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Abstract: Bangla Sign Language is a unique sign language. Due to a lack of interpreters, the hearing- and speech- impaired community face challenges while communicating with the broader community. Recent studies have been con- ducted to reduce the gap between these two communities. But most of the researchers used a dataset with a controlled environment. We know the performance of a system highly depends on dataset quality. In this paper, we have created a new dataset, “BanglaSignSet” including 46 unique signs with over 10k images. We have carefully annotated and labeled the images using Roboflow. Our proposed dataset, “BanglaSignSet” consists of images with high resolution, good qual- ity, and adequate variation in environment and person. The constructed dataset has been trained using the most recent deep learning model, such as YOLOv8. We have also implemented different versions of the YOLOv8 model, such as YOLOv8n, YOLOv8s, and YOLOv8m. Additionally, we evaluated EfficientNet-B0 as a classification-based baseline to broaden the experimental comparison. The performance of models has been measured using different evaluation metrics such as mAP, precision, recall, and f1 score. A comparative analysis has been conducted based on the performance of the model. By comparative analysis we found a well-suited model, YOLOv8n, to deploy into a web-based application. To find the suitable model to deploy, we have considered factors such as memory requirement and inference speed. We have integrated the YOLOv8n model into a web application using the Python language. We have also tested the web application on Android devices and laptops. The web application detects signs from image input successfully.

Index Terms: Bangla Sign Language, YOLOv8, BanglaSignSet, Deep Learning, Object Detection, Web Application
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1. Introduction
Sign language is a unique form of communication which relies on gestures, movements of hand, body language. People who are unable to hear, verbally unable and hard of hearing uses sign language to communicate or to interact with other people. WHO estimates indicate that in 2018 about 466 million people (or 6.1% of the global population) lived with disabling hearing loss. [1] It is estimated that there are more than 70 million deaf people who uses sign language as their primary form of communication. [2] Over 300 different sign language are available. Deafness is a major health issue in Bangladesh. There is a 34.6% population, or 49.2 million people, with hearing loss and a 1.2% probability of profound hearing loss by 1.7 million people. [3] Bangla Sign Language is referred to as Bangla Sign Language (BdSL). Bangla Sign Language is an important tool for education, social inclusion and accessibility.
Bangla Sign Language has a unique structure that uses both hands and specific gestures. These characteristics makes the language rich and expressive. Thus, social misconceptions, lower interpreter availability, poor educational infrastruc- ture limits the interactivity of the deaf and mute community in Bangladesh. Communication failure between the majority community and the deaf and mute society restrains development and academic growth to a great extent.
So, to reduce the communication gap many technological solutions like computer vision and machine learning recently comes in light. Early detection system of sign language involved feature based approaches like histogram techniques, hough transform and binary segmentations. Recently, the emergence of deep learning, such as CNN, and the different object detection models, such as YOLO, is proving useful to the researcher in finding an answer to the real-time detection of sign language, and this detection can be made to translate them to text or speech. But limitations are also present such as depending on static images, indoor environment, minimal singer diversity and low-resolution dataset. So, the model’s availability is limited across real world having varied lighting, complex background.
Recent studies have increased model accuracy and data expansion. But, it is still challenging for real time application. In this research, the aim is to design a consistent Bangla Sign Language identification system based on deep learning. This research makes the following contributions toward advancing the Bangla Sign Language (BdSL) recognition:

· Creation of Comprehensive and Annotated “BanglaSignSet” Dataset
A dataset is developed having 46 gesture classes. The dataset includes variations in signers, backgrounds, environ- ment.

· Implementation of multiple deep learning models for sign detection
Well-known deep learning models like YOLOv8n, YOLOv8s, YOLOv8m and EfficientNet-B0 are implemented for sign detection and classification. These models are trained on the proposed dataset.

· Experimental evaluation and comparative analysis
Selected models are tested on conventional performance measures such as precision, recall, F1-score, mean average precision, and training stability. The comparative analysis provides a sight of the strengths and limitations of models.

