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ABSTRACT: With the development of today’s technology, and as humans tend to naturally use hand gestures in their 
communication process to clarify their intentions, hand gesture recognition is considered to be an important part of Human 

Computer Interaction (HCI), which gives computers the ability of capturing and interpreting hand gestures, and executing 

commands afterwards. The aim of this study is to perform a systematic literature review for identifying the most prominent 

techniques, applications and challenges in hand gesture recognition. To conducts a systematic review of existing literature review 

on hand gesture recognition, with a particular focus on existing methods that address the application of vision, sensor, and hybrid-

based methods in the context of hand gesture recognition. This systematic review covers the period from 2018 to 2025, making use 

of prominent databases including IEEE Xplore, Science Direct, Scopus, and Web of Science. The chosen articles were carefully 

examined according to predetermined criteria for inclusion and disqualification. Our main focus was on evaluating the hand gesture 

representation, data acquisition, and accuracy of vision, sensor, and hybrid-based methods for recognizing hand gestures. The results 

of this paper can be summarized as the following; the accuracy of discernment in scenarios that rely on the specific signer varies 

from 64% to 98%, with an average of 87.9% among the studies that were analyzed. On the other hand, in situations where the 
signer’s identity is not important, the accuracy of recognition ranges from 52% to 98%, with an average of 79% based on the 

research analyzed. The problems observed in continuous gesture identification highlight the need for more research efforts to 

improve the practical feasibility of vision-based gesture recognition systems. The findings also indicate that the size of the dataset 

continues to be a significant obstacle to hand gesture detection. Hence, this study seeks to provide a guide for future research by 

examining the academic motivations, challenges, and recommendations in the developing field of sign language recognition. The 

paper will discuss the gesture acquisition methods, the feature extraction process, the classification of hand gestures, the applications 

that were recently proposed, the challenges that face researchers in the hand gesture recognition process, and the future of hand 

gesture recognition. We shall also introduce the most recent research from the year 2016 to the year 2018 in the field of hand gesture 

recognition for the first time. 

 

Index Terms - Sign language recognition (SLR), vision-based hand gesture, hand gesture recognition (HGR), sensor-based hand 

gesture, hybrid-based hand gesture, classification, feature extraction. 

I. INTRODUCTION 

In our daily interactions, non-verbal communication plays a crucial role, conveying approximately 65% of human messages, 

compared to verbal communication, which accounts for only 35% [1], [2]. Nowadays, people increasingly use gestures to control 

daily devices such as televisions, computers, fans, and air-conditioning systems. Non-verbal communication includes body gestures 

like head movements, facial expressions, nodding, shaking the head, mouth movements, winking, eye gaze direction, body 

movements, arm gestures, and hand gestures. Effective HGR methods ensure robust human-computer interaction (HCI), offering 

alternatives to traditional tools like mice and keyboards [3]. Hand gestures are essential in daily activities, and automatic HGR is 

vital for natural nonverbal communication. SLR is particularly important in bridging the gap between hearing impaired and general 

communities by translating hand movements into speech or text, which is invaluable for communication, education, and 

rehabilitation, especially without a human interpreter. Despite extensive research on static and dynamic HGR systems for various 

applications, several challenges remain. These challenges include adapting to diverse inputs like environmental noise, signer 
variations, and language differences [4]. 

Meanwhile, gesture, defined as deliberate and expressive bodily motions involving the hands, fingers, face, arms, body, or head, 

serve as a prominent form of non-verbal communication in human interactions [5], [6]. Within the technology domain, tools of 

authority find heightened preference for leveraging hand gestures over alternative forms of gestural communication. This preference 

is substantiated by the facilitation of navigation and sustenance within the technology environment through the use of hand gestures 
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[7]. Consequently, an imperative arises for the employment of appropriate approaches in gesture recognition to interpret human 

hand gestures within machine learning settings. Gesture recognition, in this context, pertains to the identification of class labels 

from videos or images featuring gestures executed by users. This recognition capability assumes paramount significance in 

discerning and responding to the nuanced intricacies of hand gestures within the virtual domain [8].  

In the domain of virtual reality (VR), the application of gesture recognition models is pervasive across various fields [9]. For 

instance, author [10] proposed an application for computer mouse control, using an algorithm and specific hand features to optimize 

performance and enhance user comfort. In a different context, author [11] presented a method for automatic gesture recognition 

intended to recognize hand gestures during virtual reality (VR) training in crane rigging operations. Similarly. Proposing a universal 

approach, author [12] recommended a standardized set of gestures for VR interaction, drawing inspiration from the versatility 

observed in desktop computing mouse control across diverse applications. 

