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Abstract: Deaf people or people facing hearing issues can communicate using sign language (SL), a visual language. Many works based on rich source language have been proposed; however, the work using poor resource language is still lacking. Unlike other SLs, the visuals of the Urdu Language are different. This study presents a novel approach to translating Urdu sign language (UrSL) using the UrSL-CNN model, a convolutional neural network (CNN) architecture specifically designed for this purpose. Unlike existing works that primarily focus on languages with rich resources, this study addresses the challenge of translating a sign language with limited resources. We conducted experiments using two datasets containing 1500 and 78,000 images, employing a methodology comprising four modules: data collection, pre-processing, categorization, and prediction. To enhance prediction accuracy, each sign image was transformed into a greyscale image and underwent noise filtering. Comparative analysis with machine learning baseline methods (support vector machine, Gaussian Naive Bayes, random forest, and k-nearest neighbors’ algorithm) on the UrSL alphabets dataset demonstrated the superiority of UrSL-CNN, achieving an accuracy of 0.95. Additionally, our model exhibited superior performance in Precision, Recall, and F1-score evaluations. This work not only contributes to advancing sign language translation but also holds promise for improving communication accessibility for individuals with hearing impairments.
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Nomenclature



	CNN
	Convolutional Neural Network



	CSL
	Chinese Sign Language



	KNN
	K-Nearest-Neighbors



	PSL
	Pakistani Sign Language



	RF
	Random Forest



	SL
	Sign Language



	SLR
	Sign Language Recognition



	SVM
	Support Vector Machine



	UrSL
	Urdu Sign Language





1  Introduction

The core concept of any language is to communicate with one another. Language can be in spoken or written form. But when we talk about SLs, it is not about spoken form; it can be in written form or visualization form. In visualization, we can consider images or series of images to define complex words and sentences.

People communicate by using several languages. But the people who cannot speak communicate using SL. No specific rule or universally recognized SL exists; each country or region has its distinct SL with its own set of established rules. Developed countries have developed SLs for their languages; they have created the signs for their language and made grammar, formations, and rules. SL is actually the mapping of signs over the generally speaking language like the American language has American SL, the Chinese language has CSL, the German language has German SL, and in a similar way, in Pakistan, we have PSL [1].

There exists a significant communication divide between individuals with disabilities and those without. This gap can be overcome with specific SL tools that normal and disabled people can use. Several researches have been done, while different tools and techniques have been generated by researchers worldwide [2]. In terms of research, there has been a huge amount of work done in American SL compared to others.

This research aims to elevate those with hearing impairments and assist them in interacting socially with regular people. SL data is a structured form of data where each gesture denotes a particular quality or character. Many researchers are working on various approaches that might increase the occurrence of hu-man-computerization to a much greater extent with the advent of development in science and engineering.

The study is proposed to recognize gestures in SL. For this study, we have used two datasets: PSL_Alphabets dataset, which is a publicly available SL dataset containing 40 images for each of the Urdu alphabets, and ASL_Sign_Data, which is the dataset of English sign alphabets having 78,000 total images of English alphabets. Both of the datasets are publicly available on Kaggle [3].

This study aims to advance the UrSL research field and investigate the potential machine learning and deep learning techniques, with a particular focus on the CNN approach, for classifying UrSL actions. In this paper, the UrSL-CNN deep learning model is proposed. The suggested UrSL-CNN is trained with images of hand signals made in various lighting situations and orientations to recognize 37 UrSL signs automatically. This paper makes significant contributions, including:

•   Introduces a novel approach for translating UrSL using the UrSL-CNN model, a convolutional neural network architecture designed explicitly for this purpose.

•   Addresses the challenge of translating sign language with limited resources, unlike existing works that primarily focus on languages with rich resources.

•   Conducts experiments using two datasets containing 1500 and 78,000 images and employing a methodology comprising four modules: data collection, preprocessing, categorization, and prediction.

•   Enhances prediction accuracy by transforming each sign image into a greyscale image and applying noise filtering.

•   Demonstrates the superiority of the proposed UrSL-CNN over machine learning baseline methods on the UrSL alphabet dataset, achieving an accuracy of 0.95.

•   Provides a comparative analysis of the PSL dataset using the proposed UrSL-CNN architecture against the American SL dataset.