· Deployment of a light-weight real-time web application
The web application is developed to show the practical use of the proposed system. This application takes input from image uploads as well as image capturing via camera and shows output providing a proof-of-concept for real-time usage.
2. Related Works
There are different types of sign language in the world, and these sign languages are different in their structure and form based on the country, region, and culture. The most researched sign language is American Sign Language [4, 5, 6, 7]. Indian Sign Language [8, 9, 10, 11, 12], Turkish Sign Language [13, 14, 15], and Bangla Sign Language are also attracting the attention of the researchers.
To provide a better integration into the society for the deaf and mute community, there is a demand for an efficient sign language detection system. Various methods have been developed to detect different sign languages. Certain systems exist that are based on sensory equipment that is used to convert the sign language to text or speech. However, the wearable sensors, such as gloves, have limitations since they have problems that are associated with the comfort and usability, given that it depends on the sensor. Both the ASL and TSL datasets, as well as the ISL datasets, resulted in some models being developed to identify these three languages. However, sign language, such as Bangla sign language, is not as developed. The BdSL has unique grammar, vocabulary, and cultural aspects. The distinct structure of BdSL makes it challenging for automatic recognition. Recent studies have been using the deep learning methods to overcome this challenge. Many studies have used deep learning methods for sign detection, but there are limitations in dataset quality and real-time applicability.
Rayhan et al. (2024) [16] introduced a recognition system of Bangla Sign Language (BdSL) based on CNN with Squeeze and Excitation (SE) block and was explained by SHAP in terms of recognition. The model was built into a convenient mobile app, and it demonstrated a great accuracy of 99.86% on the KU-BdSL dataset. Despite the technical strength and implementation of the system, there are limitations which opens opportunities for further research and devel- opment. The major limitation lies in the nature of dataset the author used. The KU-BdSL dataset having images that are captured in the indoor environment with a plain background and lacks signer diversity.
Das et al. (2023) [17] implemented a research experiment on two open-source datasets, Ishara-Bochon and Ishara- Lipi, with the view of identifying Bangla sign language characters and digits on the still images. Nevertheless, the research has restrictions to identify only isolated characters and digits. It is drawn exclusively on the basis of stationary images, which limits its adaptability to real-time applications.
Miah et al. (2022) [18] trained their model BenSignNet on multiple datasets BdSL, Ku-BdSL, and Ishara-Lipi. Their model achieved fine accuracy across the three datasets. This work shows the importance of cross dataset learning but didn’t used the object detection frameworks like YOLO which are more suitable for real time detection.
Monirul et al. (2022) [19] developed a static word level BdSL dataset and trained the dataset using CNN. This study explored the word level sign language but it was limited to static signs. The signs of words were captured in a controlled environment where complex background was not considered.
Islam et al. (2019) [20] developed a recognition system using deep learning methods. They had created a BdSL lexicon of 30916 samples (basic characters: 23864 and numbers: 7052). They analyzed the CNN model. But the study developed dataset with controlled environment. Complexity in environment and background was not considered.
Hasan et al. (2020) [21] proposed a new model of Convolutional Neural Network (CNN) in order to recognize the Bengali sign alphabets on the Ishara-Lipi corpus. The total accuracy of the Bengali sign character recognition that they modeled is 99.22, which has been able to surpass all studies that have been done in the past concerning the Bengali sign character recognition for the deaf-mute community. But The dataset contains images with simple background and controlled environment.
Sanzidul et al. (2018) [22] developed a dataset named Ishara-Lipi which consists of 1800 images. All the pictures are downsized by 128 pixels, which is very low. The image is captured, and afterwards, it is reduced in size, and lastly, it is converted into grayscale using RGB. Capturing the images of the proposed dataset was carried out in a controlled environment.
Hoque et al. (2018) [23] introduced the BdSLImset dataset 10 Bangla alphabet signs. They aimed to construct real time detection system using Faster R-CNN architecture. Their model achieved 98.2% accuracy. The small sized dataset limited their applicability in practical implementations. The dataset did not support full-scale recognition across the complete alphabet. Later they created BdSL36 dataset which contains 400,000 images. The images were largely synthesized via augmentation of ways like rotation, flipping, and reversing. However, these augmentation methods are capable of changing the sign meaning of BdSL gestures, posing issues on data integrity.
Rafi et al. (2019) [24] developed VGG-19 models for Bengali Sign Language recognition. They created a large 12,581 image dataset and achieved accuracy of 89.6% on isolated alphabet gestures. But these models depend on clean, static backgrounds, making them less effective in real time detection. There is a lack of benchmarking against more modern and efficient object detection models like YOLO.
After looking at various works based on Bangla Sign Language recognition the following observations are made:

· Most of the studies depend on small sized datasets which limits the robustness of the model. The images of datasets are of low resolution and lack of real world scenarios.
· Recent methods face difficulties to handle real-world complexities such as diverse backgrounds, varying lighting conditions reducing their practical applications.
· The majority of the publications didn’t employ multiple techniques of deep learning and contrast their performances.
· Most of the studies did not utilize the YOLO based model.
· There is an absence of deploying the method to a web application.

A summary of Bangla sign language recognition studies is shown in table 1. Most of the studies didn’t report the number of signers, but after analyzing the dataset, we came to the observation that most of the dataset are of a limited number of signers. So, this review has encouraged us to come up with a Bangla Sign Language detection mechanism in this paper using the development of a dataset and training deep learning mechanism on the dataset and evaluating the performance using methods. Finally, the YOLOv8n model is deployed into a web application.
3. Methodology
This methodology from Figure 1 shows the approach to developing a Bangla Sign Language recognition system. This system is capable of identifying hand signs such as alphabets and digits under varying environmental conditions. We have augmented our dataset using different techniques. The images have been annotated on Roboflow. The YOLO- based models, YOLOv8n, YOLOv8s, and YOLOv8m were trained using the Ultralytics framework. We have also trained EfficientNet-B0 on the same dataset to find the comparison of these models. After that, we deployed the trained model YOLOv8n using Gradio and hosted it on Hugging Face Spaces. This system ensures promising results.
[bookmark: _bookmark0]Table 1. Summary and Comparison of Bangla Sign Language Recognition Studies
	Author
	Methodology
	Dataset
	Classes
	Dataset Conditions
	Accuracy
	Deployment

