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Abstract. Against the backdrop of rapid Artificial Intelligence (AI) and Internet of Thing (IoT)
advancement, traditional HCI modalities (keyboards, mice) show limitations, spurring attention to
intuitive gesture interaction—a core part of NUIs. This technology mainly has two routes.
Vision-based systems use cameras, with deep learning (e.g., YOLOv5 for hand detection, CNN for
feature extraction) enabling tasks like keypoint and spatio-temporal feature analysis, and real-time
recognition via stereo image fusion. Sensor-based systems include wearable (EMG sensors, smart
gloves) and non-wearable (Leap Motion, Kinect, WDHS) devices, with multi-sensor fusion
enhancing robustness; bioimpedance measurement is an emerging non-wearable method. These
technologies apply to intelligent HCI, disability assistance, VR/AR, and healthcare but face
challenges like poor environmental robustness and high computing demands, playing a key role in
advancing HCI. Looking forward, gesture recognition is expected to evolve toward more natural,
adaptive, and multimodal interaction modes by integrating speech, eye tracking, and emotion
recognition for context-aware communication.
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1. Introduction
With the rapid advancement of artificial intelligence (AI) and the Internet of Things (IoT)

technologies, human-computer interaction (HCI) technology—serving as a bridge connecting
humans and the digital world—is undergoing a revolutionary transformation. While traditional
human-computer interaction (HCI) modalities such as keyboards, mice, and touchscreens are
well-established and reliable, they exhibit inherent limitations in certain scenarios, failing to meet
the increasingly diversified interaction requirements. Gesture interaction, as a natural and intuitive
interaction modality, has garnered widespread attention in recent years. Gesture interaction
technologies based on vision and sensors enable a more natural and efficient human-computer
interaction experience by capturing and interpreting human gestural movements. As a crucial
component of natural user interfaces (NUIs), these technologies have achieved remarkable
technological breakthroughs in recent years, thereby demonstrating significant research value and
promising application prospects [1].

The development of gesture interaction technology originates from the emulation and extension
of humans' natural communication modalities. In daily communication, humans extensively utilize
gestures to convey information, express emotions, and enhance communication efficacy. The
introduction of this natural interaction modality into the field of human-computer interaction (HCI)
can reduce learning costs and enhance interaction efficiency, and it exhibits unique advantages
particularly in emerging application scenarios such as virtual reality (VR), augmented reality (AR),
and smart homes. Vision-based gesture recognition technology relies primarily on cameras to
capture gesture images, which are then analyzed and recognized via computer vision algorithms. In
contrast, sensor-based gesture recognition leverages devices such as accelerometers, gyroscopes,
and electromyographic (EMG) sensors to collect gesture motion data. These two technical routes
each possess distinct characteristics, complement one another, and collectively drive the
advancement of gesture interaction technology [2, 3].
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Investigating vision-based and sensor-based gesture interaction technologies holds multifaceted
significance. First and foremost, it expands the modalities of human-computer interaction (HCI),
rendering the interaction process more natural and intuitive, which aligns with human cognitive
habits. Secondly, this technology can be applied to a variety of specialized scenarios, such as
situations in virtual reality (VR) environments that require free hand operations [4], or scenarios in
medical settings that demand aseptic operations [5]. Furthermore, gesture interaction technology
offers new interaction possibilities for people with disabilities [6], contributing to bridging the
digital divide. Finally, with the popularization of the Internet of Things (IoT) and smart devices,
gesture interaction—as a contactless interaction modality—has also demonstrated unique value in
terms of public health. Consequently, in-depth research on vision-based and sensor-based gesture
interaction technologies carries significant implications for advancing the development of the
human-computer interaction (HCI) field and meeting diverse application requirements.

2. Progress in the Technical Field
As a crucial component of natural user interfaces (NUIs), gesture recognition technology is

mainly categorized into two types: vision-based methods and sensor-based device methods [7].
While traditional gesture recognition methods rely primarily on rectangular windows for
training—resulting in limited detection accuracy [8]—in recent years, with the advancement of
deep learning and multi-modal fusion technology, significant technological breakthroughs have
been brought about for gesture recognition [9, 10].

