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ABSTRACT: Gaze pattern recognition is the technique for detecting what and where the human eyes are pointing
in a predefined plane. It is important for predicting human attention and also used to recognize human activities
along with interactive systems. Several techniques are introduced in the field of human vision identification with a
number of patterns. These methods achieve fewer eyes tracking quality and it takes more time complexity (TC) for
recognition. A new technique called Quantum Shift Based Recurrent Neural Machine Learning (QS-RNML)
technique is developed for efficient gaze pattern recognition with minimum time. At first, the number of eye images
is taken from the Dataset (DS). QS-RNML technique includes three processes namely preprocessing, gaze
estimation and pattern recognition. The Adaptive median filter is employed in preprocessing of eye images for
removing the noise artifacts from eye images. In gaze estimation process, Quantum Shift is applied to estimate the
patterns by movement of the eyelid in gaze plane. After that, Recurrent Neural Machine Learning technique is used
for recognizing the gaze patterns by matching the estimated patterns with the ground truth patterns. The proposed
QS-RNML technique is simple and efficient for identifying the human visual attention, emotion, feelings and so on.
Simulation results of proposed QS-RNML technique are carried out using Synthes eyes DS and MPII gaze DS. The
results evident that QS-RNML technique improves gaze pattern recognition accuracy (GPRA), true positive rate
(TPR) and lessens the TC as well as false positive rate(FPR).

Keywords: Gaze pattern estimation, Quantum Shift, gaze plane, Recurrent Neural Machine learning technique, Gaze
pattern recognition,

1.INTRODUCTION

Eye gaze estimation is a process to locate the human eye point for recognizing a person’s visual attention. It is a
significant task in computer vision and has several applications such as human—computer interaction, human
behavior analysis and so on. There are several techniques has been developed for eye gaze pattern estimation in gaze
plane.Uncalibrated Gaze Pattern Recovery model was introduced in [1] for gaze estimation with different eye images
of the person. This model was not efficient to perform gaze recognition with less complexity. An auto-calibrated
gaze estimation method was designed in [Il] through gaze patterns. The estimation method failed to perform eye
image preprocessing for improving the image quality. A convolutional neural network (CNN) was introduced in [I11,
VII] based on pupil center detection approach for gaze estimation with infrared eye images. The CNN failed to
perform pattern matching for gaze pattern recognition. Minimum redundancy maximum relevance (MRMR) and
support vector machine was developed in [IV] for activity recognition through eye movement analysis. The method
failed to improve the recognition accuracy.

Support Vector Machine-based recognition approach with discriminative action features was determined in [V] from
recorded human gaze patterns. The approach has less recognition accuracy with more time consumption. A novel
Gaze Analysis Technique (GANT) was developed in [VI] which contain fixation point series collected from the
human eye movements. The GANT technique failed to perform the eye alignment for improving the recognition. In
[VII1], a gazing point dependent eye gazing estimation technique was introduced to calculate the location of the gaze
point. These gaze points were not aligned to perform accurate pattern matching. A Gabor Directional Binary Pattern
(GDBP) image descriptor was developed in [IX] for efficient gaze assessment using Support Vector Regression
(SVR). The descriptor achieves minimum eye tracking quality. An adaptive linear regression (ALR) technique was
designed in [X] for individual gaze estimation from the eye appearance. The technique has high TC since it contains
more training samples.

Appearance-based gaze estimation was introduced in [XI] with neighbor regression achieves efficient performance
within subject and cross-subject gaze estimation. The neighbor selection method was not performed the
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preprocessing before gaze pattern estimation.The certain issues are identified from the above said literatures such as
lack of gaze recognition accuracy, high complexity, failure to improve image quality, lack of accurate pattern
matching and so on. In order to address the problem of existing methods, a new technique called QS-RNML is
developed.
The major contribution of the QS-RNML technique is described as follows
< The QS-RNML technique contains three major contributions. At first, the eye image
preprocessing is done by using an adaptive median filter for removing the noisy pixel from the
image to improve the image quality. Secondly, the phase shift of the eyelid is estimated using
quantum approach with the help of qubits. This helps to reduce the TC in gaze pattern recognition.

« Finally, Recurrent Neural Machine Learning to recognize the gaze pattern with high accuracy. The
estimated points are selected based on the activation function results to form a gaze pattern for
pattern matching. The output unit performs pattern matching with the estimated patterns and
ground truth patterns using SoftMax function. This helps to improve the gaze patterns recognition
and reduce false positive rate.