•   It contributes to advancing sign language translation and holds promise for improving communication accessibility for individuals with hearing impairments.

The paper is structured as follows: Section 2 presents a review of related work. Section 3 outlines the design and architecture of the UrSL-CNN model. Section 4 covers the results and experiments and compares the proposed UrSL-CNN with state-of-the-art techniques. Finally, Section 5 provides conclusions and suggests possible directions for future research.

2  Related Work

In the current era of technological advancements, the main emphasis is on devices like cell phones, computers, the internet, and cloud computing. The world is shifting towards using gestures for various interactions. IT giants like Microsoft, Leap Motion, and Google are introducing innovative products such as Google Glass, Kinect, and the Leap Motion controller. These developments have the potential to offer valuable assistance to the deaf community by creating new communication possibilities [2]. Further, the research proposed an architectural diagram for Pakistan’s SL. SL can be translated into English using a conventional image classification algorithm using Google’s machine learning library, TensorFlow, and the pre-built Deep Learning CNN model Inception. The system accepts input as a camera-generated image and interprets voice and text for signs.

In a survey examining artificial intelligence within the realm of CSL recognition, the authors of [4] explored deep learning and machine learning methods used between 2000 and 2019, with a particular emphasis on recognizing CSL. They summarized that current language recognition techniques are divided into two parts, the traditional kind of machine learning and deep learning, while in terms of datasets, there is not much work done on dynamic data as compared with static data because of computational limitations and data difficulties but working on dynamic data can be vast valuable and more meaning.

In [5], They demonstrated a CSL recognition system based on the portable and inexpensive Leap Motion sensor and the KNN. They used a Leap Motion controller to capture 3D gesture data at 120 frames per second, detecting and tracking fingers’ hand movements with millimeter-level precision. It transmits data from the fingers and hands to the computer using a right-handed Cartesian coordinate system and a USB connection. Then, using KNN, they proposed a workable CSL recognition method.

SLR has two sub-problems: isolated SLR, which recognizes words one by one, and continuous SLR, which translates full phrases [6]. They presented the “Hierarchical Attention Network with Latent Space (LS-HAN),” a new constant sign appreciation system that avoids temporal breakdown preprocessing. Their model consists of three core elements: a two-stream CNN responsible for producing video feature representations, a Latent Space intended to bridge the semantic gap, and a Hierarchical Attention Network tailored for recognition using the latent space.

In their research, as described in [7], they introduced an approach that combines the Transformer model with reinforcement learning to perform continuous SLR. The Transformer employs an encoder-decoder architecture, where the encoder network transforms the sign video into a contextual vector representation, and the decoder network sequentially generates the target sentence, word by word, utilizing this context vector. Initially, a 3D CNN was utilized to extract visual details from the sign videos. Second, they translated sign videos into text sentences using a strong neural machine translation model.

Sugandhi et al. [8] worked on translating English text into Indian SL. The research described in [9] involves various components, including an ISL (International Sign Language) parser, the Hamburg Notation System, the Signing Gesture Mark-up Language, and 3D avatar animation. These components collectively contribute to the generation of SL using ISL syntax. The findings revealed that the proposed approach is highly efficient and gets an average accuracy score of 95%. The proposed system’s performance was further assessed using the BEU score, which yielded a 0.95 accuracy.

In PSL, as discussed in [10], translation models were developed for translating English into PSL. The study aimed to create a grammar-based machine translation model that could effectively convert English sentences into equivalent PSL sentences. This endeavor involved the creation of a sentence-level corpus comprising 2000 sentences encompassing various English sentence variations. Each English sentence in this corpus was meticulously translated into PSL with the assistance of native signers. The grammatical structure of PSL was formally documented, and a systematic approach combining data collection, analysis, and the development of grammar rules was employed to define PSL’s grammar using Context-Free Grammar representation, facilitating the textual representation of PSL sentences. A rule-based machine translation methodology was proposed to translate English text into PSL. This process involved morphological, syntactic, and semantic analysis of the English sentence to be translated into PSL, ensuring that the machine translation system generated phrases that adhered to the structure and syntax of the PSL language. Finally, the translation system was evaluated by two topic experts and deaf participants, and it achieved a BLEU score of 0.78 according to the evaluation, demonstrating its effectiveness in translating English into PSL.

