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Abstract—A face recognition system's initial three processes
are face detection, feature extraction, and facial expression
recognition. The initial step of face detection involves colour
model skin colour detection, lighting adjustment to achieve
uniformity on the face, and morphological techniques to
maintain the necessary face region. To extract facial
characteristics such the eyes, nose, and mouth, the output of the
first step is employed. Third-step methodology using automated
face emotion recognition. This study's goal is to apply the
Adaptive Neuro Fuzzy Inference System (ANFIS) algorithm to
increase the precision of the current face recognition systems.
For the purpose of removing noise and unwanted information
from the data sets, independent data sets and a pre-processing
technique are built in this study based on color, texture, and
shape, to determine the features of the face. The output of the
three-feature extraction process is given to the ANFIS model as
input. By using our training picture data sets, it has already been
trained. This model receives a test image as input, then evaluates
the three aspects of the input image, and then recognizes the test
image based on correlation. The determination of whether input
has been authenticated or not is made using fuzzy logic. The
proposed ANFIS method is compared to the existing methods
such as Minimum Distance Classifier (MDC), Support Vector
Machine (SVM), Case Based Reasoning (CBR) with the following
quality measure like error rate, accuracy, precision, recall.
Finally, the performance is analyzed by combining all feature
extractions with existing classification methods such as MDC,
KNN (K-Nearest Neighbour), SVM, ANFIS and CBR. Based on
the performance of classification techniques, it is observed that
the face detection failures are reduced, such that overall accuracy
for CBR is 92% and it is 97% in ANFIS.

Keywords—ANFIS; Image processing; face
feature extraction; fuzzy logic

recognition;

. INTRODUCTION

Computer vision includes face recognition. Face
recognition [1] is a biometric approach for identifying a person
based on an image of their face. Biological characteristics are
used to identify a person. Human eyes can quickly recognize

people by simply glancing at them, but they have a limited
focus span. As a result, a computerized approach for facial
recognition is developed. Face recognition [2] is the process of
automatically detecting and authenticating a person from a
photograph or video. Despite the fact that face recognition has
been extensively explored [3], there are still obstacles to
overcome a number of issues, including:

e Misalignment.

e Pose Variation.

¢ Illumination Variation.
e Expression Variation.

The efficacy and precision of face recognition must be
improved; hence several approaches must be tested. A method
for identifying a person based on their input image is called
face recognition. Face recognition can be used on mobile
devices due to its adaptability. Face recognition on mobile
devices has a variety of disadvantages, such as processing
power restrictions, storage space restrictions [4], network
bandwidth restrictions, privacy problems, and security issues
[5]. On mobile devices, face recognition can be used to identify
users, identify social networking sites, and separate individuals.
It is well-liked in the marketing and security industries [6].
There are many conventional security apps, including
applications for username (identity) and password (credentials)
[7]. Passwords can be cracked or detected, making traditional
mobile apps easy targets for theft. Contrarily, face recognition
apps are more effective than conventional ones because they
are more versatile and safer, and they do away with the
necessity for the user to remember passwords [8]. The finest
biometrics for these devices are face recognition programs
because they include cameras. The novelty of the proposed
work is we consider the color, shape and texture feature of the
image. In existing methods, they are considered any on
parameter either color or shape or texture. Machine learning
implementation we are using the ANFIS model. This paper's
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goal is to introduce a facial recognition system for mobile
devices.

This paper is structured as follows: Literature review is
presented in Section Il. The proposed model is explained in
Section 1ll. Results are shown and discussed in Section IV.
Finally, the conclusion of the presented work is discussed in
Section V.

Il.  LITERATURE SURVEY

We will go through a handful of the many different types of
recognition techniques that exist. Based on the input image, the
authors of [9] suggested a face identification system for mobile
phones. They did this by developing a number of ROI
preprocessing steps, the Viola-Jones approach, and Principal
Component Analysis (PCA). The system's goals are to speed
up and simplify image searches. A unique application for facial
recognition on mobile devices was introduced by the
developers of [10] that leverages the Bridge Approach (BA) to
speed up processing and makes it possible to use the system
from any location with an internet connection. Face detection
and feature extraction are done with the OpenCV library; face
recognition is done with the WEKA library. The face and eye
detection, as well as a set of Region of Interest (ROI)
preprocessing, were proposed as part of the design and
implementation of a face recognition system for the mobile
phone platform by the authors of [11]. The PCA has an
accuracy rate of 93.8 percent, and Linear Discriminant
Analysis (LDA), which has an accuracy rate of 96 percent, are
the recognition techniques used. The use of facial recognition
on mobile devices was done by the authors of [12]. The PCA
method was used by them for recognition. After using the
technique, the accuracy for a given threshold was about 92
percent, and it took 0.35 seconds for a small sample of test
photos to identify the person. The authors of [13] developed a
facial recognition system in MATLAB and tested it on Direct
Region of Interest Device (DROID) mobile devices. It
examined various face detection techniques (such as color
segmentation and template matching) and provided two
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methods for recognition (Eigen & Fisher face). With a
computation time of 1.58 seconds on DROID, it has an Eigen
face recognition rate of 84.3 percent and a fisher face
recognition rate of 94 percent [14].

