Literature Review
1
Recognizing American Sign Language gestures efficiently and accurately using a hybrid transformer model

They proposed a hybrid model that included a dual-path Convolutional Neural Network architecture integrated with a Vision Transformer model recognized 29 different signs from American Sign Language images. They applied this approach to extracted gesture features and hand details, which merged using element wise multiplication to enhance the recognition. They utilized the ASL for training and testing, which consisted of 87,000 RGB images featuring a wide variety of hand poses and lighting.
The hybrid model showed the best accuracy, reaching 99.97% when tested on a set of 29 different signs.

2
Sign Language Recognition for Arabic Alphabets Using Transfer Learning Technique

They proposed a vision-based recognition system. This system used Transfer Learning to identify thirty-two signs from the Arabic Sign Language dataset.

They used pre trained Deep Learning (DL) , particularly EfficientNetB4, to handle different signing styles and extract features from hand gestures. 
The ArSL2018 dataset, which included 54,049 RGB images from 40 subjects, was used for training and testing to ensure a variety of lighting and positioning.

The model achieved the highest accuracy, reaching 95% across the 32 signs.








3
Real-Time Sign Language Fingerspelling Recognition System Using 2D Deep CNN with Two-Stream Feature Extraction Approach

Real-Time Sign Language Fingerspelling Recognition System Using 2D Deep CNN with Two-Stream Feature Extraction Approach

The researchers proposed a real time fingerspelling recognition that utilized a 2D Deep CNN with a two stream features extraction. They applied method to capture spatial and temporal information from dynamic gestures to improve communication for the deaf. They used a dataset for training and validation which included a variety of gestures recorded in different environments.

The model significantly showed outperformed machine learning techniques and achieved high accuracy with increased data volume.

4
Sign Language to Text and Speech Conversion

The authors proposed a real time system to convert American Sign Language fingerspelling into text and speech using a Convolutional Neural Network. They filtered the hand images before sending to the model to enhance the prediction of classes. The researchers utilized a dataset of ASL for training and testing.

The results showed the model attained high accuracy in predicting gestures and provided an effective way in real time.







5
Semantic Communications for Image-Based Sign Language Transmission

The authors proposed a novel system for image based semantic communications specifically designed for American Sign Language transmission. They applied a encoder-decoder method that transformed ASL images into semantic feature vectors to reduce data size. The researchers utilized the dataset to validate the system ability to reconstruct original images even under noisy conditions.
The results showed that their proposed semantic approach was better, than communication methods.by maintaining high structural similarity and recognition accuracy at much lower transmission rates.

6
Vision-based sign language recognition system: A Comprehensive Review

The author presented a comprehensive review on the vision-based sign language recognition system to discuss the techniques already in place. The researcher analyzed the images by considering the preprocessing techniques, feature extraction techniques, and classification techniques to bridge the communication gap. The 

researcher evaluated the methodologies and the datasets that were already in place. The datasets included sign languages such as ASL and ISL.
The results were presented, and it was clear that the deep learning techniques attained the performance.

7
American Sign Language Recognition Model Using Complex Zernike Moments and Complex-Valued Deep Neural Networks

The authors proposed a novel American Sign Language recognition model using complex data representation. The authors proposed the Complex Zernike Moments technique for effective feature extraction. The authors proposed a Complex Valued Deep Neural Network for the effective processing of the extracted features. The authors used the Complex Valued Deep Neural Network technique on the three benchmark datasets. The datasets were the ASL Dataset containing thousands of images.
The results system attained 98.67% accuracy and computational efficiency.

8
American Sign Language Recognition and Generation: A CNN-based Approach

They proposed a comprehensive system for the recognition and generation of American Sign Language (ASL) by using a Convolutional Neural Network (CNN). They used a deep learning technique for the recognition and generation of American Sign Language. This technique processes images using several layers of the Convolutional Neural Network. This approach guarantees reliable feature extraction from images, regardless of lighting conditions and variations in skin tone. The researcher utilized a dataset comprising 25,000 images, which depicted hand gestures corresponding to 26 letters of the alphabet and frequently used words.

The model developed by the researcher demonstrated a noteworthy training accuracy of 98.4%, thereby facilitating improved communication between the deaf and hearing populations.






