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This paper presents an Advanced Gesture-Based Virtual Mouse system 

that enables touchless, real-time control of a computer cursor through 

hand gestures captured by a standard webcam. The proposed system 

leverages Google’s MediaPipe framework for robust skeletal hand 

landmark detection and OpenCV for efficient video frame processing. 

Specifically, the system tracks twenty-one anatomical hand landmarks 

per frame, using Landmark 8 (index fingertip) for cursor movement and 

computing the Euclidean distance between Landmark 4 (thumb tip) and 

Landmark 8 to detect a pinch-click gesture. A bilinear affine coordinate 

transformation maps the index fingertip’s pixel position within a 

predefined active camera zone to full screen coordinates, and an 

exponential weighted smoothing algorithm suppresses jitter to ensure 

fluid cursor motion. The click mechanism employs a real -time Euclide 

an distance threshold, triggering a mouse click event only when the 

inter-landmark distance falls below 35 pixels, with a 200 ms debounce 

interval to eliminate accidental double-clicks. Implemented in Python 

using the PyAutoGUI automation library, the system operates at approx

imately 28–32 frames per second on standard consumer hardware, 

achieving a click detection accuracy exceeding 94% under controlled 

lighting conditions. The solution requires no specialised hardware, is 

platform-independent, and is particularly significant for accessibility, 

contactless human-computer interaction (HCI),and sterile environments 

such as operating theatres. This research demonstrates a practical, low-

cost, and mathematically principled approach to gesture-driven input, 

laying the groundwork for future multi-gesture and multi-hand 

extensions. 

 
"© 2026 by the Author(s). Published by IJAR under CC BY 4.0. Unrestricted use allowed 

with credit to the author." 

…………………………………………………………………………………………………….... 

Introduction:- 
The paradigm of human-computer interaction (HCI) has been fundamentally shaped by contact-dependent 

peripheral devices, such as the conventional optical mouse and tactile keyboard. While ubiquitous, these physical 

interfaces impose significant ergonomic and operational constraints across specialized domains. Prolonged reliance 
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on manual input devices is frequently correlated with cumulative upper-extremity musculoskeletal disorders [3]. 

Furthermore, physical touch requirements present severe operational hazards in sterile medical environments, 

pharmaceutical cleanrooms, and public interactive terminals, where cross-contamination risks necessitate touchless 

interaction modalities [14]. Consequently, the engineering of robust, contactless interfacesspecifically those driven 

by natural human gestureshas emerged as a critical imperative in modern HCI research [4]. 

 

Historically, the implementation of vision-based hand gesture recognition was impeded by formidable 

computational and environmental challenges. Early attempts to translate complex biomechanical kinematics into 

actionable digital commands relied predominantly on classical computer vision techniques [5]. Methodologies 

utilizing skin-color segmentation, contour analysis, and handcrafted feature descriptors exhibited high sensitivity to 

ambient illumination fluctuations and dynamic background clutter [6]. Although subsequent machine learning 

approaches leveraging Support Vector Machines (SVM) demonstrated improved classificatory robustness, they 

remained computationally expensive and typically necessitated offline training or dedicated hardware accelerators, 

precluding their deployment on standard consumer processors [8]. 

 

The recent advent of highly optimized deep learning perception pipelines has catalyzed a paradigm shift in real-time 

skeletal tracking. Notably, the introduction of the MediaPipe framework [1] and its specialized MediaPipe Hands 

module [2] has fundamentally resolved historical processing bottlenecks. By employing a dual-stage neural network 

architecture comprising a rapid palm detector and a subsequent hand-landmark regression model, this framework 

enables the robust extraction of 21 precise, three-dimensional anatomical keypoints. Crucially, this high-fidelity 

spatial detection is executed in real time exclusively on standard central processing units (CPUs), democratizing 

access to advanced kinematic tracking without the prerequisite of depth sensors or specialized graphics processing 

units. 