I1l.  PROPOSED METHOD

In this research work, face recognition is done using image
processing, pre-processing, feature extraction, and ANFIS.
Input images were collected using digital camera pre-
processing technique was used remove the noise. Feature
extraction was used to extract the essential feature from the
pre-processed output image. The ANFIS was used to recognize
the face. Receiver Operating Characteristic (ROC) curve was
used to evaluate the proposed system performance.

A. Input Image

Every matrix element in a recorded image is typically
referred to as a pixel [15]. Two categories can be used to
describe input images taken with a digital camera:

1) Testing image
2) Training image

Training images and Testing images were obtained using a
digital camera for Fig. 1. In this research, we used 16 different
data sets. 1600 photos total were used as input, with 1120
images used for the training data set and 480 images used for
the testing data (Given in Table I). We are utilizing a jpeg
image with dimensions of 256 x 234 pixels.

B. Pre-processing

In this research work, normalization method and soft coring
filter were used (shown in Fig. 2). In Fig. 3, Pre-processing is a
method used to remove the noise from the input image.
Normalization method was used to convert the RGB image
into gray scale image using (1) [16].

_ (Gx+Gy+Gz)

I(X, Y» Z) - T (1)

Input Im : Featur

pu . = Pre-Processing = .E  Em— ANFIS

(Training) Extraction
Input LI:r:lage Pre-Processing Feamrle EE— ANFIS

(Testing) Extraction

Decision Making
Block diagram for proposed system
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TABLE I. SAMPLE DATABASE

sl il il il

Fig. 2. Pre-processed output image.

The output of the soft coring function was applied after the
normalized output picture had been passed through the high
pass filter a (.) using equation (4).

P(x,y) = In(x,y) + a(I(x,)), (2)
where,
P(x,y) — Preprocessed output image
Ih(x,y) — Highpass fiter output image
Th(x,y) = 1(x,y) = Z(e/"*, /") @)
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Z(e/w*, e/"¥)- High pass filter co-efficient
a(I(x,y))- Soft coring function

Ixy)

a(l(x,y)) =m.I1(x,y)(1 - e|T| 4)
m, T — Random variables ranges between 0 to 1.

High Pass Filter Soft Computing

IX.Y)
o & PXTY)

Fig. 3. Soft coring filter.

A nonlinear technique called soft coring filtering is used to
remove extraneous data from normalized images [17]. Based
on a kernel function that may be executed in the frequency
domain, a Gaussian high pass filter is utilized to graphically
display the data. With the aid of the sliding windowing
technique, the Gaussian high pass filter quickly produces a
Fourier transform in two dimensions of convolutions [18].

Gaussian high pass filter was used to remove the noise
from the input image using equation (3). To extract the input
image's line and edge information, the soft coring kernel
function was employed. Two dimensional images were filtered
using the soft coring approach, which significantly reduced
data loss as compared to the median filtering method. Two step
pre-processing method contributes to the quality of the image
to be enhanced, reduction of processing time, compensation of
illumination, reduction of the shaded background, maintenance
of the image contrast and brightness [19]. Median filtering
cannot apply for the boundary or edges of the input image to
overcome this issue we used soft coring filter.

C. Feature Extraction

1) Texture feature extraction: After the preprocessing the
images are used for feature extraction. Geometry-based
techniques use geometric information as a features measure,
such as feature relative locations and sizes of the face
components. Kanade [20] devised a method that used a
vertical edge map to locate the eyes, mouth, and nose. These
procedures necessitate a threshold and may have a negative
impact on the final result [21]. Co-occurrences matrix-based
technique was used to extract the texture feature using. The
following features of co-occurrence matrix can be measured.

e Inertia (contrast).
e Energy.
e Entropy.

e Contrast.
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Fig. 4. Texture Feature extraction output image.

The output of the texture feature method is shown in Fig. 4.
The element difference moment of order 2 is called as contrast
[22]. It has relatively minimum values when maximum values
appear in the main diagonal of co-occurrence matrix

Contrast = ¥,51 X42(g1 — g2)* Cy1 g2 (5)
where, g1 = grey level value of pixel location at (X,y);
g2=grey level value of pixel location at (x,Dx,y,Dy);
Dx,Dy=displacement vector of x and y;
C=co-occurrence matrix

The energy value is calculated by using the following (6). If
all values in the co-occurrence matrix are equal, then energy
value is maximum.