	Rafi et al. [24]
	VGG-19 CNN
	Custom dataset
	38
	Clean, static background
	89.6%
	Not deployed

	Hoque et al. [23]
	Faster R-CNN
	BdSLImset, BdSL36
	10–36
	Controlled + heavy augmentation
	98.2%
	Proposed for real-time detection

	Sanzidul et al. [22]
	9-layer CNN
	Ishara-Lipi
	36
	Controlled, low resolution (128 px)
	92.65% (train),
94.74% (val)
	Not deployed

	Mehedi et al. [21]
	CNN
	Ishara-Lipi
	36
	Simple background, controlled
	99.22%
	Not deployed

	Islam et al. [20]
	CNN
	BdSL lexicon
	48
	Controlled, simple background
	99.8%
	Not deployed

	Monirul et al. [19]
	CNN
	Custom
	11
	Controlled
	99.92%,
	Not deployed

	
	
	word-level
	
	environment
	99.58%,
	

	
	
	BdSL dataset
	
	
	98.70%,
	

	
	
	
	
	
	68.66%, 97.86%
	

	Miah et al. [18]
	BenSignNet
	BdSL,
	38
	Mostly
	94%, 99.6%,
	Not deployed

	
	
	KU-BdSL,
Ishara-Lipi
	
	controlled
	99.6%
	

	Das et al. [17]
	Hybrid CNN
	Ishara-Bochon, Ishara-Lipi
	46
	Controlled, background removed
	91.67% (char),
97.33% (digit)
	Not deployed

	Raihan et al. [16]
	CNN with SE block
	KU-BdSL
	46
	Indoor, plain background, limited signers
	99.86%
	Mobile App

	Ours (Proposed)
	YOLOv8n,
	BanglaSignSet
	46
	Varied (in-
	99.44%,
	Web

	
	YOLOv8s,
	(10 numerals,
	
	door/outdoor,
	99.45%,
	application

	
	YOLOv8m,
	36 characters)
	
	complex
	99.48%,
	

	
	and EfficientNetB0
	
	
	background, different lighting)
	99.11%
	


3.1. Research Design
We have designed our process by starting the collection of images of hand gestures from different groups of people under varying environmental conditions. We have applied preprocessing techniques such as resizing and data augmen- tation, including cropping. Manual annotation is performed using a specific platform (Roboflow) to ensure accurate labeling. After annotation, we have split the dataset for training, validation, and testing. The dataset was auto-oriented using Roboflow’s preprocessing tools. By creating the version of our dataset, we have obtained the final dataset (Ban- glaSignSet). We have trained the BanglaSignSet using the YOLOv8 model to detect and EfficientNet-B0 to classify the hand gestures. The models are tested based on different performance measures such as accuracy, precision, recall, F1- score, training loss, validation loss, and mAP to determine the performance of the model. Model performance is analyzed using tables and visual curves and charts. We have selected the most effective model to deploy. The trained model is then integrated into a web application using Gradio. So, the research structure is shown in the Figure 1.
[image: ]
[bookmark: _bookmark1]Fig. 1. Research Workflow Diagram
3.2. BanglaSignSet Dataset Creation
In this study, we have captured over images of 5100 representing Bangla sign characters and digits. Manual capturing of images was recorded using mobile phone cameras. The photos were of 15 different people with both genders and ranged between the ages of 11 and 75 years. We have included people of different ages to introduce variability in hand sizes, shapes, and tones within the dataset. The images are in JPG format for compatibility and ease of processing. 46 different signs of Bangla digits and characters are collected. We have collected images under various conditions, including:

· Indoor and outdoor environments.
· Lighting conditions ranging from bright daylight to low light scenarios.
· Background constraints such as simple background (plain walls) and complex background.
· Different aged people including male and female. People having different hand size, shapes and tones.

Some sample instances from the data set are shown in Figure 2. A summarized form of the ”BanglaSignSet” dataset is shown in Table 2.
[bookmark: _bookmark2]Table 2. Dataset Feature Description
	Feature
	Description

	Total raw images captured
	over 5,100

	Images after augmentation
	10,324

	Number of total participants
	15

	Number of male participants
	8

	Number of female participants
	7

	Age Range
	11 to 75 years


3.3. Data Augmentation
We augmented original data with data augmentation in order to improve model robustness to variations in scale, position, and illumination. Using data augmentations, we have expanded our dataset to 10324 images. Over 5100 original images were augmented to produce additional images, resulting in a final dataset of 10324 having 46 classes. The process of augmentation is focused on cropping and implemented using the custom MATLAB script. The cropped image was then resized back to the original resolution to preserve dimensional consistency for model training. After cropping, all the images were renamed in a uniform pattern. Renaming was performed to maintain class-level organization and label consistency during training. The entire process was automated by MATLAB.

