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1 |Introduction 

Recognition systems for Arabic Sign Language could improve the accessibility of everyday information and 

services for those people who communicate through signs. Nonetheless, the fundamental challenge is 

frequently over-simplified to be simple image classification. Sign language includes not only hand shapes but 

also the movement, facial expressions, body posture and linguistic context. An assembly of images 

representing an alphabet represents merely one of the facets of that system. This is why the current research 

is intentionally presented in the form of isolated alphabet recognition rather than sign language translation. 
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Reported performance in static Arabic sign alphabet recognition is often difficult to compare because duplicate 

images, variation across random seeds, robustness to image degradation, and deployment cost are rarely examined in 

the same experiment. In this study, we introduce ArSL-EdgeBench, a reproducible comparison of four image 

classifiers on the public ArSL2018 dataset. The initial data set comprised 54,049 images belonging to 32 classes. No 

partition was generated until duplication detection had been performed based on SHA-256, repeated visual hash inside 

the same class, and label conflict identification via perceptual hashing. The resulting audit retained 48,093 images that 

were split into equal training, validation, and test fixed stratified sets according to 70:15:15 proportions. Three models 

– a lightweight separable CNN MobileNetV3-Small, EfficientNetB0, and ResNet50 were trained using three random 

seeds each time. EfficientNetB0 came first and was chosen solely based on mean validation macro-F1 score. It 

demonstrated 94.21% +/- 0.21% mean test accuracy, 94.20% +/- 0.19% macro-F1, and 98.84% top-3 accuracy. Seed-

42 variant achieved 94.44% accuracy on the clean test set. Its performance remained almost intact under small angle 

rotation and reduced illumination, while Gaussian noise decreased macro-F1 from 94.42% to 74.46%. Conversion of 

the model to Float16 TensorFlow Lite allowed reduction of its size to 8.03 MB with 93.14% accuracy retained; the 

median single-thread CPU latency was 4.12 ms. Overall, these results demonstrate that EfficientNetB0 is an effective 

accuracy-efficiency baseline for static alphabet prototypes.  However, they do not create continuous translation or 

generalize to novel signers since signer identity information is not available in the public dataset. 
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ArSL2018 dataset has been publicly released as a benchmark dataset consisting of 54,049 annotated images 

corresponding to 32 Arabic signs and alphabet categories from 40 individuals [1]. Its large amount and wide 

availability have led to the investigation of conventional machine learning approaches, convolutional neural 

networks, transfer learning approaches and more recently transformers. However, reviews of Arabic Sign 

Language research show substantial variation in preprocessing, data splitting, class balancing, model selection, 

and the way isolated recognition is distinguished from continuous signing [2, 3]. As a result, accuracy figures 

reported by different studies are not always directly comparable. 

The structure of the dataset matters as much as the choice of model. KArSL, for example, provides dynamic 

multimodal recordings and information about individual signers [4], whereas newer resources increasingly 

capture facial and body cues in addition to hand movements [5]. ArSL2018 remains valuable for static-image 

experiments, but the public release does not identify the participants associated with each image. An image-

level random split therefore cannot show how well a model will perform on entirely unseen signers. Duplicate 

or near-repeated files raise a second concern: when closely related samples appear in both the training and 

test sets, the resulting evaluation may be easier than the intended generalisation problem. 

Recent work has achieved impressive results with classical classifiers, pretrained convolutional networks, 

vision transformers, landmark-based temporal models, and hybrid architectures [6-11]. Those advances are 

important, but a high accuracy value does not by itself show that a result is reproducible, stable across random 

initialisations, resistant to routine image degradation, or suitable for deployment on a resource-constrained 

device. Data leakage is another well-documented source of overly optimistic machine-learning results [12], 

which makes transparent dataset auditing especially important in this setting. 

ArSL-EdgeBench was developed to examine these practical and methodological issues together. We first 

audited the images for exact and perceptual duplicates before creating any partition. We then used a fixed 

stratified split with a held-out test set, compared one compact custom CNN with three pretrained 

architectures across three random seeds, and selected the final architecture using validation macro-F1 alone. 