 

Building upon this computational foundation, the present study proposes a mathematically principled, fully 

deployable virtual mouse system designed to mitigate the limitations of both physical hardware and early vision 

systems. To translate raw spatial coordinates into fluid cursor manipulation, the architecture integrates a bilinear 

affine coordinate transformation that dynamically maps index fingertip kinematics to user-specific screen 

dimensions. To counteract the inherent sub-pixel positional instability of vision-based tracking, an exponential 

weighted moving average (EWMA) filtering algorithm is applied, ensuring critically damped and highly responsive 

cursor tracking [12]. Furthermore, a deterministic click-actuation module is introduced, utilizing real-time Euclidean 

distance thresholds between specific anatomical landmarks alongside temporal debouncing logic [13]. This 

integrated architecture delivers a highly accurate, low-latency touchless interface optimized for universal 

accessibility and strict hygienic compliance. 

 

Aim of The Study:- 

The primary aim of this research is to design, implement, and evaluate a robust, gesture-based virtual mouse system 

that facilitates low-latency, touchless human-computer interaction utilizing standard commodity hardware.  

 

To achieve this overarching goal, the study is directed by the following specific objectives:- 

1. Kinematic Extraction: To leverage the MediaPipe perception framework for high-fidelity, real-time extraction 

of 21 three-dimensional skeletal hand landmarks using exclusively CPU-bound computation. 

2. Spatial Mapping: To formulate and integrate a bilinear affine coordinate transformation that accurately maps 

physical index fingertip coordinates within an active bounding box to the full dimensions of the digital display. 

3. Signal Stabilization: To implement an exponential weighted moving average (EWMA) filtering algorithm 

designed to mitigate sub-pixel jitter, thereby ensuring a critically damped, highly responsive, and stable cursor 

trajectory. 

4. Actuation Mechanism: To engineer a deterministic OS-level click-actuation module by continuously computing 

the Euclidean distance between the index fingertip and thumb tip, incorporating temporal debouncing logic to 

prevent false-positive trigger events. 

 

Objectives:- 
1. Kinematic Tracking Integration: To implement and optimize the MediaPipe Hands model for the real-time 

detection and continuous tracking of 21 anatomical hand landmarks, targeting a sustained processing throughput 

of approximately 30 frames per second exclusively on CPU-bound hardware. 
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2. Coordinate Transformation: To construct a bilinear affine mapping algorithm capable of accurately 

translating the planar pixel coordinates of the index fingertipconfined within a spatially reduced active camera 

zoneto the absolute coordinate dimensions of the target digital display. 

3. Trajectory Smoothing: To integrate a first-order exponential weighted moving average (EWMA) filtering 

mechanism to attenuate high-frequency positional noise, thereby ensuring perceptually fluid and critically 

damped cursor control. 

4. Actuation Triggering: To design a deterministic pinch-detection module based on the continuous calculation 

of the Euclidean distance between the thumb tip and index fingertip, triggering discrete OS-level click events 

when the inter-landmark distance falls below an empirically defined threshold. 

5. Event Debouncing: To incorporate a temporal debounce delay mechanism directly following actuation events 

to strictly suppress erroneous duplicate clicks caused by natural biomechanical oscillation near the detection 

boundary. 

6. Performance Evaluation: To empirically validate the integrated system against quantitative metrics, 

specifically evaluating frame processing latency, spatial positioning precision, and click detection accuracy 

across variable ambient lighting conditions. 

7. Accessibility Application: To demonstrate the functional viability of the system as a robust, touchless HCI 

alternative suitable for deployment in sterile medical workflows, public kiosks, and accessibility contexts for 

motor-impaired users. 

 

Problem Statement:- 

1. Physical Health Risks of Conventional Input Devices: Extended use of physical mice and keyboards 

contributes significantly to cumulative musculoskeletal disorders, including carpal tunnel syndrome and 

repetitive strain injury (RSI). There is a recognized clinical and ergonomic need for alternative input modalities 

that reduce or entirely eliminate sustained physical contact with mechanical pointing devices. 

2. Inaccessibility for Motor-Impaired Users: Standard physical interfaces present substantial usability barriers 

for individuals with motor impairments, tremors, or conditions that limit fine motor control. These 

demographics require assistive input mechanisms that adapt to natural, broader hand gestures rather than 

demanding precision grip and sustained physical manipulation. 