Hand movements in this context are classified into two distinct categories: ‘‘static’’ and ‘‘dynamic.’’ A static-gesture is similar to 

a signature, in which the precise hand movements do not contribute significantly to the gesture. Instead, the hand itself is of utmost 

importance [13]. On the contrary, dynamic hand gestures are contingent upon both the shape and motion of the hand, constituting 
essential components of the gesture and a critical aspect of human motion perception. Nevertheless, the complexity of this task is 

further complicated by the greater variety in hand shapes and significant interferences found between fingers, which poses a 

significant difficulty for accurately capturing dynamic hand movements utilizing single-camera video sensors. The performance of 

video-based hand gesture detection is greatly limited by these limitations [14]. 

SLR represents a critical domain of investigation with the overarching objective of ameliorating communication barriers for the 

hearing impaired-mute community as mentioned. This area of research seeks to employ computer vision technology to translate 

sign language gestures into either textual or spoken formats [15]. Its multidisciplinary nature integrates elements of computer 

science, artificial intelligence, and linguistics to address the intricate challenges posed by the swift and highly co articulated motions 

inherent in sign language. The complexity of recognizing gesture sequences within sign language compounds the difficulty of this 

endeavour [16]. 

 

Furthermore, the purview of sign language recognition extends beyond general applications to encompass specific domains such as 

finger spelling recognition and hand pose recognition. These domain-specific advancements cater to the diverse linguistic needs 

inherent in different sign languages. Consequently, the focus of research lies in the creation of SL systems that are designed 

specifically for particular SL, such as Arabic SL and Indigenous People SL [17]. This underscores the imperative of adopting 

language specific approaches to account for the nuanced intricacies of different sign languages. These language-specific endeavours 

not only enhance the inclusivity of sign language recognition but also contribute to a more comprehensive understanding of the 

diverse linguistic modalities within the hearing impaired mute community. Moreover, the integration of contextual and 

contextualized information within sign language recognition systems represents an area of burgeoning interest. The integration of 

contextual indicators, including body language and facial expressions, is designed to enhance the precision and resilience of the 
recognition procedure. This holistic approach acknowledges the multimodal nature of sign language communication, recognizing 

that gestures are embedded within a broader context of non-verbal expression [18]. 

Thus, the aim of this research is to perform a thorough examination of current methods used for hand gesture recognition, more 
specifically for sign language recognition (SLR), in order to gain a present state of hand gesture recognition systems in this field. 

Furthermore, this study attempts to present a roadmap for the technological evolution of SLR systems, delineating their features 

and elucidating the existing limitations of current technology. The methodology used in this study adheres to the principles outlined 

in Noraini’s paper [8], Zinah’s paper [3] and other pertinent research publications, thereby ensuring a systematic approach to both 

the Systematic Literature Review and the Systematic Mapping Study conducted herein. 

 

II. PROBLEM BACKGROUND 

HGR is a technology that translates hand movements in sign language into text or speech. It can be divided into vision-based and 

device-based systems based on how they capture hand gestures [19], [20]. Vision-based HGR systems offer a more natural 

interaction experience as users do not need to wear any cumbersome devices. These systems find wider applications in outdoor 

settings due to their ease of use. However, challenges arise in handling dynamic sign language datasets containing both isolated and 

continuous gestures. Existing research focuses on recognizing isolated gestures, limiting their practical applicability. More robust 

feature extraction and discrimination methods are necessary to enhance vision-based systems. A temporal modelling-based HGR 

system is also needed. Due to numerous applications, HGR has sparked significant research interest, as highlighted in numerous 

review papers [21]. 

In 2013, Chen et al. surveyed the HGR methodology, vision-based, depth-based and glove-based approach [22]. Check et al. 

surveyed the state-of-the-art approach used in the hand gesture-based recognition system in 2019. They summarized the hand feature 
recognition system’s pre-processing, segmentation, augmentation and classification technique [23]. Aloysius et al. surveyed only 

vision-based video or continuous sign language recognition (CSLR system) in 2020 [24]. By including the dynamic dataset based 

HGR, Wadhawan et al. surveyed academic literature spanning from 2007 to 2017, where they included six key dimensions such as 

dataset collection approach, different types of signs based on time, mode of sign, one-hand or two-hand sign, classification approach 

and rates of recognition in 2021 [25]. Ratsgoo et al. surveyed vision-based HGR for SLR in 2021 [26]. Recent surveys have further 

expanded the field, such as Jain et al. provided a comprehensive review of DL approaches for HGR in 2022, focusing on 

advancements in model architectures and applications in human-computer interaction [26].  

