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Facial gender recognition is a crucial research topic due to its comprehensive use cases, including a demographic gender survey,
visitor profile identification, targeted advertisement, access control, security, and surveillance from CCTV. For these real-time
applications, the face of a person can be oriented to any angle from the camera axis, and the person can be of any age group,
including juveniles. A child’s face consists of immature craniofacial feature points in texture and edge compared to an adult face,
making it very hard to recognize gender using the child’s face. Real-word faces captured in an unconstrained environment make
the gender prediction system more complex to identify correctly due to orientation. +ese factors reduce the accuracy of the
existing state-of-the-art models developed so far for real-time facial gender prediction. +is paper presents the novelty of facial
gender recognition for juveniles, adults, and unconstrained-oriented faces. +e progressive calibration network (PCN) detects
rotation-invariant faces in the proposed model.+en, a Gabor filter is applied to extract unique edge and texture features from the
detected face. +e Gabor filter is invariant to illumination and produces texture and edge features with redundant feature
coefficients in large dimensions. Gabor has drawbacks such as redundancy and a large dimension resolved by the proposed
meanDWTfeature optimization method, which optimizes the system’s accuracy, the size of the model, and computational timing.
+e proposed feature engineering model is classified with different classifiers such as Näıve Bayes, Logistic Regression, SVM with
linear, and RBF kernel. Its results are compared with the state-of-the-art techniques; detailed experimental analysis is presented
and concluded to support the argument. We also present a review of approaches based on conventional and deep learning
methods with their pros and cons for facial gender recognition on different datasets available for facial gender recognition.

1. Introduction

Gender prediction from the face data has considerable at-
tention due to wide application and use cases compared to
other attributes such as age, emotion, and ethnicity. Facial
gender classification has real-time commercial applications
to determine a criminal’s sex in non-invasive forensic, a
restricted entry for specific sex and specified zones such as
website or woman clubs, surveillance of particular gender,
law enforcement, human-computer interaction, and access
control. For commercial applications, gender prediction is
used for sex demographics in the crowd from CCTV, real-
time gender-specific targeted marketing, advertising of a
product for a specific sex group, and any access segregation
based on gender. For example, train compartments (or

seats), metros, buses, washrooms, and hostels have restricted
access to a specific gender in some countries where the
passengers or visitors based on sex can be monitored for any
law violation of this access. Gender recognition helps col-
lecting customer and visitor demographic statistics in the
business zone or public zone (banks, malls, airports, and
railway stations) for better planning and effective business
strategies. Specific gender-targeted advertisements and
recommended systems change the promotions automati-
cally on an electronic board targeting a particular gender. A
machine interview system is demanded to recognize a
person’s face as gender during physiological behavior
analysis in human-computer interaction. In CCTV sur-
veillance and security, auto gender recognition is needed to
monitor permitted zones for a particular gender. In
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biometric systems, gender recognition can be used to reduce
the search index of a database. During the COVID-19
pandemic, the accuracy of face recognition application is
reduced due to wearing a mask on the face, but gender
recognition can be used to increase the accuracy as a co-
variate in this case.+e facial gender prediction methods can
be grouped into conventional learning and deep learning-
based approaches. In the conventional learning approach,
handcrafted features are extracted to represent gender
patterns from face images. In the deep learning approach, a
convolutional neural network (CNN) and its different
versions extract texture features to determine gender from a
large facial image set by statistical training with strong
nonlinear modeling ability. +e drawback of the deep
learning-based approach (CNN) is that it requires a vast
amount of training data (here, face images) and huge
computation time for model regularization. Furthermore,
when the network is affected by noise, overfitting is possible
and underfitted if fewer face images are used. In a constraint
environment, both approaches effectively represent gender
prediction. +e gender pattern is highly correlated with the
face’s texture features such as wrinkle depth, texture rela-
tionship, beard, eyebrows, and lip shape in the adult faces,
while juvenile faces consist of skin texture, eyebrows, and lip
shape as primary feature space for gender prediction.
Furthermore, in juveniles (age group 2–8 yrs), it is chal-
lenging to identify the gender accurately by human intel-
ligence too. Teru and Chakraborty [1] experimented and
concluded that the accuracy of gender recognition from the
face image is affected by factors such as illumination, ori-
entation, and noise in an image.+e pose of the face specifies
the face angle related to the camera. +e face can move in
three different directions: (a) roll (in-plane rotation), (b) yaw
(left-right rotation), and (c) pitch (up-down rotation) [2]. If
the face detection accuracy decreases due to illumination
and rotation variation, it also affects the facial gender
identification accuracy. Facial emotion, ethnicity, age, and
occlusions of the face, such as facial hair, eyeglasses, and
hats, also impact gender recognition accuracy. +e above
facts are also mentioned in the literature; Abdelkader and
Griffin [3] experimented on a large set of 12, 964 facial
images and found that an improper broad number of elderly
females and young males were falsely classified. After an
empirical study of several facial gender recognitionmethods,
Guo et al. [4] concluded that the accuracy of gender pre-
diction is influenced significantly by a person’s age; faces of
adults have higher accuracy than young.