3. Interaction Limitations in Sterile Environments: In specialized environments such as medical operating 

theaters, pharmaceutical cleanrooms, and food-processing facilities, physical contact with shared input devices 

introduces severe cross-contamination risks and disrupts sterile workflows [14]. A reliable, contactless input 

system is critical to addressing this operational gap. 

4. Cursor Instability and Jitter in Vision-Based Systems: A fundamental technical challenge in camera-based 

cursor control is the inherent signal noise and frame-to-frame variability in visual landmark detection. Without 

advanced mathematical filtering, this noise manifests as perceptible cursor jitter, which severely degrades user 

experience and prevents precise spatial target acquisition [12]. 

5. Computational Bottlenecks and Hardware Dependency: Many existing gesture recognition systems rely on 

computationally intensive machine learning pipelines, multi-camera arrays, or specialized depth sensors, 

making them unsuitable for deployment on standard consumer laptops. There is a critical need for an 

architecture that achieves robust, real-time performance exclusively using a monocular RGB webcam and CPU-

bound processing [10]. 

 

Literature Review:- 
The development of vision-based Human-Computer Interaction (HCI) systems has progressed significantly over the 

past decade, transitioning from hardware-heavy wearable sensors to lightweight, camera-based algorithmic 

solutions. This section reviews the core literature surrounding gesture recognition, hand tracking, and cursor 

stabilization techniques that form the foundation of the current research. 

 

Evolution of Gesture-Based HCI: Early approaches to gesture-controlled systems relied heavily on wearable 

technology, such as data gloves embedded with flex sensors and accelerometers [3]. While these systems provided 

high precision, their requirement for physical tethering and continuous hardware calibration made them impractical 

for widespread consumer or sterile industrial use. The subsequent shift toward optical systems initially utilized 

depth-sensing cameras (e.g., Microsoft Kinect) and infrared arrays [5]. However, these solutions remained 

hardware-dependent and computationally expensive. Recent literature has focused heavily on monocular RGB 

vision systems, prioritizing algorithmic efficiency over specialized hardware to achieve true touchless interaction 

[7]. 
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Kinematic Tracking and Machine Learning Frameworks: The extraction of accurate hand kinematics from 2D 

video feeds has traditionally been computationally prohibitive for standard CPUs. Early Convolutional Neural 

Network (CNN) architectures required dedicated GPUs to achieve real-time frame rates, limiting accessibility [9]. 

The introduction of Google’s MediaPipe framework represented a paradigm shift in this domain. Research by Zhang 

et al. [11] highlights MediaPipe's ability to infer 21 3D landmarks from a single RGB frame using a highly 

optimized, cross-platform pipeline. Studies have demonstrated that its two-stage architecture (a palm detector 

followed by a hand landmark model) allows for sustained tracking at upwards of 30 frames per second on standard 

consumer-grade CPUs [12], making it the optimal backbone for accessible virtual mouse applications. 

 

Cursor Stabilization and Noise Filtering: A persistent challenge in optical cursor control is the translation of 

micro-fluctuations in landmark detection into screen coordinate jitter. Standard Simple Moving Average (SMA) 

filters are frequently cited in literature for noise reduction; however, studies indicate that SMAs introduce significant 

latency, resulting in a "laggy" user experience that impedes precise target acquisition [13]. To resolve this, recent 

HCI research advocates for the use of the Exponential Weighted Moving Average (EWMA) filter [15]. By applying 

a dynamic weighting factor (alpha) that prioritizes recent positional data while decaying older data, EWMA 

provides a critically damped response, successfully mitigating high-frequency jitter without compromising the 

responsiveness required for desktop navigation [16]. 

 

Actuation and Click Detection Mechanisms: Reliable actuation (clicking) without tactile feedback requires robust 

mathematical modeling to prevent false positives. Some researchers have proposed complex gesture recognition 

heuristics, such as analyzing the angle of inter-phalangeal joints [17]. While academically rigorous, these methods 

often suffer from high computational overhead and user variability. Conversely, spatial-distance approaches have 

proven highly effective and computationally lightweight. Utilizing the continuous calculation of the Euclidean 

distance between specific landmarks (e.g., the thumb tip and index fingertip) allows for precise pinch detection [18]. 

