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Abstract 
Hand gestures are a powerful way for people to communicate without speaking, bridging cultural and language 

gaps. They are especially important for helping people who are deaf or hard of hearing. As technology advances, 

using hand gestures to control and interact with digital devices has become a key focus. The proposed progress 

is driven by new developments in computer vision and machine learning, making interactions with technology 

feel more natural and intuitive. As proposed work, presenting a new hand gesture recognition system that uses 

the You Only Look Once (YOLO)v5 algorithm, a cutting-edge tool that employs Convolutional Neural Networks 

(CNNs) for quick and accurate gesture recognition. The proposed approach includes thorough costumed 

processing to reduce noise and clearly separate the background from key features, which helps to improve the 

system's ability to recognize gestures accurately. By using advanced algorithms and carefully chosen settings, 

proposed system is designed to enhance how users interact with technology, making it easier and more accessible 

for everyone which achieved recognition accuracies of 80.8%. Therefore, the proposed approach has great 

potential for use in different real-world  applications.  The results of proposed system indicate that deep neural 

networks can provide a robust and effective solution to hand gesture recognition tasks 
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I. Introduction 
Hand gestures serve as a pivotal mode of non-verbal communication that significantly enriches our 

interaction with digital devices, making such interactions more intuitive and natural. This integration plays a 

crucial role in the field of human-computer interaction (HCI) [36], where it ushers in innovative and user-friendly 

ways to engage with technology daily. Importantly, these advancements are especially beneficial for individuals 

who encounter challenges with traditional methods of interaction, such as those who are deaf or hard of hearing. 

By enhancing accessibility, hand gesture recognition technologies promise to make technology universally 

accessible and easy to use. The study of hand gestures as a communication tool has seen substantial growth as 

computational technologies have become more sophisticated. With the significant strides made in computer vision 

and machine learning [29], it has become feasible to train computers to recognize and understand human gestures 

with impressive accuracy. 

This advancement is driving forward exciting innovations in fields like virtual reality and smart home 

systems, where users can control devices simply by moving their hands, without any physical contact. In the 

pursuit of exploring this cutting-edge area, the current research employs some of the most advanced machine 

learning technologies available. At the heart of the proposed system is the "You Only Look Once" (YOLOv5) 

algorithm [37], which is celebrated for its speed and efficiency. This algorithm enables computers to recognize 

objects in images swiftly, which is crucial for applications that demand immediate responses, such as gesture-

controlled systems. Alongside YOLOv5, the setup includes a Convolutional Neural Network (CNN), a type of 

deep learning model that is particularly adept at processing and analyzing visual information. 

This combination not only enhances the system’s capability to detect and interpret gestures but also 

ensures that the system can operate in real-time with high reliability. To further refine the system’s ability to 

accurately interpret gestures, several image preprocessing techniques are implemented. These techniques are 

essential for enhancing the quality of input images, thereby allowing the model to focus more effectively on the 

essential features of gestures. Techniques such as noise reduction help to clarify the images, making it easier for 

the model to detect subtle nuances in the gesture data. Background segmentation is another crucial technique used 

to isolate gestures from unimportant background details, ensuring that the system’s focus remains on the gestures 

themselves. 

The proposed paper is divided into several key sections to facilitate a detailed discussion of the research. 

The initial section lays the foundation: Section 2.0 provides an extensive review of related works, offering a 

thorough background and situating this study within the existing landscape of gesture recognition research. 
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Section 3.0 describes the proposed system in detail, including the corpus used for experiments, the processes of 

feature extraction and gesture recognition, the metrics used for evaluation, and the various settings employed in 

the experiments. Section 4.0 presents the results obtained from these experiments, providing a clear view of how 

the proposed system performs under different conditions. Section 5.0 discusses the implications of the findings, 

considering their impact on current technologies and their potential to influence future developments in the field. 

Section 6.0 concludes the document, summarizing the research and suggesting potential areas for further 

exploration. 

 

II. Related Work 
The journey into advancing hand gesture recognition began with a foundational study that utilized 

Discrete Wavelet Transforms and F-ratio based feature descriptors to enhance the accuracy of gesture detection 

systems significantly [26]. This early work set a robust foundation for integrating classical methodologies with 

modern computational techniques, providing a critical framework for future advancements (Sahoo, Ari et al. 