In general, applications of facial gender are limited
primarily up to the adult population. It is needed to include
juvenile faces also where facial gender recognition is hard to
recognize correctly due to immature craniofacial features on
children’s face [5, 6]. +e research on juveniles also faces not
scaling too much due to the limited availability of the
dataset. +e uncontrolled dataset’s juvenile face includes
real-life challenges such as illumination, rotation of face
head, scale variation, and obstacles. It makes the perfor-
mance of gender recognition adversely. Facial gender in
juvenile face data with the above challenges has vital ap-
plications such as the finding of missing child/suspect

juvenile [7] with other facial attribute recognition systems;
finding of prohibited uploading images and videos of sex-
ually abused specific juvenile gender [7]. To address the
above challenges, the UTK dataset [8] is used, which has
juvenile faces with some uncontrolled environmental
challenges. +e contributions of this paper are as follows:

(i) For compact and minimal redundant feature vec-
tors, a new feature engineering is proposed and
evaluated on various classifiers such as (a) support
vector machine with the linear kernel (SVM-linear),
(b) SVM-radial basis function (RBF) kernel, (c)
Logistic Regression, and (d) Naive Bayes.

(ii) Real-time system: in this paper, a comprehensive
design for gender prediction in real time is pro-
posed. +e real-time problem of gender identifi-
cation includes the orientation of the person’s head
captured in the camera, which is solved using a
progressive calibration network (PCN) face
detector.

(iii) High accuracy: the proposed system provides a high
level of accuracy.

(iv) Robust: the system’s accuracy is consistent with
real-life challenges such as variation in pose, illu-
mination, profile, background change, expression
variation, obstructions due to wearing a hat, glasses,
face with a beard hairstyle, and all age groups, in-
cluding juveniles faces where gender recognition is
hard.

+e rest of the paper includes the following sections:
Section 2 describes the related development and compara-
tive work carried out in this facial gender recognition from
the initial stage; Section 3 includes the proposed architec-
ture; Section 4 includes different results of experiments on
the dataset; analytical discussion is followed by Section 5 for
deriving the conclusions and identification of possible future
gaps.

2. Related Work

+e related work of facial gender classification is segregated
into two parts: (a) dataset available for studies of the facial
gender classification and (b) different approaches of gender
classification carried out by researchers till date. +e related
work is described in the following two subsections.

2.1. Facial Dataset for Gender Recognition. +e facial dataset
is needed to experiment and benchmark result performance
on different parameters for gender recognition. A real-time
face dataset for gender recognition must include a large
sample size of images with different subjects, balanced
gender ratio, race distribution, age variations, and real-life
environment variation to examine the facial gender recog-
nition (FGR) system. +ere are huge real-life factors such as
Resolution (R), Scale (s), Hair (H), Race (R), Longitudinal
(L), Illumination (I), Uncontrolled Environment (U),
Controlled Environment (C), Frontal View (F), Profile (P),
Occlusion (O), Expression (E), and Sharpness (S). For
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gender prediction, the most commonly used datasets and
their properties are shown in Table 1. +e dataset category
can be divided into two parts: (a) controlled dataset and (b)
uncontrolled dataset. +e controlled dataset is collected in a
specific condition only, but the uncontrolled dataset in-
cludes all different real-life challenges.