When combined with a temporal debounce mechanism to prevent rapid duplicate events [19], this methodology 

provides an actuation trigger that closely mirrors the mechanical reliability of a physical mouse switch. 

 

Identified Research Gap: While the individual components of computer vision, EWMA filtering, and Euclidean 

pinch detection have been independently studied, there remains a distinct gap in literature regarding their 

synthesized application into a single, highly optimized, CPU-bound application. Many existing studies propose 

systems that either suffer from significant cursor jitter or require excessive computational resources. This research 

bridges that gap by systematically integrating MediaPipe's efficient tracking with a refined bilinear affine mapping 

and EWMA smoothing pipeline, resulting in an accessible, highly stable virtual mouse system. 

 

Control Algorithm:- 

The operational logic of the virtual mouse system is governed by a sequential, real-time control algorithm. This 

algorithm processes raw optical input through a series of mathematical transformations and logical filters to produce 

stable, deterministic operating system (OS) commands. The pipeline is divided into four primary stages: landmark 

extraction, spatial transformation, kinematic smoothing, and actuation state control. 

 

Real-Time Landmark Acquisition:- 
The control loop initializes by capturing continuous RGB video frames via the system's monocular camera using 

OpenCV. Each frame is pre-processed and passed to the MediaPipe hands multi-task vision model. The model 

extracts the 3D spatial coordinates of 21 distinct anatomical landmarks. For the purpose of cursor control and 

actuation, the algorithm isolates two primary target nodes: the index fingertip (Landmark 8) and the thumb tip 

(Landmark 4). 

 

Bilinear Affine Coordinate Transformation:- 
To translate the physical movement of the user's hand into digital cursor navigation, a dynamic coordinate mapping 

algorithm is applied. A predefined active spatial bounding box is established within the camera’s field of view to 

prevent users from having to overextend their arm to reach the edges of the display. 

 

The raw camera coordinates  𝐱𝐜𝐚𝐦, 𝐲𝐜𝐚𝐦  of the index fingertip are mapped to the absolute pixel dimensions 

of the target display  𝐗𝐬𝐜𝐫𝐞𝐞𝐧, 𝐘𝐬𝐜𝐫𝐞𝐞𝐧  using a bilinear interpolation formula: 
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Where xmin , xmax , ymin , ymax  represent the boundaries of the active tracking zone, and Wscreen , Hscreen  represent the 

total width and height resolution of the operating system display. 

 

Kinematic Stabilization via EWMA Filter:- 
To counteract the inherent high-frequency noise and micro-fluctuations typical in optical landmark detection, an 

Exponential Weighted Moving Average (EWMA) filter is integrated into the spatial transformation logic. This 

prevents cursor jitter and ensures critically damped, fluid movement.  

 

The mathematical filter updates the cursor's spatial coordinates according to the following recursive 

formula:- 

Pt = α ⋅ Mt +  1 − α ⋅ Pt−1 

Where: 

 Pt  is the smoothed coordinate output at the current frame t. 
 Mt  is the newly measured raw coordinate at frame t. 
 Pt−1 is the smoothed coordinate from the previous frame. 

 α is the smoothing coefficient (0 <  α <  1), empirically tuned to balance responsiveness against jitter 

attenuation. 

 

Actuation Logic and State Machine:- 
System actuation (left-clicking) is governed by a deterministic state machine that calculates the spatial relationship 

between the index fingertip and the thumb tip.  

 

The trigger condition is evaluated using the continuous calculation of the Euclidean distance 𝐃𝐩𝐢𝐧𝐜𝐡between 

these two coordinate nodes:- 

 

Dpinch =   xthumb − xindex  2 +  ythumb − yindex  2 

 

 

The system defines a rigid activation threshold  Tclick  . When Dpinch < Tclick , the logical state transitions to active, 

and a command is issued via PyAutoGUI to simulate an OS-level mouse click. 

To prevent cascading duplicate inputs during the transitional phase of the pinch gesture, a temporal debounce 

mechanism is incorporated. Upon a successful actuation event, the algorithm imposes a strict chronological lockout 

period  ∆ tdebounce  , during which subsequent threshold breaches are ignored, mirroring the mechanical hysteresis 

of a physical hardware switch. 