[image: ]
[bookmark: _bookmark3]Fig. 2. Samples of dataset
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Fig. 3. Image annotation process on Roboflow
3.4. Data Annotation
We have annotated all the images using the Roboflow platform. The platform provided a useful interface for bounding box labeling, class management, dataset version control, and dataset export. We have carefully labeled to mark the location of hand signs using standard axis-aligned rectangular bounding boxes (AABB) to ensure precise localization. All the annotations are in a conventional YOLO object detection format. Firstly, each of the 46 classes was assigned its own version of the project to enable focused labeling and refinement. Secondly, verification was performed multiple times in order to reduce the number of labeling errors. Finally, quality checks were conducted before the dataset was exported. The 45th version was refined and became the final version used to train the model. The Annotation process is shown in Figure 3. To make the training process balanced, the dataset is split into three parts with the use of the Roboflow platform. 70% of training, 20% of validation, and 10% of testing. The splitting is applied across all the 46 classes to maintain distribution consistency. Table 3 shows the class-wise distribution of the dataset across training, validation, and test sets. Auto-orientation ensures visual alignment and reduce the effect of camera angle variations. The dataset was auto-oriented using roboflow’s built in preprocessing tool. This feature automatically adjusted image orientation based on EXIF metadata. So, the training data retained a coherent directional layout, which improves accuracy. It also reduces orientation-related variance.
In the Figure 4, the top-left bar chart shows the number of images per class. Each bar represents a unique sign. The bar height shows uniformity; this proves that the dataset is well balanced. This balance prevents model bias toward over- represented classes. It also supports fair learning across all classes. The top right of the plot shows a stacked visualization of all bounding boxes. This ensures that the bounding boxes are centered and consistent. This plot also ensures the varia- tions in object size and placement. The bottom-left scatter heatmap illustrates the (x,y) center coordinates of the labeled hand signs. The spread in the coordinates still provides positional variability for model generalization. The bottom-right plot shows the distribution of bounding box width and height. These statistical analyses show the class balance, labeling consistency, and visual diversity.

[image: ]
[bookmark: _bookmark5]Fig. 4. Data Statistics
3.5. YOLOv8 model
YOLOv8 is the latest addition to the You Only Look Once (YOLO) family of object detectors and is more of a trade- off than any of its predecessors between accuracy and speed. It was developed by the team of people behind the YOLO framework, called Ultralytics. YOLOv8 inherits the advantages of its predecessors and generates various enhancements in real-time detection development. The build is divided into three large structures: backbone, neck, and head.

· Backbone: It is a convolutional neural network that extracts a rich set of features in an image to be worked on by the system. YOLOv8 uses a modified form of the CSPDarknet53 that has cross-stage partial (CSP) link integration. Such CSP modules enhance the relationship of overall feature representation and directly lead to an increase in accuracy.
· Neck: feature-combining layers that mix outputs of various stages of the backbone. Such a network combines the roles of an integration layer and also an aggregation layer. Rather than the common Feature Pyramid Network (FPN), C2f (Cross-Stage Feature Fusion) is utilized in the YOLOv8 model in fusing the high-level features with spatial information. This arrangement will mean that the model can identify objects with regard to scale.
· Head: Composed of some YOLO layers that transform the feature maps into detection boxes. YOLOv8 applies four of these detection heads on top of each other, and thus the network can have four output scales per image.

The Table 4 describes the performance and efficiency comparison among three YOLOv8 model variants.

[bookmark: _bookmark6]Table 3. Class-Wise Distribution of the Dataset
	Class
	Train
	Validation
	Test

	0
	134
	39
	19

	1
	144
	41
	20

	2
	120
	35
	17

	3
	134
	38
	19

	4
	123
	35
	18

	5
	120
	35
	17

	6
	127
	36
	18

	7
	118
	34
	17

	8
	134
	38
	19

	9
	128
	37
	18

	A
	174
	50
	25

	AE
	174
	49
	25

	ANT
	168
	48
	24

	ANU
	170
	49
	24

	AO
	156
	45
	22

	BA
	160
	45
	23

	BHA
	166
	47
	24

	BSH
	179
	51
	26

	CA
	182
	50
	26

	CHA
	189
	56
	27

	DA
	159
	45
	23

	DHA
	160
	45
	23

	DHO
	144
	41
	21

	DHR
	170
	49
	24

	DO
	153
	44
	21

	E
	163
	47
	23

	GA
	170
	49
	24

	GHA
	169
	48
	24

	HA
	161
	46
	23

	JA
	162
	46
	23

	JHA
	162
	46
	23

	KA
	180
	51
	26

	KHA
	160
	45
	23

	LA
	169
	49
	24

	MA
	179
	51
	26

	NA
	146
	42
	21

	O
	167
	48
	24

	PA
	153
	44
	22

	PHA
	161
	46
	23

	RA
	164
	47
	23

	SA
	183
	53
	26

	TA
	150
	43
	21

	THA
	165
	47
	24

	THO
	151
	43
	21

	TO
	153
	43
	22

	U
	174
	49
	25

	Total
	7228 (70%)
	2065 (20%)
	1031 (10%)