The selected model was subsequently examined at class level, challenged with several controlled image 

corruptions, and exported to Float16 TensorFlow Lite so that accuracy, model size, and inference latency 

could be considered in the same benchmark. The goal here is not to achieve a new state of the art, but to 

provide an explicitly reproducible discussion of the trade-offs. 

2 |Related Work 

Previous research into recognizing characters of the Arabic alphabet used to involve either handcrafted 

segmentation/feature extraction techniques together with traditional machine learning methods. Thus, 

Tharwat et al. conducted experiments with supervised learning algorithms using Arabic alphabet images and 

observed quite good performance of K-Nearest Neighbours [6]. However, nowadays the focus lies on pre-

trained backbone visual architectures and transformers. Alharthi and Alzahrani investigated transfer learning 

models and ViT and Swin variants [7], and Alyami et al. used hand/facial landmarks together with temporal 

and transformer models [8]. What is quite interesting about their approach is the big difference between 

signer-dependent and signer-independent scenarios: they test different levels of generalization. 

Another related avenue of work concentrated on real-time recognition and deployment of systems. In this 

direction, Noor et al. have developed a real-time Arabic sign recognition system based on convolutional and 

recurrent network architectures [9]. Edge information and convolutional and ResNet50 models were used by 

Ismaiel et al. to achieve 97.14% and 96.88% accuracy on the ArASL dataset, respectively [10]. Recently, CLIP-

ArASL has obtained 99.25% +/- 0.14% supervised accuracy by combining image features produced by 

EfficientNetB0 with bilingual descriptions on a balanced subset of ArSL2018 with 400 images per class [11]. 

The contributions of these papers differ in terms of techniques, but their performance numbers should not 

be compared to each other due to the differences in sampling, splitting, augmentation, and task definitions. 
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Table 1. Methodological context for ArSL-EdgeBench and selected recent Arabic sign recognition studies. 

Study Data and approach Reported result Primary emphasis 

Tharwat et al. 

[6] 

Arabic alphabet images with 

preprocessing and conventional 

classifiers 

KNN accuracy of 

99.5% 

Feature engineering 

and classifier 

comparison 

Alharthi and 

Alzahrani [7] 

ArSL image classification with transfer 

learning, ViT, and Swin 

High recognition 

performance 

Comparison of visual 

architectures 

Alyami et al. [8] 
KArSL-100 landmarks with temporal 

and transformer models 

99.74% signer-

dependent; 68.2% 

signer-independent 

Effect of signer-level 

evaluation 

Ismaiel et al. 

[10] 

ArASL and AASL using Canny edges 

with CNN and ResNet50 

97.14% and 96.88% 

on ArASL 

Edge-enhanced visual 

features 

Alasmari [11] 
Balanced ArSL2018 and ArSL21L with 

EfficientNetB0 and bilingual text 

99.25% +/- 0.14% 

on ArSL2018 

Supervised and zero-

shot multimodal 

learning 

ArSL-

EdgeBench 

Full duplicate-controlled ArSL2018 with 

four models, three seeds, corruption 

tests, and TFLite export 

94.21% +/- 0.21% 

mean test accuracy 

Reproducibility, 

robustness, and edge 

deployment 

 

Table 1 thus aims to contextualise the studies as opposed to ranking them. In fact, a relatively low score 

achieved by a more explicit or conservative methodology could provide more insight into generalisability than 

a relatively high score obtained from a completely different methodology for sample selection or otherwise. 

This is why ArSL-EdgeBench uses the dataset audit, partition sizes, seed variance, class-level errors, 

corruption sensitivity, and deployment conversion as part of one analysis. 

3 |Materials and Methods 

3.1 |Study Design and Task Definition 

The experiment was carried out as an experiment that can be reproduced and used as a benchmark for static 

image classification. For each image, there is one label among the 32 labels provided by the dataset. The study 

did not involve recognizing sequences of signs, finding word borders, modeling facial grammar or translating 

entire sentences. For four candidate models, three random seeds were used. Architecture choice was based 

on the average validation macro-F1 score, while the independent test set was kept for the performance report. 