The rest of the papers are arranged in the following manner. Section 2 discusses the related works. Section 3
provides the brief description of the QS-RNML technique with neat diagram. Experimental evaluation of proposed
and existing state-of-art methods are described in section 4. Section 5 provides the results and discussion of certain
parameters with table and graphical representation. Finally, the conclusion of the research work is described in
Section 6.

2. RELATED WORKS

A low-computational technique for gaze pattern assessment was developed in [XII] with the help of eye touch
system. The complexity of the gaze patterns estimation remained unaddressed. A hybrid technique was introduced in
[XI111] to incorporate the location knowledge of head pose and eye position for improving the gaze estimation. The
technique failed to perform the pattern matching. An active Shape Models (ASM) and Active Appearance Models
(AAM) were developed in [XIV] to segment the facial features for gaze estimation. The models were not effectively
aligned the eye image patterns for human vision recognition. In [XV], an accurate gaze estimation approach was
introduced with slight head movements. The approach failed to achieve high precision in gaze estimation. The
Bayesian multinomial logistic regression was introduced in [XVI] to create a gaze mapping function for eye-gaze
estimation under the slight movement of the head. The method failed to enhance the depth estimation of eye gaze.
An implicit calibration approach for 3D model-based gaze estimation was introduced in [XVII] with high estimation
accuracy. The calibration approach attains high gaze estimation error during eye tracking. An effective cascade
regression scheme was developed in [XVII1] for localizing the eye and eye state estimation. The regression scheme
was not focused the eye tracking and gaze estimation. A weighted least squareregression-based approach was
designed in [XIX] for achieving high gaze estimation accuracy with less user attempts. The approach failed to
perform eye tracking against the different illuminations. A Layered Hidden Markov Models (LHMM) was
developed in [XX] for human activity recognition through the movement of eye gaze. The LHMM model was not
obtaining high recognition accuracy. A novel probabilistic eye gaze tracking system was introduced in [XXI]
without any individual calibration. The TC was remained unsolved during gaze pattern estimation. The issues and
challenges are overcome by the above-said methods, the QS-RNML technique is presented in next sections.

3. QUANTUM SHIFT BASED RECURRENT NEURAL MACHINE LEARNING TECHNIQUE FOR

GAZE PATTERN ESTIMATION AND RECOGNITION
The human visual attention is identified through eye gaze that plays a vital indication for vision-based intelligent
systems. In order to improve the eye gaze pattern estimation and recognition, an efficient technique called QS-
RNML is developed. The movement of the eyelid is pointed out to measure the various angle in gaze plane. By
applying a quantum approach, the phase shift of the eyelid is measured for estimating the various gaze patterns.
Followed by, the estimated gaze patterns are recognized. The block diagram of QS-RNML technique is shown in
Figure 1.

Figure 1 shows the block diagram of QS-RNML technique. The proposed technique divided into three stages [XXII]
such as preprocessing, gaze pattern estimation and gaze patterns recognition. Input eye images are taken from image
DS to perform gaze estimation. At first, the preprocessing is carried out to remove the noise and unnecessary
distortions present in an image for further processing. This is done by applying the adaptive median filtering
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technique.Secondly, the gaze estimation is done using quantum shift through the movement of the eyelid in gaze
plane. Finally, the gaze patterns are recognized by performing the pattern matching. These three different processes

are explained in the following subsections.
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Figure 1 Block diagram of Q$-RNML technique

3.1 Adaptive Median Filtering Based Image Preprocessing
Preprocessing of eye images involves in removing the noise in the image and normalizing the intensity of the
individual eye images taken from the DS before gaze estimation process. The QS-RNML technique removes the
noisy pixel in an eye image using adaptive median filtering approach. The adaptive median filter changes each entry
with the center value of its neighboring pixel. Neighboring pixel patterns are also known as windows. Let us
consider the number of input eye images I; = I, 1,,.., I,,, taken from the DS. The adaptive median filter contains
each pixel in an eye image and its neighboring pixels. Then the median values of these pixels is estimated by
arranging the pixels in ascending order and take the median value for changing the center pixel. If any two
neighborhood pixels in the order, then the average value of these two pixels is considered as center value. The
mathematical formula for adaptive median filters are explained as follows,

y=M {aij} 1)
From above equation (1)'y’ denotes an output of the adaptive median filter and M denotes a median filter, a;;
denotes a row and columns value of the 3x3 window. The 3x3 window is show in figure 2.