2.1. Progress in Vision-Based Technology
A vision-based gesture recognition system acquires images or video streams via a camera and

utilizes computer vision algorithms for gesture detection, tracking, and recognition. This method
features the characteristics of being natural and intuitive, and it does not require users to wear
additional devices—thus, it has garnered widespread attention [11].
2.1.1 Hand Detection and Tracking

Hand detection is the first step in gesture recognition, and it aims to accurately locate hand
regions from images or videos [10, 12]. In real-world scenarios such as complex backgrounds,
lighting variations, and hand occlusions, efficiently and accurately detecting and tracking bare
hands remains a challenge [8]. Traditional methods typically use rectangular windows for hand
detection, but they achieve poor performance when handling the diversity of hand appearances [8].

Modern approaches leverage deep learning models, such as YOLOv5, to achieve robust hand
detection [13]. For instance, the HGR-FYOLO system utilizes a frozen YOLOv5 model to improve
gesture recognition performance for both individuals with normal limb function and those with limb
impairments—particularly excelling in handling adverse lighting and complex backgrounds [13].
Additionally, some studies enhance the accuracy of hand detection by analyzing keypoints of the
overall human body, body parts, and bare hands in images [8] (Fig. 1).

Fig. 1 It illustrates the detection process—starting from the overall image, moving to various body
parts, and then to bare hand keypoints—demonstrating the critical role of accurately locating the

hand in gesture recognition [8].
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2.1.2 Gesture Feature Extraction
Gesture Feature Extraction is the core link in gesture recognition, and it aims to extract key

information that can distinguish different gestures from the detected hand regions [9].
Pose Estimation and Keypoint Detection: The human hand has multiple joints, making its pose

estimation complex. To address this, researchers have proposed various frameworks; for example,
the HandyPose system implements hand pose estimation by leveraging [14] (supplementary
technical details) and uses hand keypoints (e.g., cascaded fingertips, palm centers) to achieve
accurate gesture recognition [15]. These keypoints can form a skeletal representation of the hand,
which serves as the basis for gesture recognition.

Spatio-Temporal Feature Extraction: For dynamic gestures, in addition to spatial features,
temporal features are equally important [16, 17]. For example, the American Sign Language (ASL)
finger spelling recognition system combines MobileNetV3-Small for spatial feature extraction and
extracts short-range and long-range temporal features via a Variable-Length Filter Temporal
Convolutional Neural Network (VTCNN) to capture robust representations of dynamic gestures
[16]. In addition, 3D hand trajectories and geometric features (such as the number of inflection
points, quadrant sequences, and curvature) are also used for gesture recognition [17].

Multi-Modal Feature Fusion: Fusing multi-modal features from RGB images and depth images
can improve the accuracy of gesture recognition [9]. For example, some studies have proposed a
deep learning-based end-to-end hybrid system for hand detection and gesture recognition, which
enhances recognition performance by integrating information from different modalities [12].
2.1.3 Application of Deep Learning Models

Deep learning plays a crucial role in the field of gesture recognition, particularly convolutional
neural networks (CNNs) [10, 17]. CNNs can automatically learn high-level features from raw
image data, eliminating the tediousness of manual feature design in traditional methods [8, 17].
CNN and SIFT: In Pakistani Sign Language (PSL) recognition, combining CNN and the SIFT
(Scale-Invariant Feature Transform) algorithm can effectively improve the recognition rate [17].
SIFT keypoints play an important role in various computer vision applications such as image
matching, gesture recognition, autonomous driving, face recognition, and image stitching [19] (Fig.
2).

Fig. 2. It illustrates the wide application of keypoint technology in fields such as 3D reconstruction,
image matching, and gesture recognition, and other fields—highlighting the importance of feature

extraction methods like SIFT [19]
Multi-Task Learning: For complex sign language recognition tasks, Multi-Task Learning (MTL)

can handle multiple related tasks simultaneously, thereby enhancing overall performance [16]
Real-Time Recognition: To achieve real-time human-computer interaction, researchers are

committed to developing efficient deep learning models [10, 20]. For example, a real-time and
robust visual gesture recognition method using stereo images improves recognition accuracy by
fusing information from left and right images and adopting rule-based methods [20].
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2.2. Progress in Sensor-Based Technology
A sensor-based gesture recognition system captures gesture data via wearable or non-wearable

sensors, and then analyzes and recognizes the data [21].
2.2.1 Wearable sensors

Wearable sensors are typically worn directly on the user's body, such as data gloves and EMG
sensors, among others [22].