3.2 |Dataset Audit and Duplicate Control 

The experiment was carried out as an experiment that can be reproduced and used as a benchmark for static 

image classification. For each image, there is one label among the 32 labels provided by the dataset. The study 

did not involve recognizing sequences of signs, finding word borders, modeling facial grammar or translating 

entire sentences. For four candidate models, three random seeds were used. Architecture choice was based 

on the average validation macro-F1 score, while the independent test set was kept for the performance report. 

3.3 |Dataset Audit and Duplicates Removal 

We downloaded the public version of ArSL2018/ArASL from its Kaggle mirror and confirmed its relation 

to the DOI of the original dataset [1]. The dataset contains 54,049 images belonging to 32 classes. Each image 

was first hashed using the SHA-256 algorithm in order to find duplicates on the byte level. Then, we computed 

the 16 x 16 perceptual hash giving us 256 bits of visual signature in order to carry out the second step of 

auditing the dataset. An image was considered duplicated if its perceptual hash was duplicated in the same 

class or in different classes. 
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5,670 duplicates, 243 perceptual hashes repetition within the same classes, and 86 perceptual hashes conflicts 

between class labels were discovered by the audit. There were images satisfying more than one criterion above; 

therefore, we cannot sum the numbers. After handling the overlapping cases, 5,956 samples were eliminated 

and 48,093 images were left. Most importantly, all this was done before creating the train, validation, and test 

splits, avoiding any possible risk of placing duplicated files in separate splits. 

Table 2. Dataset audit and fixed stratified partition profile. 

Characteristic Value 

Raw images 54,049 

Classes 32 

Exact-duplicate flags 5,670 

Same-class identical pHash flags 243 

Cross-label identical pHash flags 86 

Unique records removed after overlapping flags 5,956 

Images retained 48,093 

Training set 33,665 (70.0%) 

Validation set 7,214 (15.0%) 

Independent test set 7,214 (15.0%) 

Class-size range after audit 1,183-1,917 images 

 

 
Figure 1. Class distribution across the training, validation, and independent test partitions. 

3.4 |Partitioning and Image Preprocessing 

The retained images were split in 70/15/15 train/validation/test with a fixed random state. Stratification 

ensured the same distribution of classes in all the three splits. The images were read as RGB tensors with size 

96x96. Class weights were computed from the training split only to ensure that no information about the 

validation and test splits was used for configuring the training. Data augmentation was performed only on 

the training images with transformations including: horizontal reflection, rotation by 0.07 of a turn, zoom by 

10%, translation by 8% along each spatial axis and contrast variation by 15%. 

Horizontal reflection is mentioned explicitly because the mirrored image of the hand might not preserve the 

meaning of the sign. This data augmentation transformation has already been used in the completed 

experiment, hence its potential impact on the results is considered as a limitation. 

3.5 |Candidate Architectures and Optimization 

The benchmark compared four architectures. The custom Lightweight CNN used four depthwise-separable 

convolutional blocks with 24, 48, 96, and 160 filters. Each block contained batch normalisation, a Swish 

activation, and max pooling, followed by global average pooling. The remaining models—MobileNetV3-
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Small [13], EfficientNetB0 [14], and ResNet50 [15]—were initialised with ImageNet weights after their 

original classification heads had been removed. 

To keep the comparison consistent, every architecture used the same classification head: dropout at 0.30, a 

128-unit dense layer with Swish activation, dropout at 0.20, and a 32-class softmax output. The pretrained 

backbones were frozen during an initial five-epoch stage and optimised with Adam at a learning rate of 0.001. 

We then unfroze the final 20% of each backbone for three fine-tuning epochs at 0.00001, while leaving batch-

normalisation layers frozen. Early stopping monitored validation loss with a patience of two epochs. The 

learning rate was reduced by a factor of 0.3 after one epoch without improvement, and the batch size was 

128. 

Table 3. Candidate-model scale and training configuration. 

