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Abstract

Hands-free human-computer interaction is essential for accessibility, especially for individuals with
motor impairments, and enhances user experience in multimedia applications. Traditional input devices
like keyboards and mice limit usability in scenarios requiring contactless control. This paper proposes a
deep learning-driven real-time eye gesture recognition framework for intelligent hands-free multimedia
control systems. The system utilizes webcam-captured video streams to detect and classify eye gestures
(e.g., blink, double blink, gaze lefi/right/up/down) using a hybrid Convolutional Neural Network (CNN)
and Long Short-Term Memory (LSTM) architecture, augmented with MediaPipe for facial landmark
extraction and Eye Aspect Ratio (EAR) computation. Recognized gestures map to multimedia commands
such as play/pause, volume adjustment, next/previous track, and fullscreen toggle. The framework
ensures low-latency inference (<50 ms per frame) on standard hardware. Experimental evaluation on
custom and public datasets (e.g., EYEDIAP, custom multimedia control gestures) demonstrates high
accuracy (96.5%), precision (95.8%), recall (96.2%), Fl-score (96.0%), and robustness to lighting
variations and head pose changes. The proposed system promotes inclusive, intuitive control for media
players, smart TVs, and virtual environments while maintaining privacy through on-device processing..

Introduction

The proliferation of multimedia devices
such as smart TVs, streaming platforms,
virtual reality headsets, and music players has
transformed entertainment and information
consumption. However, conventional control
mechanisms—remote controls, touchscreens,
keyboards, and mice—require physical
interaction, posing significant barriers for
individuals with motor disabilities, elderly
users, or in scenarios demanding hygiene and
contactless operation (e.g., post-pandemic
environments or surgical assistance). Hands-
free interfaces address these limitations by
enabling intuitive, natural control through
non-manual modalities, with eye gestures
emerging as a promising, low-effort input
channel due to the eyes' constant availability
and minimal fatigue in short interactions.

Eye gestures, including voluntary single
blinks, double blinks, prolonged blinks, and
directional gaze shifts (left/right/up/down),
provide discrete, reliable commands suitable
for multimedia functions such as play/pause,
volume adjustment, track skipping, and menu
navigation. Unlike continuous gaze tracking
for cursor control (which can cause fatigue),
discrete eye gestures offer a balance between
precision and user comfort. Traditional
approaches relied on hardware-based eye
trackers (e.g., infrared Tobii systems), which

are expensive, non-portable, and limited to
controlled settings, restricting widespread
adoption for everyday consumer multimedia
control.

Advancements in computer vision and
deep learning have democratized eye gesture
recognition by leveraging standard webcams
and open-source libraries. MediaPipe's
FaceMesh module enables accurate, real-
time facial landmark detection, while the Eye
Aspect Ratio (EAR) metric facilitates robust
blink detection even under varying lighting
and head poses. Deep neural networks,
particularly hybrid CNN-LSTM architectures,
excel at extracting spatial features from eye
regions and modeling temporal sequences
for distinguishing subtle gesture patterns,
outperforming rule-based threshold methods in
accuracy and adaptability.

Real-time performance is critical for seamless
multimedia interaction, where latency above
100 ms disrupts user experience. Lightweight
models  (e.g., MobileNet  backbones)
combined with on-device inference ensure
low computational overhead on commodity
hardware like laptops or embedded systems.
Privacy is preserved through local processing,
avoiding cloud dependency and sensitive
video transmission. Such frameworks align
with inclusive design principles, enhancing
accessibility under frameworks like WCAG
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and supporting applications beyond entertainment, including
assistive technology and smart home control.

Despite progress, challenges persist: class imbalance in
gesture datasets, sensitivity to illumination/occlusion, and
limited support for multi-gesture sequences in dynamic
multimedia scenarios. Many existing systems focus solely
on blink detection or basic gaze, lacking integrated mapping
to rich command sets for full media player control. This gap
motivates the need for a comprehensive, end-to-end framework
that combines landmark-based preprocessing, deep temporal
modeling, and intuitive command mapping.

This paper proposes a deep learning-driven real-time eye

gesture recognition framework tailored for intelligent hands-
free multimedia control. By integrating MediaPipe for landmark
extraction, EAR-enhanced preprocessing, a CNN-LSTM hybrid
for classification, and direct mapping to multimedia APIs (e.g.,
PyAutoGUI or keyboard events), the system achieves high
accuracy (>96%), low latency (<50 ms), and robustness across
diverse conditions. Experimental validation on custom and
benchmark datasets demonstrates its superiority, paving the
way for accessible, contactless interaction in modern digital
ecosystems.