2018)[1]. Building on this foundational research, the potential of neural networks for real-time communication 

was demonstrated, particularly improving educational accessibility for the hearing impaired. This advance 

showcased the capability of deep learning to facilitate real-time translation of sign language [28] [30], opening 

new avenues for inclusive technology (Gauni, Bastia et al. 2021)[2]. The subsequent study employed advanced 

image processing and feature extraction techniques to refine the accuracy of interpreting American Sign 

Language. By integrating edge detection and ORB features with machine learning classifiers, the research 

enhanced the model's precision and reliability, pushing the boundaries of traditional computational approaches 

(Sharma, Mittal et al. 2020)[3]. 

Continuing with the theme of accessibility, the development of a system that translated static sign 

language gestures into text and speech with near-perfect accuracy was introduced. Utilizing convolutional neural 

networks, this innovation bridged significant communication gaps, highlighting the profound impact of deep 

learning on enhancing daily communication for the hearing impaired (Ismail, Aziz et al. 2021)[4]. The field also 

saw the introduction of novel, data-free class-incremental learning systems utilizing the BOAT-MI algorithm 

combined with SVM [35]. This innovative approach effectively managed the challenges of incremental learning 

without the need for retaining old data, achieving high accuracy, and demonstrating the adaptability of gesture 

recognition systems(Saiful, Isam et al. 2022)[5]. Deep convolutional neural networks were then applied to 

enhance the recognition of local sign languages, creating specialized datasets tailored to specific communities 

[25] [27]. This focus on localization significantly improved the practical applicability and accuracy of gesture 

recognition systems [34], highlighting the importance of targeted technological solutions (Kumar 2021)[6]. 

The integration of real-time machine learning algorithms, including SVM and CNNs, marked a 

significant leap in operational capability [33]. This study ensured the practical deployment of gesture recognition 

systems in everyday technology interactions, enhancing user experience and real-time responsiveness (Triyono, 

Pratisto et al. 2018)[7]. A landmark achievement in 2023 was the integration of YOLOv4 with SVM and 

Mediapipe, which achieved remarkable accuracy in continuous word-level sign language recognition. This hybrid 

model showcased the effectiveness of combining multiple advanced technologies to ensure precision and real-

time responsiveness, setting a new standard in the field (Alsharif, Altaher et al. 2023)[8]. Further innovations 

included the development of specialized sensors and advanced deep learning algorithms to handle nuanced 

gestures. This technology enhanced the sensitivity and responsiveness of gesture recognition systems, enabling 

them to detect subtle variations in gestures with unprecedented precision, making them ideal for complex human-

computer interactions (Thanasekhar, Kumar et al. 2019)[9]. 

State-of-the-art machine learning techniques were also developed to reduce latency in gesture processing 

and improve system adaptability to different user gestures. This ensured more reliable and user-friendly 

communication aids, further pushing the boundaries of what gesture recognition technology could achieve 

(Areyur Shanthakumar, Peng et al. 2020)[10]. The exploration of continuous word-level sign language 

recognition using an expert system combining sophisticated models like YOLOv5 with deep learning algorithms 

[37]. This integration provided seamless real-time translation of sign language, significantly enhancing 

communicative accessibility for sign language users (Popov and Laganiere 2022)[11]. The potential of LSTM 

networks to capture temporal dependencies in gesture sequences was explored, enhancing the model’s ability to 

understand and predict movements accurately in real-time scenarios. This approach added a new layer of 

complexity to gesture recognition technologies, opening further possibilities for their application in more dynamic 

settings (Yu, Qin et al. 2022)[12]. The focus on static hand gesture recognition introduced advanced image 

processing and CNNs, aimed at increasing recognition speed and accuracy. This study highlighted the ongoing 

refinement of gesture recognition technologies, emphasizing the adaptability of these systems to complex 

backgrounds and dynamic gesture recognition (Cruz, Vásconez Hurtado et al. 2023)[13]. 

A novel LSTM-based recurrent neural network approach was introduced to improve hand gesture 

recognition. This study highlighted the benefits of recurrent neural networks in capturing dynamic and complex 
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gesture sequences, showcasing a significant advancement in the technology’s ability to handle more intricate 

interactions (Al-Saedi and Al-Asadi 2019)[14]. Later, deep learning was applied to further enhance gesture 

recognition systems, focusing on optimizing algorithms to better interpret a wide array of human gestures. This 

research demonstrated the ongoing potential of deep learning to broaden the applicability of gesture recognition 

systems across various platforms, making them more versatile and robust (Ma, Zhang et al. 2021)[15]. 

