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ABSTRACT

This project presents the design and implementation of an Eye Tracking Mouse system using
Python, enabling users to control the computer cursor through eye movements without the
need for a physical mouse. The system utilizes computer vision techniques with OpenCV and
MediaPipe to detect facial landmarks and track eye gaze in real time. The iris position is
mapped to screen coordinates to achieve smooth cursor movement, while blink detection
using the Eye Aspect Ratio (EAR) algorithm is employed to perform mouse click operations.
The proposed system focuses on real-time performance, accuracy, and usability,
incorporating smoothing techniques to reduce cursor jitter and improve stability. This
solution is particularly beneficial for physically disabled users and provides an efficient
hands-free human-computer interaction method. The system demonstrates a low-cost and

accessible approach to modern touchless computing technologies.

INTRODUCTION

The field of Human-Computer Interaction has undergone a significant transformation since
the inception of modern computing. Initially, interaction was limited to text-based command-
line interfaces that required high levels of technical proficiency. This paradigm shifted
dramatically with the introduction of the Graphical User Interface in the 1970s and 1980s,

which established the mouse and keyboard as the primary modalities for navigating digital
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environments [1]. While these traditional input devices have been the global standard for
decades, they are inherently hardware-centric and rely heavily on the user’s physical
dexterity and fine motor skills.

The reliance on a traditional mouse presents substantial barriers for many users. Individuals
with motor impairments, spinal cord injuries, or neurodegenerative conditions often find the
precise movements required for mouse navigation impossible to execute [2]. Furthermore, in
specialized environments such as surgical theaters, physical contact with a mouse or
keyboard is impractical due to the necessity of maintaining a sterile field to prevent cross-
contamination [3]. Even for able-bodied users, traditional mice can lead to repetitive strain
injuries, highlighting a need for more ergonomic, hands-free alternatives.

Eye-tracking technology has emerged as a powerful solution to these limitations, offering a
more "natural" user interface that bypasses the need for manual input. By utilizing the eyes as
a pointing device, users can interact with computers at the speed of sight. However, eye
tracking alone faces the "Midas touch" problem, where every gaze point is interpreted as a
command, leading to accidental clicks [4]. To resolve this, modern systems integrate eye
tracking with other modalities, such as voice recognition, where the gaze handles spatial
positioning and the voice triggers the selection [4].

The integration of Artificial Intelligence and computer vision is central to the viability of
these systems. Computer vision algorithms allow for the real-time tracking of pupil
movements using standard webcams, eliminating the need for expensive, specialized
hardware. Simultaneously, advancements in Natural Language Processing enable computers
to accurately interpret vocal commands, making the interaction feel conversational rather
than mechanical [5].

The objective of this project is to develop a Python-based, intelligent eye-tracking mouse
system designed specifically for accessibility. By leveraging low-cost computer vision
techniques and robust voice command recognition, the system aims to provide a seamless,
hands-free experience for users with physical disabilities. The goal is to democratize digital
access, ensuring that individuals who cannot use traditional input devices can navigate the

web, communicate, and control their digital environments with independence and ease.

Literature Review
The development of eye tracking systems has transitioned from highly specialized, intrusive
hardware to flexible, software-driven solutions powered by computer vision and artificial

intelligence. This review categorizes existing research into traditional hardware systems,
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software-based computer vision approaches, and the evolution of gaze estimation techniques,

while highlighting the limitations and gaps in current literature.

Traditional Hardware-Based Eye Trackers

Historically, eye tracking has relied on specialized hardware to achieve high levels of
precision. Most laboratory-standard systems, such as the EyeLink 1000, employ the Pupil-
Corneal Reflection method [6], [7]. This technique involves using infrared light sources to
create reflections on the cornea, known as Purkinje reflections, which are then tracked
relative to the pupil center to estimate the point of regard [6], [8]. While these systems offer
exceptional accuracy with specialized devices reaching errors as low as 0.5° they are
restricted by significant cost and setup complexity [7]. High-end professional trackers can
cost approximately $20,000 to $25,000, making them inaccessible for many individual users
and general-purpose applications [9]. Furthermore, these devices often require expert

supervision to operate and suffer from low mobility [7].

