) ( ) ( ) ( )d gv I v M v M v F v P= ⊕ ⊕ ⊕   (1) 

where ⊕  represents the concatenation operation. A video is thus represented by 
a sequence of these vectors signV   

 ( ) ( ) ( )( )sign 1 2, , , NV v I v I v I= 
  (2) 

where N denotes the total number of frames in the video. 
 

 
Figure 2. Landmarks of a hand [9]. 

 

 
Figure 3. Landmarks of a face [10]. 
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Figure 4. Landmarks of a pose [9]. 

3.2. LSTM Model Architecture 

For the task of classifying gesture sequences, we opted for a recurrent neural net-
work, and more specifically an LSTM (Long Short-Term Memory) architecture 
[11]. LSTMs are particularly effective at learning long-term dependencies in se-
quential data, which is essential for understanding the dynamic movements of 
signs. 

The architecture of our model is as follows: (see Figure 5) 
1) LSTM Layers: Two overlapping LSTM layers (64 and 128 neurons) to process 

the sequence of landmark vectors and learn temporal patterns. 
2) Dense Layers (MLP): Two fully connected layers (64 neurons each) to inter-

pret the features learned by the LSTMs. 
3) Dropout Layer: A regularization layer to prevent overfitting. 
4) Output Layer: A dense layer with a softmax activation function that produces 

a probability distribution over the nine (9) classes (the classes of the nine signs). 
 

 
Figure 5. LSTM neural network architecture. 
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4. Results and Discussion 

For the evaluation, we didn’t use part of these 270 sequences. We did a new, inde-
pendent real-time recording: each sign was performed 10 times, making 90 test 
trials, with no overlap with the training data. So, the reported performance is cal-
culated exclusively on these 90 independent trials. We trained and tested the 
model in four different configurations to assess the relative importance of each 
modality (hands, face, pose). The model was tested in real time via a webcam, 
performing 10 attempts for each of the 9 signs.  

The average recognition rates obtained are as follows: (see Table 1, Figure 6 
and Figure 7) 
• Hands only: 62.22% 
• Hands + Face: 27.77% 
• Hands + Pose: 35.55% 
• Hands + Face + Pose: 37.77%  

 
Table 1. Overall recognition rate based on features used. 

Criteria Hands only Hand + Pose Hand + Face 
Hand + Face 

+ Pose 

Number of signs tested 9 9 9 9 

Repetitions by sign 10 10 10 10 

Correct predictions 56 32 25 34 

Incorrect predictions 34 58 65 56 

Total number of predictions 90 90 90 90 

Accuracy rate 62.22% 35.55% 27.77% 37.77% 

 

 
Figure 6. Comparison of the overall accuracy rates of the four configurations. 
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Figure 7. Accuracy by sign according to feature configuration. 

 
These results suggest that using only hand features achieves the best recognition 

rate. This score reflects the central role of manual gestures, which convey the ma-
jority of meaning in sign language. The lower complexity of this configuration 
(fewer key points to process) allows the model to efficiently focus on the most 
relevant information. 

On the other hand, adding facial features significantly reduces accuracy. This 
can be explained by the high variability of facial expressions and the large number 
of extracted key points (468), which may introduce noise and distract the model 
from more discriminative hand features. 

Including pose features slightly improves accuracy compared to using facial fea-
tures alone, likely because body posture provides useful additional spatial context. 
However, its contribution remains secondary compared to hand gestures. 

Finally, combining all features only marginally improves performance over face 
and pose alone, while remaining well below the hand-only configuration. The in-
creased data dimensionality and the absence of a mechanism to weight the relative 
importance of each modality appear to dilute key signals, reducing the overall ef-
fectiveness of the model. 

Our best result (62.22%) is encouraging and comparable to those reported in 
the literature for more extensively studied sign languages. For instance, studies 
conducted on the WLASL dataset for American Sign Language (ASL) reported 
accuracies of 62.63% [12], although it should be noted that experimental condi-
tions differ significantly in terms of vocabulary size and dataset scale. 

It should also be noted that, due to the binary nature of the collected data (cor-
rect/incorrect prediction), only accuracy and recall could be computed in this 
study. Metrics such as precision, F1-score, and confusion matrix require per-pre-
diction class labels, which constitute a limitation of the current evaluation and a 
direction for future work.  

5. Conclusions 

This work has enabled the development of a functional prototype of a real-time 
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translation system from Niger Sign Language to text, using Deep Learning tech-
niques. The main contribution lies in the creation of a first video corpus for NiSL 
and in the demonstration that an LSTM model, trained on hand movements 
alone, can achieve a promising performance of 62.22%. 

Our results emphasize that hands convey the essence of the message and that 
the addition of other modalities can, paradoxically, degrade performance due to 
the complexity and noise added. 

To improve this system, future perspectives include the expansion of the cor-
pus. The integration of attention mechanisms, such as those proposed in Trans-
formers models [13], could also help to better prioritize information from differ-
ent modalities. Ultimately, such a system could greatly promote the social and 
professional inclusion of deaf people in Niger. 
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