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Abstract 
Over the past three decades, numerous authors have proposed alternatives to the mouse for people 

in the movement with disabilities who have not yet had a fair opportunity to utilise the standard 

input methods of a personal computer. In camera-based systems, the overhead of using head-

mounted devices is reduced by using the web camera as the mouse. Tracking user facial 

expressions as they are being captured by the camera and accurately translating them into mouse 

cursor movement and click events are research challenges and opportunities. The current systems 

can only move the pointer in a slanting manner due to the user's accidental head movements losing 

the tracked feature. The movement has not yet allowed people with impairments the same chances 

as others to interact with computers. They have trouble using the input devices on computers due 

to their mobility problems. Controlling mouse pointer navigation is still difficult, despite the fact 

that on-screen virtual keyboards may be used to simulate a physical keyboard and speech 

recognition can be easily utilized to map mouse click events. The development of hands-free 

mouse replacement technologies has undergone much advancement. There are a number of 

limitations to mouse replacement systems that use a webcam as a mouse. In order to enable people 

with movement disabilities to use a standard PC, this research suggests enhancing the ability of 

camera-based hands-free computing systems to control the mouse cursor by predicting the user's 

selection of the target item in the GUI-based system using neural network techniques. Using 

samples where the mouse cursors predicted position values are closer to the user's actual selection 

region on the computer screen, the system is put to the test, and the anticipated outcome is achieved 

in every sample. 
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1. Introduction 

1.1 Background 

Around one billion individuals worldwide suffer from some sort of physical disability, with 

over 20% suffering from severe disabilities such as quadriplegia [1]. More than 25 million 

individuals in India are disabled, with more than 5 million of them having a movement disability, 

which includes people who are paralyzed without both legs and/or both arms [2]. Assistive 

technologies are a type of hardware or software, or both, that is designed to make it easier for 

people with disabilities or impairments to use computers [3]. Hands-free computing, which 

eliminates the need for human interface devices like the keyboard and mouse, is an option for 

disabled people. They can use their head, tongue, lips, eyes, or speech recognition software to 

work on a computer without using their hands [4]. On-screen virtual keyboards can be used to 

mimic a physical keyboard, so a pointing device mouse is sufficient for using the computer with 

GUI applications. Controlling the mouse pointer navigation remains a challenge, even though 

mouse click events may be easily mapped using speech recognition [5][6]. Various hands-free 

mouse replacement systems have been developed over the last three decades, with various 

advances such as Head-Mounted Pointing, Smartnav, Headmouse Extreme, Camera Tracking, 

iTracker, Camera Mouse, Enable ViaCam etc.  

1.2 Challenges  

Their movement issues make it difficult for People with disabilities to use a computer's input 

devices. The majority of mouse replacement options necessitate additional gear that allows the 

user to operate the computer by wearing it on their face or head and operating it through their eyes 

[5] [7] [8] [9] [10] [11]. There are a number of limitations to mouse replacement systems that use 

a webcam as a mouse. 

1.3 Motivation 

People with disabilities in the movement have yet to be given the same opportunities as others to 

interact with computers. They do, however, deserve all the help they can get to become fully 

integrated into the Information Society. The development of assistive technologies that allow 



people to use normal personal computers is highly desirable, and various attempts have been made 

to meet the needs. 

1.4 Objectives 

This research proposes to improve the capacity of camera-based hands-free computing systems to 

control the mouse cursor by predicting the user's selection of target item in the GUI-based system 

using neural network techniques, allowing people with movement disabilities to utilize a normal 

PC. 

1.5 Contributions 

A user's head motions acquired using a webcam are utilized to operate the mouse cursor, 

reducing the overhead of needing a high-cost hardware system and head-mounted devices. The 

trendiest subfields of machine learning and artificial intelligence, computer vision, offers 

significant promise to execute these applications [12]. Face detection algorithms, such as those 

developed by Viola and Jones [13], and facial analysis algorithms, such as those developed by 

Kazemi and Sullivan [14], which recognize facial landmarks, are critical in the development of 

such applications. When enough examples have been provided, Artificial Neural Networks 

(ANNs) can be utilised for applications that require item prediction and can find new patterns in 

data by classifying the given data [15]. 