Sophisticated algorithms were developed to effectively handle the challenges of gesture recognition in 

dynamic environments. This study focused on ensuring that systems could adapt to changes in gesture intensity 

and speed, illustrating the continuous efforts to improve the technology’s performance in varied settings (Sharma, 

Mittal et al. 2020)[16]. Further innovations included the integration of geometric shape analysis with machine 

learning, providing new insights into improving gesture recognition accuracy. This approach was particularly 

effective in dynamic settings where gesture shapes and movements vary greatly, showing the potential for these 

technologies to adapt to more complex scenarios (Aich, Ruiz-Santaquiteria et al. 2023)[17]. A comprehensive 

survey of hand gesture recognition systems provided a detailed overview of historical and contemporary 

approaches to technology. 

This survey highlighted the evolution of gesture recognition methods, emphasizing the diverse 

techniques and methodologies that have been explored over the years(Sharma 2021) [18]. The use of edge 

detection and ORB features integrated with machine learning classifiers explored the efficient interpretation of 

American Sign Language. Combining multiple technologies led to improved outcomes in gesture recognition, 

showcasing the effectiveness of integrating various computational methods (Yu, Qin et al. 2022)[19]. Continuing 

the exploration of word recognition, the application of machine learning techniques in 2019 demonstrated the 

adaptability of gesture recognition systems to understand and process complex linguistic patterns. This study not 

only improved the accuracy of word recognition but also enhanced the system's ability to interact in more 

linguistically diverse environments (Sreemathy, Turuk et al. 2023)[20]. The development of human motion 

gesture recognition systems in 2021 focused on using advanced computer vision techniques. 

This approach helped in accurately recognizing and interpreting human movements, offering new 

opportunities for gesture recognition technologies to be applied in fields such as sports and physical therapy 

(Toro-Ossaba, Jaramillo-Tigreros et al. 2022)[21]. Exploring the use of color filtering combined with the Haar-

cascade classifier in 2021 provided a fresh perspective on refining feature extraction for gesture recognition. This 

method proved effective in enhancing the clarity and precision of the captured gesture data, allowing for more 

accurate system responses (Popov and Laganiere 2022)[22]. Another significant contribution in 2021 was made 

with the introduction of a sophisticated image processing approach that included threshold creation and finding 

contours. This technique was particularly effective in sign language recognition, offering a more detailed and 

nuanced understanding of hand gestures (Ma, Zhang et al. 2021)[15]. 

The meticulous study on using Discrete Wavelet Transforms and F-ratio based feature descriptors 

provided a thorough analysis of how specific image processing techniques could be optimized to improve the 

performance of gesture recognition systems. This research offered a deep dive into the mathematical frameworks 

that support effective gesture analysis, underscoring the technical sophistication required to enhance detection 

and interpretation accuracy (Tchantchane, Zhou et al. 2023)[23]. Then it introduced a robust method involving 

the use of static hand gesture recognition paired with deep learning to improve the precision and efficiency of 

gesture classification. The study was significant for its innovative use of a combination of convolutional neural 

networks (CNNs) and principal component analysis (PCA) [32], aimed at reducing the computational load while 

maintaining high accuracy. This method allowed for faster processing times and lower resource consumption, 

making the technology more accessible and practical for real-time applications. The approach highlighted in this 

research provides a promising direction for future developments in gesture recognition technology, particularly 

in applications requiring immediate system responsiveness without sacrificing accuracy (Areyur Shanthakumar, 

Peng et al. 2020)[24]. 

 

III. Proposed Work 
The system starts with high-quality image acquisition for the customized dataset, followed by detailed 

image preprocessing to enhance the quality and clarity of the input data. Advanced feature extraction techniques 

are then employed to capture the essential characteristics of hand gestures, which are crucial for the subsequent 

recognition phase. In-depth training and validation procedures ensure that the YOLOv5s model is well-adjusted 

to the nuances of hand gesture dynamics, enabling it to perform with high precision in diverse settings. This 

section will detail each component of the proposed system, outlining the technical strategies and algorithms 

employed to achieve a seamless and efficient gesture recognition workflow. The aim is to provide a 

comprehensive overview of the methods and technologies that underpin the research, highlighting how they 

collectively contribute to pushing the boundaries of what is achievable in real-time gesture-based interaction 

systems. Fig. 1 shows the block diagram of the work. 
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Fig.1 Block Diagram of proposed approach 