a, a, a,
dy Qg5 ag
ag as ag

Figure 2 3x3 window

As shown in the figure, the central pixel value of 3x3 windows a;; is replaced with the median values of all the pixel
valuea,, a,, as, ...ag. The median process is applied in the entire pixel to recognize the level of noise and
accordingly the median value changes the noisy pixels in the window. This helps to the proposed QS-RNML
technique for improving the image quality for further processing.

3.2 Quantum Shift Based Eye Gaze Pattern Estimation

After image preprocessing, the different gaze patterns are estimated using quantum phase shift. The eyelid covers
the eye when it closed. The upper eyelid moves freely, but the lower eyelid has less freedom to move around the
gaze plane. The movements of the eyelids are used to points the angle in gaze plane. The Quantum approach is used
for locating the angle by the movement of the eyelid in the form of quantum states, or qubits. The qubit is also
known as basis states. Generally, two types of qubits are presented in quantum approach namely vertical
polarization and horizontal polarization which is denoted as |0>and |1>. Therefore, a qubit is represented as a linear
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combination of |[0>and |1>. Eyelid rotational along a particular axis is measured using these quantum bits (i.e.
qubits).

i)

=|1=

Figure 3 spherical representations of gubits

Figure 3 shows the spherical representations of qubits |[0>and |1>with three different gaze directions X, y and z. ‘O’
denotes an origin and ‘@’ is the point which is referred to as a phase shift from an origin. This phase shift is
identified after the movement of eyelid in gaze plane. The gaze position is obtained through the known point on the
gaze plane. @; and 6;denotes two different angles used for measuring the linear combination of the qubits. The
linear combination of the qubits is represented as follows,

@ =al0>+b|1>(2)
From (2), a and b denotes a probability amplitude which is expressed in the trigonometric functions as follows,

a =cos cos (%) 3
b = e'% sin sin (%) 4)
Based on the above equations (3) (4), the different angles of the eyelid is identified through the eyelid phase shift
from the zero phases. Figure 4 shows the estimation of gaze patterns using quantum phase shift. By using quantum
shift, the position of the eyelid from the zero phase is identified. Similarly, all the points are marked in a gaze plane.
As a result, the different points are arrived based on the movement of the eyelid. This helps to recognize the gaze

patterns with minimum time.

s
Obtained gaze A Y

points

Figure 4 Quantum shift based gaze pattern estimation

3.3 Recurrent Neural Machine Learning Based Gaze Pattern Recognition

After estimating the gaze points using quantum shift, then these points are arranged in a gaze plane to recognize the
gaze patterns. The gaze pattern recognition is carried out using Recurrent Neural Machine Learning (RNML)
technique. In RNML technique, the neurons like nodes are interconnected with another layer to form a network. If
the link between two nodes is strong, the RNML provides efficient result in gaze pattern recognition. The RNML
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technique contains three different units namely input, hidden and output unit. The input unit receives the estimated
gaze points. The hidden unit processing the gaze points recurrently from the input unit and output unit attains the
processing results. Hence, the name is called as Recurrent Neural Machine Learning. The output unit is used for
displaying the gaze pattern recognition results. The process of RNML technique is shown in figure 5.

Estimated gaze patterns

=@

= e
(aze pattem recognition y (t) Output

Gaze pattemn matching unit

Figure 5 Process of recurrent neural machine learning technique

Figure 5 shows the process of recurrent neural machine learning technique which includes three units. The RNML
technique includes the number of estimated gaze patterns in input units. In the hidden unit, the input estimated
points are aligned and perform the matching process. The input estimated patterns have set of pointsp,, p;, Pz -+, Pn
to form a gaze patterns. As shown in figure 5, h; denotes a hidden state at the time ‘t’. At each time stamp, the
recurrent process in the hidden unit is measured as follows, h(t) = a (Wih x(@®)+w,.h(t— 1))(5)

