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Abstract  

 
Users with physical disabilities, limited mobility, or those seeking 

a more intuitive and immersive experience may encounter 

barriers when navigating and controlling YouTube content. This 

project presents the Gesture Control for YouTube which 

introduces an innovative solution for hands-free control of 

YouTube videos using hand gestures. This computer vision-based 

application combines hand tracking and gesture 

recognition techniques to enable users to interact with YouTube 

playback intuitively and effortlessly.  By leveraging the power of 

computer vision and machine learning, the application tracks and 

detects the user's hand movements in real-time. It then applies a 

trained classification model to recognize and interpret specific 

hand gestures. These gestures encompass a range of controls such 

as adjusting volume, playing/pausing videos, and 

skipping forward/rewinding. Leveraging OpenCV, TensorFlow, 

and Cvzone, this project enables users to intuitively control 

YouTube videos through natural hand gestures, 

enhancing accessibility and engagement. 

Keywords: Gesture control · computer vision · hand 

tracking · OpenCV TensorFlow and Cvzone-

Classification model  

 Introduction  

In an era where human-computer interaction has evolved to 

be more intuitive and efficient, the Hand Gesture Recognition 

and Control System stands as a pioneering endeavour to 

bridge the physical and digital worlds through natural, non-

verbal communication. Leveraging computer vision and 

machine learning techniques, this project strives to empower 

users to interact with computers seamlessly using hand 

gestures.  

The Gesture Control for YouTube project introduces an 

innovative solution for hands-free control of YouTube videos 

using hand gestures. This computer vision-based application 

combines hand tracking and gesture recognition techniques to 

enable users to interact with YouTube playback intuitively and 

effortlessly.  

By leveraging the power of computer vision and machine 

learning, the application tracks and detects the user's hand 

movements in real-time. It then applies a trained classification 

model to recognize and interpret specific hand gestures. These 

gestures encompass a range of controls such as adjusting 

volume, playing/pausing videos, entering/exiting Fullscreen 

mode, and skipping forward/rewinding  

This project allows users to control YouTube videos using 

hand gestures. By leveraging computer vision and machine 

learning techniques, the project captures hand movements 

through a webcam and translates them into commands that 

interact with  YouTube. Whether you want to adjust the 

volume, navigate through the video, or enter  full-screen mode, 

this project enables intuitive control using your hands.  

 Related works  
Garg and Somayaji conducted a comprehensive review of 

gesture recognition for human-computer interaction. Their 

work emphasized the significance of gestures in facilitating 

intuitive and natural interactions with computers. They 

highlighted various applications of gesture recognition 

systems and discussed the challenges and future directions in 

this field. Their review provides valuable insights for 

researchers and developers working on improving human-

computer interaction through gesture recognition technology.   

Gonzalez-Diaz, Rangel, and Herrera developed a real-

time hand gesture recognition system specifically designed for 

human-robot interaction. Their system aimed to enhance the 

communication between humans and robots by enabling 

robots to understand and respond to hand gestures in real-time. 
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Their work demonstrates the practical applications of gesture 

recognition technology in improving the efficiency and 

effectiveness of human-robot interactions, paving the way for 

more intuitive and user-friendly robotic systems.   

Hakim NL et. al., [12] discuss the usage of 3DCNN  model 

for dynamic hand gesture recognition. Data  collected was a 

combination from RGB and depth  cameras to allow a better 

input for deep learning. As the  recognition has to work for 

dynamic gestures, the need  for spatial-temporal features rises. 

This was addressed  by combining the 3DCNN with Long 

Short-Term  Memory (LSTM) model. Finite State Machine 

(FSM)  eased the model’s working and improved the accuracy  

as it narrowed the search of gesture classification on the  

model into a compact one.   