 

Image acquisition (dataset) 

The system initiates image capture through a webcam interface controlled by OpenCV, a widely used 

library for real-time computer vision. This setup allows for the dynamic acquisition of high-resolution images to 

the customized dataset, essential for accurate gesture recognition. The dataset consists of 20 classes. A total of 

11,000 images. The words created are shown in Fig.2. Some of the words created are “Never Mind”,” I’m Busy”, 

“I’m Cold”,” Don’t Worry”,” I’m Fine”,” Nice to meet you”. These words are used as they are some of the most 

used words in day-to-day conversations. The dataset is created with the help of some of our friends. 

 

 
Fig. 2 Custom dataset used. 

 

Image Pre-processing 

Advanced preprocessing techniques are done to enhance the quality and consistency of the input images 

and to facilitate more effective feature extraction, several preprocessing techniques are employed: 

 

Median Blurring: Applied to reduce noise from the images. Using the median blur approach, the value of each 

pixel is replaced by the median value of the intensity levels about that pixel. The process is mathematically 

represented as in Eq. (1). 

𝐼𝑥𝑦 = median⁡{𝐼(𝑥+𝑎)(𝑦+𝑏)} for 𝑎, 𝑏 ∈ [−𝑁,𝑁]        (1) 

where 𝐼𝑥𝑦 is the pixel value at position (x, y) and N is the size of the neighborhood around each pixel 

(defined by blur limit). 

 

Greyscale Conversion: Converting images to greyscale simplifies the process by reducing the dimensionality of 

the data. This conversion can be represented by the equation as in Eq. (2). 

𝐼′ = 0.299 × 𝑅 + 0.587 × 𝐺 + 0.114 × 𝐵⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡   (2) 

where 𝑅R, 𝐺G, and 𝐵B are the red, green, and blue channel values of the pixels, and 𝐼′ is the resulting 

greyscale image. 
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Contrast Limited Adaptive Histogram Equalization (CLAHE): Used to improve the contrast of the images. 

CLAHE operates by applying histogram equalization in localized regions of an image. The number of contextual 

regions is defined by tile_grid_size, and the contrast enhancement limit is controlled by clip limit. The method is 

beneficial for enhancing the visibility of features in regions that are darker or lighter than most parts of the image 

in Eq. (3). 

CLAHE(𝐼) = ⋃  𝐾
𝑘=1 HE𝑘(𝐼𝑘)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡   (3) 

where 𝐼𝑘 is the kth tile of the image, HE is the histogram equalization applied to that tile, and K is the 

total number of tiles. 

 

Feature Extraction 

Feature extraction is a crucial stage in the proposed gesture recognition system, where significant 

characteristics from the pre-processed images are identified, extracted, and used for further analysis and 

classification. The YOLOv5 model, which includes advanced convolutional neural network (CNN) architectures, 

plays a central role in this process. CNNs are specialized kinds of neural networks that are particularly effective 

for image processing and analysis due to their ability to learn spatial hierarchies of features automatically and 

adaptively from image data. Fig. 2 shows the CNN typically consists of several types of layers: 

 

 
Fig. 3 Convolutional Neural Network (CNN) Architecture 

 

Convolutional Layers: Perform the convolution operation that filters the input image with kernels (or weights) 

that are learned during training. The convolution operation captures local dependencies in the image and extracts 

low-level features such as edges and textures in the initial layers. As the data progresses through subsequent 

layers, the features become increasingly abstract and complex. The mathematical representation of the 

convolution operation in a layer is given by in Eq. (4). 

𝑔(𝑥, 𝑦) = ∑  𝐴
𝑎=−𝐴 ∑  𝐵

𝑏=−𝐵 𝑓(𝑥 − 𝑎, 𝑦 − 𝑏) ⋅ ℎ(𝑎, 𝑏)                   (4) 

where 𝑓 is the image, ℎ is the filter kernel, and 𝑔 is the output feature map. 

 

Pooling Layers: Reduce the spatial dimensions (width and height) of the input volume for the next convolutional 

layer. They perform down-sampling operations such as max pooling or average pooling to reduce the number of 

parameters and computation in the network. Max pooling, for example, selects the maximum value from each 

cluster of neurons at the prior layer, thereby emphasizing the most present features, reducing overfitting, and 

improving model generalization. 