 

2. Previous work 

Chareonsuk et al. [16] described a method for tracking the human face and imitating mouse pointer 

movement using the tracking information. Kumar et al. [17] created an assistive HCI system for 

people with motor limitations that uses Haar classifier techniques to capture the eyes and face to 

operate the computer's input devices. Chathuranga et al. [6] employed the user's nose movement 

to control mouse cursor movement, as well as vocal commands to control mouse click events. For 

mouse control, Bian et al. [18] have captured the position of the nose, as well as the open and 

closed status of the mouth. Left cheek movement is used to control cursor movement in the left 

direction; right cheek movement is used to control cursor movement in the right direction; eyebrow 

rise is used to control cursor movement in the upward direction; eyebrow down is used to control 

cursor movement in the downward direction, and mouth open is used to implement the mouse 

click event by Vasanthan et al. [19]. Kraichan et al. [20] used a haar-like characteristic to detect 



the face, eyes, and the location between the two eyes, which they then mapped to the mouse cursor, 

coordinates on the computer screen. Parmar et al. [21] have created a technique that estimates the 

position between the eyes for computer tracking. To replicate mouse cursor movement, Eric et al. 

[22] extract the upper lip, left eyebrow, and right eyebrow. For mimicking mouse events, Fathi et 

al. [23] employed skin color features to determine the user's face. Using the Viola-Jones algorithm 

based on Haar features, Islam et al.[24] track the position of the nose for cursor control. Asad et 

al. [25] devised a method for controlling mouse motions by moving one's head. For manipulating 

the user's computer cursor with the face tracking application, Antunes et al.[26] implemented the 

Viola-Jones object detection algorithm. Meena et al. [27] used their faces and eyes to mimic mouse 

behavior. For mouse control, Baştu et al.[28] tracked eye movements. For mouse operations, 

Anantha et al.[29] used facial recognition and eye motions. Computer mouse cursor movement 

with vision focus was implemented by Ghadekar et al.[30]. 

The common GUI interactive features such as menus and scroll bars, which require horizontal or 

vertical as the cursor moves in a slanting direction, were difficult to use for Chareonsuk et al. [16] 

and Sancheti et al. [31]. It is difficult for Vasanthan et al. [19], Nasor et al. [32], Magee et al. [33], 

Sugano et al. [34], Valenti et al. [35], and Riad et al. [36] to synchronize the mouse pointer 

movement with the rate of head movement. When users turn their heads fast or out of the screen, 

Betke et al. [37] found that the facial characteristic they had chosen to follow was frequently lost. 

The limitations of environment control were experienced by Chareonsuk et al. [16], Vasanthan et 

al. [19], and Salunkhe et al. [38]. The detection result is extremely sensitive to lighting conditions, 

and their method performs best in a bright environment. Two key issues with tracking facial 

features are occlusions and variable stances [39]. 

Kim et al. [40] used KLT and SegNet landmark detectors to obtain 97.98 percent for slow films 

and 91.58 percent for fast videos in tracking face landmarks. Silwal et al. [41] used a Convolutional 

Neural Network with a Softmax classifier to improve the accuracy of facial recognition by 94.37 

percent. When the moving speed is no more than 20 pixels per action, Wang et al. [42] found that 

the accuracy of controlling the mouse cursor is greater than 90%. Participants were irritated by 

slight cursor changes when the cursor entered the target and the participant tried to continue gazing 

at the target, according to Murata et al. [43]. Esiyok et al.[44] have stated the importance of 

allowing those with limited head movements to use a single gesture. For the head and eye blink 



classifications, Ghadekar et al. [45] attained accuracies of 98.12 percent and 93.48 percent, 

respectively. 

3. Methods 

In a GUI-based computer system, the proposed system focuses on predicting the user's target item. 