ENERGY =3, % 52 Cy1 42° (6)

Entropy is used to calculate the information of the grey
level image. To calculate the entropy value the (7) is used:

ENTROPY = =¥ ;1 %42 C4142109:Ch1g2  (7)

2) Shape features extraction: To match the found face
components, this method uses a previously established
standard face pattern template [23]. This makes use of the
proper energy function. The facial image with the best match
to a template will use the least amount of energy. Y. Zhong et
al. [24] adopt this method, which requires prior knowledge of
a priori template modelling. It also necessitates additional
computing costs, which have a significant impact on its
performance [25]. For faster searching speeds and more
template matching optimization, genetic algorithms can be
utilized. In this research work, we used canny edge detection
method for shape feature extraction (output shown in Fig. 5).
This method was used to detect wide range of object edges in
an image.

3) Color feature extraction: In this research work we used
threshold-based segmentation as color feature extraction
method. Skin color is used to isolate the face in this method
[26]. Any non-skin color part of the face is considered a
potential for localization of the eyes and/or mouth. Due to the
diversity of ethnic backgrounds, this approach performs
poorly on facial image datasets. Color feature is extracted by
using (8).
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0if P(x,y) < T1
LifTL<P(x,y)<T2  (8)
0ifP(x,y) > T2

E(x,y) =

where T1 —Lower threshold value, T2- Upper threshold
value.

Fig. 5. Shape feature extraction output image.

4) ANFIS (Adaptive Neuro Fuzzy Interface System): The
outputs of feature extraction methods for colour, texture, and
form were fed into the ANFIS. The ANFIS machine learning
method, which combines fuzzy logic and neural network
methods, is supervised [27]. We are using feed-forward neural
networks as a neural network methodology and the Takagi-
Sugeno fuzzy logic method as a fuzzy logic method. The
architecture of the ANFIS is shown in Fig. 6, which has many
layers. Layer 1. In this research work, we used Gaussian
membership function. Layer 2: In this layer every node is
adaptive, it is labelled as w. The output of this layer is the
multiplying result of the first layer as shown in ANFIS
architecture, Fig. 6. In this research, the target value is
calculated using O R logic. Layer 3: In this layer every node is
adaptive, it is labelled as N. The output of this layer is the
ratio of firing strength of each node to the sum of all the nodes
firing strength. Layer 4: In this layer every node is adaptive.
Layer 5: In this layer there is a single node, it is non adaptive
and represented as Y. Layer 6: Output Layer. Six rules make
up the Takagi-Sugeno fuzzy model. With ANFIS, the
problems with facial detection are overcome. A hybrid
learning strategy was used to identify the face utilising the
back propagation gradient approach and the least squares
method. The nodes in the ANFIS network met the
specifications for each tier. IF/THEN rules might build a
network realisation in ANFIS. Each layer of the ANFIS
network's neurons carried out the same duty [28]. To
implement this algorithm, we were used MATLAB software.
Fig. 7 and 8 display the ANFIS confusion matrix and colour
feature extraction result.
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Fig. 6. ANFIS architecture.

5) Face recognition: The last procedure in our suggested
approach employs the Pearson Correlation Coefficient.
Pearson correlation assesses the degree to which two variables
are linearly related [29]. We use the Pearson correlation to
determine the covariance between a person's features and
authorized users' features in the database in order to gain
access to the mobile device.

50

Fig. 7. Color feature extraction output.
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Fig. 8. ANFIS output.

If the covariance ratio is equal to or higher than a specific
threshold, the system will accept the person as an authorized
user; otherwise, the system will deny the access request. The
built-in Pearson correlation function in MATLAB is used in
this project. We have n "data pairings,”" where n is the number.
The symbol n stands for the bivariate sample n2. The two
images A and B have a greater correlation coefficient, which
suggests that they are closely related. Based on the covariance
rate, we determined whether or not the person is known. If the
covariance ratio is equal to or higher than a specific threshold,
the system will accept the person as an authorized user;
otherwise, the system will deny the access request [30]. It
contrasts the 30 measurements of the person requesting access
to the system with the measurements of those who have been
granted access in the (SQL.ite) database.

IV. RESULTS

The ROC curve is a graph used to depict the relationship
between sensitivity and specificity and to represent the output
of a classification system for various threshold values. True
Positive Rate (TPR), probability detection, and recall are
additional names for sensitivity [31]. Specificity is also known
as the False Positive Rate (FPR), the likelihood of a false alert,
and fallout. A diagnosis paradigm for classifying instances into
groups is the ROC curve. The continuous output is the
diagnosis output (real value). The classifier having different
boundaries between different classes can be classified by
threshold value [32]. The binary classification system is having
two classes, one normal cell class which is labelled as positive
(P) and other one is abnormal cell class, and it is labelled as
negative (N).

The binary classifier has four possible outcomes are
e True Positive (TP).
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e False Positive (FP).
e True Negative (TN).
e False Negative (FN).