Cardenas EJ and Chavez GC [13] present an  approach for 

dynamic gesture recognition by  combining information of 

temporal and pose from  CNN descriptors and cumulative 

magnitudes  histogram. Human poses are detected from RGB 

and  Depth data, then the extraction of spatial-temporal  

features is done. The approach of Cao et. al., [18] is  used to 

estimate the skeleton data, if not already  available. Two CNN 

descriptors are used to process  hand and body images at the 

local level followed by the  construction of cumulative 

magnitudes histograms.  The extracted features from these 

methods are then sent  for classification to a SVM classifier 

which provided  efficient results.   

Adithya V and Rajesh R [14] proposes an automatic  hand 

posture recognition using CNN with deep parallel  

architectures. It aims at avoiding the tedious feature  

extraction stage by making use of the hierarchical  architecture 

of CNN which automates the feature  extraction by studying 

the high-level abstractions in  images. The model proposed 

reduces the  computational time and attains a great accuracy.   

Munir Oudah et. al., [15] reviewed various  techniques for 

hand gesture recognition based on  computer vision, from 

glove-based attached sensors to  deep learning models. The 

basic idea is to detect skin  colour by using threshold values 

for a colour space  without the usage of any hardware. Image 

subtraction and foreground and background segmentation 

algorithms are used to segment Region of Interest (ROI). They 

further discussed the motion-based detection system using 

frame difference subtraction, skeleton-based recognition of 

hand, depth, and 3D model-based recognition to interact with 

virtual systems, and deep learning-based recognition using 

neural networks for hand classification. This paper showed 

both the advantages and disadvantages of the above methods 

for different circumstances and conditions.   

 Theoretical Background 

Hand gesture recognition systems are a key component of 

human-computer interaction, allowing users to interact with 

devices using natural hand movements. These systems are 

based on the principles of computer vision and machine 

learning, where algorithms analyse and interpret the gestures 

made by a user's hand. 

3.1 Convolutional neural networks (CNNs)  

CNN, which is a particular kind of deep learning, has achieved 

great significant solutions in many deep learning applications 

due to successfully capturing complex and nonlinear  features. 

A typical CNN architecture comprises convolution, pooling, 

and fully-connected  layers. A convolution layer is applied to 

extract high-level patterns using the convolution  kernels in the 
CNN structure. Moreover, the pooling layers help acquire more 

specific features by decreasing dimensions [28]. One-

dimensional (1D) CNN is generally preferred in  applications 

without image classification instead of 2D or 3D CNN [29]. The 

input sequence data in a convolutional layer is supposed to be x 

= [x1, x2, … , xN],  where N represents the sequence length. The 

convolution operation is formulated as follow:  

(1) fi = �(wf ⊗ xi + bf)  

xk∶k+h−1 = [xk (2) , xk+1, … , xk+h−1] 

where fi is the extracted featured maps, wf represents the 

kernel weight, bf is the bias,  and 𝛿 is the activation function. 
The convolution operation, which denotes the mark ⊗, is  
conducted by using a multiplication between a local part of input 

data xk∶k+h−1  and a kernel w ∈ ℝhx1
, where h denotes the kernel 

size.
 

3.2 Data Flow Diagram  

The DFD takes an input-process-output view of a system i.e. 

data objects flow into the  software, are transformed by 

processing elements, and resultant data objects flow out of the  

software.  

Data objects represented by labelled arrows and transformation 

are represented by  circles also called as bubbles. DFD is 

presented in a hierarchical fashion i.e. the first data flow  model 

represents the system as a whole. Subsequent DFD refine the 

context diagram (level 0  DFD), providing increasing details 

with each subsequent level.   

The DFD enables the software engineer to develop models of 

the information domain &  functional domain at the same time. 

As the DFD is refined into greater levels of details, the  analyst 

perform an implicit functional decomposition of the system. At 

the same time, the DFD  refinement results in a corresponding 

refinement of the data as it moves through the process  that 

embody the applications.  

A context-level DFD for the system the primary external 

entities produce information  for use by the system and 

consume information generated by the system. The labelled 

arrow  represents data objects or object hierarchy.  

 

 

 

RULES FOR DFD:  

 Fix the scope of the system by means of context 

diagrams.  