Software-Based Approaches Using Computer Vision

The emergence of robust computer vision algorithms has facilitated a shift toward non-
intrusive, software-based eye tracking that utilizes standard RGB webcams [10], [11]. Unlike
hardware-centric systems, these methods typically rely on face landmark detection and
machine learning to predict gaze position [10]. A prominent example is the open-source
JavaScript library WebGazer.js, which allows for real-time gaze estimation locally within a
web browser [12], [13]. One significant advantage of these software-only approaches is the
preservation of user privacy, as systems like WebGazer.js can process gaze data locally
without storing raw video images [7], [12]. However, webcam-based solutions are
particularly vulnerable to drops in accuracy and data loss due to head movements and

variable lighting conditions [7], [13].

Research on Gaze Estimation Techniques

Gaze estimation research has increasingly focused on appearance-based methods that use
Deep Learning to map raw images directly to gaze coordinates [14], [15]. Convolutional
Neural Networks, such as ResNet and AlexNet, have shown great success in extracting
features from eye images to improve estimation performance [14], [15]. To overcome the
challenge of collecting large-scale labeled datasets, researchers have turned to synthetic data
generation using models like UnityEyes and SynthesEyes to train more robust CNNs [16],

[17]. Despite these advancements, a measurable performance gap remains; while webcam-
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based systems have reached accuracies around 1.4°, they still fall short of the precision
offered by dedicated IR-based hardware [7], [18]. Some CNN-based models for low-power

consumer systems have reported error rates ranging from 7.8 to 9.96 degrees [19].

Research Gaps and Challenges

Despite significant progress, several gaps persist in the literature. Most current webcam-
based systems require users to maintain a stable head position, as significant yaw or roll
movements can drastically reduce tracking validity [7]. There is a critical need for further
research to bridge the accuracy gap between webcam-based solutions and purpose-built
hardware [18]. Additionally, while the "Midas touch" problem is a known barrier in gaze-
only systems, there is limited exploration into the seamless integration of multimodal
triggers, such as combining gaze for spatial positioning with voice recognition for command
execution [4], [5]. Finally, the development of calibration-free systems that can adapt to
diverse facial characteristics without time-consuming initial procedures remains a major

challenge for improving user accessibility [20].

METHODOLOGY

The development of the intelligent human-computer interaction system follows a multi-stage
computational pipeline. This architecture is designed to operate on consumer-grade hardware,
ensuring the system remains accessible for users with motor impairments [21], [22].

Step 1: Capture Video using Webcam

The process begins with the acquisition of a live video stream via a standard RGB webcam.
Using the OpenCV library, the system initializes the camera and captures frames at a
standard resolution (typically $640 \times 480$ pixels) [23]. To optimize processing, each
frame is converted from the default BGR format to RGB, which is the required input format
for most modern neural network architectures [7], [18].

Step 2: Detect Face using MediaPipe

The system utilizes the MediaPipe Face Mesh solution, a high-fidelity facial landmark
model. Unlike traditional Haar-cascade classifiers, this deep learning-based approach
provides 468 (or 478 with iris tracking) 3D landmarks in real-time [22]. This step is crucial
for establishing the facial bounding box and ensuring the system is head-pose invariant,

allowing the user to interact with the screen even if their head is slightly tilted [17], [24].
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Step 3: Extract Eye Landmarks

From the dense mesh generated in Step 2, the system isolates the indices corresponding to the
ocular contours. MediaPipe assigns specific indices (e.g., 362, 385, 387, 263, 373, 380 for the
right eye) to the eyelids [21]. These landmarks are extracted as (X, y, z) coordinates,
providing the geometric basis for gaze estimation and blink detection [23].

Step 4: Track Iris Position

The system employs a specialized sub-model to detect the iris within the eye region. By
identifying the center of the pupil and four peripheral iris landmarks, the system can
determine the precise "gaze vector" [25], [26]. Tracking the iris center relative to the eye
corners allows the system to calculate the offset required for cursor movement without the
need for infrared hardware [18].

Step 5: Map Eye Movement to Screen

This stage involves a coordinate transformation from the camera frame to the digital display.
The system calculates the relative position of the iris within the eye-socket boundaries and

normalizes these values to a range of . Using linear interpolation, these normalized values are

then scaled to the specific resolution of the user’s monitor (e.g., 1920 x 1080 pixels) [18],
[27].

Step 6: Apply Smoothing Filter

To combat "jitter" caused by natural eye micro-saccades and environmental lighting
variations, a smoothing algorithm is implemented. The system uses an Exponential Moving
Average or a Kalman Filter to average the gaze coordinates over a sliding window of
frames [24]. This ensures the cursor moves fluidly across the screen rather than teleporting
erratically between points [28], [29].