TABLE Il.  TRUE POSITIVE AND NEGATIVE VALUES
Training Image
P N
Testing TP EN
Image
N FP TN

Plotting the cumulative distribution functions of specificity
on the x-axis and sensitivity on the y-axis results in the ROC
curve. Using (9) and (10) as a basis for actual positive and
negative values, determine the sensitivity and specificity
values. The following criteria are used to calculate the true
positive and negative values, as shown in Table I1.

TP

Senstivity = GPIEm 9)
Specificity = T;ivpp (10)

where, TP- True Positive, TN- True Negative, FN- False
Negative, and FP- False Positive.

The examination of ROC curves is a more effective method
for choosing an optimization model, class distribution, disease
diagnosis, and decision-making. The ROC curve is employed
in a variety of fields, including biometrics, machine learning,
hazard prediction, radiography, model performance evaluation,
and medicine. Based on the diagonal splits in the ROC area,
ROC curve analysis is used to identify person [33]. The
disease-affected image is represented by the ROC curve above
the diagonal, and the disease-free picture is represented by the
ROC curve below the diagonal. The threshold value largely
determines the ROC curve output, thus choosing the right
threshold value will help the analysis of the ROC curve
perform better. Fig. 9 displays the ROC curve. Plotting the
cumulative distribution functions of specificity on the x-axis
and sensitivity on the y-axis results in the ROC curve [34]. The
system is performing well and efficiently if the curve in the
plot is above the 45-degree slope line. In this research work,
we used soft coring filtering method to remove the noise from
the input image. The performance of the soft coring filter was
compared with median filter based on the quality measure like
Mean Square Error (MSE), Peak to Signal Noise Ratio
(PSNR), Structural SIMilarity (SSIM), Peak Root mean square
Difference (PRD) and Signal Noise Ratio (SNR) [35].

The MSE value was calculated using the following
formula.

MSE = ——SMASN3f G y) — Ayl (1)
where f(x,y) — input image; x- row value; y-column value.

The PSNR value was calculated using the following
formula.

PSNR = 10 logy, (ﬂ“z)

MSE (12)
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where MAXi — Pixel value maximum; MSE-Mean Square
Error.

The SSIM value was calculated using the following
formula.

(2pxpy+C1)(205y+C2)
(u2+u3+c1)(oZ+03+C2) (13)

SSIM(x,y) =

where | - mean; o- variance.
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Fig. 9. ROC Output.

The PRD value was calculated using the following formula.

MSE
572 X100 (14)

PRD =
where MSE-Mean Square Error; f-image.
To calculate the SNR value using the following formula
M Nz ()

SNR =
] [LRC NN

(15)

where f(x,y) — input image; x- row value; y-column value.

Tables Il and IV show the performance of filtering
technique in terms of MSE, PSNR, SSIM, PRD and SNR. In
soft coring filter MSE, SNR and PRD values were low when
compared with median filter technique whereas PSNR and
SSIM values were high compared with median filter technique
[36]. This graph can be used to determine how well filtering
methods based on the MSE, PSNR, SSIM, PRD, and SNR
perform (shown in Fig. 10 and 11). The MSE, SNR, and PRD
values of the median filter were high when compared to the
Soft coring filter technique. The median filter's PSNR and
SSIM values were poor when compared to the Soft coring filter
method. It suggests that when compared to median filters, soft
coring filters perform better.
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TABLE Ill.  PERFORMANCE ANALYSIS FILTER USING MSE, PSNR AND 100
30
Median Filter Soft Coring Filter :Z
Data Set
MSE PSNR SSIM MSE PSNR SSIM 60
Dataset1 [0.0122 (30.6193 |0.4956 |0.0023 |41.2563 0.9079 jz
Dataset2 [0.0134 (30.0458 |0.4972 |0.0031 |41.7865 0.9045 30
Dataset3 [0.0137 (30.1246 |0.4942 |0.0018 |41.9658 0.9061 jﬁ
Dataset4 [0.0129 (30.2148 |0.4987 |0.0015 |41.6587 0.9032 0
SPEC F1 Score Acc % SPEC F1Score Acc %
Dataset5 [0.0125 (30.3127 |0.4963 |0.0017 |41.9623 0.9027 Without Filter With Filter
Dataset6 [0.0121 (30.1248 |0.4982 |0.0021 |41.8865 0.9062 EColor @Shape i Texture
Dataset 7 10.0122 |30.0458 |0.4956 |0.4972 |41.7865 0.9045 Fig. 11. Performance analyses of Feature extraction techniques.