Based on previous learning experience, while the user is attempting to move the mouse, neural 

networks can be utilized to predict which object will be selected on the screen. The neural network 

should be trained to produce the intended outputs for the known set of inputs [46]. 

The screen area is divided into a number of potential 𝑆𝑃  square pixels for the pixel 𝑃𝐻 × 𝑃𝑉 

computer screen resolution with landscape orientation, each of which is believed to be a selection 

region for the mouse cursor. 

The total number of regions which are the user selection areas is 𝑚𝑚𝑎𝑥 × 𝑛𝑚𝑎𝑥, where 𝑚𝑚𝑎𝑥  the 

total no. of rows is and 𝑛𝑚𝑎𝑥 is the total no. of columns and their possible values are shown in Eq. 

(3.1) and Eq. (3.2). 

𝑛𝑚𝑎𝑥 = {
1,        𝑖𝑓 𝑃𝐻 < 𝑆𝑃

⌈
𝑃𝐻+1

𝑆𝑃
⌉ ,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (3.1) 

 

𝑚𝑚𝑎𝑥 = {
1,        𝑖𝑓 𝑃𝐻 < 𝑆𝑃

⌈
𝑃𝑉+1

𝑆𝑃
⌉ ,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    (3.2) 

The User Selection area is a matrix of regions that can be accessed by row and column numbers. 

The position of a particular region in the computer screen is identified by the values of 

{𝑋𝑀𝑖𝑛(𝑛), 𝑌𝑀𝑖𝑛(𝑚)} as the top left corner and {𝑋𝑀𝑎𝑥(𝑛), 𝑌𝑀𝑎𝑥(𝑚)} as the bottom right corner 

where m and n are the rows and column numbers of the region. The relation between the 

row/column numbers and the location of the region is shown in Eq. (3.3) to Eq. (3.6). 

𝑋𝑀𝑖𝑛(𝑛) = (𝑛 − 1)𝑆𝑃                                                    (3.3) 

𝑌𝑀𝑖𝑛(𝑚) = (𝑚 − 1)𝑆𝑃     (3.4) 

𝑋𝑀𝑎𝑥(𝑛) = 𝑋𝑀𝑖𝑛(𝑛) + 𝑆𝑃 − 1 = (𝑛 − 1)𝑆𝑃 + 𝑆𝑃 − 1 = 𝑛𝑆𝑃 − 1  (3.5) 

𝑌𝑀𝑎𝑥(𝑚) = 𝑌𝑀𝑖𝑛(𝑚) + 𝑆𝑃 − 1 = (𝑚 − 1)𝑆𝑃 + 𝑆𝑃 − 1 = 𝑚𝑆𝑃 − 1  (3.6) 

where, 

0 ≤ (𝑋𝑀𝑖𝑛(𝑛), 𝑋𝑀𝑎𝑥(𝑛)) ≤  𝑃𝐻  

0 ≤ (𝑌𝑀𝑖𝑛(𝑚), 𝑌𝑀𝑎𝑥(𝑚)) ≤  𝑃𝑉  



The basic design of the proposed neural network system is presented in Fig. 3.1. In the input layer, 

there are four neurons, and in the output layer, there are two neurons. Depending on the complexity 

necessary, any number of hidden layers with any number of neurons in each hidden layer can be 

utilized in the interim. 

 

 

Fig. 3.1 The basic design of the proposed neural network. 

I1, I2, I3, and I4 are input neurons of the input layer that takes the following values. 

o OUT (I1), the horizontal position of the mouse cursor in the latest selection event. 

o OUT (I2), the vertical position of the mouse cursor in the latest selection event. 

o OUT (I3), the horizontal direction of the mouse cursor in the nth frame  

o OUT (I4), the vertical direction of the mouse cursor in the nth frame 

 

The values of OUT (I3) and OUT (I4) are the differences in the horizontal and vertical positions 

of the mouse cursor in the nth frame from the locations OUT (I1) and OUT (I2) respectively. 