Model N Weights Init. 

Light CNN 48.8k 0.49 MB Random 

MobileNet V3 1.02M 9.95 MB INet 

EffNet-B0 4.22M 35.44 MB INet 

ResNet-50 23.85M 181.98 MB INet 

 

3.6 |Evaluation and Model Selection 

For each seed, we evaluated the validation and independent test sets using accuracy, balanced accuracy, macro 

precision, macro recall, macro-F1, weighted F1, and top-3 accuracy. Results were summarised as the mean 

and standard deviation across the three seeds. The architecture with the highest mean validation macro-F1 

was chosen as the final model family. Within that family, the seed that achieved the strongest validation 

macro-F1 was used for the confusion matrix, class-level error analysis, corruption tests, and deployment 

export. 

3.7 |Corruption Robustness and Edge Deployment 

After model selection, we evaluated the chosen network on the unchanged test set and on five deterministic 

corruption conditions adapted from common-corruption testing [16]. For the dark and bright conditions, 

pixel intensities were multiplied by 0.55 and 1.35, respectively. Gaussian noise was added with a standard 

deviation of 18 intensity units, blur was generated with a 5 x 5 average-pooling kernel, and rotation used a 

factor of 0.05 of a full turn. These controlled perturbations were not intended to substitute for a real camera 

study. Their purpose was to reveal obvious weaknesses that would be hidden by clean-image accuracy alone. 

The selected network was also converted to Float16 TensorFlow Lite. Quantisation and lightweight inference 

are widely used to reduce storage and computational demands at deployment time [17]. We recalculated 

classification performance across the complete test set after conversion. Latency was measured with a single-

thread TensorFlow Lite interpreter on 300 test images in the available x86-64 CPU environment. Accordingly, 

the reported latency should be interpreted as an implementation benchmark rather than as the expected speed 

of a particular smartphone. 

3.8 |Reproducibility and Open Science 

The experiments were conducted with Python 3.12.13, TensorFlow 2.20.0, NumPy 2.0.2, pandas 3.0.5, and 

scikit-learn [18,19]. To support independent inspection, the accompanying repository provides the training 

script, Kaggle notebook, dependency specification, duplicate audit, fixed split manifest, seed-level results, 

publication figures, selected weights, Float16 TensorFlow Lite model, and integrity checksums. The original 

image dataset is not redistributed. 
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4 |Results 

4.1 |Dataset Audit 

The duplicate audit removed 11.02% of the original records. After cleaning, individual classes contained 

between 1,183 and 1,917 images, and stratification preserved those proportions across the training, validation, 

and test partitions. The independent test set contained 7, 214 images. In other words, the audit changed the 

effective dataset size substantially before any model was trained. 

4.2 |Cross-model Performance 

Table 4. Validation-based selection and independent-test performance across three seeds; values in parentheses are 

standard deviations. 

Model Val. macro-F1 Test accuracy Test macro-F1 

EffNet-B0 0.942 (.002) 0.942 (.002) 0.942 (.002) 

ResNet-50 0.916 (.004) 0.917 (.004) 0.916 (.004) 

MobileNet V3 0.847 (.001) 0.852 (.002) 0.849 (.002) 

Light CNN 0.551 (.069) 0.568 (.039) 0.559 (.046) 

 

The most efficient model in terms of mean validation macro-F1 score (0.9424 +/- 0.0016) was 

EfficientNetB0, which was chosen for detailed analysis of its performance prior to test results presentation. 

Moreover, the same model won independent-test comparison, having the best mean accuracy (0.9421 +/- 

0.0021) and mean macro-F1 (0.9420 +/- 0.0019). ResNet50 came second but needed about 23.85 million 

parameters, while EfficientNetB0 needed 4.22 million only. MobileNetV3-Small had a smaller parameter 

amount but its mean test macro-F1 dropped to 0.8495. The custom Lightweight CNN was the smallest one 

but less accurate and more sensitive to the random seed choice. 

 
Figure 2. Mean independent-test macro-F1 per model; error bars represent standard deviation per three seeds. 