Dataset8 |0.0125 |30.1246 |0.4942 |0.0018 |41.6587 0.9032

Table V illustrates the sensitivity, specificity, F1 score, and

Dataset9 |0.0129 |306193 04987 100015 |412563 0.9062 accuracy of the feature extraction approach. In Fig. 12, color,

Dataset 10 10.0137 |30.2148 ]0.4982 |0.0023 |41.9658  |0.9079 shape, and texture were quantified using feature extraction
Dataset 11 |0.0125 |30.3127 |0.4956 |0.0017 |41.7865  |0.9061 techniques with and without filters for these four metrics. With
Dataset 12 |0.0134 |30.6193 |0.4942 [0.0021 [41.8865 |0.9045 the filter, the sensitivity values were 81.25, 80.26, and 84.36.
Dataset 13 100137 130.2148 104972 104972 1416587  10.9032 Other feature extraction methods have lower sensitivity than

the texture feature extraction approach. With the filter, the

Dataset 14 100125 |30.1246 |0.4963 |0.0015 |41.2563  |0.9079 specificity values were 86.23, 85.32, and 82.34. Other feature

Dataset15 |0.0134 |30.3127 ]0.4987 |0.0023 |41.9623  |0.9027 extraction methods have lower specificity than the colour
Dataset 16 |0.0122 |30.0458 |0.4956 |0.0018 |41.9658  |0.9061 feature extraction approach [37-38]. The F1 score after
applying the filter was 84.35, 83.56, and 81.26. In comparison
TABLE IV.  PERFORMANCE ANALYSIS FILTER USING PRD AND SNR to other feature extraction techniques, colour feature extraction
Median Filt Soft Corma Filt produced a higher F1 score. There were three different filter
Data Set edian mitter o7t --oring FITter accuracy values: 85.26, 84.35, and 83.28. Compared to other
PRD SNR PRD SNR feature extraction techniques, the colour feature extraction
Data set 1 0.092 4.94 0.043  [7.89 method offered greater accuracy.
Data set 2 0.097 4.87 0.043 7.96
100
Data set 3 0.098 4.89 0.043 |7.35 %0
Data set 4 0.096 493 0.043  |7.69 80
Data set 5 0.092 4.23 0043 |7.78 ;g
Data set 6 0.095 4.45 0.043 |7.63 50
Data set 7 0.097 4.94 0.043 7.96 40
Data set 8 0.092 4.89 0043 [7.35 >
Data set 9 0.098 493 0.043  |7.69 10
Data set 10 0.096 4.94 0.043 7.78 0
SEN % SPEC F1 Score SEN % SPEC F1 Score
Data set 11 0.092 445 0.043 (R Color feature Extraction Shape Feature Extraction
Data set 12 0.095 423 0.043 |7.89
EMDC HKNN WSYM ECBR HEANFIS
Data set 13 0.097 4.87 0.043 7.96 (@)
Data set 14 0.096 4,94 0.043 7.35 100
Data set 15 0.092 493 0.043 |7.78 ig
Data set 16 0.098 4.87 0.043 7.69 70
60
a5 50
@ 40
3 30
50 20
. 10
0
* SEN % SPEC FlScore  Acc% SEN % SPEC FlScore  Acc%
? Texture Feature Extraction Color + Shape Feature Extraction
s EMDC HKNN ESVM HCBR HEANFIS
o (b)

Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset
11 2 13 14 15 16

mMedian Ater MSE  WMedian FiRer PSNR B Miedian Filter PRD MMadian FkerSNR B Median Filter SSiM

mSoft Coring Filter MSE W Sokt Coring Fiter PSNR B

Fig. 10. Performance analysis of preprocessing technique (a) SNR (b) PSNR
(c) PRD (d) MSE (e) SSIM.
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percent, 97.45 percent, 97.56 percent, 97.54 percent, 97.61
percent, 97.43 percent, 97.36 percent, 97.63 percent, 97.72
percent, 97.68 percent, 97.28 percent, 97.34 percent, 97.52
percent, 97.62 percent, and 97.48 percent. The average number
of iteration performance measures employed is shown in Table
Xl and Fig. 15. According to a comparison of categorization
techniques, ANFIS had the lowest average number of iterations
of all methods, with 39, 38, 37, 37, 39, 38, 38, 37, 37, 36, 38,
37, 36, 37, 38 and 36 of data sets.

TABLE VI.  CLASSIFICATION METHOD USING COLOR FEATURE
EXTRACTION AND SHAPE FEATURE EXTRACTION
. Color feature Extraction % | Shape Feature Extraction %
Technique
SEN | SPEC F1 Acc |SEN| SPEC F1 Acc
MDC 81 (85 86 87 75 |76 77 75
KNN 85 (85 85 85 74 |73 75 78
SVM 84 (88 86 86 76 |76 76 78
CBR 86 |87 79 84 78 |75 74 79
ANFIS 82 (89 86 89 77 |74 78 79
TABLE VII. CLASSIFICATION METHOD USING TEXTURE FEATURE