[bookmark: _bookmark7]
Table 4. YOLOv8 Model Versions [25]
	Model
	Size
(px)
	mAP
(50–95)
	CPU
(ms)
	GPU
(ms)
	Params
(M)

	YOLOv8n
	640
	37.3
	80.4
	0.99
	3.2

	YOLOv8s
	640
	44.9
	128.4
	1.20
	11.2

	YOLOv8m
	640
	50.2
	234.7
	1.83
	25.9


3.6. Experimental Setup
To train the YOLOv8 model on BanglaSignSet, we used the AdamW optimizer selected by the YOLOv8 framework. The base learning rate is set to 0.0002, with a weight decay of 0.0005 and momentum of 0.9. The model was trained for 20 epochs using a batch size of 16, and the input size was 640×640 pixels. The models were trained for 20 epochs. During epochs, both training and validation losses showed stable convergence, indicating sufficient learning. The experiments were carried out using a Tesla T4 GPU with 15 GB of VRAM and a CPU on a Google Colab environment.
We have used automatic mixed precision (AMP) to optimize GPU memory usage and accelerate training. The YOLOv8 model has a warmup phase that includes 3 epochs having a momentum of 0.8 and a warmup bias learning rate of 0.1. The model used Distribution Focal Loss (DFL) with a gain of 1.5 for loss computation with box loss and class loss. Data augmentation techniques such as horizontal flipping (probability = 0.5), image translation (0.1), scaling (0.5), and erasing (0.4), along with HSV-based color jittering (hue = 0.015, saturation = 0.7, value = 0.4), were employed to improve model robustness under varying image conditions. It did not make use of rotation, shearing, or vertical flipping to preserve the integrity of hand signs.The label caching was enabled for faster access during training. The model was evaluated at every epoch using mean Average Precision (mAP) at IoU thresholds 0.5 and 0.5:0.95, as well as precision and recall metrics.
We implemented EfficientNet-B0 using the PyTorch framework, and all experiments were conducted on Google Co- lab. The size of the input image was 224 x 224 pixels. The training was done with 20 epochs with the same training, validation, and test split as the YOLOv8 models so that the models can be comparatively consistent. The evaluation of the performance was conducted in terms of standard classification measures, such as accuracy, precision, recall, F1-score.
4. Results and Discussion
We have evaluated the models using various plots and curves. First, we have analyzed the performance of the variants of YOLOv8 model using various performance metrics like mAP@0.50:0.95, mAP@0.50, F1 score curve, recall curve, precision curve, training loss, and validation loss. After that, we have also analyzed the performance of EfficientNetB0 using various performance metrics like the F1 score curve, recall curve, precision curve and accuracy curve. The best model is deployed into a web application depending on various factors like inference speed and memory requirement. The performance of the models is evaluated using standard metrics defined as follows:
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Where TP, FP, TN, and FN represent true positive, false positive, true negative, and false negative, respectively. APi is the average precision of the class i, and N is the number of classes.
4.1. Performance Analysis of YOLOv8n (nano)
[bookmark: _GoBack]The mAP@0.5 reached 98.8% by epoch 10 and improved slightly in later epochs, stabilizing around 99.4% in the final stages and reaching 99.44% at the last epoch. The mAP@0.5:0.95 improved from 13.1% to 78.99%, which indicates the consistent improvements in both coarse- and fine-grained detection. The training loss is decreased, which reflects the effective learning without signs of overfitting. The precision of the model was 99.07% after the training of the model using the YOLOv8n. The recall peaked at 98.53%, which indicates the possibility of the model to identify the instances. It indicates that there is a balance between the two metrics. The most significant ones are the precision, the recall, and the F1 score, which are applied in the assessment of the effectiveness of the model. These words give valuable information on the capability of the model to recognize and identify signs used in sign language.
The box loss, class loss, and distribution focal loss have the initial values of 1.46132, 4.77651, and 1.41341 at epoch 1, and their values drop off to 0.70467, 0.55021, and 0.959 by epoch 20. The loss for validation, box loss, class loss, and distribution focal loss, whose values were 1.05493, 2.55927, and 1.17494, respectively, at identical epoch 1, reduces by 10 at epoch 20 to 0.81538, 0.53598, and 0.99955, respectively, which is almost similar to the training loss implying stable learning behavior. For more details please refer to the Figure 5. Figure 8a shows a result from the YOLOv8n model which was applied to BanglaSignSet dataset. The hand gesture predicted as “RA” with confidence score of 0.98.
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[bookmark: _bookmark8]Fig. 5. Loss, Precision, Recall and mAP of YOLOv8n
4.2. Performance Analysis of YOLOv8s (small)
[image: ]
[bookmark: _bookmark9]Fig. 6. Loss, Precision, Recall and mAP of YOLOv8s
The mAP@0.5 reached 99.20% by epoch 10 and improved in later epochs, and it reached 99.45% in the final epoch. The mAP@0.5:0.95 reached 78.01% at epoch 10 and finally reached 80.05% at epoch 20, which is the final epoch. It indicates the consistent improvements in both detection. The training loss is decreased from 1.41 to 0.84, which reflects the effective learning without signs of overfitting. After training the YOLOv8s model, the model attained precision of 99.4%. Recall finally reached 99.20%, which shows the ability of the model to detect the instances. It achieved an F1 score of 99.31%. Loss on the training data that comprises box loss, class loss, and distribution focal loss starts out at 1.41038 and 4.2898, respectively, in epoch 1 and reduces to 0.84484, 0.54383, and 1.03634, respectively, by epoch 20. Validation loss of box loss, class loss, and distribution focal loss, which begin the epochs at 0.97574, 1.45624, and 1.10836 in epoch 1 and drop to 0.81281, 0.31101, and 1.01276 by epoch 20, closely follows training loss, indicating stable learning behavior. For more details please refer to the Figure 6. Figure 8b shows a result from the YOLOv8s model which was trained on BanglaSignSet dataset. The hand gesture predicted as “4” with a confidence score of 0.86.