 

Methodologies and Techniques:- 

System Architecture: The AI virtual mouse system comprises three primary subsystems: input perception, middle-

layer transformation, and low-level operating system (OS) execution. Figure 1 illustrates the completecontrol 

architecture. 
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Figure.1. AI Virtual Mouse Control Architecture 

 

Figure 1: AI Virtual Mouse System Architecture for Touchless Navigation. The system integrates RGB vision, 

MediaPipe landmark extraction, kinematic smoothing (EWMA), finite state machine actuation, and PyAutoGUI OS-

level execution for seamless cursor control. 

 

Hardware and Software Environment:- 

Optical Input (Webcam):- 
The system utilizes a standard consumer-grade monocular webcam providing: - Resolution: 640×480 pixels - Frame 

rate: 30 fps - Functionality: Captures live optical RGB feed. The camera is positioned facing the user, providing a 

direct view of the manual interaction workspace without the need for proprietary depth sensors (e.g., LiDAR, IR 

arrays). 

 

Processing Environment:- 
The application runs entirely on standard consumer hardware: - Execution: Strictly CPU-bound Python environment 

- External Accelerators: No dedicated GPUs required. This ensures high system accessibility and eliminates 

hardware dependency. 

 

Software Stack:- 
The system is engineered using highly efficient, cross-platform libraries: - Video Acquisition: OpenCV (cv2) for 

frame-by-frame matrix manipulation - Kinematic Extraction: Google MediaPipe Hands framework - OS Actuation: 

PyAutoGUI library. 

 

Perception and Tracking System:- 

Video Acquisition and Pre-processing:- 
Live video is ingested and processed in real-time: - Resolution: 640×480 pixels re-processing: Horizontal flipping 

(cv2.flip) to ensure an intuitive, mirror-like interaction space for the user. 
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Hand Landmark Extraction: 
Hand tracking employs the MediaPipe Multi-Task Vision Model: - Input: RGB images - Output: 21 3D anatomical 

landmarks - Confidence threshold: 0.70 (minimum detection and tracking) - Target Nodes: Index fingertip 

(Landmark 8) and Thumb tip (Landmark 4). The strict threshold prevents erratic spatial coordinates when the hand 

is partially obscured or under poor ambient lighting. 

 

Coordinate Transformation and Filtering:- 
Raw tracking data undergoes mapping and smoothing to ensure stable cursor movement: 1. Spatial Mapping: 

Bilinear affine transformation to map camera bounding coordinates to screen resolution limits. 2. Kinematic 

Smoothing: Exponentially Weighted Moving Average (EWMA) filter applied to reduce raw signal jitter. 3. Target 

Output: Smoothed Cartesian coordinates (X, Y) generated for precise cursor targeting. 

 

Finite State Machine (Actuation Layer):- 

The high-level controller implements a 4-state finite state machine (FSM) that orchestrates the pinch-to-click 

actuation sequence:- 

1. CALCULATE_D_PINCH: Compute Euclidean distance between index and thumb. 

2. CHECK_THRESHOLD: Evaluate if distance is below the designated pinch activation threshold. 

3. TEMPORAL_DEBOUNCE: Apply temporal filtering to prevent rapid false-positive multi-clicks. 

4. TRIGGER_ACTIVE_STATE: Execute left-click event. 

State transitions are triggered strictly by spatial proximity and temporal stability criteria. 

 

OS Integration and Execution:- 

Cursor Actuation:- 
The final processed and smoothed coordinates interface directly with the host operating system: - Navigation 

command: pyautogui.move To() - Latency: Near real-time execution - Safety Override: Standard 

PyAutoGUIfailsafes bypassed to allow for seamless, edge-to-edge screen navigation. 

 

Visual Feedback Mechanism:- 
The system overlays real-time state feedback directly onto the video feed: - Free-space navigation: Blue circular 

node (10 px radius) rendered on the index fingertip. - Actuation state: Node dynamically expands (15 px radius) and 

shifts to green upon successful pinch-to-click detection. This mimics the tactile confirmation of a physical mouse 

click. 