From (5), h(t) denotes an output of the hidden state at the time stamp ‘t” and previous hidden state h (t — 1).
'a'represent activation function that provides the outcomes depending on input. x (t) denotes a estimated gaze
patterns (i.e. input). w;, represents a weight between input unit and hidden unit. w, denotes a recurrent weight
between the hidden layers at adjacent time stamps. In RNML technique, the activation function («) is used asa t an
h function which is normalized from -1 to 1. Hence, the above equation (5) is modified as follows,

h(t) = tanh (Wih xx (t) +w,.*h(t— 1)) (6)
Based on the activation result, the points which are close to the eye patterns are selected from the estimated gaze
patterns. This process is continually carried out to select the point for recognizing the gaze patterns.
a ={+1, point selected — 1, point not selected (7)
From (7),aindicates an activation function, the estimated points are form a shape of gaze patterns with the two
results such as +1 and -1. The result “+1° represents the point is chosen. Or else the point is not chosen to outline the
structure of gaze patterns. Then a result of the hidden units is transformed into output units. The output processing
unit at time stamp‘t’ is measured to match the patterns with the already stored ground truth patterns. The output unit
performs the matching process of recovered gaze pattern with already stored patterns. The output of the recurrent
neural machine learning technique is expressed as follows,
y () = ofh(©) * w,p} (8)

From (8),y (t) denotes an output of recurrent neural machine learning technique, o denotes softmax function used in
the final units, w,,;, denotes a weight between hidden and output units. In RNML technique, a softmax function is a
normalized exponential function that is used for pattern matching. softmax function matches the estimated gaze
patterns with different class of truth patterns which is available in [1]. The matching process using softmax function

is defined as follows,
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From (9),softmax function compute the probability that this estimated gaze patterns in hidden units p; is belongs to
the class of ground truth patternst;. The various truth gaze patterns are shown in Figure 6.Figure 6 shows the
ground truth patterns. With the help of the quantum shift, the newly estimated patterns are shown at last to perform
the matching process. The estimated gaze patterns with the ground truth patterns are matched based on the
probability outcomes. The patterns are matched, when the probability outcome is 1. Or else, the patterns are not
matched. The matched patterns are employed to recognize the human vision. This process is repeated for all the
input eye images. The algorithmic process of QS-RNML is described as follows,
Input: Number of eye images [, I, 05 ... [,

Output: Fecognize the gaze pattems

Begin

1. for each eye image [; € D

2. Remove noise n anl; by applving v = M {a._-J.-}
3. Estimate evelid phase shift ‘¢” fromorngin 0"
4. Hidden state atthe time stamp “t" — hE)

5. if (o =+1) then

4. pointis selected

7. else

5. pointis not selected

9. end if

10. for each gaze patterns p;

11. Conpute the probability P{)-‘ (£ = tJ.-lp._- }
12. if Py (£) = ]z ) = 1 then

13, p; matched to truth pattems ¢;

14, else

15 p; notmatched to truth pattems £;
16. end if

17. end for

158. end for

Algorithm 1 Quantum Shift Based Recurrent Neural Machine Learning

Algorithm 1 describes the QS-RNML to recognize the gaze pattern with minimum time. For each input eye image,
the preprocessing is done with the help of adaptive median filter to remove the noise pixels in an image. After that,
the eyelid movement is measured in terms of an angle using quantum phase shift. As a result, the phase shift of the
eyelid from the origin is measured and obtained the patterns. These estimated patterns are given the input of the
recurrent neural machine learning technique. The input unit has a set of points in the form of gaze patterns. Then
these points are transformed into a hidden unit for aligning the eye image points to form patterns. Based on the
activation function results in hidden unit, the points are selected to form a gaze patterns. With the obtained gaze
patterns is given to output unit for pattern matching. In output unit, the softmax function is employed to match the
estimated gaze patterns with the ground truth patterns based on probability results. This helps to improve the gaze
patterns recognition.