Much existing literature highlights the challenges of bridging the communication gap forPakistan’s deaf community, and they put forth a framework based on information technology to outline the critical components required for creating applications that could facilitate communication between individuals who are deaf and those who can hear. To enable the Pakistani deaf community to interact and utilize information sources, the following primary issues must be addressed:

•   Linguistic knowledge is scarce. PSL has not been thoroughly examined from a linguistic standpoint.

•   Lack of a Standard Sign corpus based on several linguistic granularity units.

•   There are no conventional grammar rules for constructing sentences in PSL.

•   There is no sign writing indication for PSL.

•   Automating everything necessitates assessment, and there is no evaluation corpus to test the systems.

In [6], researchers presented an intelligent SL number detection system using machine learning techniques based on electronics. At the same time, references [7] and [11] used machine learning classification techniques for American SL alphabet detection.

The research is solely based on the advancement of PSL, research in the field, and investigating the potential of deep learning and machine learning methods on SL image datasets, notably the CNN approach. Regarding the research goal, we are contributing by comparatively analyzing the baseline machine learning classification algorithms with deep learning algorithms on the PSL dataset, proposing UrSL-CNN, a CNN-based SL image classification architecture. It comparatively analyzes the PSL dataset with the American SL dataset on the proposed UrSL-CNN architecture.

3  Proposed Methodology

CNNs have accomplished several advances as a basic deep learning technique, specifically for image classification-related problems like object detection and recognition. Further, CNN is comprised of less preprocessing than other deep learning algorithms for image classification. The neural network understands the filters manipulated manually in different classifications. One of the major benefits of CNN is that it downgrades the images into an easier structure to process while preserving the features that are necessary for giving predictions accurately. If we consider the basic structure of CNN, then CNN is divided into four operations: convolution, pooling, flattening, and fully connected layers. As far as the based system is concerned, the different researchers have used a variety of sequence numbers for each operation to generate a unique one that can outperform the state-of-the-art systems. The conventional structure of CNN is given in Fig. 1 [12].
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Figure 1: Conventional structure of convolutional neural network model [12]

If we have a square neuron layer with dimensions N × N, followed by our convolutional layer, and we employ an m × m filter ω, the output size of our convolutional layer will be (N − m + 1) × (N − m + 1). To calculate the input before applying nonlinearity to a particular unit xijl within our layer, To determine the input before applying nonlinearity to a specific unit, it is essential to combine the contributions from the cells in the preceding layer while considering the weights assigned by the filter components. As given in the below:

xijl=∑a=0m−1∑b=0m−1waby(i+a)(j+b)l−1(1)

Regarding the proposed methodology, we have divided it into two parts: data description and proposed architecture. The data description and architecture are described below.

3.1 Data Description

We utilized datasets for both UrSL and English SL. We used the English SL dataset to validate and compare our own dataset. To align with the ASL_Sign_Data, the English SL dataset, our research work decided to structure the dataset accordingly. In this dataset, each element is designated as either a training or a test case. The labels range from 0 to 37 for Urdu, corresponding to all the alphabets from Aliph to Yeh, and from 1 to 26 for English, covering the letters A to Z. This labeling system creates a consistent mapping between Urdu and English alphabets. The PSL_Alphabets dataset is a publicly available SL dataset containing 40 images for each Urdu alphabet, totaling 1500 images. Further, the ASL_Sign_Data is the dataset of English sign alphabets, which has 78,000 total images of the English alphabet. The dimension of each image in the dataset is 64 × 64. Further, to address the concern of potential bias introduced by the vastly different sizes of the datasets used in our study (1500 images for the Urdu alphabet dataset and 78,000 images for the English alphabet dataset), we took several steps to ensure fair comparison and minimize the impact of dataset size on our results. Firstly, we balanced the class distribution within each dataset to ensure that each alphabet had an equal representation. Additionally, we used appropriate evaluation metrics that are robust to class imbalance, such as F1-score and precision-recall curves. Furthermore, we employed data augmentation and regularization techniques to prevent overfitting on the larger dataset. These measures ensured our results were reliable and not skewed towards the larger dataset.