 

Activation Functions: Non-linear activation functions like Rectified Linear Unit (ReLU) are used after each 

convolution operation to introduce non-linear properties to the system, enabling the model to learn more complex 

patterns. ReLU is defined as in Eq. (5) Fig.4. 

𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥)                                           (5) 

 

which sets all negative pixel values in the feature map to zero, simplifying the network and reducing 

training time. 

 

 
Fig. 4 ReLU Activation Function 
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The sigmoid activation function Fig.5 is used to map predictions to probability. It is especially useful in 

the final layer of a classification network, as it helps convert logits (raw prediction values) into probabilities that 

sum to one. The sigmoid function is defined as in Eq. (6). 

 

 
Fig. 5 Sigmoid Activation Function 

 

𝜎(𝑥) =
1

1+𝑒−𝑥
                                         (6) 

where x is the input to the function. Outputs are in the range (0, 1), making them interpretable as 

probabilities, which is particularly useful for binary classifications such as object presence in a bounding box. 

Fig. 4 shows Sigmoid Activation Function graph. 

 

Training & Testing 

The effectiveness and robustness of any machine learning model, particularly in the context of hand 

gesture recognition, are largely dependent on comprehensive training, testing, and validation phases. These stages 

are crucial for turning the model to achieve high accuracy and ensuring that it generalizes well to new, unseen 

data. This subsection will explore each of these phases in the context of the YOLOv5s model employed in the 

proposed gesture recognition system. 

 

Training: The training phase involves feeding the YOLOv5s model a large dataset of pre-processed images, 

where each image is labeled with the correct output, such as the type of gesture it represents. This dataset is 

typically divided into batches, and the model iteratively learns to recognize and predict gestures by adjusting its 

internal parameters (weights and biases).  

 

Loss Function: The performance of the model during training is quantified using a loss function, which measures 

the difference between the predicted output and the true output. For YOLOv5s, a combination of binary cross-

entropy loss for class predictions and mean squared error for bounding box predictions is commonly used. The 

loss function for YOLOv5s can be expressed as in Eq. (7). 

Loss = 𝜆coord ∑  𝑆2

𝑖=0 ∑  𝐵
𝑗=0 1𝑖𝑗

obj 𝑗[(𝑥𝑖 − 𝑥̂𝑖)
2 + (𝑦𝑖 − 𝑦̂𝑖)

2] + 𝜆obj ∑  𝑆2

𝑖=0 1𝑖
obj 

(𝐶𝑖 − 𝐶̂𝑖)
2
               (7) 

𝑥𝑖, 𝑦𝑖 are the predicted coordinates, 𝐶𝑖 is the confidence score, 𝑥^𝑖 , 𝑦^𝑖, 𝐶^𝑖 are the corresponding 

ground truth values, 1obj
ij indicates if object is present in the cell, and 𝜆coord, 𝜆obj are coefficients to balance the 

contribution of each part of the loss. 

 

Optimizer: An optimizer such as Adam or SGD (Stochastic Gradient Descent) is used to minimize the loss 

function by updating the model's weights. The optimizer adjusts the weight based on the computed gradients of 

the loss function with respect to the weights. 

 

Testing: Once the model has been trained, it undergoes a testing phase where it is evaluated using a separate set 

of images that were not included in the training set. This phase is critical for assessing how well the model 

performs on new data, simulating real-world conditions where the model will encounter gestures it has not seen 

during training. The performance of the model during the testing phase is evaluated using metrics such as 

precision, recall, and the mean Average Precision (mAP). These metrics provide insight into the accuracy and 

reliability of the model in detecting gestures. 

 

Validation: Validation typically occurs alongside or after the testing phase and involves running another set of 

data through the model to verify its performance. This can include cross-validation techniques where the dataset 

is split into several smaller sets; the model is trained on each set and tested on the remaining parts. Based on the 

outcomes of the testing and validation phases, the model may be fine-tuned. Adjustments can be made to the 
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model's architecture, hyperparameters, or training process to improve its accuracy and efficiency based on the 

specific needs identified during these evaluations. 