Electromyographic (EMG) Sensors: Electromyography (EMG) measures the electrical activity of
muscles, and gesture recognition is performed via machine learning algorithms [21]. Despite the
significant progress made by multimodal theories and machine learning algorithms in the field of
EMG interfaces, the collection and annotation of large amounts of data remain labor-intensive and
time-consuming [21].

Smart Gloves: Smart gloves can detect a wide range of gestures and synchronize signals to
smartphones or other devices via Bluetooth and other means to enable human-computer interaction
[23] (Fig. 3).

Fig. 3 It illustrates various gesture poses detected by smart gloves and the process of synchronized
signal transmission—highlighting their application potential in gesture recognition [23].

Multi-Channel Sensor Fusion: To improve recognition robustness, researchers fuse and use
multiple types of sensors, such as EMG sensors, 3-axis accelerometers, and 3-axis gyroscopes,
along with other sensors [22]. For example, a system designed for Indian Sign Language (ISL)
recognition acquires data using multi-channel surface electromyography (sEMG), 3-axis
accelerometers, and 3-axis gyroscopes placed on both forearms [22].
2.2.2 Non-Wearable Sensors

Non-wearable sensors include depth cameras, radars, and Wi-Fi-based sensors (utilizing Wi-Fi
signals), among others—these sensors do not require users to wear any devices to capture gesture
information [24].

Leap Motion: Leap Motion is a high-precision hand-tracking device that can provide detailed
data such as fingertip direction and position, and is commonly used for gesture recognition and pose
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tracking [21, 25]. It achieves precise capture of hand poses through the conversion between its own
coordinate system (RF_L) and the hand coordinate system (RF_H) [21] (Fig. 4).

Fig. 4 It illustrates how the Leap Motion device tracks fingertip position and direction through
coordinate system conversion—highlighting that this process is key to its precise hand gesture

capture [21]
However, despite the excellent performance of devices such as the Leap Motion Controller 2 in

hand pose recognition, capturing diverse hand poses—especially under multi-view and complex
backgrounds—still requires the support of high-quality datasets [15]. To address this, some studies
have proposed a multi-view Leap2 Hand Pose Dataset (ML2HP Dataset), which uses two Leap
Motion Controller 2 devices to capture multi-angle and diverse hand poses [15].

Kinect Sensors: Kinect sensors are widely used in motion-sensing games. They track and
analyze human movements using computer vision technology to achieve gesture recognition [26].

Wireless Device-Independent Human Sensing (WDHS): Wireless Device-Independent Human
Sensing (WDHS) technology has made significant progress over the past decade, covering a wide
range of applications from activity recognition to vital sign monitoring [24]. It detects human
presence and movement through wireless signals (such as Wi-Fi and radar), enabling three major
categories of sensing tasks: behavior recognition, motion tracking, and user identification [24].
Specifically, WDHS can recognize various limb movements (including gestures) and perform
full-body motion tracking as well as vital sign monitoring [24].

2.3. Bioimpedance Measurement
Bioimpedance measurement is an emerging non-wearable gesture recognition method [27]. For

example, a novel dual-electrode frequency-sweeping gesture recognition system based on
bioimpedance measurement increases the diversity of impedance data by collecting data from the
back of the hand and adopting a frequency-sweeping method—thus achieving high-precision
recognition of common gestures and pinch gestures while reducing measurement complexity and
the number of electrodes [27]..

3. Progress in Application Fields
Vision-based and sensor-based gesture recognition technologies have demonstrated great

application potential in multiple fields, driving the innovation and development of human-computer
interaction.