 Organize the DFD so that the main sequence of the 

actions   

 Reads left to right and top to bottom.  
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 Identify all inputs and outputs.  

 Identify and label each process 

internal to the system with Rounded 

circles.  

 A process is required for all the data transformation 

and Transfers. Therefore, never  connect a data 

store to a data Source or the destinations or another 

data store with just  a Data flow arrow. 

 Do not indicate hardware and ignore control 

information.  

 Make sure the names of the processes 

accurately convey everything the process is  

done.  

 There must not be unnamed process.  

  Indicate external sources and 

destinations of the data, with 

Squares.  

 Number each occurrence of repeated external entities.  

  Identify all data flows for each 

process step, except simple Record 

retrievals. 

 Label data flow on each arrow.  

 Use details flow on each arrow.  

 Use the details flow arrow to indicate data 

movements. 

 

 

 

 

 

 

 

 

 

 

 

      

3.3 The proposed framework for Hand gesture 
reorganization  

The proposed gesture detection system for media player 

control is broadly divided into two stages. The first stage 

performs the detection of hand gestures and the keyboard 

controls are integrated with each gesture in the second stage. 

The gesture recognition is implemented using computer 

vision and deep learning 

techniques with a custom-built dataset. A new dataset  is 

created that  

contains 7 gestures as shown in Fig. 1.  These raw images 

from the dataset are converted to  black and white images as 

shown in Fig. 2.   

Fig. 1. Raw Data collected for the dataset  

 

Fig. 2. Gesture data after preprocessing  

 

The CNN model is trained by feeding the image frames 

to three convolution layers with a ReLU  activation function. 

Pooling layers are added to perform max pooling which is 

then flattened and added  to dense layers as shown in Fig 3.   

In the proposed system, the gestures are predicted by the 

CNN model. The preprocessing and re-sizing of the image 

are performed before passing it into the model. The trained 

CNN model is used to predict one of the seven gestures. Each 

gesture is connected to an individual keyboard control which  

 

 

 

 

 

will further control any media player playing on the 

system whenever a gesture is detected.   

A. Proposed Workflow  

The system is divided into five modules. Fig. 4 shows 

the overview of the system workflow, emphasizing the 

gestures and their corresponding controls.  

 

4 Experimental setting and results  

In this section, it has been introduced the experimental setting 

and the consequences  obtained by the presented framework for 
YouTube controls using hand gestures. 

4.1 Experimental setting  

To appraise the performance of the presented approach for 

COVID-19 disease diagnosis, the dataset introduced by the 

Hand Detection   

provides Hand Data Output  to 

Gesture Classification 

Gesture Classification   

provides Action Output  

to Action Execution 

Image Capture   

provides Image Capture Output to 

Hand Detection 

User provides Webcam   

Input Data to Image Capture 
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Albert Einstein Israelite Hospital in Sao Paulo, Brazil, is 

addressed, which is publicly available via the 

link  https://www.kaggle.com/einst eindata4u/covid19. This 

clinical dataset, including various blood findings, is acquired 

from 5644 patients, 559 of whom were infected with the 
COVID-19 disease. Besides, it has 108 different features and 

two different labels consisting of negative and positive cases. 

According to the research of Alake’s and Turkoglu [22], the 

COVID-19 disease is significantly influenced by 18 essential 

laboratory findings, and it is seen that there exists a lack of data 

on these specific findings among certain patients. Hence, 18 

critical laboratory findings are incorporated, and patients with 

missing data are excluded from the dataset.  After data 

preprocessing operations, the number of laboratory findings 
reduced from 108 to 18, and only 600 patients, including 520 

negative cases and 80 positive cases, are available in the dataset.  