4. EXPERIMENTAL EVALUATION

The performance of QS-RNML technique is evaluated with the experimental setup and the data. Experimental
evaluation of QS-RNML technique is implemented using MATLAB with two different eye image DSs namely
syntheses Eyes DS and MPII gaze DS. The
SynthesEyesDS(https.//www.cl.cam.ac.uk/research/rainbow/projects/syntheseyes/) consists of 11,382 synthesized
close-up images of eyes. For the experimental consideration, totally 50 eye images are taken as input for gaze
pattern estimation and recognition. The other DSis MPII gaze dataset which is taken from(https://www.mpi-
inf.mpg.de/de/abteilungen/computer-vision-and-multimodal-computing/research/gaze-based-human-computer-
interaction/appearance-based-gaze-estimation-in-the-wild-mpiigaze/). This DS contains 213,659 images taken from
15 different participants. The number of eye images is gathered and ranges from 34,745 to 1,498. Eye images
include dissimilar mean grey-scale intensities within face region gathered for every participant. Result analysis is
conducted with TPR,GPRA, TC, FPR with respect to a number of eye images.
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5. RESULTS AND DISCUSSIONS

Results and discussion of three different methods are QS-RNML technique and existing Uncalibrated gaze pattern
recovery model [I] and Auto-Calibrated Gaze Estimation method [II] are clearly described in this section. The
various parameters are used such as TPR, GPRA, TC and FPR with two different DSs namely syntheses eyes DS
and MPII gaze DS for measuring the performance of three different methods. Performance analysis is carried out
using above said metrics to show the effectiveness of the proposed QS-RNML technique than the existing methods.
5.1 Impact of True Positive Rate

TPR is measured as the ratio of number of eye images are correctly aligned with estimated gaze patterns to number

of eye images. TPR is expressed as below,
TPR = No.of eye images are correctly aligned with estimated gaze patterns +100 (10)

n
From (10),TPR represents True Positive Rate (TPR) and ‘n” denotes a number of eye images. It is measured in terms
of percentage (%).
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Figure 7 Performance results of true positive rate

Figure 7 illustrates performance results of TPR versus a number of input eye images. As shown in figure 7, the
number of images is taken as input in ‘X’ direction whereas the output of TPR in *’y’ direction. For the experimental
consideration, the numbers of eye images taken from 5 to 50. The two colors indicate the TPR of two different DSs.
The blue color curve indicates the performance of TPR using syntheses eyes DS and brown color curve indicates the
performance of TPR using MPII gaze DS. By using two different DSs, the above graphical results clearly illustrates
that the true positive results of proposed QS-RNML technique is improved than the existing uncalibrated gaze
pattern recovery model [I] and auto-calibrated gaze estimation method [Il]. This is because, the proposed QS-
RNML technique effectively uses recurrent neural machine learning technique in which the gaze points are aligned
to form a gaze patterns. The input unit in RNML technique has a set of estimated points. The hidden unit has an
activation function which repeatedly verifies the estimated gaze points a different time interval. An activation
function provides two different outcomes. Based on the activation function results, the eye images are correctly
aligned. This helps to perform efficient pattern matching.

Let us consider the number of input eye images is 5 from syntheseyes DS, the TPR of the proposed QS-RNML
technique is 83% whereas the TPR of existing uncalibrated gaze pattern recovery model [I] and auto-calibrated gaze
estimation method [I1] is 63% and 52%. Similarly, nine different runs are carried out and calculate the average
comparison results of proposed and existing methods. The average results of TPR are 23% and 45% when compared
to uncalibrated gaze pattern recovery model [1] and auto-calibrated gaze estimation method [I1]. By applying MPII
gaze DS and the number of input eye images are 5, then the TPR of proposed QS-RNML technique is 81% and 61%
and 48% using uncalibrated gaze pattern recovery model [I] and auto-calibrated gaze estimation method [11]. After
performing the remaining nine runs, the comparison between proposed and existing are carried out. The comparison
results show that the proposed QS-RNML technique is considerably increased the performance of TPR by 24% and
54% than the state-of-the —art methods.

5.2 Impact of Gaze Pattern Recognition Accuracy

GPRA is defined as the number of gaze patterns are recognized by performing the pattern matching with the ground
truth patterns. The GPRA is measured as follows,

No.of gaze patterns of eye images are recognized

GPRA =

*100 (11)

n
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From (11), GPRA denotes Gaze pattern recognition accuracy and it is measured in terms of percentage (%). The
performances of GPRA with respect to number of eye images are shown in Table 1.

Table 1 describes the performance results of GPRA with respect to a number of eye images. These eye images are
taken from two different DSs. By using two different DSs, the performance result of GPRA of proposed QS-RNML
technique is increased than the two existing methods. The above table clearly illustrates the various runs of GPRA
results. This improvement of proposed QS-RNML technique is obtained by performing two diffident processes
namely pattern estimation and recognition. The gaze points are estimated by applying quantum shift. The shifting
position of the eyelid from the origin is measured in the form of points. These points are fed into the input of the
recurrent neural machine learning technique.