 

Random forest and k-nearest neighbours both reached a slightly higher raw accuracy of 92.86%. However, 

each model misclassified two of the eight negative cases, which reduced specificity to 75% and balanced 

accuracy to 85.42%. RBF-SVM achieved the highest ROC-AUC (0.977) and the lowest Brier score (0.051), 

although its sensitivity was lower than that of logistic regression. This pattern shows why the model-selection 

rule should be defined on the development data rather than choosing whichever model happens to have the 

most attractive test-set metric. 
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4.3 |Selected-run Errors and Class-level Performance 

Out of the three EfficientNetB0 experiments, that of seed 42 scored the highest validation macro-F1 and 

thus is chosen for the analysis of errors. In terms of results on the independent test set without corruption, it 

scored 94.44% accuracy, 94.46% balanced accuracy, 94.46% macro precision, 94.46% macro recall, 94.42% 

macro-F1, and 98.88% top-3 accuracy. 

However, there was no uniformity across all classes. The F1-score varied from 0.8018 for gaaf to 0.9861 for 

ain. The most frequent directed error type is gaaf recognized as ha, observed 29 times. After that is fa 

identified as gaaf, with 25 errors, and finally gaaf identified as fa, with 16 errors. This shows that visually 

similar hand positions continue to pose difficulty for the model.Figure 3. Confusion matrix for the validation-

selected EfficientNetB0 seed-42 model. 

 



ArSL-EdgeBench: Duplicate-Controlled and Edge-Oriented Benchmarking for Static Arabic … 

 

04

 

  

 
Figure 3. Per-class recall for the selected EfficientNetB0 model. 

4.4 |Robustness under Common Image Corruptions 

Table 5. Selected-model performance under deterministic image corruptions. 

Condition Acc. Macro-F1 F1 drop (pp) 

Clean 0.944 0.944 0.00 

Dark 0.927 0.926 1.78 

Bright 0.894 0.893 5.12 

Noise 0.747 0.745 19.96 

Blur 0.904 0.904 4.05 

Rotation 0.938 0.937 0.70 

 

The least impact on macro-F1 was made by small rotations; macro-F1 was reduced by only 0.70%. The 

darkest images were reduced by 1.78%, but blur and brightening images were associated with the greatest 

reduction in macro-F1 scores, which were 4.05% and 5.12%, respectively. Clearly, Gaussian noise was the 

condition that had the most negative impact on performance: macro-F1 was reduced by 19.96% to 0.7446. 

Still, top-3 accuracy was greater than 0.93 even under this condition. 
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Figure 4. Macro-F1 of the selected model on clean and corrupted test images. 

 

4.5 |TensorFlow Lite Deployment 

EfficientNetB0 model weight file selected took up space of 35.44 MB. The conversion to TensorFlow Lite 

using Float16 format made the model lighter by reducing the size to 8.03 MB, a reduction of 77.34%. After 

the conversion, 93.14% of accuracy and 93.14% of macro-F1 were maintained, which corresponds to a 

reduction of 1.30 percentage points in accuracy compared to the accuracy of the clean Keras model. The top-

3 accuracy was 98.75%. The median latency for single-threaded CPU was 4.12 milliseconds, equivalent to 

242. 

5 |Discussion 

5.1 |Principal Findings 

Several key points can be identified. First, duplicate auditing had a significant impact on the dataset: 5,956 

images, which constituted one record in nine, were excluded prior to the partitioning process. Second, 

EfficientNetB0 performed the best compromise between accuracy and model complexity. Lastly, the study 

of model robustness showed why the accuracy on the clean validation set could not be considered a fully 

representative metric of the model's preparedness for deployment. The model was rather tolerant to rotation 

and decreased illumination, but suffered from additive noise. 

Lastly, the fact that several random seeds were used provided an additional insight into the matter. While 

EfficientNetB0 demonstrated the best average score together with small standard deviation, which means 

that the model is relatively tolerant to the choice of initialization parameters, the variance of Lightweight 

CNN was rather high. Therefore, describing only the best result of this model would have been incorrect. 