[image: ]
[bookmark: _bookmark10]Fig. 7. Loss, Precision, Recall and mAP of YOLOv8m
4.3. Performance Analysis of YOLOv8m (medium)
By epoch 10, the mAP@0.5 achieved a high percentage of 99.23, and it rose slightly on subsequent epochs and finally stabilized at 99.48% in the last stages of training. The mAP@0.5:0.95 had the highest value during epoch 20, which ran to 81.15, and the result was 78.16 during epoch 10. This implies that there are steady advances in coarse- and fine-grained detection. The training loss is reduced, which indicates efficient learning. Once the model (YOLOv8m) had been trained, model precision was 99.32%. The recall has gone up to 99.40%, finally indicating that the model is capable of identifying the instances.

[bookmark: _bookmark11][image: ]           [image: ]           [image: ]
 (a) Test result from YOLOv8n                     (b) Test result from YOLOv8s                     (c) Test result from YOLOv8m
Fig. 8. Test Results from YOLOv8
The training loss composing box loss, class loss, and distribution focal loss starts with the values 1.29964, 3.3113, and 1.35697, respectively, at epoch 1, which continue to drop to 0.8211, 0.52156, and 1.08034, respectively, at epoch 20. The validation loss, comprising box loss, class loss, and distribution focal loss, which commenced at 0.95816, 1.12966, and 1.14622 in epoch 1, reduces to 0.80001, 0.28557, and 1.08613 in epoch 20, is almost a replica of the training loss, and it reflects the positive generalization, and there is not much overfitting. For more details please refer to the Figure 7. The Figure 8c shows a result from the YOLOv8m model trained on the BanglaSignSet dataset. The hand gesture predicted as “AE” shows a confidence score of 0.90.
4.4. Performance Analysis of EfficientNet-B0
To measure the performance of the EfficientNet-B0 model, the key performance metrics like accuracy, precision, recall, and F1 score are used. The precision of the model was enhanced to 98.12% in the final epoch. The recall values surpassed 97.96% in epoch 20. The F1 score reached 97.96% in the last epoch. We have got an accuracy of 99.11% after training the model for 20 epochs. Figure 9a shows the validation accuracy of the EfficientNet-B0 model with the number of training epochs. The model shows that the accuracy grows fast in the first epochs and approaches 99% in the end. This implies successful learning and ideal optimization of the model. Minor fluctuations in subsequent epochs is witnessed, which is common in deep learning training and do not indicate instability. Figure 9b shows the values of precision, recall, and F1-score, which are provided as a function of varying confidence levels of the EfficientNet-B0 model. The metrics are consistently high, which means that there is a good and balanced performance of classification. The high F1-score is due to the close relationship between the precision and the recall, as it shows a successful trade-off.
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Fig. 9. Performance Analysis of EfficientNet-B0
4.5. Comparative Analysis of YOLOv8 Variants and EfficientNet-B0
The comparative evaluation of YOLOv8 on the BanglaSignSet shows their unique strengths, which is shown in Fig- ure 10a. YOLOv8n achieved exceptional localization performance with a high mAP50 of 99.44% and mAP50-95 of 78.99%. It also shows the precision of 99.07% and recall of 99.53%. The YOLOv8n model demonstrates a sharp decline in training losses across all categories. Thus, it reflects effective learning. The validation loss shows a stable decline. Its key strengths lie in spatial localization, and achieving a high mAP performance. Comparatively, the YOLOv8s model was identified with a gradually decreasing trend on the training loss. The validation losses, which resemble a lot of training,indicating stable learning behavior and consistent convergence. It attains high precision, recall, and mAP. The YOLOv8m model demonstrates sustained and smooth downward trending in training as well as validation loss. Figure 10b shows the comparative analysis of EfficientNet-B0, YOLOv8n, YOLOv8s and YOLOv8m in terms of precision, recall and f1-score.
[bookmark: _bookmark13]Table 5. Comparative Performance analysis of YOLOv8 and EfficientNet-B0 on the BanglaSignSet Dataset
	Aspect
	YOLOv8n
	YOLOv8s
	YOLOv8m
	EfficientNetB0