Table 1 Tabulation for Gaze pattern recognition accuracy
=

No. of Gaze pattern recognition accuracy (%)
eve Syntheseyves dataset MPII gaze dataset
images QS- Uncalibrate Auto- QS-RNML | Uncalibra Auto-
RNML d gaze Calibrate | technique ted gaze Calibrated
technique pattern d Gaze pattern Gaze
recovery Estimatio recovery Estimation
model n method model method
5 82 63 45 80 60 41
10 84 64 48 82 61 43
15 87 68 52 85 63 48
20 89 69 53 87 64 49
25 90 73 54 88 69 50
30 93 74 57 21 70 53
35 94 78 62 92 72 54
40 95 81 63 93 73 58
45 se 83 68 94 78 63
50 o8 85 73 96 80 69

The hidden unit performs the eye alignment with the estimated gaze points based on activation function. The
estimated patterns are transformed into output unit of RNML technique. The output unit has softmax function to
match the estimated gaze patterns with already stored ground truth patterns. The matching probability results
improve the GPRA. Let us consider the syntheseyes DS with a number of eye images is 5, the GPRA is significantly
improved by 82% using QS-RNML technique. GPRA is enhanced by 63% and 45% using existing [I] and [II].
Followed by, the nine different runs are carried out with different input images. After performing the ten runs, the
performance result of the proposed method is compared with existing methods. Finally, the GPRA using QS-RNML
technique is increased by24% and 60% as compared to existing [I] and [I1].

Let us consider the MPII gaze DS and number of images is 5, GPRA of QS-RNML technique is 80% whereas
GPRA of existing [I] and [I1] are60% and 41%. The GPRA of QS-RNML technique is enhanced by 29% and 71%
as compared to existing [1] and [11].

5.3 Impact of Time Complexity
TC is measured as the amount of time consumed to recognize gaze patterns with number of input eye images. The
TC is calculated using following mathematical formula,

TC = n =T (gaze pattern recognition) (12)
From (12), TC represents time complexity and ‘n’ denotes the number of eye images, T denotes a time. TC is
calculated in milliseconds (ms). The performance results of TC with three different methods are clearly illustrated in
Figure 8. Figure 8 depicts the performance results of TC with respect to a number of eye images. For the
experimental purposes, the number of eye images taken from the two DS is varied from 5 to 50. The performance
results of TC using syntheseyes DS indicate in blue color curve. The TC results of three different methods using
MPII gaze DS indicate a brown color curve. With the application of two different DS, the TC of proposed QS-
RNML technique is considerably reduced in gaze pattern recognition. The input eye images are taken from the
image DS and perform the preprocessing using adaptive median filtering technique to improve image quality. After
performing the preprocessing, the gaze patterns are estimated by movement of the eyelid in gaze plane. The eyelid
phase shift is measured in terms of different angles. As a result, the various patterns are obtained.
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Figure 8 Performance results of time complexity

The RNML technique receives the estimated points in the form of patterns and removes the certain points to form a
gaze patterns. The estimated gaze patterns are matched in the output unit to obtain the recognition results with
minimum time. Let us consider the number of input eye images is 5, the TC of proposed QS-RNML technique is
11ms and 18ms, 26ms using existing uncalibrated gaze pattern recovery model [I] and auto-calibrated gaze
estimation method [I1]. Therefore, the comparison results of QS-RNML technique are considerably reduced by 29%
and 45% using syntheseyes DS when compared to two existing methods. While considering the MPII gaze DS, the
TC of proposed QS-RNML technique is 14ms and 22ms, 30ms is obtained by using two existing methods. The QS-
RNML technique lessens the TC by 24% and 41% as compared to existing [I] and [I1].

5.4 Impact of False Positive Rate

FPR is measured as the ratio of number of gaze patterns of eye images are inaccurately matched with ground truth

patterns to total number of eye images. FPR is calculated as below,
__ Number of gaze patterns of eye images are incorrectly matched

FPR = 100 (13)

n
From (13), FPR denotes a false positive rate and ‘n’ denotes the number of eye images taken for experimental
evaluations. It is measured in terms of percentage (%).