9
Arabic Sign Language Recognition and Generating Arabic Speech Using Convolutional Neural Network

The author has proposed a system for the recognition of Arabic Sign Language by using a Convolutional Neural Network for generating speech. He has used a specific architecture for the recognition and generation of speech by using several layers of the Convolutional Neural Network. This has enabled the automatic feature extraction of images. The researcher has used a large dataset for images for the purpose of generating speech. This dataset comprises thousands of images for the purpose of data generalization.
The results show that the model proposed by the researcher for the recognition and generation of speech by using a Convolutional Neural Network has shown accuracy of 90%.

10
Classification of Finger Spelling American Sign Language Using Convolutional Neural Network

The authors proposed a system for the classification of American Sign Language by using a Convolutional Neural Network for finger spelling. The authors compared two deep learning models, ResNet50 and DenseNet121, for the purpose of classification of American Sign Language by using a Convolutional Neural Network. The authors have used different data splitting techniques, i.e., 70:30, 80:20, and 90:10, for the purpose of evaluating the performance of the model for classification of hand gestures. they used a publicly available American Sign Language dataset from Kaggle, which includes 24 static hand gesture classes (excluding 'J' and 'Z' because of their hand movements), the researchers conducted their study. The results show that the ResNet50 model with an 80:20 split has shown a better performance compared to DenseNet121, as it has shown a near-perfect accuracy rate with better sensitivity and precision.

11
Real-Time Hand Gesture Recognition Based on Deep Learning YOLOv3 Model

The authors proposed a gesture recognition system aimed at one practical problem hearing-impaired users need tools that actually keep up with real conversation. They went with YOLOv3 and used DarkNet-53 for feature extraction underneath it. The dataset was collected from scratch, 2,000 images total, which isn't huge. Still, the model landed at 97.68% mAP. More importantly, it ran faster than SSD and Faster R-CNN without giving much up in 


accuracy. For something meant to work in live communication, speed matters just as much as getting the gesture right.

12
Sign Language Recognition System using Convolutional Neural Network and Computer Vision

They proposed an ASL recognition system that kept things relatively simple on the architecture side a CNN backed by Keras and TensorFlow, fed frames from a webcam. Before classification, images got converted to grayscale. That strips out color noise and keeps the model focused on hand shape, which is really all that matters here. Training data was solid at 25,110 images, covering all 26 letters and digits 0 through 9. The model hit 99% training accuracy and 98% on testing. The gap between those two numbers is small enough that overfitting doesn't seem to be a serious concern.

13
Real Time Sign Language Recognition Using Deep Learning

They proposed a YOLOv5-based recognition system after finding that conventional models fell apart when background conditions got messy. The single-pass detection approach handles identification and classification together, which cuts processing time. Data came from Roboflow but the team added their own images on top to make the training set more representative. The accuracy comparison is worth paying attention to their model reached 88.4% while a standard CNN on the same task only managed 52.98%. That gap is too wide to explain away as noise. It suggests detection-based framing suits this problem better than classification alone.

14
REAL-TIME SIGN LANGUAGE RECOGNITION USING CNNS

They proposed ASLR-Net, a CNN built specifically to handle the inconsistency that breaks most gesture models outside lab conditions. Lighting changes, slight angle shifts, background clutter augmentation during preprocessing was how they addressed all of that without collecting an enormous dataset. The ASL alphabet dataset gave them enough material to make augmentation worthwhile. Final accuracy came in at 98.5%. What stands out isn't just the number but the fact that it held up under conditions the model hadn't explicitly been trained on, which is usually where these systems quietly fail.


15
SIGN LANGUAGE RECOGNITION

They proposed a CNN system built to recognize sign language from video rather than still images, which is a harder version of the problem. Static gesture recognition is one thing continuous motion across overlapping introduces timing, overlap, and transition issues that don't exist in single-image setups. The dataset was video based, covering varied hand shapes and motions to reflect how signing looks in practice. Preprocessing standardized the frames before they hit the classifier. The system tracked hand movement accurately across live sequences, which is a more meaningful result than hitting a high number on a clean image benchmark.