The datasets are pre-processed as all images of respected alphabets are first converted to alphabets using a label encoder. Then, data is converted into testing and training using the (70–30) formula, where 30 percent of data is used for training and 70 percent for testing. A sample of UrSL alphabets is given in Fig. 2 [13].
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Figure 2: Samples of Urdu sign language alphabets [13]

Firstly, we trained both datasets on machine learning models, SVM, Gaussian Naïve Bayes, and KNN. Later on, we proposed a based model, UrSL-CNN, which outperformed in comparison with machine learning models.

3.2 Proposed UrSL-CNN Architecture for Sign Language Classification

We have designed the UrSL-CNN model to get the best possible results by keeping previous systems and basic CNN structure in mind. The proposed architecture consists of 5 steps: Step 1, First convolution layer; Step 2, Pooling; Step 3, Second convolution layer and third convolution layer, step 4, Flattening; and Step 5, Full connections. Each of the steps is explained below:

Step 1: In any CNN-based architecture, the convolutional layer plays a vital role in the major computational portion and bears most of the network’s load. If we are in the further depth of the convolutional layer, it works on matrices where it does dot product. The Matrices are also known as kernels, which are learnable parameters. If we use a hand gesture image example in UrSL-CNN, the kernel is not the matrix of the full image but is a set of matrices, and each matrix is a small portion of an image considered a kernel. All images always comprise three main RGB components in CNN: the kernel depth, width, and height. In the first convolutional layer, we pass input images of size 50 × 50. The activation function we have used throughout our architecture is ReLU. The first convolutional layer performs compaction on matrixes of image data, where after extracting features, it passes the output of the layer to the nextmost layer.

Step 2: In UrSL-CNN, the second layer is max pooling. In the broader context, pooling can be categorized into two primary types: max-pooling and min-pooling. The max-pooling is used where we need the larger value in any of the feature maps, while, unlike max-pooling, the min is used to get the minimum value in any given feature map. In our architecture, we used max-pooling because we needed a larger value in the given feature map. The max pooling is used here to avoid overfitting and getting the abstraction form of our given representation from layer 1.

Step 3: After applying max pooling, we got the computed matrices for further convolution. This second convolutional layer performs dot product operation as in the first layer for further feature extraction. After performing convolutional, we did drop out of giving 0.5 value and ReLU as an activation function. Dropout in CNN is used to prevent overfitting or nullifying some of the features we don’t want to use for further work. The ReLU activation function is widely used in CNN, where we want to activate all the neurons simultaneously in a layer. In UrSL-CNN, dropout is used to nullify the features of background and features other than hand gestures in sign image data input. After the dropout process, we gave that out to the pooling layer, and the pooling layer forwarded output to the 3rd convolutional layer to extract features based on an output of dropout. As explained in the first, we used ReLU in all of the layers of our architecture, so in the third convolutional layer, we used the activation function ReLU. We applied pooling after 3rd convolutional layer, too, as described in Fig. 3.
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Figure 3: Proposed UrSL-CNN architecture for sign language classification

Step 4: The fourth step is one of the common steps in any CNN architecture. In this step, we added flatted to convert all the output features into a single long vector of point 3136 and forwarded that to the dense layer.

Step 5: This is the final step of UrSL-CNN architecture, where we added a dense layer, applied dropout, and a final dense layer to get the input number of classes form. In the final dense layer, we did different experiments on different optimizers and suggested softmax activation for the best possible results. Fig. 3 shows the description of the UrSL-CNN model.

4  Results and Experiments

Regarding the different results, we applied both English_alphabets and Urdu_alphabets datasets on machine classification algorithms as baseline methods. We first analyzed the results on baseline methods and then moved to UrSL-CNN-based architecture for comparatively better results.

4.1 Performance Metrics

When assessing how well a classification model performs, standard metrics such as precision, recall, F1-score, and accuracy come into play. These metrics hinge on the values of True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). These metrics provide valuable insights into the classification model’s performance by assessing its ability to correctly classify samples from both the positive and negative classes [14]. The performance metrics we used in the baseline and proposed models are explained below.