Table 2 Tabulation for false positive rate
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Table 2 illustrates the FPR with number of eye images in the range of 5 to 50 taken from two DS. Let us consider
the number of eye images as 5, the five different gaze patterns are obtained. Table 2 clearly evident that FPR of QS-
RNML technique is minimized with the help of Syntheseyes DS and MPII gaze DS as compared to existing [1] and
[I1]. The FPR is the number of estimated patterns is incorrectly matched with the ground truth patterns. By applying
the RNML technique, the pattern matching is carried out in the output unit. This is because of the estimated patterns
from the hidden unit are matched with the available patterns to improve recognition accuracy. The pattern matching
is done by applying the softmax function which results probability outcomes. The probability outcomes ‘1’ provides
the estimated patterns are correctly matched with ground truth patterns. This in turn minimizes the incorrect pattern
matching. With Syntheseyes DS, the FPR of QS-RNML technique is reduced by 37% and 52% as compared to
existing [I] and [I1] . In addition, the performance of FPR of QS-RNML technique using MPII gaze DS is reduced
by 36% and 50% when compared to two state-of-the-art methods.
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The above discussion results clearly illustrate that the proposed QS-RNML technique perform both gaze pattern
estimation and recognition with less time complexity.

6. CONCLUSION

An efficient technique called QS-RNML is developed to improve GPRA with less time complexity. The QS-RNML
technique initially performs preprocessing to remove the noise artifices from the input eye images.  The
preprocessing of eye images is done with the help of adaptive median filtering technique. After that, the gaze
assessment is carried out to measure the phase shift of the eyelid from the initial location. Then the estimated gaze
points are transformed into the recurrent neural machine learning technique. It performs the gaze point alignment
repeatedly in the hidden unit for pattern matching. Finally, the estimated gaze patterns are matched with already
stored ground truth patterns. The matched results provide high recognition accuracy of gaze patterns. Experimental
evaluation of QS-RNML technique is performed with two eye image DS with certain parameters such as true
positive rate, GPRA, TC and FPR based on a number of eye images. The results analysis shows that QS-RNML
technique enhances GPRA, TPR with minimal TC and FPR than the conventional methods.

REFERENCES

1. Feng Lu, et al. (2017). Appearance-Based Gaze Estimation via Uncalibrated Gaze Pattern Recovery,
IEEE Transactions on Image Processing, Volume 26, Issue 4, Pages 1543 - 1553

2. Shuvra Chakraborty & Ismat Rahman , “An Estimation to Speaking Frequency in Video Streaming “,
BEST: International Journal of Management, Information Technology and Engineering (BEST:
IUIMITE, Vol. 3, Issue 2, pp. 41-46

3. 1. Fares Alnajar, et al. (2017).Auto-Calibrated Gaze Estimation Using Human Gaze Patterns,
International Journal of Computer Vision, Springer, 2017, Pages 1-14
4. 11l. Warapon Chinsatit and Takeshi Saitoh, (2017). CNN-Based Pupil Center Detection for Wearable

Gaze Estimation System, Applied Computational Intelligence and Soft Computing, Hindawi VVolume
2017, Pages 1-10

5. IV. Andreas Bulling,et al. (2011). Eye movement analysis for activity recognition using
electrooculography, IEEE Transactions on Pattern Analysis and Machine Intelligence, Volume 33,
Issue 4, Pages 741 - 753

6. V. Daria Stefic and loannisPatras, (2016). Action recognition using saliency learned from recorded
human gaze, Image and Vision Computing, Elsevier, Volume 52, Pages 195-205

7. VL. Virginio Cantoni, et al. (2015).GANT: Gaze analysis technique for human identification, Pattern
Recognition, Elsevier, Volume 48, Issue 4, Pages 1027-1038

8. VII. Manoj TH, et al. (2019).A BrainNet Classification Technique Based on Deep Convolutional
Neural Network for Detection of Brain Tumor in FLAIR MRI Images, International Journal of
Engineering and Advanced Technology, Volume 9, Issue 1, 3264-3269

9. VIII. Hong Cheng, et al. (2017).Gazing Point Dependent Eye Gaze Estimation, Pattern Recognition,
Elsevier, Volume 71, Pages 36-44

10. IX. Hongzhi Ge(2010)., Gabor Directional Binary Pattern: An Image Descriptor for Gaze Estimation,
EURASIP Journal on Advances in Signal Processing, Hindawi Publishing Corporation, Volume 2010,
Pages 1-8