 

Results and Analysis:- 
Experimental Overview:- 
The gesture-based AI virtual mouse system was rigorously evaluated on standard consumer-grade hardware to 

assess computational throughput, spatial accuracy, and system latency. Testing was conducted under a baseline 

controlled indoor lighting environment (approximately 500 lux) to isolate and validate the effectiveness of the 

coordinate mapping and EWMA smoothing algorithms. 

 

Frame Processing Rate (Computational Throughput):- 
1. CPU Performance Execution: The system maintained a highly consistent processing throughput of 28 to 32 

frames per second (fps).  

2. Pipeline Efficiency: Utilizing exclusively CPU-bound computation, the MediaPipe Multi-Task Vision Model 

was deployed effectively without dedicated graphics hardware. The integration of active zone bounding box 

rendering and OpenCV frame inversion (cv2.flip) introduced no perceptible computational bottleneck. This 

ensures the cursor update loop executes at a frequency sufficient for fluid, real-time human-computer 

interaction.  

 

Cursor Positioning Precision and Kinematic Smoothing:- 
1. Raw Signal Volatility: During initial targeting tests, the unfiltered raw coordinate mapping exhibited 

substantial sub-pixel jitter. This volatility is a known characteristic of frame-to-frame landmark regression, 

which causes erratic cursor oscillation if left unmitigated.  

2. EWMA Filter Effectiveness: The application of the first-order Exponentially Weighted Moving Average 

(EWMA) filter stabilized the cursor trajectory. By prioritizing historical trajectory data over isolated high-

frequency noise spikes, the EWMA filter reduced cursor positioning error by approximately 62%. The resulting 
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critically damped response effectively suppressed micro-jitter while preserving the high responsiveness required 

for rapid, screen-edge-to-screen-edge navigation.  

 

Click Detection and Actuation Accuracy:- 
1. Actuation Reliability (True Positive Rate): The Euclidean distance-based pinch detection module 

demonstrated exceptional reliability. By continuously evaluating the hypotenuse between the index fingertip 

and thumb tip against the defined pinch threshold, the system achieved an actuation accuracy exceeding 94% 

under controlled lighting conditions.  

2. False Positive Mitigation (Debouncing): The implementation of the 200 ms temporal debounce logic 

immediately following an actuation event was highly successful. It completely eliminated false-positive double-

clicks caused by natural biomechanical finger oscillation near the threshold boundary, ensuring the virtual click 

mirrored the deterministic reliability of a physical mechanical switch.  

 

Confusion Matrix Analysis: To rigorously evaluate the classificatory performance of the Euclidean pinch-detection 

module, a confusion matrix was generated over a test dataset of 1,000 discrete gesture events. The events were 

evenly distributed between intentional click gestures (Positive class) and standard navigational/free-space hand 

movements (Negative class).  

 

Figure.2. Confusion Matrix 

 

Table.1.Confusion Matrix for Pinch-to-Click Actuation 

 

 

 

 

 

1. True Positives (450): Intentional pinches successfully registered as clicks.  

2. True Negatives (490): Free-space hand movements correctly ignored by the actuation logic.  

3. False Positives (10): Accidental gestures misclassified as clicks. The extremely low occurrence (1%) is directly 

attributed to the effectiveness of the temporal debounce algorithm.  

4. False Negatives (50): Intentional pinches that failed to trigger a click. These primarily occurred during rapid, 

erratic hand movements where the landmark tracking momentarily lost optimal confidence.  

 

 

 

Confusion Matrix Predicted: Click (Pinch) Predicted: No Click (Free-Space) 

Actual: Click (Pinch) True Positive (TP): 450 False Negative (FN): 50 

Actual: No Click (Free-Space) False Positive (FP): 10 True Negative (TN): 490 
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Derived Metrics 

From the matrix, the system's performance metrics are mathematically derived as follows:- 

a. Accuracy: (TP + TN) / Total = (450 + 490) / 1000 = 94.0% 

b. Precision: TP / (TP + FP) = 450 / 460 = 97.8% 

c. Recall (Sensitivity): TP / (TP + FN) = 450 / 500 = 90.0% 

The exceptionally high Precision score (97.8%) confirms that when the system registers a click, it is almost entirely 

guaranteed to be an intentional user action, effectively eliminating frustrating accidental actuations.  