The neurons take the input value, ‘1’ if the difference is positive, ‘-1’ if the difference is 

negative, and ‘0’ if no change. This is depicted in Fig. 3.2 and shown in Eq. (3.7) and Eq. (3.8). 
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𝑂𝑈𝑇(𝐼 ) = {
1,        𝑖𝑓 𝑥′ > 𝑥

−1,        𝑖𝑓 𝑥′ < 𝑥
0,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                             (3.7) 

𝑂𝑈𝑇(𝐼 ) = {
1,        𝑖𝑓 𝑦′ > 𝑦

−1,        𝑖𝑓 𝑦′ < 𝑦
0,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                            (3.8) 

where (x, y) is the position of the mouse cursor in the latest selection event and (x’, y’) is the 

position of the mouse cursor in the nth frame in pixels. 

𝑰𝟑 = −𝟏 

𝑰𝟒 = −𝟏 

𝑰𝟑 = 𝟏 

𝑰𝟒 = −𝟏 

𝑰𝟑 = −𝟏 

𝑰𝟒 = 𝟏 

𝑰𝟑 = 𝟏 

𝑰𝟒 = 𝟏 

 

Fig. 3.2 Input neurons of the proposed Neural Network. 

 

For the user selection point (x,y) pixel for (I1, I2), the region of the user selection area is identified 

as mth row and nth column, where 𝑚 = ⌈
𝑦+1

𝑆𝑃
⌉and𝑛 = ⌈

𝑥+1

𝑆𝑃
⌉. Hjk denotes Hidden neuron of jth layer 

and kth neuron where1 ≤ j ≤ l, 1 ≤ k ≤ nj, lis the total number of hidden layers and nj is the total 

number of neurons in the jth hidden layer.  

The activation function, which is the sum of the product of the previous layer values and the 

weights of the connections that are connected to the corresponding neurons of the hidden layer, is 

used to calculate the net inputs to the hidden layer neurons. The net input to a 1st hidden layer 

neuron is represented in Eq. (3.9). 

𝐼𝑁(𝐻1𝑘) = ∑ W( 
𝑧=1 𝐼𝑧 , 𝐻1𝑘)OUT(I𝑧)                                         (3.9) 

The net input to 2nd to lth hidden layer neurons is represented in Eq. (3.10). 

𝐼𝑁(𝐻𝑗𝑘) = ∑ W(
𝑛𝑗− 
𝑧=1 𝐻(𝑗−1)𝑧 , 𝐻𝑗𝑘)OUT(𝐻(𝑗−1)𝑧)                             (3.10) 

The sigmoid function, which takes the matching net input values of the hidden neurons as the 

parameter, is used to calculate the output values of the neurons of the hidden layer. The hidden 

layer's neurons' output values are as denoted in Eq. (3.11). 

𝑂𝑈𝑇(𝐻𝑗𝑘) =
1

1+𝑒
−𝐼𝑁(𝐻𝑗𝑘)

,   1 ≤ j ≤ l                                        (3.11) 

(𝐼 , 𝐼 ) 



The activation function, which is the sum of the product of the output values of the lth hidden layer 

and the weights of the links that connect the corresponding neurons of the lth hidden layer and 

output layer, is used to calculate the net inputs to the two neurons of the output layer, as shown 

Eq. (3.12) and Eq. (3.13). 

𝐼𝑁(𝑂1) = ∑ W(
𝑛𝑙
𝑧=1 𝐻𝑙𝑧 , 𝑂1)OUT(𝐻𝑙𝑧)                                     (3.12) 

𝐼𝑁(𝑂 ) = ∑ W(
𝑛𝑙
𝑧=1 𝐻𝑙𝑧 , 𝑂 )OUT(𝐻𝑙𝑧)                                     (3.13) 

The sigmoid function is used to generate the output values of the output layer's neurons, which 

takes the matching net input values of the output neurons as the parameter, as shown in Eq. (3.14) 

and Eq. (3.15). 