3.1. Intelligent Human-Computer Interaction
Gesture recognition is an important approach to realizing natural human-computer interaction

(NHCI) [27-29].
Traditional PC Replacement: Compared with the traditional keyboard-and-mouse interaction

mode, gesture recognition can provide a more natural, flexible, and intuitive way of information
transmission [26].
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Industrial Control: In industrial cyber-physical systems (ICPS), gesture recognition technology
can enhance human-robot collaboration and improve production efficiency [30]. For example,
gesture recognition can be used to control the speed or task mode of collaborative robots (cobots),
such as "collab. in Task 1" or "speed control". During the interaction between humans and cobots,
gesture detection is a key link to achieving safe and intuitive human-robot collaboration [30].

Smart Homes and Wearable Devices: In smart homes, gesture recognition technology can be
used to control various smart devices, realizing a more convenient life experience [31]. In the field
of wearable devices, gesture recognition also provides users with new interaction methods—for
instance, controlling smartwatches or augmented reality (AR) glasses via gestures [31].

3.2. Assisting People with Disabilities
Sign language recognition is the most direct application of gesture recognition technology in

assisting people with disabilities [17, 22].
Sign Language Recognition Systems: Efficient sign language recognition systems can help deaf

and hard-of-hearing people communicate with hearing people [22]. For example, the Indian Sign
Language (ISL) recognition system realizes the recognition of new users’ sign language through
multi-channel sensor data and transfer learning algorithms [22]. Meanwhile, the Pakistani Sign
Language (PSL) recognition system uses CNN and SIFT algorithms, which significantly improves
the performance of sign language recognition [17].

Hand Rehabilitation Training: Gesture recognition technology can be used to monitor and
evaluate the hand movements of patients with limb impairments, assisting in rehabilitation training
[24].
Interaction for People with Limb Impairments: For people with limb impairments who have a small
number of fingers, robust gesture recognition systems such as HGR-FYOLO enable them to interact
with desktop applications more easily [13].

3.3. Virtual Reality (VR) and Augmented Reality (AR)
Gesture recognition is a key technology for achieving immersive interaction in the VR/AR field
[32].

Gaming and Entertainment: In VR games, gesture recognition enables players to interact with
the virtual world through natural gestures, enhancing the game’s immersion and authenticity [26].
For example, ARGo—a mobile Go collision game based on augmented reality—simulates the
interactive experience of real Go through gesture recognition33].

Virtual Object Manipulation: In VR/AR environments, users can grab, move, and rotate virtual
objects through gestures, enabling intuitive manipulation [22]. For instance, a gesture of moving an
open palm to the right can represent horizontal scrolling, hands pressed together can represent
pausing, and both hands pointing downward can indicate vertical scrolling [22] (Fig. 5).
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Fig. 5 illustrates various gestures and the meanings they may represent in different application
scenarios—highlighting the diversity of gestures in virtual interaction [22]

3.4. Medical Healthcare
The application of gesture recognition in the medical field is mainly reflected in aspects such as

aided diagnosis, rehabilitation training, and telemedicine [34]. For example, in Magnetic Resonance
Imaging (MRI) image enhancement: Despite the fact that gesture recognition itself does not directly
enhance MRI images, it can help doctors operate image display systems more efficiently in medical
environments to conduct rapid diagnosis [34]. Specifically, doctors can adjust contrast or fuse
images via gestures to improve the visual effect and quality of medical images [34].

3.5. Other Applications
Gesture recognition technology is also widely applied in fields such as autonomous driving,

security monitoring, face recognition, vehicle tracking, and object recognition, among others [22].
Furthermore, in the construction of smart cities, the combination of self-powered sensor
technologies (e.g., triboelectric nanogenerators, TENGs) with gesture recognition can support the
digitalization and decentralized development of smart cities [31].

4. Future Outlook and Issues to Be Addressed
Despite the significant progress made in gesture recognition technology, it still faces numerous

challenges and development opportunities.
Robustness Issues: In complex and variable real-world environments, gesture recognition

systems still suffer from insufficient robustness. For example, factors such as lighting variations,
complex backgrounds, hand occlusions, individual differences (e.g., skin tone, hand shape),
different viewing angles, and motion blur can all significantly affect recognition accuracy [8, 13,
36]. Addressing these issues requires more robust feature extraction and model generalization
capabilities.