EXTRACTION AND COLOR + SHAPE FEATURE EXTRACTION

TABLE V. FEATURE EXTRACTION ANALYSIS
. Without Filter % With Filter %
Technique
SEN | SPEC F1 Acc SEN | SPEC | F1 |Acc
Color 7121 |74.36 |76.28 |[78.54 ([81.25 |[86.23 |84.35 |85.26
Shape 70.32 |72.36 |74.35 |[75.63 [80.26 [85.32 |83.56 |84.35
Texture 75.36 |72.36 |73.62 |[77.25 (84.36 [82.34 |81.26 |83.28

From Tables VI to IX, it was concluded that classification
strategies that integrated feature extraction approaches with
values of attributes like sensitivity, specificity, F1 score, and
accuracy generated better results. To recognize faces, three
approaches were used: assessing the performance of colour,
shape, and texture feature extractions separately, then
combining (colour and shape), (shape and texture), and (texture
and colour), and lastly merging all feature extraction methods
(colour, shape, and texture). The fusion of colour, shape, and
texture feature extraction methodology produced more
accuracy than earlier feature extraction techniques, as seen in
Fig. 12 [39]. Accuracy values for the MDC, KNN, SVM, CBR,
and ANFIS techniques are 81, 85, 88, 93, and 97, respectively.

The overall performance of several classification
algorithms used for facial recognition classification in terms of
execution time is shown in Table X and Fig. 13. ANFIS
performed faster than the other categorization algorithms in a
comparison. Each data set took 36, 34, 35, 32, 34, 33, 34, 31,
32, 34, 35, and 36 seconds to execute in seconds. The total
effectiveness of several classification algorithms utilized for
face recognition categorization is shown in Table XI and Fig.
14. According to a comparison of classification methods,
ANFIS had higher accuracy than all other methods, with 97.67

Texture Feature Extraction Color + Shape Feature
Technique % Extraction %
SEN SPEC | F1| Acc | SEN SPEC |Fl1| Acc
MDC 72 75 78 |74 81 81 82 |81
KNN 73 74 75 |76 |85 89 86 (85
SVM 78 73 76 |78 |86 88 82 (86
CBR 76 72 76 |75 |87 86 84 (89
ANFIS 79 78 78 |79 |88 85 88 (89
TABLE VIII. CLASSIFICATION METHOD USING TEXTURE + SHAPE FEATURE
EXTRACTION AND TEXTURE + COLOR FEATURE EXTRACTION
Shape + Textyre Feature Texture + Co_lor Feature
Technique Extraction % Extraction %
SEN SPEC |F1| Acc | SEN SPEC |F1| Acc
MDC 84 89 85 [81 |86 86 86 (81
KNN 89 86 82 (84 |87 85 85 (83
SVM 86 84 84 (86 |88 84 86 (84
CBR 81 85 87 (82 |88 88 84 |86
ANFIS 86 87 89 (86 |88 89 88 (88
TABLE IX.  CLASSIFICATION METHOD USING COLOR + SHAPE + TEXTURE
FEATURE EXTRACTION
Technique Color + Shape + Texture Feature Extraction %
SEN SPEC F1 Score Acc
MDC 82 82 81 81
KNN 86 84 82 85
SVM 88 87 89 88
CBR 92 94 95 93
ANFIS 98 96 97 97
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TABLE XI.  PERFORMANCE ANALYSIS BASED ON EXECUTION TIME 100
Execution Time (seconds) o | | | |1 I I | | I |
Data set
MDC KNN SVM CBR ANFIS
Data set 1 58 52 38 34 36
W Accuracy (%) MDC
Data set 2 57 51 36 35 34 B Accuracy (%) KNN
B Accuracy (%) SVM
Data set 3 58 52 37 33 35 ' r r ' ' ' ' ' Accuracy (3] CBR
Dataset4 |56 50 36 33 32 I I I I I I I I I I I I I I I Aoy ()ANRS
Data set 5 57 51 38 34 34
st 55 |52 7 s @ LILEHER R
Dataset7 |57 52 38 34 32 21 312 3 setd sets sot6 set? sots serd 30 10ser AL ek 123001200 6 0 520 15
Dataset8 |58 51 36 35 34 Fig. 14. Performance analysis based on accuracy
Data set 9 56 52 37 34 36
Dataset 10 |57 52 36 35 34 TABLE XIll. PERFORMANCE ANALYSIS BASED ON AVERAGE NUMBER OF
ITERATIONS
Dataset 11 |55 51 36 33 35
Dataset 12 |58 52 38 35 32 Data set Average Number of iterations
Data set 13 |56 50 36 33 34 MDC KNN SVM CBR ANFIS
Dataset 14 |57 51 37 33 33 Data set 1 102 86 74 52 39
Dataset 15 |58 52 36 34 32 Dataset2 (101 88 72 56 38
Dataset 16 |57 52 36 34 34 Data set 3 103 89 73 55 37
™ Dataset4  |104 87 71 53 37
® Dataset5  |102 86 74 54 39
50
Data set 6 101 84 74 51 38
40
- Dataset7 101 88 73 55 38
" Dataset8 103 89 71 53 37
" Dataset9 1104 87 74 54 37
o Dataset 10 |101 89 73 55 39
Dala set Data set Data set Dala set Bata set Data set Dala set Dala set Data set Data set Data set Data set Data set Data set Data set Data set
9 10 11 12 13 14 15 16 Da.ta Set 11 103 87 71 53 38
m Execution Time {seconds) MDC m Execution Time (seconds) KNN = Execution Time (seconds) SVM
W Execution Time (seconds) CBR W Execution Time (seconds) ANFIS Data set 12 104 86 74 54 37
Fig. 13. Performance analysis based on Execution Time Dataset 13 |101 84 74 51 39
TABLE XII. PERFORMANCE ANALYSIS BASED ON ACCURACY Dataset14 103 89 73 55 38
Dataset15 104 87 71 53 37
Data set Accuracy (%) YR
ata se ata se
MDC KNN SVM CBR ANFIS 102 86 7 %5 37
Data set 1 82.36 85.25 88.21 92.86 97.67 120
Data set 2 81.86 85.65 88.86 92.72 97.45 00
Data set 3 82.39 85.39 88.27 92.79 97.56 80
m Average Number of iteration MDC
Dataset4  |8157 85.76 88.38 92.27 97.54 & e Moo of ot KA
Data set 5 82.56 85.28 88.74 92.43 97.61 © Agin/niRin(R(RInInIN (N RN NN m Average Number of iteration SVM
W Average Number of iteration CBR
Data set 6 82.24 85.78 88.57 92.62 97.43 o MR A R et  Aversge Number of teration ANFIS
Data set 7 81.86 85.65 88.86 92.79 97.45
0
Dataset8  |82.39 85.39 88.27 92.27 97.56 P PSS PO D B PS80
L T I A S S
Data set 9 81.57 85.76 88.38 92.86 97.54 FEFFFF T IFFF G EF S
Dataset 10 |82.39 85.28 88.21 92.72 97.61 Fig. 15. Performance analysis based on average number of iterations
Data set 11 81.57 85.76 88.86 92.79 97.45 Th I " f . f i
e overa perrormance O precision or various
Data set 12 82.56 85.28 88.27 92.79 97.56 e : e P
classification techniques utilised for the classification of data
Dataset13 |82.24 85.78 88.38 92.21 97.54 sets is shown in Table XIII and Fig. 16. According to a
Dataset 14  |82.36 85.25 88.21 92.43 97.45 comparison of classification methods, ANFIS has higher
Dataset 15 |81.86 85.65 88.86 92.62 9756 precision than all other approaches, with precision values for
0 0 0 0 0
Dataset 16 182,39 85.39 88.27 92.79 9754 each data set of 97.23%, 97.11%, 97.15%, 97.21%, 97.21%,