Together, the three phases (training, testing, and validation) form a rigorous framework that ensures the 

YOLOv5s model is not only accurate in recognizing hand gestures but also robust and reliable across various 

environments and conditions. This comprehensive approach is essential for developing a high-performing gesture 

recognition system that can be effectively deployed in real-world applications. 

 

Recognition 

Recognition refers to the process of identifying and detecting the result of the training and see if the 

model after training can detect and identify what he trained about from the process of training. 

 

YOLO algorithm. 

YOLO, or "You Only Look Once," is a state-of-the-art, real-time object detection system that applies a 

single neural network to the full image. This allows it to predict bounding boxes and class probabilities for these 

boxes in one evaluation. Unlike systems which make predictions with a sliding window or patch, YOLO frames 

object detection as a single regression problem, straight from image pixels to bounding box coordinates and class 

probabilities. This approach makes YOLO incredibly fast and accurate. 

In its essence, YOLO divides the image into a grid and predicts bounding boxes and probabilities for 

each grid cell. The model applies a single neural network to the entire image, making predictions directly from 

full images and full feature maps. This unified model is extraordinarily fast and capable of being trained directly 

on full images. 

The specific model used in this proposed work is YOLOv5s, the smallest variant ("s" for small) of the 

YOLOv5 models. It is designed for operational efficiency and is suitable for environments where computational 

resources are limited yet requires high-speed processing with relatively high accuracy. YOLOv5s maintains a 

delicate balance between speed and accuracy, making it ideal for real-time applications like gesture recognition. 

YOLOv5 extends these basic CNN components by integrating them into a cohesive framework 

specifically optimized for speed and accuracy in object detection tasks. It employs a more complex structure with 

the following enhancements of its architecture Fig.6: 

 

 
Fig.6 YOLOv5 Architecture 

 

Backbone: The backbone of YOLOv5 is responsible for feature extraction. It usually consists of a pre-trained 

model like CSPDarknet53, adapted for efficient feature learning at various scales. The backbone processes the 

input image to create a rich set of feature maps that encapsulate different aspects of the image. CSPDarknet53: It 

consists of a series of convolutional layers with Mish activation functions and Cross-Stage Partial (CSP) 

connections. CSP helps to manage the gradient flow and reduces the redundancy of feature maps. The 

mathematical operation for a convolution layer in the backbone can be described as Eq. (8). 

𝑌 = 𝜎(𝐵𝑁(Conv⁡(𝑋)))                (8) 

where X is the input to a convolution layer, Conv represents the convolution operation, BN stands for 

Batch Normalization, and σ is the Mish activation function, defined as Eq. (9). 

𝜎(𝑥) = 𝑥 ⋅ tanh⁡(ln(1 + 𝑒𝑥))             (9) 

 

Neck: The neck of the YOLOv5 architecture, typically consisting of additional convolutional layers, is used to 

refine and reshape these features for better prediction by the head. This component often uses mechanisms like 

the Path Aggregation Network (PANet) to enhance the feature information flowing from the backbone to the 

detection heads. 
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PANet (Path Aggregation Network): PANet improves the information flow between different layers of the 

network. It aids in feature fusion by aggregating different levels of features from the backbone, enhancing feature 

utilization efficiency, and boosting detection performance, especially for small objects. It reuses the lower-level 

features by a bottom-up pathway and an additional top-down pathway to enhance feature hierarchy, which is 

crucial for detecting objects at different scales. The process of aggregating features can be mathematically 

summarized by the following operations in Eq. (10). 

𝑃𝑖 = Conv⁡(𝑈𝑖+1) + 𝑈𝑖                 (10) 

where 𝑃𝑖 is the output feature map, 𝑈𝑖 are the up sampled features from a lower layer, and Conv 

represents a convolutional operation to refine features. Up sampling is often done using nearest neighbor or 

bilinear interpolation. 