11. X. Feng Lu, et al. (2014).Adaptive Linear Regression for Appearance-Based Gaze Estimation, IEEE
Transactions on Pattern Analysis and Machine Intelligence, Volume 36, Issue 10, Pages 2033 — 2046

12. S. Syed Navaz, T. Dhevi Sri & Pratap Mazumder , “Face Recognition Using Principal Component
Analysis and Neural Networks “, International Journal of Computer Networking, Wireless and Mobile
Communications (IJCNWMC), Vol. 3, Issue 1, pp. 245-256

13. T. Narayana Rao & Dr. K. John, “An Empirical Study on Employees' Outlook Towards the Factors
Influencing in Attrition at BPO’s, Visakhapatnam “, International Journal of Human Resource
Management and Research (IJHRMR) , Vol. 10, Issue 1, pp. 83-94

14. Yafei Wang, et al. (2018).Learning a gaze estimator with neighbor selection from large-scale synthetic
eye images, Knowledge-Based Systems, Elsevier, Volume 139, Pages 41-49

15. Cihan Topal et al. (2014).A Low-Computational Approach on Gaze Estimation With Eye Touch
System, IEEE Transactions on Cybernetics, Volume 44, Issue 2, Pages 228 — 239

16. Roberto Valenti , et al. (2012).Combining Head Pose and Eye Location Information for Gaze
Estimation, IEEE Transactions on Image Processing, Volume 21, Issue 2, Pages 802 - 815


http://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=34
http://ieeexplore.ieee.org/xpl/tocresult.jsp?isnumber=5715914

K. Rathi 1, Dr. K. Srinivasan 2, Dr.M. Gunasekaran 3, Dr. J. Anitha 4

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Jose Javier Bengoechea, et al. (2014).Evaluation of accurate eye corner detection methods for gaze
estimation, Journal of Eye Movement Research, Volume 7, Issue 3, Pages 1-8

Zhizhi Guo, et al. (2017).Appearance-based gaze estimation under slight head motion, Multimedia
Tools and Applications, Springer, Volume 76, Issue 2, Pages 2203-2222

Reza Jafari and Djemel Ziou, (2015). Eye-gaze estimation under various head positions and iris states,
Expert Systems with Applications, Elsevier, Volume 42, Pages 510-518

Kang Wang and Qiang Ji,(2018). 3D Gaze Estimation without Explicit Personal Calibration, Pattern
Recognition, Elsevier, Volume 79, Pages 216-227

Chao Gou, (2015). A joint cascaded framework for simultaneous eye detection and eye state
estimation, Pattern Recognition, Elsevier, Volume 67, 2017, Pages 23-31

Nuri Murat Arar , (2017). A Regression-Based User Calibration Framework for Real-Time Gaze
Estimation, IEEE Transactions on Circuits and Systems for Video Technology, Volume 27, Issue 12,
Pages 2623 — 2638

Francois Courtemanche, (2011). Activity recognition using eye-gaze movements and traditional
interactions, Interacting with Computers, Elsevier, Volume 23, Issue 3, Pages 202-213

Wincharles Coker , “Media Culture and Television News: A Review of Five Recent Books and their
Implications for Future Research “, International Journal of Communication and Media Studies
(NCMS), Vol. 3, Issue 4, pp. 17-26

Tayyaba Fatma & Shruti Sharma , “Consumer’s Acceptance and Marketability of Designer Burqa ,
International Journal of Humanities and Social Sciences (IJHSS), Vol. 5, Issue 2, pp. 1-16

Jixu Chen and Qiang Ji, (2015). A Probabilistic Approach to Online Eye Gaze Tracking Without
Explicit Personal Calibration, IEEE Transactions on Image Processing, Volume 24, Issue 3, Pages
1076 - 1086

Rajiga SV and Gunasekaran M, (2020). Survey of Data Mining Techniques on Detection of Brain
Tumor from Magnetic Resonance Imaging, Test Engineering and Management, VVolume 83, 28832 —
28836.

G. Siddarth and Preethi Nanjundan. (2020). An Analysis of Machine Learning Algorithms in
Profound, European Journal of Molecular & Clinical Medicine, Volume 07, Issue 02, 5179-5192.

2627