784|Page

www.ijacsa.thesai.org




(IJACSA) International Journal of Advanced Computer Science and Applications,

97.18%, 97.16%, 97.27%, 97.26%, 97.11%, 97.21%, 97.23%,
97.24%, 97.27%, and 97.28%. The overall recall performance
of various classification techniques utilised for classifying data
sets is shown in Table XIV and Fig. 17 respectively. Upon
comparative analysis of classification methods, ANFIS had
higher recall above all other methods that was 96.67%,
96.58%, 96.29%, 96.42%, 96.78%, 96.63%, 96.74%, 96.76%,
96.28%, 96.39%, 96.74%, 96.26%, 96.58%, 96.59%, 96.96%
and 96.76% for each data sets.

TABLE XIV. PERFORMANCE ANALYSIS BASED ON PRECISION

Vol. 14, No. 6, 2023

Dataset9 |(83.24 85.18 87.46 90.80 96.29
Data set 10 |83.22 85.13 87.36 90.85 96.42
Data set 11 (83.28 85.11 87.42 90.84 96.78
Data set 12 |83.21 85.16 87.39 90.87 96.63
Data set 13 (83.26 85.12 87.46 90.88 96.67
Data set 14 |83.24 85.16 87.36 90.80 96.58
Data set 15 (83.22 85.18 87.42 90.85 96.29
Data set 16 |83.28 85.13 87.39 90.84 96.42

100

Precision
Data set
MDC KNN SVM CBR ANFIS

Datasetl |84.75 86.32 89.56 91.58 97.23

Dataset?2 |84.56 86.24 89.62 91.56 97.11 u Recall MDC

Dataset3  |84.36 86.31 89.58 91.54 97.15 ® Recall KNN
M Recall SVM

Dataset4 |84.45 86.74 89.54 91.64 97.21
M Recall CBR

Dataset5 |84.63 86.32 89.56 91.62 97.18  Recall ANFIS

Dataset6  [84.82 86.72 89.53 91.58 97.16

Dataset7 |84.56 86.24 89.62 91.56 97.11

Dataset8 |84.36 86.31 89.58 91.54 97.15

Dataset9 |84.45 86.74 89.54 91.64 97.21

Dataset 10 |84.63 86.32 89.56 91.62 97.18 Fig. 17. Performance analysis based on recall

Dataset 11 |84.56 86.24 89.62 91.58 97.16 .