	mAP50 (B)
	99.44%
	99.45%
	99.48%
	N/A

	mAP50-95 (B)
	78.99%
	80.05%
	81.15%
	N/A

	Precision
	99.07%
	99.44%
	99.32%
	98.12%

	Recall
	98.53%
	99.20%
	99.40%
	97.96%

	F1 Score
	98.83%
	99.31%
	99.36%
	97.96%
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a. Comparative analysis of variants of YOLOv8
b. Comparative analysis of EfficientNet-B0, YOLOv8n, YOLOv8s and YOLOv8m in terms of precision, recall and f1-score



Fig. 10. Comparison of Models
5. Discussion
We have performed comparative analysis of the models YOLOv8n, YOLOv8s, YOLOv8m and EfficientNetB0. Af- ter this, we found that YOLOv8n is most suitable for deployment due to its favorable trade-off between performance and efficiency. Though YOLOv8s and YOLOv8m achieved more precision and recall, YOLOv8n’s lightweight archi- tecture makes it ideal for real-time web-based applications. YOLOv8n also achieved competitive accuracy. YOLOv8n has reduced inference time and memory requirements. YOLOv8n provides the best balance between accuracy, speed, and memory requirement. Table 5 results illustrate the performance variations of the models YOLOv8n, YOLOv8s, YOLOv8m and EfficientNetB0.

· mAP50: There are only slight variations in the detection accuracy at an IoU threshold of 0.5 (99.44%-99.48%) in all three models. This means that the smallest variant (YOLOv8n) can outperform the larger ones in the simplest detection tasks almost equally well.
· mAP50-95: YOLOv8m performs better than other variants with 81.15% as compared to 80.05 with YOLOv8s and 78.99 with YOLOv8n. This demonstrates that YOLOv8m allows a higher localization to stricter IoU thresholds.
· Precision: YOLOv8s has the best precision (99.44%), which is slightly higher than that of YOLOv8m (99.32%), YOLOv8n (99.07%) and EfficientNet-B0 (98.12%). This implies that YOLOv8s have reduced chances of false positives.
· Recall: the highest recall is recorded by YOLOv8m with 99.40%, then YOLOv8s (99.20%), YOLOv8n (98.53%) and EfficientNet-B0 (97.96%). Therefore, YOLOv8m is more effective in detecting higher number of true objects in the image.
· F1 Score: YOLOv8m repeats with 99.36%, whereas YOLOv8s (99.31%), YOLOv8n (98.83%) and EfficientNet-B0 (97.96%) score slightly lower. F1 offers a trade-off between the precision and recall, thus showing that YOLOv8m provides the most balanced performance.

YOLOv8n provides a lightweight and efficient option with competitive accuracy, making it suitable for deployment on resource-constrained devices. So, by matching all these requirements, we deployed the trained model YOLOv8n into a web-based application.
5.1. Error Analysis
An error analysis is conducted using confusion matrices from YOLOv8n. Figure 11 shows the confusion matrix of YOLOv8n. Cases of valid signs are falsely detected as background. Some of the classes are misdetected because the hand regions appear at smaller scales, their hand shapes are less distinct, or they can be less visible in low light. Moreover, there is slight confusion of the digit signs (1-9). This happened mainly because they are visually similar in hand orientation and finger positioning.
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[bookmark: _bookmark15]Fig. 11. Confusion Matrix of YOLOv8n Model
5.2. Development and Deployment
The proposed system is deployed as a public Gradio web application on Hugging Face Spaces. We have performed our coding section in the Visual Studio Code (VS Code).
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Fig. 12. Sign detection from a male’s hand sign using web application on Laptop Browser
We have created a space in Hugging Face Space. We have used Git in VS Code for version control and later uploaded the code to Hugging Face Spaces for hosting and deployment. This application was deployed using Gradio. The process sets up a web interface, which makes the model accessible online for users to upload images and receive predictions. The deployment status is monitored via hugging spaces dashboard ensuring the application was running smoothly with real time updates. We have tested the web application from android devices and laptop. The interface from the android device is shown in the Figure 12 and Figure 13. The outcome of the web application using the picture of a 25 years old male participant is shown in Figure 12. The photo was taken with a mobile phone camera, and then it was uploaded to the web application on a laptop browser. The app automatically identified and presented the relevant Bangla sign with a 97.96% confidence score. Similarly, The outcome of the web application using the picture of a 50 years old female participant is shown in Figure 13. The photo was taken with a mobile phone camera, and then it was uploaded to the web application on a mobile browser. The app automatically identified and presented the relevant Bangla sign with a 92.61% confidence score.
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Fig. 13. Sign detection from a female’s hand sign using web application on Mobile Browser
The application runs server-side inference using the trained YOLOv8 model on the free CPU basic tier. We have collected inference logs from two realistic access patterns, such as laptop browser and Android mobile browser. Server- side performance was measured from 50 representative unseen image uploads (26 laptop + 24 Android). A summary of performance from mobile and laptop is reported in Table 6. In real deployment logs (n=50), some of inputs were identified as background, resulting in no detection in the web application. Some instances were predicted as wrong sign. Cold-start latency spikes (more than 1000 ms inference time) were Observed only on the first request after server idle periods. The spikes were eliminated after the initial warm-up. The web-based application takes input as an image, which can be uploaded as well as captured by camera, and shows output with a bounding box and text format in Bangla.
[bookmark: _bookmark18]Table 6. Deployment performance comparison between laptop and Android browsers
	Metric
	Laptop Browser
	Android Browser
	Observation