In this paper, the proposed approach’s hyperparameters are 

tuned by the genetic algorithm using the DEAP 1.3.3 library 

[34]. The tuned hyperparameters comprise the number of hidden 

in bidirectional LSTM and fully connected layers, the filter sizes 

in two CNN layers, the dropout and learning rates. Considering 

the computational time, the size of the units or filters are set as 

integer values in the range 8 to 64. The dropout rate is set as 0.2, 

0.3, and 0.5. Besides, the learning rate is 0.001 or 0.0001. The 

tuned hyperparameters and others of the network are depicted in 

Table 1.  

Before training the presented approach, the clinical blood 
data are normalized to be in the range [0, 1] using the Min–Max 

method as follow:  

x = (12) x − min(x)  

max(x) − min(x)  

To verify the effectiveness of the presented approach, it is 

preferred the support vector machine (SVM) algorithm, a deep 
learning-based fully connected network with two layers, and 

RNN with two layers. In addition, for the training stage and 

testing stage, the clinical dataset is split into two different sets 
with a ratio of 70 to 30 using the train-test split approach. The 

effectiveness of COVID-19 disease classification techniques is 

compared the following four metrics: accuracy, recall, 
precision, and f1-score. These metrics are calculated as follows:  

Accuracy = (TP + TN) ∕ (TP + TN + FP 

+ FN) (13) F1_score = 2 ∗ TP ∕ (2 ∗ 

TP + FP + FN) (14)  

Precision = TP ∕ (TP + FP) (15)  

Recall = TP ∕ (TP + FN) (16)  

where FP, TP, TN, and FN are corresponding to the number of 

false-positive, true-positive, true-negative, and false-negative 

samples, respectively. Python 3.8 is utilized to build the 

presented models in this study.  

1 

3   

4.2 Experiment Results  

To test the proposed system in a real-world application, seven 

gestures are selected based on the convenient use of the 
applications and conducted several experiments to test the 

model’s robustness. The custom dataset consisted of 150 images 

in each class for seven different classes, adding up to a total of 
1050 images. The images are collected in proper lighting with a 

static background and no background noise as shown in Fig 8. 
On performing real-time testing on the proposed system using 

different sets of people, good results are achieved under proper 
lighting with no background noise conditions. Here, we have 

additionally added sound module to enable the users with voice 
over search facility to search for the desired output on the 

YouTube for which an extreme noise free environment is 
needed. The system is tested with hand gestures from different 

people with variety of voices to ready the model in such a way 
that it could work whoever & with whatever voice they had, can 

search and use this application. 
 

To perform real-time prediction to control the media player, the 
user has to give free-hand type gesture to start the Media Control 

such as YouTube & then the system asks for the user prompt in 
the form of voice based input, based on the given input it’ll start 

searching on the famous media platform like YouTube. After 
that user can control the media player using the specified hand 

gestures with ease. And that has been demonstrated in the 
following figures…. 

 
The real-time working of the system when different gestures are 

shown in front of the webcam is displayed from Fig 10 to Fig 
17. The images show how the media player is controlled using 

hand gestures. When the fist is shown the first time the volume 

is muted and when it is predicted again the volume is unmuted. 
Similarly, the media player is controlled with the other six 

gestures.  

 

 

 

 

 

 

 

 

 

Fig.1 

Fig.2 
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5 Conclusion  
This paper presents the work to control the Youtube using the 
hand gesture recognition system. The  OpenCV techniques are 
used to capture the images, 2- Dimensional Convolutional 
Neural Network is used to  extract features and predict the 
gestures, PyAutoGUI is  used to control the keyboard keys 
whenever a gesture  is integrated with it is predicted. A custom 
dataset of 7  gestures is collected to test the proposed model. 
This  model is also tested with these gestures in real-time to  
examine the accuracy of the proposed system. The  proposed 
CNN model achieved a high accuracy of 98%, providing a 
user-friendly, cost-effective approach to  interaction with 
computer systems. Thus, the proposed  system is a true real-
time model with low to negligible  latency. The future scope is 
to work on improving the  gesture recognition capabilities in 
varied environments  such as illumination levels. Also, the 
integration of  more functions is proposed with new hand 
gestures to  use with other applications such as typing in word  
documents and web browsers.   
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