Fase Table XV and Fig. 18 show the overall performance based
Dataset12 |84.36 86.31 89.58 91.56 9r.11 on error rate of different classification technique employed for
Data set 13 (84.45 86.74 89.54 91.54 97.15 classification of data sets. Upon comparative analysis of
Dataset 14 [84.63 86.32 89.56 91.64 97.21 classification methods, ANFIS had low error rate above all
Dataset 15 18456 86.24 89.62 91.62 9718 other methods that was 0.086, 0.074, 0.083, 0.056, 0.064,
Datasot 168445 5672 892 oLea 9715 0.073, 0.084, 0.074, 0.059, 0.065, 0.072, 0.089, 0.085, 0.086,

. : i - . 0.071 and 0.087 for each data set.

100

os TABLE XVI. PERFORMANCE ANALYSIS BASED ON ERROR RATE

w0 Error Rate

Data set
MDC KNN SVM CBR ANFIS
Datasetl  [0.524 0.436 0.286 0.213 0.086
® Dataset2  |0.578 0.431 0.272 0.217 0.074
7 Dataset3  [0.562 0.486 0.262 0.214 0.083
Data Data Data Data Data Data Data Data Data Data Data Data Data Data Data Data
setl set2 set3 setd set5 set6 set7 set8 set9 set10 set 1l set12 set13 set 14 set15 setl16 Data Set4 0 573 0463 O 253 O 219 0056
m Precision MDC  m Precision KNN ~ mPrecision SVM  m Precision CBR  m Precision ANFIS ’ ’ : : ’
Fig. 16. Performance analysis based on Precision Data set 5 0-548 0456 0.282 0216 0.064
Dataset6  [0.545 0.448 0.269 0.215 0.073
TABLE XV. PERFORMANCE ANALYSIS BASED ON RECALL Data set 7 0.524 0.486 0.253 0.217 0.086
Recall Dataset8  [0.578 0.463 0.282 0.214 0.074
Data set

MDC KNN SVM CBR ANFIS Dataset9  [0.562 0.456 0.269 0.219 0.083
Dataset1 |83.36 85.12 87.36 90.89  196.67 Dataset 10 [0.573 0.448 0.253 0216 0.056
Dataset2 |8321  |8516  |8738 %0.87  |96.58 Dataset11 0548 0486 0282  [0.215  |0.064
Dataset3 (8326  [85.18  |87.42 9088 9629 Dataset12 |0.545 0463  |0.269 0217  |0.073
Dataset4 |8324  |8513  |87.39 9080 19642 Dataset13 |0.524 0456|0253  |0214  |0.086

Dataset5 [83.22 85.11 87.46 90.85 96.78
Dataset 14 [0.578 0.448 0.282 0.219 0.074

Dataset6 |83.28 85.16 87.36 90.84 96.63
Dataset 15  [0.562 0.486 0.269 0.216 0.083

Dataset7 |83.21 85.12 87.42 90.87 96.67
Dataset 16  [0.573 0.463 0.253 0.215 0.056

Dataset8 |83.26 85.16 87.39 90.88 96.58
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Fig. 18. Performance analysis based on error rate

V. CONCLUSION

Face Detection is required as a preprocessing procedure in
a workflow for a variety of applications such as active presence
analysis, recognition, and reidentification. In the past,
numerous research in the area of face detection were
conducted, and multiple robust methods were suggested and
tested on diverse datasets. These approaches are also used in a
variety of applications. Despite the fact that this domain
appears to be rather old and that considerable work has
obviously gone into it, there is still opportunity for
development. Previous research has focused on challenges
such as face positions, emotions, picture scales, and occlusions,
with promising results. Work on advanced topics such as low-
resolution pictures, suggested anchoring, scale-invariance of
models, and model size reduction has been investigated in
recent years, with many solutions given. In this article, we will
cover the most recent papers in this field, the difficulties they
address, and the technologies they employ. The Adaptive
Neuro Fuzzy Inference System (ANFIS) method was designed
to overcome this problem. In classification techniques like
MDC, KNN, SVM, CBR, ANFIS; The performance of ANFIS
resulted in better recognition of face. The proposed research
method was compared with the existing methods such as
MDC, KNN and SVM which proved to provide better accuracy
than the latter. CBR accuracy value were 92% and it is 97% in
ANFIS. The performance of proposed system was analysed
using the following quality measure like execution time,
accuracy, F1 score, precision, recall, iteration and error rate
ANFIS resulted in better performance compared to other
existing system. The limitation of the proposed system is we
were used MATLAB software, it needs more memory space to
run this project. In future we will try to implement this project
in opensource software’s like Open CV.
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