In 2024, In light of the existing communication obstacles, numerous researchers have suggested to implement of SLR system, 

presenting a promising solution to address challenges experienced by individuals with hearing impairments and the broader 

community. As an example, in a study by [27], an unsupervised learning methodology was suggested as a potential solution to the 

issue of hand movement in continuous sign language. By implementing vision-based modelling, the establishment of such a system, 
known as a Sign Language Recognition (SLR) system, is intended to improve the identification and comprehension of sign language 

gestures. The principal objective is to foster inclusiveness and eradicate enduring communication obstacles that exist between 

individuals with hearing impairments and the broader community.  

Within the domain of sign language, every expression consists of two essential parts: the manual and nonmanual elements. The 

manual aspects encompass factors like hand movement, orientation, location, and shape, while the non-manual elements include 
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body-posture, mouth gestures, and facial-expressions [3]. It is noteworthy that the primary means of conveying signs predominantly 

relies on the manual components, as depicted in Figure 4. 

                                                       Figure 4. Sign Language comprises two integral parts. 

The vision-based method entails capturing gesture picture data using a camera and then utilizing image-processing technology to 

identify motions [28]. This system is designed to be easily used by the user, eliminating the necessity for the user to wear any 

additional equipment. However, the development of this technology is hard, requiring sophisticated and extensive calculations for 

the formulation of algorithms in feature and movement recognition [30]. In addition, it is prone to problems related to fluctuations 

in lighting conditions [28], [29], [30]. In contrast, the sensor-based technique requires the use of a sensory-glove-device to 

accurately measure finger bending, hand position, and movement. The strategy utilizing a data glove achieves superior precision, 

rapid reactivity, and improved manoeuvrability [5]. Nevertheless, this approach places a strict limitation on the structure of the 

hand, leading to a certain level of discomfort [31]. Significantly, it removes the need for pre-processing and segmentation [32]. 

III. REVIEW OF LITERATURE ON VISION-BASED 

In vision-based, the procedure generally consists of many phases: data gathering, pre-processing, segmentation, feature extraction, 

and classification. These stages are categorized as shown in figure 7 [33].  Static gesture recognition involves analyzing individual 

image frames, while dynamic sign languages include analyzing continuous video frames. The main distinction between vision-
based approaches and sensor-based approaches lies in their respective techniques for acquiring data [34]. The methods and 

approaches employed by researchers in the field of vision-based gesture-recognition are examined in the sections that follow. 

 

                                                                Figure 7. Vision-based recognition process. 

 
A. DATA ACQUISITION  
Gesture recognition systems that rely on vision-based data acquisition utilize sequences of images. These systems use various 

image-capturing devices, including video cameras, webcams, stereo cameras, infrared cameras, and more sophisticated active 
methods such as Kinect and LMC (Light Measuring Camera). Vision-based approaches analyze the visual information captured by 

these devices to interpret and recognize gestures [34]. Stereo cameras, Kinect, and LMC are 3D cameras that capture depth and 

visual data.  
B. IMAGE PRE-PROCESSING 

Image pre-processing is the phase where image/video inputs are altered to improve the system’s performance. Commonly used 

methods for reducing noise in captured photos or videos involve using median filters and Gaussian filters. It is worth mentioning 

that in certain research cases [35], just median filtering has been used during the pre-processing phase. In addition, morphological 

techniques are widely used to remove undesirable information. For example, author [36] utilized a sequence in which the input 

image initially converted into a binary image using a thresholding technique. Then, gaussian and median filters were applied to 

eliminate any noise present in the image. Following then, morphological operations were utilized as an essential pre-processing 

phase. 
C. SEGMENTATION 

In the domain of image processing, image segmentation pertains to the procedure of partitioning images into discrete and 

recognizable components [37-40]. This step focuses on isolating the Region-of-Interest (ROI) from the rest of the image. 