	Paper
	Years
	Strong
	Limitations
	Datasets
	The Best models
	Results
	Link of Dataset

	[1]
	2025
	Attained a near-perfect accuracy of 99.97%
	Focused only on static images
	ASL Alphabet
	Hybrid Transformer-CNN model emerged
	Accuracy = 99.97%
	https://www.kaggle.com/grassknoted/asl-alphabet

	[2]
	2022
	High efficiency in handling complex images
	Required high computational power
	ArSL2018 dataset
	EfficientNetB4 model
	Accuracy = 95%
	https://www.kaggle.com/code/zssash/arabic-sign-language-image-classification/input

	[3]
	2024
	Model integrated advanced feature extraction
	Required a large volume of training data
	ASL and ISL
	2D Deep CNN

	High accuracy in practical
	Various sign languages (ASL) [35] and Indian Sign Language [36]

	[4]
	2021
	Model integrated a pre-processing filter that improved the accuracy
	Focused mainly on static fingerspelling
	ASL Alphabet
	Convolutional Neural Network (CNN)
	Accuracy = 95.8%
	


Not Found

	[5]
	2024
	Achieved high-quality image reconstruction
	Required significant computational overhead
	ASL Alphabet
	Semantic-based Deep Learning model
	Accuracy = 99%
	

Not Found

	[6]
	2020
	Provided a detailed taxonomy of recognition phases.
	Complex backgrounds still posed challenges for many systems.
	including ASL, ISL, and TSL datasets
	Convolutional Neural Networks and Hidden Markov Models
	Higher accuracy and robustness in real-world scenarios.
	

Not Found

	[7]
	2024
	Attained exceptional accuracy by utilizing complex numbers
	Required specialized mathematical frameworks
	ASL Alphabet
	Complex-Valued Deep Neural Network (CVDNN)
	Accuracy = 98.67%
	


Not Found

	[8]
	2023
	Attained high robustness against environmental factors
	Noted hardware's processing power
	ASL letters and symbols
	Convolutional Neural Network (CNN)
	Accuracy = 98.84%
	https://www.kaggle.com/datasets/datamunge/sign-language-mnist

	[9]
	2020
	Attained a very high accuracy
	Required computational resources during the training
	Arabic Sign Language dataset
	Convolutional Neural Network (CNN)
	Accuracy = 90%
	

Not found

	[10]
	2021
	Attained exceptional results using the ResNet 50
	Excluded the letters 'J' and 'Z'
	ASL Alphabet dataset
	ResNet 50 model
	Accuracy = 0.999913
	https://www.kaggle.com/grassknoted/asl-alphabet?select=asl_alphabet_train

	[11]
	2021
	Attained high speed and accuracy in detecting
	Required a high-performance GPU
	custom dataset of 2,000 images
	YOLOv3 model
	Accuracy = 97.68%
	

Not found

	[12]
	2020
	Utilized a robust CNN architecture
	Restricted to static hand gestures
	ASL
	Convolutional Neural Network (CNN)
	Accuracy = 98%
	

Not found

	[13]
	2022
	Attained much better results than traditional CNNs
	Precision was recorded at 76.6%,is lower
	utilized the Roboflow labeled dataset
	YOLOv5 model
	Accuracy = 88.4%
	

Not found

	[14]
	2023
	High performance by utilizing an optimized CNN structure
	Focused on static hand gestures
	Sign Language MNIST dataset
	ASLR-Net (CNN)
	Accuracy = 96.9%
	https://www.kaggle.com/datasets/oladayoluke/enhanced-sign-language-mnist-dataset

	[15]
	2023
	Attained the ability to perform real-time tracking of hand gestures
	Model required a large and diverse collection of video data to improve its accuracy
	ASL alphabet
	Convolutional Neural Network (CNN)
	Attained reliable recognition & higher accuracy

	


Not found












References
[1]  Aly, Mohammed, and Islam S. Fathi. "Recognizing American Sign Language gestures efficiently and accurately using a hybrid transformer model." Scientific Reports 15.1 (2025): 20253.
https://pmc.ncbi.nlm.nih.gov/articles/PMC12185765/ 

[2] Zakariah, Mohammed, et al. "Sign language recognition for Arabic alphabets using transfer learning technique." Computational Intelligence and Neuroscience 2022 (2022): 4567989.
https://onlinelibrary.wiley.com/doi/10.1155/2022/4567989 

[3] Zhidebayeva, Aziza, et al. "Real-time sign language fingerspelling recognition system using 2D deep CNN with two-stream feature extraction approach." International Journal of Advanced Computer Science and Applications 15.9 (2024).
https://thesai.org/Downloads/Volume15No9/Paper_108-Real_Time_Sign_Language_Fingerspelling_Recognition_System.pdf 