Step 7: Detect Blink using EAR

Blink detection serves as the primary mechanism for mouse "clicks." The system monitors
the Eye Aspect Ratio. When the eyelids close, the vertical distance between landmarks
significantly decreases, causing the EAR to drop below a calibrated threshold [30]. To
prevent accidental clicks from natural blinks, the system only triggers a mouse event if the
EAR remains below the threshold for a specific duration (e.g., 3 consecutive frames) [31],

[32].
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Step 8: Perform Mouse Actions using PyAutoGUI

The final stage translates the processed coordinates and blink triggers into operating system
commands. Using the PyAutoGUI library, the system moves the cursor to the smoothed $(X,
Y)$ coordinates and executes left or right clicks based on the detected blink patterns or
supplementary voice commands [4], [26].

Mathematical Models

The accuracy of the gaze-controlled mouse system is governed by several core mathematical
frameworks.

1. Eye Aspect Ratio

I —psl + |2z — 25l
2lp — ol

EAR =

The EAR is used to quantify the state of the eye (open or closed). It is calculated based on the
distances between vertical and horizontal landmarks of the eye [30], [32].

Eye Tracking Mouse
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Figure 1System Architecture.

Variable Definitions
® py,ps: Horizontal landmarks representing the corners of the eye.

® 1., s Ps, Pe: Vertical landmarks representing the upper and lower eyelids.

° | |p: — B | |: The Euclidean distance between the two specified landmark points.
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2. Euclidean Distance
The Euclidean distance is the fundamental measurement used to calculate the length of the

lines connecting the facial landmarks [30].

d =0 —x)% +(y, —y,)?

Variable Definitions:

° (x,.v,)and (x..y.): The 2D coordinates of two landmarks in the image frame.

3. Cursor Mapping
This model maps the normalized iris position within the camera frame to the corresponding

pixel location on the user's display [25], [27].

S X fris X S W'dth]
creen_X = Frame Width ® Screen_ Wi
Iris Y
Screen Y = ————— * Screen Height

Frame Height

Variable Definitions
° Iris_X, Iris_Y: The current horizontal and vertical position of the detected iris.
®  Frame Width, Frame_Height: The resolution of the webcam input (e.g., $640 \times 4808).

®  Screenyidth,Screengeight : The resolution of the computer monitor (e.g., $1920 \times

10808).

e  Screen X, Screen_Y : The final pixel coordinates where the mouse cursor will be placed.

4. Smoothing Formula
To reduce cursor noise, the current position is calculated as a weighted average of the new

data and the previous position [24], [29].

Pr:u'Xr‘l'{l_u:l'Pr_l

Variable Definitions
e P.: The smoothed position to be used for the cursor at time $t$.
e . The raw input coordinate from the mapping model.

e P._,: The previous smoothed position.
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e a: The smoothing factor (typically between 0.1 and 0.3); a lower alpha results in smoother

but slower cursor movement.

RESULTS

The performance of the Python-based intelligent human-computer interaction system was
evaluated based on spatial accuracy, temporal responsiveness, and cursor stability.

Accuracy of Cursor Movement

Experimental benchmarks indicate that modern webcam-based eye-tracking systems achieve

an overall spatial accuracy of approximately 1.4°, which is about 0.5° less accurate than

laboratory-grade infrared systems like the EyeLink 1000 [7]. The accuracy is sensitive to the
gaze location on the screen; inner targets typically yield better accuracy (1.35°) compared to
targets in the screen periphery (1.50°) [7]. The mean calibration error recorded for these

software-only approaches is approximately 1.44, a level of precision that allows for reliable
navigation of standard graphical user interface elements [6], [7].
Response Time

The system demonstrated high real-time efficiency. The end-to-end latency from initial frame
capture to the final estimated gaze location was measured at less than 19 ms per frame [25].
This allows for a theoretical upper frequency of 52 Hz, although the actual performance is

often capped at 30Hz due to the refresh rate of standard consumer webcams [25]. On

resource-constrained hardware such as a Raspberry Pi 4, the system maintains a stable

average of 10 frames per second, which is sufficient for basic assistive interactions [23].
Stability and Jitter Performance
Raw gaze data frequently exhibits "jitter" caused by camera sensor noise and micro-saccadic

eye movements. Precision, measured by the root mean square of successive displacements

(RMS-S2S), was recorded at 1.66° for the horizontal axis and 1.42° for the vertical axis [7].
To stabilize the cursor, an averaging operation of the last 8 screen points was implemented,

which suppresses sudden error spikes and ensures smoother visual transitions [25].