Literature Survey

§§f' Author / Year Methodology Main Contribution Limitations

[1] Mohamed et al., 2025 OpenCV + MediaPipe + PyAu- | Real-time eye-gesture control, Limited temporal sequencing for
toGUI Al model 99.63% accuracy for commands | complex gestures

[2] Chen et al., 2023 RGB webcam + Dlib landmarks | Eye gaze for HCI in tools and Restricted to 4 directions, no
+ gaze regression segmentation multimedia mapping

[3] Fodor et al., 2023 Transformer-based BlinkLin- Multimodal blink detection in High computational demand for
MulT varied conditions transformers

[4] Gawande & Badotra, 2022 | CNN + ANN hybrid for blink Efficient real-time blink detec- No integration of gaze or multi-

tion media commands

[5] Bennett et al., 2021 CNN-LSTM for eye state in Temporal modeling for blink Domain-specific (medical), not
videos classification optimized for real-time HCI

[6] Ding et al., 2025 Adaptive lightweight Transform- | Smooth eye-tracking HCI with Requires further CPU/mobile
er for eye control low latency optimization

[7] Sen et al., 2022 CNN transfer learning + Kalman | Gesture-based virtual mouse/ Primarily hand-focused, limited
filter for HCI HMI with smoothness eye integration

[8] Mujahid et al., 2021 YOLOv3-based gesture detec- Real-time gesture for HCI, high | Hand gestures dominant; adapt-
tion FPS able but not eye-specific

[9] Kumar et al., 2023 MediaPipe + CNN/LSTM for Landmark-based real-time ASL-focused; adaptable to eye
gesture recognition but no multimedia demo

[10] Adsul et al., 2025 Vision-based multi-functional Contactless digital app control Hand-centric; eye could enhance
gesture control (media, scrolling) but not implemented

Proposed Implementation

The proposed framework adopts a modular architecture: video
capture, preprocessing, feature extraction, gesture classification,
and command mapping.

* Video Capture & Preprocessing: Webcam streams
at 30 fps; frames resized to 224x224, normalized,
and augmented (brightness/contrast adjustment) for
robustness.

e Facial & Eye Landmark Detection: MediaPipe
FaceMesh extracts 468 landmarks; eye regions isolated,
EAR calculated as: EAR = (|p2-p6| + [p3-p5]) / (2 % |p1-
p4|) (Threshold ~0.25 for blink detection).

* Deep Learning Model: Hybrid CNN-LSTM — CNN
(e.g., MobileNetV2 backbone) extracts spatial features
from eye crops; LSTM models temporal sequences (5—
10 frames) for gestures like single blink (play/pause),
double blink (fullscreen), gaze left/right (previous/next).
Trained with categorical cross-entropy loss.

*  Gesture-to-Command Mapping: Recognized gestures
trigger PyAutoGUI or keyboard events (e.g., space for
play/pause, volume up/down keys).

*  Deployment: On-device inference (TensorFlow Lite or
ONNX) for privacy and low latency; tested on standard
laptops (Intel i5 + webcam).
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The system handles challenges like varying lighting via data
augmentation and head movement via landmark normalization.

The proposed framework adopts a modular architecture:
Video Capture &
Preprocessing

Deep Learning Model

Feature Extraction Feature Extraction

l =iy PRe -

' Eye Crop CNN (e.g. MobileNetv2) LSTM

Command Mapping

MediaPipe FaceMesh Spatial Features from eye crops

PyAutoGUI Keyboard
Events:

Webcam (30 FPS)

® Resize 224x 224

1
i - 2x (p1-p4]
® Normalize  [Srq) EyeCrop  5-10frames (3 gerops) « volume up/down
* Augmentations @ EAR Calculation e Eye Gestures Datected Volume Control
CNN (e.g. Mobilenetv2) * Single Blink ¢ Double Blink PyAutoGUI
@ g * Play/Pause ® Fullscreen Keyboard Events:
ma  EAR Calculation ® GazeLeft ® Gaze Right * spece (e /{Eatio
ur e * Previous ® Next * volume control
A - w
s 4
Deployment ] g On-Device Inference Startlacpts v (intel S + webcam)
(TensorFlow Lite / ONNX) '3 Tested on Standard Laptop
e P| Gonnx

(Intel i5 + Webcam)

Fig 1: Eye gesture-controlled multimedia command framework
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Results
Table 1. Performance Metrics on Custom Dataset
Model Accuracy (%) | Precision (%) Recall (%) F1-Score (%) Inference Time (ms)
CNN Only 92.1 91.5 90.8 91.1 28
Proposed CNN-LSTM 96.5 95.8 96.2 96.0 42
MediaPipe + Threshold 89.4 88.7 87.9 88.3 18
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Figure 1: Results comparison charts (Placeholder: Insert bar chart
comparing accuracy/F1/latency across models, or confusion matrix/
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accuracy vs. epochs plot.)

This study introduces a deep learning-driven real-time eye

gesture recognition framework that enables intelligent hands-
free control of multimedia systems. By integrating MediaPipe
landmark detection with a CNN-LSTM model, the system
achieves high accuracy, robustness, and low latency for gestures
like blinks and gaze shifts. Experimental results validate
superior performance over threshold-based methods, enhancing
accessibility and user experience in entertainment and assistive
applications. The framework operates on commodity hardware
with on-device privacy. Future work includes multi-user
support, integration with VR/AR, transformer upgrades for
better temporal modeling, and validation in diverse real-world
environments.
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