 

Head: The detection head is the final component that makes the actual predictions. It processes the refined features 

from the neck and outputs the bounding boxes, abjectness scores, and class probabilities. The head applies a 1x1 

convolution to predict bounding boxes for each grid cell, including their dimensions, confidence scores, and class 

predictions. Detection Layer: It applies a 1x1 convolution to the feature maps to predict several attributes per 

bounding box: the center coordinates (bx, by), the width and height (bw, bh), the abjectness score, and class 

probabilities. The bounding box attributes are predicted relative to grid cells in    Eq. (11): 

(𝑏𝑥 , 𝑏𝑦 , 𝑏𝑤 , 𝑏𝑘) = (𝜎(𝑡𝑥) + 𝑐𝑥 , 𝜎(𝑡𝑦) + 𝑐𝑦 , 𝑝𝑣𝑒
𝑡𝑦 , 𝑝𝑘𝑒

𝑡𝑠)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(11)                                                                             e 

Here, 𝜎 is the sigmoid function ensuring the outputs are between 0 and 1, (𝑡𝑥, 𝑡𝑦, 𝑡𝑤, 𝑡ℎ) are the network 

outputs, and (𝑐𝑥, 𝑐𝑦) are the top-left coordinates of the grid cell. (pw, ph) are the anchor dimensions for the box. 

This detailed breakdown of the YOLOv5 architecture, particularly the YOLOv5s variant, highlights the 

advanced engineering and thought that has gone into optimizing this model for tasks that require both precision 

and speed, such as hand gesture recognition in real-time applications. Each component, from the backbone 

through to the head, is meticulously designed to contribute efficiently towards the rapid and accurate detection of 

objects, underscoring the robustness and technological sophistication of the YOLOv5s model within the domain 

of computer vision. 

 

IV. Experimental & Results 
The proposed custom word recognition has been developed out by dividing the dataset into 70% for 

training, 15% for testing and 15% for validation. The data is fed into the network with a batch size of 64 samples 

in each training step and a total of 30 epochs have been conducted. This model for hand gesture recognition is 

trained using Adam optimizer, considering its ability to adapt to learning rates based on moving window of 

gradient updates. The initial learning rate and decay factor of Adam optimizer are set to 1 and 0.95 respectively. 

Table.1 shows the most important parameters and values for YOLOv5. 

 

Table 1: Parameter and Values for YOLOv5. 

 
 

Precision: The proportion of true positive predictions out of all positive predictions made by the model Eq (12). 

Recall (Sensitivity or True Positive Rate): The proportion of true positive predictions out of all actual positive 

instances     Eq (13). F1-Score: The harmonic means of precision and recall, providing a balance between the two 

metrics Eq (14). 

Precision =
𝑇𝑝

𝑇𝑃+𝐹𝑃
                                                                  (12) 

𝑅𝑒𝑐𝑎𝑙𝑙= 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                     (13) 

F1Score=
2× Precision × Recall 

 Precision + Recall 
                                                   (14) 

 

Fig. 7 shows the result of the training. Fig. 8 shows the confusion matrix of the training. Fig. 9 shows 

the F1 score for each class. 
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Fig. 7 Results of Training 

 

 
Fig. 8 Confusion Matrix 

 

 
Fig.9 F1 Confidence Curve 

 

 
Fig.10 Recall Confidence Curve 
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Fig.11 Precision Confidence Curve 

 

 
Fig.12 Precision-Recall Confidence Curve 

 

Online test 

We obtained a weight matrix from Experiment #4. Tested the matrix using external images not included 

in the dataset for online testing. Evaluation involved diverse conditions including various backgrounds, lighting, 

and angles. Testing included 30 classes with 900 samples each, assessing the robustness of the system. 

 

 
Fig.13 images used for testing 

 

Online test Results 

Classes/Percentage: Be careful 86%, Don't Worry 82%, Excuse me 83%, Goodluck 65%, Goodbye 85%, 

Good morning 90%, Goodnight 80%, Hello, 95% Help 75%, How are you 95%, Hurry up 85%, I'm fine 70, I'm 

hungry 75%, I'm thirsty 77%, I love you 78%, I'm busy 78%, I'm cold 80%, I'm hot 75%, Never mind 88%, Nice 

to meet you 89%, No 82%, Not yet 82%, Of course 78%, Peace 65%, Please 80%, Sorry 96%, Stop 73%, Thanks 

76%, Wait 77, Yes 85% 
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Fig.14 graph for the results 

 

V. Conclusion 
In conclusion, our research successfully demonstrated the effectiveness of a deep learning-based 

approach based on high-quality images acquired for personalized hand gestures. Specifically, we used the YOLO 

(You Only Look Once) model after applying advanced preprocessing techniques to improve the quality and 

consistency of the input images and facilitate more efficient feature extraction  and then trained it and optimized 

the results. The utilization of the YOLO model has yielded promising recognition results, achieving a recall rate 

of 80.8% in our experimental setup. 
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