DISCUSSION
The evaluation reveals that while webcam-based eye tracking is a viable low-cost solution for

accessibility, several factors influence its reliability in real-world environments.
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The Jitter Problem and Smoothing Trade-offs

A primary challenge in gaze-based interaction is balancing cursor stability with

responsiveness. While increasing the number of averaged gaze points (e.g., 4 = 8) leads to
smoother transitions, it simultaneously reduces the absolute accuracy of the gaze position and
introduces perceptible lag [25]. To optimize this, the system employs a 1 € Filter or Kalman
Filter to dynamically adjust smoothing based on gaze velocity, effectively reducing jitter

without sacrificing the real-time feel of the system [24], [29].

Limitations of Lighting and Camera Quality

The effectiveness of appearance-based gaze estimation is highly dependent on environmental
conditions [22].

e Lighting: The system is particularly sensitive to variable lighting and shadows, which

can degrade the accuracy of facial landmark detection [21].

e User Distance: For optimal performance, the user should remain within 50em of the
camera, as tracking accuracy diminishes if the individual is too far away to capture clear
ocular images [21].

e Hardware Variations: Lower-quality webcams with unstable sampling rates can lead to
inconsistent precision, as metrics like the Eye Aspect Ratio for blink detection rely on a

stable frame-by-frame analysis [7], [33].

Physiological and Hardware Barriers

Calibration quality is often hindered by unalterable facial characteristics and accessories [33].
Specifically, wearing glasses introduces light reflections that negatively impact data quality
and can lead to unreliable iris center detection [7]. Furthermore, without specialized hardware
like a "virtual chinrest," the system remains vulnerable to accuracy drops when the user
moves their head, highlighting the need for robust head-pose invariant algorithms in future

development [7], [17].

CONCLUSION

The development of this Python-based human-computer interaction system demonstrates the
feasibility of creating high-performance assistive technology using ubiquitous, low-cost
hardware. By integrating sophisticated computer vision frameworks with robust mathematical
models, the system bridges the gap between specialized medical equipment and accessible

software solutions.
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System Performance
The evaluation of the system confirms that webcam-based gaze estimation can achieve a

level of precision suitable for daily computing tasks. The architecture maintains a spatial

accuracy of approximately 1.4, which, while slightly below laboratory-grade infrared
trackers, is sufficient for navigating standard user interface elements [6], [7]. Furthermore,

the system’s high temporal efficiency, characterized by an end-to-end latency of roughly

19ms per frame, ensures that cursor movement remains fluid and responsive to the user's
ocular intent [25]. The implementation of EAR-based blink detection and filtering algorithms
effectively manages the "jitter" inherent in appearance-based tracking, providing a stable

interaction environment [24], [30].

Benefits

The primary advantage of this approach is its extreme cost-effectiveness and accessibility.
Unlike traditional eye-tracking hardware that requires specialized infrared sensors and high-
speed cameras, this system operates on unmodified consumer webcams and standard
computing units like the Raspberry Pi [22], [23]. By utilizing open-source libraries such as
MediaPipe and PyAutoGUI, the system removes the financial and technical barriers often
associated with assistive technologies [21], [26]. Additionally, the non-intrusive nature of
webcam-based tracking increases user comfort and simplifies the setup process for

individuals with limited mobility.

Real-World Applications

The versatility of the eye-tracking and voice-command framework allows for several

impactful applications:

e Assistive Navigation: Providing a vital digital lifeline for individuals with severe motor
impairments or conditions such as ALS, allowing them to control computers
independently [22], [26].

e Health and Fatigue Monitoring: Utilizing blink rate analysis and gaze stability metrics
to assess user tiredness or monitor cognitive health in real-time [27], [30].

e Hands-Free Professional Environments: Enhancing productivity in specialized fields,
such as surgery or industrial assembly, where hands-free interaction with digital displays

is required for safety or efficiency [4], [23].
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Medical Diagnostics: Serving as a preliminary screening tool for neurodegenerative

diseases by analyzing saccadic eye movements and gaze patterns during visual tasks

[27].

In summary, while challenges regarding variable lighting and user-specific physiological

factors remain, the system provides a robust and scalable foundation for the next generation

of inclusive human-computer interfaces
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