𝑂𝑈𝑇(𝑂1) =
1

1+𝑒−𝐼𝑁(𝑂 )
                                                  (3.14) 

𝑂𝑈𝑇(𝑂 ) =
1

1+𝑒−𝐼𝑁(𝑂2)
                                                  (3.15) 

The projected positions of the user's next mouse selection region by the proposed neural network 

are𝑂𝑈𝑇(𝑂1)for the horizontal position and 𝑂𝑈𝑇(𝑂 ) for the vertical position of the mouse pointer 

in the computer monitor screen. 

The purpose of the backpropagation approach, in which the neural network learns how to map 

random inputs to outputs correctly, is to optimize the weights. The backpropagation approach 

changes the weights of the links linking the neurons of the hidden layer and the output layer by 

first processing the output layer. After that, it returns to the hidden layer to update the weights of 

the links linking the hidden neurons and the input neurons [47]. 

As demonstrated in Eq. (3.16) and Eq. (3.17), the squared error function is utilized to calculate the 

errors in the output neurons' values. 

𝐸𝑟𝑟𝑜𝑟(𝑂1) =
1

 
(𝑇𝑎𝑟𝑔𝑒𝑡(𝑂1) − 𝑂𝑈𝑇(𝑂1))

                                 (3.16) 

𝐸𝑟𝑟𝑜𝑟(𝑂 ) =
1

 
(𝑇𝑎𝑟𝑔𝑒𝑡(𝑂 ) − 𝑂𝑈𝑇(𝑂 ))

    (3.17) 

where (𝑂𝑈𝑇(𝑂1), 𝑂𝑈𝑇(𝑂 )) are the predicted horizontal and vertical positions and 

(𝑇𝑎𝑟𝑔𝑒𝑡(𝑂1), 𝑇𝑎𝑟𝑔𝑒𝑡(𝑂 )) are the actual horizontal and vertical positions of the user’s targeted 

mouse cursor selection area in the monitor screen of the GUI based computer system. 

The total error is the sum of the errors of the two neurons in the output layer, as shown in Eq. 

(3.18) or Eq. (3.19). 

𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡) = 𝐸𝑟𝑟𝑜𝑟(𝑂1) + 𝐸𝑟𝑟𝑜𝑟(𝑂 )                                   (3.18) 



𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡) =
1

 
(𝑇𝑎𝑟𝑔𝑒𝑡(𝑂1) − 𝑂𝑈𝑇(𝑂1))

 +
1

 
(𝑇𝑎𝑟𝑔𝑒𝑡(𝑂 ) − 𝑂𝑈𝑇(𝑂 ))

   (3.19) 

The backpropagation method's main goal is to reduce error by making modifications to all of the 

weights. Each link connecting the neurons of the layers in the neural network must be adjusted 

such that the mouse cursor's predicted position values go closer to the target value, which is the 

real user's selection area on the computer screen. 

The partial derivative of the total error with respect to the weight of the given link is the amount 

of change necessary in each of the link's weights. The changes required in the weights connecting 

the output layer's neuron 𝑂1 and the neurons of the lth hidden layer are shown in Eq. (3.20) to Eq. 

(3.22). 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻𝑙𝑧,𝑂 )
=

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑂𝑈𝑇(𝑂 )
∗
𝜕𝑂𝑈𝑇(𝑂 )

𝜕𝐼𝑁(𝑂 )
∗

𝜕𝐼𝑁(𝑂 )

𝜕𝑊(𝐻𝑙𝑧,𝑂 )
,     1 ≤  z ≤  𝑛𝑙                   (3.20) 

where, 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑂𝑈𝑇(𝑂1)
= 𝑂𝑈𝑇(𝑂1) − 𝑇𝑎𝑟𝑔𝑒𝑡(𝑂1),  

𝜕𝑂𝑈𝑇(𝑂1)