Segmentation techniques are broadly categorized into two types: contextual and non-contextual. Contextual segmentation involves 

examining spatial relationships between features, often employing techniques like edge detection. In contrast, non-contextual 

segmentation ignores spatial connections and groups pixels based on overall characteristics [41]. 
D. FEATURE-EXTRACTION 

Feature extraction involves the transformation of significant elements within input data into condensed sets of feature vectors [41]. 
This process is essential in pattern recognition and data analysis, as it helps distill relevant information from the raw input, 

facilitating more efficient and effective processing. Within the context of gesture recognition, the extracted features should include 

pertinent information from the input of hand movements. These features should be presented in a concise way that distinguishes 

the gesture being classed from other gestures. These can be classified as PCA, LDA, and FEFD. 
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E. CLASSIFICATION 

Machine learning classification involves the use of supervised and unsupervised algorithms [42]. In supervised machine learning, 

the system undergoes training to identify distinct patterns in input data, and this obtained knowledge is then utilized to make 

predictions about future data. This method entails using a collection of pre-existing labelled training data to deduce a function that 

helps identify patterns in new, unlabeled data [43]. In contrast, unsupervised machine learning is specifically designed to extract 

meaningful information from datasets in which the input data does not have a labelled response [43]. Here is the example that 

scholars have used. 
1) SUPPORT VECTOR MACHINE 

Support Vector Machines (SVM) is a supervised machine learning approach designed to identify the optimal hyperplane for 

categorizing input data points. SVM achieves the maximum margin around the separating hyperplane by employing optimization 

approaches [44]. Two hyperplanes, which accurately describe the data, are identified. The research conducted on gesture databases 

provide evidence that linear kernel SVM outperforms non-linear Gaussian kernels. Specifically, the accuracy of linear SVM 
classification with a set of 14 ESL declined from 99.2% to 82.3% as the number of gestures increased to 25 ESL. Encouraging 

outcomes have been attained through significant investigations exploring the application of Scale-Invariant Feature Transform 

(SIFT) in feature extraction. Subsequently, these features undergo quantization via K-means clustering, and the mapping into a 

Bag-of-Features (BoF) is performed, followed by classification using Support Vector Machines (SVM). 
2) ARTIFICIAL NEURAL NETWORK 

Artificial Neural Networks (ANNs) are computational systems designed to process information, mirroring the performance 

characteristics observed in biological neural networks. In essence, ANNs simulate the way biological neurons interconnect and 

communicate to enable learning and information processing in a machine context [44]. ANN can be defined by three essential 

parameters: the arrangement of connections between different layers of neurons, the given weights for these connections, and the 

activation function that determines the behaviour of each neuron.  
3) K-NEAREST NEIGHBOR (KNN) 

The K-Nearest Neighbours (K-NN) method is a non-parametric statistical approach for classifying input data based on the majority 

vote from its neighbouring data points. The class assigned to the data is determined by the most prevalent class among its k closest 

neighbours. The literature under consideration reflects a global perspective on sign language recognition, encompassing various 

languages. American Sign Language (ASL) takes precedence with 56 instances, followed by Arabic, Indigenous People, Chinese, 

Malay, German, Turkish, Brazilian, and other languages. This highlights the cross-cultural applicability and importance of creating 
recognition systems tailored to different linguistic nuances. The upcoming Table 1 will demonstrate the literature review of gesture 

recognition. It will discuss the focus of each proposed methodology, followed by discussions. 

Table 1. Literature review of gesture recognition. 
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     Ibraheem & Khan 
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The discussion of this body of work illuminates a clear trajectory from simple recognition in controlled environments to 
sophisticated, real-time interaction in complex settings. The integration of multimodal data, advancements in sensor technology, 

and the application of cutting-edge machine learning algorithms have transformed vision-based hand gesture recognition into a 

dynamic field with significant implications for how humans interact with machines. As the technology continues to mature, future 

research will likely tackle the remaining challenges of generalizability across diverse user populations and environments, as well 
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as the seamless integration of these systems into a broader range of applications, from assistive technologies to immersive virtual 

reality experiences. 

On the other hand, Table 2 is set to review the literature on vision-based dynamic gesture recognition. It categorizes the body of 

work into four principal sections: classification, feature extraction, segmentation, and scope as static table. The organization of the 

table aims to facilitate an in-depth examination of the different strategies utilized in the identification of static gestures, offering an 

insightful look at their distinct features and the extent of their implications in various applications. 

As it can be seen from this table, the array of research from 2018 to 2025 on vision-based dynamic gesture 
 

Table 2. Literature review of vision based static gesture recognition. 
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[53] 

 
Gao et al. 

 
2022 

 
Dynamic Hand Gesture 
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        [53] 

Rajbonshi et 
al. 

 
2022 
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Media Players 

 
        [54] 
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2022 
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         SVM-based 
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        [55] 
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Jiang et al. 