4.1.1 Precision

It can be defined as the proportion of true positive values divided by the sum of true positive and false positive values. In other words, its values go higher if values truly predicted go up. The precision value can reach a maximum of 1, which is 100% accuracy [15]. It is a positive predictive value. The formula for precision is shown below:

Precision=TPTP+FP(2)

4.1.2 Recall

Recall, which is also known as sensitivity or the true positive rate, is computed by taking the ratio of true positive values to the sum of true positive and false negative values. In essence, when the recall value is lower, it indicates a higher number of instances incorrectly predicted as negative, underscoring the model’s capacity to identify positive cases [16]. The formula for the recall is shown below:

Recall=TPTP+FN(3)

4.1.3 F1-Score

The F1-score is a metric based on both recall and precision; its value becomes 1 when we have a precision and recall value at 1. So, the higher the precision and recall, the higher the F1-score [17]. The formula F1-score is shown below:

F1-score=2×Precision×RecallPrecision+Recall(4)

4.1.4 Accuracy

Classification accuracy is a simple and intuitive metric calculated as the ratio of correct predictions to the total number of predictions. This value is typically multiplied by 100 to present it as a percentage. It provides a basic measure of a model’s ability to make correct predictions in a classification task. We used the sci-kit-learn module to compute the accuracy of each model [18,19].

4.2 Baseline Methods

In our machine learning algorithms, we employed several baseline methods, including SVM, Gaussian Naïve Bayes, RF, and the KNN algorithm. Each baseline model was assessed based on various performance metrics such as precision, recall, and F1-score to evaluate their effectiveness. Further, each baseline model was validated using a cross-validation technique at ten validation counts.

4.2.1 Support Vector Machine

SVM is a sophisticated supervised method that can handle classification and regression tasks, while it is more effective for the latter. It can manage numerous categorical and continuous occurrences. It depicts the items or records from the dataset, each with “n” attributes, represented as points in an n-dimensional space divided into classes by the clear separation attainable, known as the hyperplane. Then, data pieces are mapped into the same n-dimensional space to obtain a guess of the category to which they should be assigned based on which side of the hyperplane they fall [20]. We applied SVM using a linear kernel with a max iteration count of 1000. The result on each label is shown in Fig. 4 and Table 1, where the classification report is shown in terms of precision, recall, and F1-score.
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Figure 4: Performance measure achieved by SVM
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Further, we used cross-validation with ten cross-validation counts. The cross-validation results are shown in Fig. 5. The maximum accuracy of got at cross-validation is 0.83. While testing sample data, the model’s accuracy is 0.81.

[image: images]

Figure 5: Accuracy vs. cross-validation of SVM

4.2.2 Gaussian Naïve Bayes

The Naïve Bayes algorithm works on probabilities, generating the highest probability for each class label based on the data. It is primarily used for classification tasks and is based on Bayes’ Theorem. Gaussian Naïve Bayes is an extension that uses Gaussian probability. The algorithm assumes features are independent, making it efficient for datasets with multiple independent features [9].

We applied Gaussian Naïve Bayes without using prior probabilities and var_smoothing of 0.2. The result on each label is shown in Table 2 and Fig. 6, where the classification report is shown in terms of precision, recall, and F1-score. Further, we used cross-validation with a ten cross-validation count. The cross-validation results are shown in Fig. 7. The maximum accuracy of got at cross-validation is 0.76. While testing sample data, the model’s accuracy is 0.75.
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Figure 6: Performance measure achieved by Naïve Bayes
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Figure 7: Accuracy vs. cross-validation of Naïve Bayes

4.2.3 Random Forest (RF)

RF is a widely used supervised classification of machine learning and a regression algorithm. It works on a decision tree. It works in a way that creates decision trees for each of the samples and takes most of the votes for classification. In the case of regression, it uses average. The RF algorithm is versatile in its ability to handle datasets containing both continuous variables, such as those in regression tasks, and categorical variables, typically seen in classification tasks. It possesses several key attributes that contribute to its superior performance, particularly in classification problems.

We applied RF at a maximum depth of 5. The results on each of the labels are shown in Table 3 and Fig. 8 shows classification reports regarding precision, recall, and F1-score. Further, we used cross-validation with a 10-fold cross-validation count. The cross-validation results are shown in Fig. 9. The maximum accuracy of got at cross-validation is 0.73. While testing sample data, the model’s accuracy is 0.88.
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Figure 8: Performance measure achieved by random forest
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Figure 9: Accuracy vs. cross-validation of random forest