Diversity and Ambiguity of Gestures: Gestures exhibit a wide variety, and they may carry
different meanings in different cultural backgrounds; even the same gesture can be ambiguous in
different contexts [35]. How to effectively recognize and understand the semantics of gestures
remains a long-term challenge for gesture recognition technology.

Real-Time Performance and Computational Resources: For many application scenarios (e.g.,
VR/AR, industrial control), gesture recognition requires high real-time performance [10, 20].
However, complex deep learning models often demand substantial computational resources, which
poses a challenge in embedded devices or resource-constrained environments. Future research
needs to explore the design of lightweight and efficient models [13].

Data Annotation and Datasets: High-quality, diverse gesture datasets are crucial for training deep
learning models [15, 21]. Nevertheless, the collection and annotation of gesture data are
labor-intensive and time-consuming, which limits the further development of models [21]. It is
necessary to develop more efficient data augmentation techniques and
unsupervised/semi-supervised learning methods.

User Experience and Personalization: How to design gesture interaction methods that are more in
line with user habits, more intuitive, and more personalized is key to improving user experience
[39]. For example, heuristic research can be used to identify user-preferred gesture sets, while
considering the physical and cognitive characteristics of different users [39].

Multimodal Fusion Optimization: Although multimodal fusion has been proven to improve
gesture recognition performance, in-depth research is still needed on how to better fuse data from
different modalities (such as visual, depth, inertial sensors, and electromyography) and address the
heterogeneity between modalities [9, 21].
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Privacy and Security; In public places or sensitive applications, gesture recognition may involve
issues related to user privacy and data security. For instance, machine learning algorithms on
touchscreen devices can enhance security, but gesture recognition may also bring new security
challenges—thus requiring a balance between convenience and security [36].

More Natural Interaction Modes: With technological development, gesture recognition will
further integrate with multiple modalities such as speech, eye tracking, and haptic feedback to
achieve a more natural and seamless human-computer interaction experience. For example,
combining with emotion recognition, the system can better understand the user’s intent and
emotions [18].

Ubiquitous Gesture Recognition: Future gesture recognition will no longer be limited to specific
devices or environments, but will enable "anytime, anywhere" ubiquitous sensing. Wireless
Device-Independent Human Sensing (WDHS) technology—such as sensing based on Wi-Fi or
radar—will play a greater role in achieving device-independent fine-grained gesture recognition
[24].

Adaptive and Personalized Learning: Systems will be able to dynamically adjust recognition
models based on users’ habits, preferences, and learning curves, providing personalized gesture
interaction experiences [39]. For instance, one-shot gesture learning methods allow the system to
quickly adapt to gestures from new users or in new scenarios [39].

Deep Integration with Artificial Intelligence: Gesture recognition will be deeply integrated with
more advanced artificial intelligence (AI) technologies, such as Natural Language Processing (NLP)
and context awareness. This will enable systems to understand the intent and context behind
gestures, achieving more intelligent decision-making and responses [37].

Advanced Materials and Sensor Technologies; Advanced materials and sensor
technologies—such as new conductive hydrogels and triboelectric nanogenerators (TENGs)—will
bring more compact, more sensitive, and lower-power-consumption solutions to gesture recognition
[23, 31]

Expansion of Cross-Domain Applications: Gesture recognition will be applied in more vertical
fields, such as surgical assistance, remote collaboration, artistic creation, and cultural heritage
preservation [38].

5. Conclusion
In summary, vision-based and sensor-based gesture interaction has made great progress and

shown strong potential in fields like VR, smart homes, healthcare, and industrial control. With the
help of deep learning and advanced sensors, recognition accuracy and robustness have improved,
supporting more natural and efficient human-computer interaction. However, challenges such as
environmental adaptability, real-time performance, gesture ambiguity, and data privacy still remain.
Future research will focus on lightweight models, multimodal fusion, and user-centered design. As
technologies like edge computing and smart sensors mature, gesture interaction will become more
natural, intelligent, and widely used in everyday life.
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