 
2018 
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CNN 
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        [57] 

 
Liu et al 

 
2018 
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        [57] 

 

Cheng et al. 

 

2016 

 

3D Hand Gesture 

 

Hand modelling 

 

Gesture recognition 

Gesture Recognition 

         
        [58] 

 
Gao et al. 

 
2017 

 
Static Hand Gesture 

 
CNNs 

 
       Space HRI 

Human-Computer 
Interaction 

         
        [58] 

 
Xu et al. 

 
2013 

 
Sparse Representation 

 
Kinect-based 

Hand Gesture 
Recognition 

Human-Computer 
Interaction 

      

       [59] 

 

Raj et al. 

 

2012 

 

      FPGA-based 

 

Gesture  recognition 

Artificial Intelligence Computing and 

Image Processing 

       
       [60] 

Zhang & Yun  
2010 

Robust Gesture Recognition  
Distance recognition 

Skin-colour 
Segmentation 

Gesture Recognition 

        
       [61] 

Pavlovic et al.  
1997 

 
Visual interpretation 

Gesture representation  
Feature extraction 

Human-Computer 
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Recognition showcases remarkable progress and diversity in methodologies, reflecting the interdisciplinary nature of the field. 

Initially, methods were rooted in manual feature labelling and basic machine vision techniques, as depicted in Pavlović et al.’s 1997 

seminal work, which focused on the visual interpretation of hand gestures for human-computer interaction. These efforts laid the 

groundwork for the integration of more sophisticated machine learning algorithms and sensor technologies. By 2013, the field had 

advanced to incorporate featured-based segmentation methods using neural networks, indicative of the growing trend towards 

artificial intelligence in gesture recognition. The subsequent years saw a significant tilt towards multimodal and sensor-based 

approaches, especially with the use of CNNs for gesture recognition, such as the two-stream CNN framework for American Sign 
Language recognition in 2015 and 2019. These models leveraged multimodal data fusion and deep learning to interpret complex 

gesture dynamics more effectively. 

Future research will likely continue to push the boundaries of what’s possible with vision-based hand gesture recognition, delving 

into areas such as three-dimensional modelling, gesture prediction, and the integration of haptic feedback to provide a more tactile 

experience. As these technologies mature, we can expect them to become increasingly inte- grated into our everyday lives, changing 

the way we interact with our digital environments. 

 

VIII. CONCLUSION 

The current landscape highlights a notable lack in persons’ proficiency in using sign language to communicate with the hearing 

impaired. It is essential to rectify this deficiency in order to promote social engagement with this community. This research primarily 

investigates sign language recognition (SLR) within the field of hand gesture recognition. This study conducts a systematic analysis 

of the literature to thoroughly examine the current status, difficulties, reasons, and suggestions related to the recognition of sign 
language in the field of hand gestures. 

The focus of our systematic literature review was to investigate several methods for recognizing sign language using vision-based, 

sensor-based, and hybrid-based approaches specifically for hand motions. Vision-based methods lever- age visual information, 

sensor-based approaches acquire data from sensors embedded in gloves, capturing parameters like bend, hand orientation, and 

rotation. This sensor-based method demonstrates resilience to environmental conditions, ensuring more accurate data by mitigating 

factors such as performer location and background conditions. However, it is acknowledged that the sensor-based approach has its 

drawbacks, being perceived as cumbersome and bulky due to the requirement of wearing multiple boards and sensors for precise 

sign capture. 
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Nevertheless, the authors suggests that the trajectory of future hand gesture recognition studies should encompass the translation of 

non-manual signs, an aspect often overlooked in existing works. Moreover, expanding datasets to encom- pass a more extensive 

lexicon, particularly dynamic words, is identified as a critical imperative. While prevailing models predominantly focus on isolated 

sign language recognition, a forthcoming change in perspective requires tackling the difficulties of ongoing SLR. To this end, the 

study underscores the significance of employing deep learning algorithms for sign classification, positing their potential to enhance 

the efficacy of gesture recognition. A crucial recommendation put forth is the reduction in the size of hardware used in glove 

systems to enhance their conformability and mobility. This adjustment aligns with the evolving landscape of wearable technology, 
emphasizing the importance of unobtrusive and user-friendly designs. Lastly, the authors propose a future investigation into the 

trade-off between device robustness and sensitivity, acknowledging the need for striking an optimal balance to enhance the overall 

effectiveness and user experience of sign language recognition systems. These recommendations collectively chart a course for 

future research supports, aiming to bridge existing gaps and elevate the capabilities of sign language recognition technologies. 
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