	Number of inferences
	26
	24
	—

	Inference time (mean)
	458.6 ms
	312.9 ms
	On average, Android tests were faster

	Inference time (median)
	218.8 ms
	160.0 ms
	Android is noticeably faster

	Inference time range
	44 – 2932 ms
	40.6 – 1416 ms
	Outliers correspond to cold starts

	Server-side FPS (median-based)
	∼4.6 FPS
	∼6.3 FPS
	Android tests show higher throughput

	End-to-end user latency
	3.5–8+ s
	3.5–8 s
	Dominated by network upload time


6. Summary and Conclusions
In this study, we have illustrated a detailed study towards the design of a Bangla Sign Language (BdSL) detection and classification system. We tested deep learning models on the created dataset, BanglaSignSet. The photos were taken under varying environmental conditions using a limited number of participants, environments, and backgrounds. It is important to note that images from the same participants are present across the training, validation, and test sets under varying conditions. Therefore, the evaluation may reflects seen-signer performance rather than fully unseen generalization, which may lead to optimistic performance estimates. One of the greatest weaknesses of the present study is that the number of participants sampled is 15, which might not represent the entire diversity of the Bangla-signing population. Although augmentation adds the number of samples, gesture executions and new signers are not created. That is why it enhances resilience to visual differences as opposed to enhancing real data diversity. The bounding box labels and category-wise distributions make the dataset compatible with the detection jobs. Performance metrics were then used in testing the trained deep learning models. YOLOv8n had mAP50 of 99.44%, mAP50-95 of 78.99, and F1 of 98.80. The YOLOv8s model recorded mAP50, mAP50-95, and F1 scores of 99.45%, 80.0%, and 99.31%, respectively. The YOLOv8m model yielded an mAP50 of 99.48%, an mAP50-95 of 81.15%, and an F1 of 99.36%. Conversely, EfficientNet-B0 delivered the best results with a validation accuracy of 99.11%, or an F1 score of 97.96%. The comparative analysis shows that all models performed well. But YOLOv8n is better suited for deployment. The models achieved high performance, but the training protocol is limited to a single run for each model with only 20 epochs. The absence of repeated experiments, random seed sensitivity analysis, and statistical measures such as variance or confidence intervals may affect the robust- ness of the reported results. We will address these limitations in future work by incorporating multiple runs and statistical evaluation.
Most of the prior Bangla sign language recognition methods have demonstrated high accuracy on fixed datasets and weren’t deployed. Our implementation provides competitive accuracy on numerals and characters and provides a lightweight web-based implementation of image-based inference. Although this is a step towards having tools that are accessible, the system is still limited to single isolated static signs. This highlights the novelty of our work in bridging the gap between high accuracy in research and practical deployment feasibility. The YOLOv8n model was integrated into a lightweight web application using Gradio and deployed via Hugging Face Spaces. This allows users to interact with the model by uploading or capturing images of gestures and receiving predictions in Bangla text. The development and open deployment of a web-based detection system not only provides a proof-of-concept tool demonstrating the potential for assisting communication for the hearing- and speech-impaired community but also sets a foundation for future research in sentence-level gesture recognition. We are interested in adding more samples in the form of continuous sign sentences so that sentence-level gesture recognition can be added in the future, and we are also interested in developing a mobile application with the functionality of real-time detection of Bangla sign language.
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Bangla Hand Sign
Recognition

This demo detects Bangla characters from hand
signs using a YOLOv8 model. Upload an image to

see the result.
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