𝜕𝐼𝑁(𝑂1)
= 𝑂𝑈𝑇(𝑂1)(1 − 𝑂𝑈𝑇(𝑂1)) 

and 

𝜕𝐼𝑁(𝑂1)

𝜕𝑊(𝐻𝑙𝑧, 𝑂1)
= OUT(𝐻𝑙𝑧) 

Therefore, 

 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻𝑙𝑧 , 𝑂1)
= (𝑂𝑈𝑇(𝑂1) − 𝑇𝑎𝑟𝑔𝑒𝑡(𝑂1)) ∗ 𝑂𝑈𝑇(𝑂1)(1 − 𝑂𝑈𝑇(𝑂1)) 

∗ OUT(𝐻𝑙𝑧),   1 ≤  z ≤  𝑛𝑙 (3.21) 

For the sake of minimizing the inaccuracy, the weights have been modified as shown in Eq. (3.22). 

𝑊(𝐻𝑙𝑧, 𝑂1) = 𝑊(𝐻𝑙𝑧 , 𝑂1) − 𝜂 ∗
𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻𝑙𝑧,𝑂 )
                                       (3.22) 

where 𝜂 is the learning rate that determines how quickly the neural network must train in order to 

minimize the error. 

The changes required in the weights connecting the output layer's neuron 𝑂 and the neurons of the 

lth hidden layer are shown in Eq. (3.23) to Eq. (3.25). 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻𝑙𝑧,𝑂2)
=

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑂𝑈𝑇(𝑂2)
∗
𝜕𝑂𝑈𝑇(𝑂2)

𝜕𝐼𝑁(𝑂2)
∗

𝜕𝐼𝑁(𝑂2)

𝜕𝑊(𝐻𝑙𝑧,𝑂2)
 , 1 ≤  z ≤  𝑛𝑙                    (3.23) 



where, 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑂𝑈𝑇(𝑂 )
= 𝑂𝑈𝑇(𝑂 ) − 𝑇𝑎𝑟𝑔𝑒𝑡(𝑂 ), 

𝜕𝑂𝑈𝑇(𝑂 )

𝜕𝐼𝑁(𝑂 )
= 𝑂𝑈𝑇(𝑂 )(1 − 𝑂𝑈𝑇(𝑂 )) 

and 

𝜕𝐼𝑁(𝑂 )

𝜕𝑊(𝐻𝑙𝑧, 𝑂 )
= OUT(𝐻𝑙𝑧) 

Therefore, 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻𝑙𝑧, 𝑂 )
= (𝑂𝑈𝑇(𝑂 ) − 𝑇𝑎𝑟𝑔𝑒𝑡(𝑂 )) ∗ 𝑂𝑈𝑇(𝑂 )(1 − 𝑂𝑈𝑇(𝑂 )) 

∗ OUT(𝐻𝑙𝑧), 1 ≤  z ≤  𝑛𝑙  (3.24) 

The weights are updated as shown in Eq. (3.25) for minimizing the error.  

𝑊(𝐻𝑙𝑧, 𝑂 ) = 𝑊(𝐻𝑙𝑧, 𝑂 ) − 𝜂 ∗
𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻𝑙𝑧,𝑂2)
                                    (3.25) 

The changes required in the weights connected between the hidden layers are shown in Eq. (3.26). 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻(𝑗− )𝑧,𝐻𝑗𝑘)
=

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑂𝑈𝑇(𝐻𝑗𝑘)
∗
𝜕𝑂𝑈𝑇(𝐻𝑗𝑘)

𝜕𝐼𝑁(𝐻𝑗𝑘)
∗

𝜕𝐼𝑁(𝐻𝑗𝑘)

𝜕𝑊(𝐻(𝑗− )𝑧,𝐻𝑗𝑘)
                         (3.26) 

where 1 ≤  z ≤  𝑛(𝑗−1),2 ≤ j≤ land1 ≤ k≤ nj. 

The weights are updated as shown in Eq. (3.27) for minimizing the error.  