4.2.4 K-Nearest Neighbors’ Algorithm (KNN)

It is a non-parametric, supervised machine learning classifier that employs an approach to classify or anticipate how a single data point will be grouped. Although it can be used for classification or regression issues, it is mainly applied as a classification algorithm because it primarily depends on the phenomenon that comparable points can be identified close to each other. A class label is selected for categorizing the problems based on most votes. This means the meaning is only articulated around a particular data point, technically known as “plurality voting.” We applied KNN at a total nearest-neighbors of 8. The result on each label is shown in Table 4 and Fig. 10, where the classification report is shown in terms of precision, recall, and F1-score. Further, we used cross-validation with a 10-cross-validation count. The cross-validation results are shown in Fig. 11. The maximum accuracy attained at cross-validation is 0.73. While testing sample data, the model achieves an accuracy of 0.68.
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Figure 10: Performance measure achieved by k-nearest-neighbor
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Figure 11: Accuracy vs. cross-validation of k-nearest-neighbor

The accuracy of machine learning algorithms on the UrSL dataset is shown in Fig. 12 and Table 5. The accuracy of English alphabets dataset accuracy is shown in Fig. 13 and Table 5. We got the best accuracy of RF in comparison with other baseline models like SVM, Naïve Bayes, and KNN. We also compared the results of both of the datasets and proposed that among baseline models RF performed best in boss cases.
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Figure 12: Accuracy comparison of several machine learning algorithms on the Pakistan sign language dataset
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Figure 13: Accuracy comparison of several machine learning algorithms on the English sign language dataset

Furthermore, we assessed the model’s performance by calculating Matthew’s correlation coefficient. Matthew’s correlation coefficient is generally used in classification-related problems to measure the quality classifications in both binary and multiclass classification cases. A coefficient value of 1 signifies a perfect classification, with values always falling between −1 and +1. In our testing data, we achieved a Matthew’s correlation coefficient of 0.92. In summary, after our comparative assessment of machine learning and deep learning algorithms, it is evident that the proposed UrSL-CNN architecture delivered superior results. Furthermore, we conducted experiments using various optimizers on the UrSL-CNN architecture, and details are depicted in Fig. 14 and Table 6.
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Figure 14: Accuracy comparison of several optimizers exploited in the proposed scheme for label classification in the Pakistan sign language dataset
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In all four experiments, we differentiated by using different optimizers while the remaining parameters were the same. The image size of the data was 50 × 50 in each of the experiments. In convolutional layers, the parameters were (50 × 50 × 32), (25,25,32), (13,13,64) in convolutional layers 1, 2 and 3, respectively. The changing optimizer had a huge impact on the value of accuracy.

Firstly, we used gradient descent. In the gradient descent optimizer, we got 0.83 accuracy and 0.423 loss. Gradient descent works on a local minimum and local maximum basis.

Secondly, we used Adagrad. In Adagrad optimizer, we got 0.86 accuracy with 0.51 loss. The gradient-based optimization algorithm Adagrad accomplishes this by customizing the learning rate for the model parameters. It ensures that smaller updates are applied to parameters linked to frequently encountered features while larger updates are assigned to those associated with less common features.

Thirdly, we employed the AdaDelta optimizer, which yielded an accuracy of 0.79 along with a loss of 0.623. AdaDelta, an extension of Adagrad, is designed to mitigate the aggressive, continuously decreasing learning rate. Instead of aggregating all previously squared gradients, AdaDelta restricts the window of accumulated prior gradients to a specific size. This modification plays a crucial role in enhancing the stability of the learning process.

In the end, we implemented the Adaptive momentum estimation (ADAM) optimizer, which yielded the highest level of accuracy. We got 0.95 accuracy with 0.17 loss using the ADAM optimizer. It is also one of the methods that compute adaptive learning rates. Like AdaDelta, ADAM preserves an exponentially decaying average of previous squared gradients but also stores an exponential.