[4] Yadav, B. K., & Bohra, H. "Sign Language to Text and Speech Conversion." International Journal of Advance Research, Ideas and Innovations in Technology (IJARIIT) 7.3 (2021): V7I3-1560.
https://s3.ap-southeast-1.wasabisys.com/ijmanuscripts/manuscripts/v7i3/V7I3-1560.pdf 

[5] Kouvakis, V., Trevlakis, S. E., & Boulogeorgos, A. A. A. "Semantic Communications for Image-Based Sign Language Transmission." IEEE Open Journal of the Communications Society 5 (2024): 1083-1100. [5] Zhidebayeva, Aziza, et al. "Real-time sign language fingerspelling recognition system using 2D deep CNN with two-stream feature extraction approach." International Journal of Advanced Computer Science and Applications 15.9 (2024).
https://www.researchgate.net/publication/377939863_Semantic_Communications_for_Image-Based_Sign_Language_Transmission 

[6] Sharma, Sakshi. "Vision-based sign language recognition system: A Comprehensive Review." Proceedings of the Fifth International Conference on Inventive Computation Technologies (ICICT) (2020): 978-1-7281-4685-0.
https://www.researchgate.net/publication/342055672_Vision-based_sign_language_recognition_system_A_Comprehensive_Review 

[7] Bayrak, S., Nabiyev, V., & Atalar, C. "American Sign Language Recognition Model Using Complex Zernike Moments and Complex-Valued Deep Neural Networks." IEEE Access 12 (2024): 193001-193014.
https://www.researchgate.net/publication/387427620_American_Sign_Language_Recognition_Model_Using_Complex_Zernike_Moments_and_Complex-Valued_Deep_Neural_Networks 

[
8] Sheth, P., Dedhia, R., Chheda, A., & Sawant, V. "American Sign Language Recognition and Generation: A CNN-based Approach." International Journal of Scientific Research in Computer Science, Engineering and Information Technology (IJSRCSEIT) 9.4 (2023): 241-250.
https://ijsrcseit.com/paper/CSEIT23902103.pdf 

[9] Kamruzzaman, M. M. "Arabic Sign Language Recognition and Generating Arabic Speech Using Convolutional Neural Network." Wireless Communications and Mobile Computing 2020 (2020): 3685614.
https://onlinelibrary.wiley.com/doi/10.1155/2020/3685614 

[10] Marjusalinah, A. D., Samsuryadi, S., & Buchari, M. A. "Classification of Finger Spelling American Sign Language Using Convolutional Neural Network." Computer Engineering and Applications 10.2 (2021): 91-102.
https://www.researchgate.net/publication/364701034_Classification_of_Finger_Spelling_American_Sign_Language_Using_Convolutional_Neural_Network 

[11] Mujahid, A., Awan, M. J., Yasin, A., Mohammed, M. A., Damaševičius, R., Maskeliūnas, R., & Abdulkareem, K. H. "Real-Time Hand Gesture Recognition Based on Deep Learning YOLOv3 Model." Applied Sciences 11.9 (2021): 4164.
https://www.mdpi.com/2076-3417/13/22/12204 

[12] Hurroo, M., & Walizad, M. E. "Sign Language Recognition System using Convolutional Neural Network and Computer Vision." International Journal of Engineering Research & Technology (IJERT) 9.12 (2020): 2278-0181.
https://www.ijert.org/sign-language-recognition-system-using-convolutional-neural-network-and-computer-vision 

[13] Bankar, S., Kadam, T., Korhale, V., & Kulkarni, A. A. "Real Time Sign Language Recognition Using Deep Learning." International Research Journal of Engineering and Technology (IRJET) 9.4 (2022): 2395-0056.
https://www.irjet.net/archives/V9/i4/IRJET-V9I4167.pdf 

[14] Aggarwal, J., Gupta, L., Gupta, M., Nitin, & Girdhar, P. "Real-Time Sign Language Recognition Using CNNs." Advances and Applications in Mathematical Sciences 22.11 (2023): 2199-2211.
https://www.mililink.com/upload/article/1192354776aams_vol_2211_sep_2023_a4_p2199-2211_jatin_aggarwal_et_al.pdf 

[15] Drishya. "Sign Language Recognition." International Research Journal of Modernization in Engineering Technology and Science (IRJMETS) 5.4 (2023): 56726/IRJMETS37594.
https://scispace.com/pdf/sign-language-recognition-m4qbxq5c.pdf 