5.2 |Relationship to Earlier Arabic Sign Recognition Studies 

With the accuracy of 94.21%, which the EfficientNetB0 demonstrates, the present model falls short of a 

number of recent advances in recognition of Arabic signs [7,10,11]. This does not mean, however, that the 

previous models were worse or that the present model is better from the perspective of methodology. These 

studies kept a different number of images, used different resolution and augmentation strategies, balanced 

differently and selected differently, and even sometimes considered a different problem. Thus, CLIP-ArASL 

worked with a balanced dataset of 400 images per class along with bilingual text as the semantic anchor [11]. 

Ismaiel et al. considered recognition enhanced by the Canny edges information [10]. ArSL-EdgeBench went 

another way by focusing on the disclosure of duplicates, three-seed recognition, selection for validation only, 

corruption and edge-oriented exporting. 
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This distinction becomes especially relevant as the accuracy results of Alyami et al. show 99.74% in signer-

dependent conditions and only 68.2% when the test phase used unseen signers [8]. As the publicly available 

ArSL2018 dataset lacks information regarding signer identity, the achieved 94.44% accuracy should be 

considered image-level generalization without duplicates. Thus, this result cannot be taken as evidence of 

similar accuracy in individuals not seen during training. 

5.3 |Practical Implications 

From the results with Float16, EfficientNetB0 can be compressed down to quite small storage size without 

sacrificing most of its test accuracy. However, there would still be much needed in order to produce a usable 

mobile system. These include hand detection, normalization of the camera, confidence threshold, temporal 

smoothing, and interface which gives an opportunity to manually fix ambiguous cases. Outputting top-3 

would be beneficial in this interface, because correct class was present in the top 3 predictions for almost 99% 

of clean images and more than 93% of noisy ones. 

Recognition and communication tasks should be treated separately. Assignment of alphabet labels to each 

frame does not mean that Arabic Sign Language is translated into text. A spelling interface has to be able to 

process temporal segmentation, repetition of letters, and transitions between signs. Translation requires 

further modelling of gestures, lexicographic context, facial grammar, and linguistics. 

5.4 |Limitations 

The study should be interpreted in light of several limitations. First, signer identifiers are absent from the 

public dataset, so a signer-independent split was not possible. Second, the images are static and largely centred, 

unlike the unconstrained sequences produced by a mobile camera. Third, the duplicate screen used identical 

perceptual hashes as a conservative rule; visually similar images with different hashes may still remain. Fourth, 

horizontal reflection was used during augmentation even though mirroring may alter the meaning of some 

hand configurations. A dedicated ablation is needed before that transformation can be considered 

linguistically safe. 

The robustness analysis also used synthetic corruptions at a single severity level. It cannot replace prospective 

evaluation with new signers, varied skin tones, unfamiliar backgrounds, different devices and camera 

distances, natural lighting, and realistic occlusions. In addition, latency was measured on an x86-64 

Kaggle/Colab-class CPU rather than on a named mobile processor. Finally, only three random seeds were 

evaluated. The reported standard deviations are therefore descriptive, and the experiment was not designed 

to support a strong statistical significance claim. 

6 |Conclusion 

ArSL-EdgeBench offers a transparent, duplicate-controlled comparison of four neural architectures for static 

Arabic sign alphabet recognition. Cleaning the original ArSL2018 release removed 5,956 records before 

partitioning, after which EfficientNetB0 produced the strongest validation and test results across three 

random seeds. The selected run achieved 94.44% accuracy on the clean independent test set. Float16 

TensorFlow Lite conversion reduced the model to 8.03 MB while preserving 93.14% accuracy. Although the 

network remained stable under modest rotation and reduced illumination, Gaussian noise caused a substantial 

loss in performance. EfficientNetB0 is therefore a useful baseline for static alphabet prototypes, but the 

benchmark should not be presented as continuous sign-language translation or as evidence of unseen-signer 

generalisation. The most valuable next step is a signer-disjoint camera study that uses linguistically safe 

augmentation and temporal smoothing. 
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