The UrSL-CNN architecture was recommended based on a series of experiments conducted on it. The experiments are performed on different epoch counts and different activation functions. The experiment where we propose UrSL-CNN architecture is based on an Adam optimizer with categorical cross-entropy loss. The best accuracy we got was 0.95. The loss evaluation, involving both the loss and val_loss, is visually presented in Fig. 15. The accuracy evaluation containing accuracy and val_accuracy at 30 epochs is given in Fig. 16.
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Figure 15: Loss curves of the proposed UrSL CNN model on the Pakistan sign language dataset
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Figure 16: Accuracy curves of the proposed Ur-SL CNN model on the Pakistan sign language dataset

Further, we assessed the model by generating a classification report, which includes metrics such as precision, recall, and F1-score. These metrics provide a comprehensive evaluation of the model’s performance in classification tasks. Table 7 and Fig. 17 show the model’s classification report generated on UrSL-CNN architecture based on each label.
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Figure 17: Performance measures achieved by the proposed UrSL-CNN model on the Pakistan sign language dataset

In Figs. 8, 10 and 17, we present the F1-score and recognition rate metrics together to provide a comprehensive view of the model’s performance. While these metrics serve different purposes, they are both important indicators of the model’s effectiveness in sign language recognition. The F1-score considers both precision and recall, providing a balanced measure of the model’s ability to correctly identify sign language gestures while minimizing false positives and false negatives. On the other hand, the recognition rate is a measure of the model’s overall accuracy in correctly classifying sign language gestures. By presenting these metrics together, we aim to provide a holistic understanding of the model’s performance across different evaluation criteria.

5  Conclusion

In the realm of recent research, deep learning has emerged as a powerful and widely adopted approach. Its significance becomes especially apparent when we contrast its achievements with those of conventional machine learning algorithms in the domain of automated analysis and recognition. In conclusion, our study highlights the superiority of deep learning, specifically the UrSL-CNN model, in automated analysis and recognition. In this research, we used two datasets: one for Urdu alphabet classification, which is the PSL dataset, and the other for the English SL dataset. We used this state of the dataset, which several researchers widely use to authenticate the proposed architecture. The major purpose of using the English alphabet dataset was to authenticate our proposed architecture and validate that the proposed architecture applies to any SL dataset irrespective of the dataset’s size. Further, we performed classification on machine learning algorithms to analyze comparatively because machine learning algorithms outperform when dataset size is not huge. However, in our case, we proved that our proposed model outperformed the machine learning algorithms by achieving a reliable accuracy of 0.95. Also, UrSL-CNN has outperformed on sign images of two languages, English and Urdu, and on the huge difference of dataset sizes, images of count 1500 and 78,000 in Urdu and English SL datasets, respectively. Through experiments on the PSL and English SL datasets, we validated the effectiveness of UrSL-CNN, achieving remarkable accuracy and outperforming traditional machine learning algorithms. Looking ahead, the horizon holds the promise of further enhancements and refinements for the UrSL-CNN architecture. These enhancements could open doors to bidirectional classification tasks, enabling the model to handle both image-to-text and text-to-image conversions. This expanded functionality would position the model as a versatile and indispensable tool for a wide array of SL applications in the future.

We recognize the importance of evaluating our model in real-world scenarios and integrating it into assistive technologies for practical use. To ensure its robustness and reliability in practical applications, we plan to conduct additional experiments to assess the model’s performance under varying conditions, such as different lighting, hand orientations, and occlusions. Furthermore, we are exploring deployment strategies prioritizing accessibility and user-friendliness, such as developing a mobile application and collaborating with relevant organizations. By addressing these aspects, we aim to enhance our model’s practical applicability and impact in improving communication accessibility for deaf individuals.
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Table 3: Label-wise classification performance of random forest
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Table 4: Label-wise classification performance of k-nearest-neighbor
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Table 7: Label-wise classification performance of the proposed UrSL-CNN model on the Pakistan
sign language dataset
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Table 1: Label-wise classification performance of support vector machine model

Label Precision Recall Fl-score Support Label Precision Recall Fl-score Support
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Table 6: Performance comparison of several optimizers exploited in the proposed scheme for the
classification of labels in the Pakistan sign language dataset

Experiments Optimizer Accuracy Loss
1 Gradient descent 0.83 0.423
2 Adagrad 0.86 0.51
3 AdaDelta 0.79 0.623
4 ADAM 0.95 0.17
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Table 2: Label-wise classification performance of Naive Bayes

Label Precision Recall Fl-score Support Label Precision Recall Fl-score Support
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Table 5: Performance comparison of several machine learning algorithms on two different sign
languages

Dataset SVM Naive Bayes Random forest K-nearest-neighbor

Urdu alphabets 0.81 0.75 0.88 0.68
English alphabets  0.83 0.71 0.86 0.73
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