𝑊(𝐻(𝑗−1)𝑧 , 𝐻𝑗𝑘) = 𝑊(𝐻(𝑗−1)𝑧 , 𝐻𝑗𝑘) − 𝜂 ∗
𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐻(𝑗− )𝑧,𝐻𝑗𝑘)
                         (3.27) 

The changes required in the weights connected between neurons of the input layer and the neurons 

of the first hidden layer are shown in Eq. (3.28). 

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐼𝑧,𝐻 𝑘)
=

𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑂𝑈𝑇(𝐻 𝑘)
∗
𝜕𝑂𝑈𝑇(𝐻 𝑘)

𝜕𝐼𝑁(𝐻 𝑘)
∗

𝜕𝐼𝑁(𝐻 𝑘)

𝜕𝑊(𝐼𝑧,𝐻 𝑘)
                                (3.28) 

where1 ≤ z ≤ 4 and1 ≤ k≤ n1. 

The weights are updated as shown in Eq. (3.29) for minimizing the error.  

𝑊(𝐼𝑧, 𝐻1𝑘) = 𝑊(𝐼𝑧 , 𝐻1𝑘) − 𝜂 ∗
𝜕𝐸𝑟𝑟𝑜𝑟(𝑇𝑜𝑡)

𝜕𝑊(𝐼𝑧,𝐻 𝑘)
                                     (3.29) 

Each time the neural network is updated, all of the weights of the links connecting the neurons of 

the layers are adjusted. The projected mouse cursor position values grow closer to the target value 

at each iteration, which is the actual user's selection area on the computer screen, which minimizes 

the inaccuracy [47]. 



 

4. Results 

The proposed system employs backpropagation neural network techniques to introduce the 

prediction of products that users want to select. The most extensively used neural network for 

forecasting/prediction is the backpropagation algorithm [48-62]. The screen resolution is set to 

1366 × 768 pixels with landscape orientation. The mouse pointer selection region on the computer 

screen is believed to be 40 square pixels.  

Table 4.1: Horizontal (X) regions of the computer screen 

X Region XMin XMax X Region XMin XMax 

1 0 39 19 720 759 

2 40 79 20 760 799 

3 80 119 21 800 839 

4 120 159 22 840 879 

5 160 199 23 880 919 

6 200 239 24 920 959 

7 240 279 25 960 999 

8 280 319 26 1000 1039 

9 320 359 27 1040 1079 

10 360 399 28 1080 1119 

11 400 439 29 1120 1159 

12 440 479 30 1160 1199 

13 480 519 31 1200 1239 

14 520 559 32 1240 1279 

15 560 599 33 1280 1319 

16 600 639 34 1320 1359 

17 640 679 35 1360 1366 

18 680 719 36 1380 1378 

 

Table 4.2: Vertical (Y) regions of the computer screen 

Y Region YMin YMax Y Region YMin YMax 

1 0 39 11 400 439 

2 40 79 12 440 479 

3 80 119 13 480 519 

4 120 159 14 520 559 

5 160 199 15 560 599 

6 200 239 16 600 639 

7 240 279 17 640 679 

8 280 319 18 680 719 

9 320 359 19 720 759 



10 360 399 20 760 768 

 

The 20 vertical (Y) zones are shown in Table 4.2, while the 35 horizontal (X) regions are shown 

in Table 4.1. As a result, the forecast will use user chosen areas from a total of 700 locations (the 

product of 35 horizontal regions and 20 vertical regions). As indicated in Table 4.3, the system is 

tested using five samples of succeeding pixel square sections. It is assumed that the next target 

selection area and the user's most recent selection area are two consecutive selection areas. The 

most recent or initial selection area is ji, 1 ≤ j ≤ 5, and the succeeding or target selection area is  jo, 

1 ≤ j ≤ 5.   