System Latency Metrics: 
1. End-to-End Latency: Total system latencymeasured chronologically from the physical hand gesture execution 

to the corresponding on-screen OS cursor updateaveraged 38 ± 6 ms.  

2. HCI Standard Compliance: This cumulative latency comprises webcam frame capture, skeletal inference, 

coordinate transformation, and dispatch. Operating consistently below the standard 50 ms perceptual threshold 

for human-computer interaction delays, the system provides a seamless and immediate touchless control 

experience.  

Table.2.Performance Metrics for AI Virtual Mouse System 

Metric Value Specification Status 

Average Frame Rate 30 fps > 24 fps ✓ Pass 

Click Detection Accuracy 94.0% > 90% ✓ Pass 

End-to-End Latency 38 ± 6 ms < 50 ms ✓ Pass 

Positioning Error Reduction 62% > 50% ✓ Pass 

False-Positive Multi-clicks 1% < 5% ✓ Pass 

 

Conclusion:- 
This research has successfully demonstrated the development of a robust, low-latency, gesture-based virtual mouse 

system, fulfilling the primary objective of creating a touchless Human-Computer Interaction (HCI) interface capable 

of operating on standard consumer hardware. By integrating the MediaPipe perception framework with a 

mathematically rigorous coordinate mapping and Exponential Weighted Moving Average (EWMA) stabilization 

pipeline, the proposed architecture effectively mitigates the technical challenges inherent in vision-based input 

systems, specifically cursor jitter, spatial mapping inaccuracy, and erroneous actuation. 

 

The experimental results validate the efficacy of the system, achieving a consistent throughput of 30 frames per 

second (fps) on standard CPU-bound hardware, a 94.0% click detection accuracy, and an end-to-end latency of 38 ± 

6 ms. These metrics collectively demonstrate that the system operates well within the 50 ms perceptual threshold 

required for fluid, real-time interaction. Furthermore, the systematic implementation of a temporal debouncing 

algorithm and Euclidean distance-based pinch detection has shown to be a highly reliable alternative to physical 

mechanical switches, as evidenced by the high precision scores derived from the confusion matrix 

analysis.Ultimately, this study bridges the identified research gap by synthesizing independent vision-based 

components into a cohesive, highly optimized, and accessible application. The system presents a viable, hygienic, 

and ergonomic solution for environments where physical contact with input devices is either restricted, as in sterile 

clinical and industrial settings, or inaccessible, as is the case for users with motor impairments. 

 

Future Work:- 

While the current system architecture provides a stable and reliable foundation for touchless interaction, 

several avenues for further refinement and expansion are proposed to enhance its utility and performance:- 

 Adaptive Thresholding and Personalization: Future iterations will implement machine-learning-based 

dynamic thresholding. This would allow the system to automatically calibrate the pinch-activation distance 

based on individual user hand size, biomechanical morphology, and varied finger-flexibility profiles, 

significantly reducing initial setup time. 

 Expansion of Gesture Repertoire: The current Finite State Machine (FSM) will be extended to incorporate a 

broader set of interaction gestures, including multi-finger scrolling, drag-and-drop operations, and gesture-based 

right-click functionality. These additions will provide full mouse-equivalent capabilities, moving the system 

toward a complete replacement for conventional pointing devices. 

 Environmental and Dynamic Robustness: Future research will focus on the optimization of the perception 

pipeline to maintain high tracking confidence under diverse and challenging ambient conditions, such as high-
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intensity backlighting, dynamic lighting shifts, and complex, cluttered backgrounds that may interfere with 

landmark extraction. 

 Clinical and Industrial Pilot Studies: A critical phase of future work will involve the deployment and 

longitudinal validation of the system in real-world high-stakes environments—such as medical operating 

theaters, food-processing facilities, and high-precision manufacturing workstations—to quantitatively measure 

the long-term impact on cross-contamination risk reduction and the amelioration of repetitive strain injuries 

(RSI). 
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