Table 4.3: Pixel areas of the sample square regions 

Sample 

(j) 

Selection area 

ji jo 

Region 

(x,y) 
XMin XMax YMin YMax 

Region 

(x,y) 
XMin XMax YMin YMax 

1 (1,19) 0 39 720 759 (6,7) 200 239 240 279 

2 (16,2) 600 639 40 79 (33,17) 1280 1319 640 679 

3 (17,8) 640 679 280 319 (13,18) 480 519 680 719 

4 (21,14) 800 839 520 559 (8,11) 280 319 400 439 

5 (31,8) 1200 1239 280 319 (11,15) 400 439 560 599 

 

Table 4.4: Input neuron values of the sample regions of Table 4.3. 

Sample 1 2 3 4 5 

I1 0 600 640 800 1200 

I2 720 40 280 520 280 

I3 1 1 -1 -1 -1 

I4 -1 1 1 -1 1 

 

Table 4.4 shows the values of the input neurons I1 to I4 for the five sample square sections of Table 

4.3. All of the weights in the neural network are given random values at first.  

Table 4.5: Actual vs predicted regions of mouse cursor 

Sample 1 2 3 4 5 

Actual Region (jo) R(6,7) R(33,17) R(13,18) R(8,11) R(11,15) 

Initial Predicted Region (jp) R(17,15) OUT R(19,13) R(18,8) R(19,11) 

After 5 passes (jp) R(8,8) R(31,18) R(14,18) R(9,8) R(12,11) 

After 10 passes (jp) R(6,7) R(32,17) R(13,18) R(8,8) R(11,11) 

After 20 passes (jp) R(6,7) R(33,17) R(13,18) R(8,8) R(11,11) 



After 40 passes (jp) R(6,7) R(33,17) R(13,18) R(8,11) R(11,11) 

After 80 passes(jp) R(6,7) R(33,17) R(13,18) R(8,11) R(11,15) 

 

Table 4.5 and Fig. 4.1 show the initially predicted regions and anticipated the mouse pointer 

positions on the computer screen after 5, 10, 20, 40, and 80 passes for each of the five examples.  

5. Discussion 

The disparity between the real or target selection area jo, 1 ≤ j ≤ 5, and the anticipated region of 

the mouse cursor location jp, 1 ≤ j ≤ 5 is regarded as a clearly an evident error. The predicted 

location values of the mouse cursor get closer to the user's actual selection region on the computer 

screen by repeating the backpropagation procedure in each pass and updating all the weights. After 

10 passes, the predicted position values of the mouse cursor are the same as the user's real selection 

region on the computer screen, resulting in the expected output for samples 1 and 3. The neural 

network is thus trained for samples 1 and 3. Sample 2 gets its output after 20 passes, sample 4 after 

40 passes, and sample 5 after 80 passes, in the same way. 

 



Fig 4.1 Actual vs predicted regions of the mouse cursor (a-e) for samples (1-5) of Table 4.5 

5.1 Limitations 

Real-time prediction in hands-free computing for disabled individuals faces challenges such as 

accuracy issues in dynamic environments, reliance on quality training data, adapting to user 

variability, potential latency, power consumption concerns, and privacy considerations.  

5. Conclusion and Future work 

The proposed system has used neural network techniques to introduce the prediction of things that 

the user wishes to select to improve the performance of selecting the user's target item in the GUI-

based computer system. In the input layer, there are four neurons, and in the output layer, there are 

two neurons, with hidden layers in between. The technique is put to the test by taking five samples 

of such locations in a row. The weights connecting the neurons in the network are changed in 

consecutive runs and predicted values move closer to the target mouse cursor location values by 

minimizing the error. When compared to the current system, the suggested system's 

accomplishments in achieving the cursor's horizontal and vertical mobility are noteworthy. When 

the user maintains a stable head position, the system also properly ignores any slight head 

movement captured by the web camera, preventing any feature loss. The model's performance is 

measured in this case by the precision of mouse clicks. 

Exploring more sophisticated neural network architectures will further improve prediction 

accuracy and reduce training time. Considering user-specific adaptations by incorporating 

personalized training data or allowing users to fine-tune the system according to their preferences 

could contribute to a more user-centric approach.  
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