FERET dataset [12] is a widely used dataset for facial
gender recognition in a controlled environment having a
better resolution compared to MORPH and FG-NET. It has
adult gender information, profile variation, and more rep-
resentative texture information, making it better for
extracting local descriptors. FERET contains 14,051 images
of 512 × 768 pixel resolution in the PPM format for adult
faces. UTK cropped Faces have 20,000 images for different
age groups from 0 to 116 years, with cropped images of
resolution size of 200 × 200 pixels. Samples of the UTK
dataset are shown in Figure 1. Both UTK Face and FERET
datasets [12] are challenging due to variations in rotation,
POSE (position, orientation, scale, and expressions), back-
ground, illumination, age groups, hairstyle, and obstructions
as spectacles, bandage, scarves, cap, birthmarks, eye color,
moles, and cuts. +e UTK Face dataset is more challenging
due to juvenile and immature faces with texture patterns of
sex variability than adult faces.+is real-life variability of the
UTK Face dataset [8] and the FERET dataset [12] makes it
hard to classify facial gender correctly in these types of
images. Labeled Faces in the Wild (LFW) [10] dataset
contains facial images captured in an unconstrained envi-
ronment. It has significant daily-life variations, such as
lighting, pose, background, accessories, race, and occlusions.
It contains images of celebrities and politicians with repeated
individuals. IMDB-WIKI [13] dataset has real-world chal-
lenges such as sketch faces, poor quality, and human comic
faces. It includes blank images also, which influence the
network prediction in a contrary manner. CelebFaces At-
tributes (CelebA) dataset has a wide range of facial attributes
containing more than 200K images of celebrities. +e
Adience dataset [14] consists of gender and relative age
labels divided into 5 folds. It collects Flickr images with
variations of illumination, pose, image quality, and noise,
making it harder to recognize correctly. MORPH dataset [9]
is divided into different albums. It consists of the acquisition
date, birth date, ethnicity, and gender information. FG-NET
[11] dataset consists of 1,000 images of 82 individuals
prepared through scanning photos. It has variations in
background, illumination, and resolution.

2.2. Analysis of Related Work for Facial Gender Recognition.
Facial gender recognition (FGR) is categorized into (a)
conventional learning and (b) deep learning-based ap-
proach. Gender recognition through conventional learning
includes handcrafted feature engineering. +e model is
trained on handcrafted features, and classification is per-
formed on a test dataset. A convolutional neural network is
used for feature extraction and classification in the deep-
learning approach. Deep learning has constraints such as
requiring a large quantity of data for model fitting on high
computation machines such as graphical processor units

(GPUs) during training. For juvenile gender recognition,
fewer images are available in the public dataset. Compared to
deep learning, the conventional learning approach can be
regularized even for a limited dataset.+is study analyzes the
methods of gender recognition developed so far from 2001 to
2021.+e review is consolidated in Table 2 and followed by a
detailed analysis. Different traits such as gait, face, voice,
fingerprint, and dress of a person can be used to identify
gender, accepted from the literature shown in Figure 2. +e
face is the most suitable for gender prediction from these
data due to its easy visibility, availability, collectability, ac-
ceptability, and universality. Table 2 shows various methods
of gender prediction such as the Gaussian mixture model
(GMM), scale-invariant feature transform (SIFT), discrete
wavelet transform (DWT), discrete cosine transform (DCT),
histogram of the gradient (HOG), local binary pattern
(LBP), dimension reduction techniques, such as Haar fea-
tures, active contours, statistics features, independent
component analysis (ICA), principal component analysis
(PCA), and deep learning techniques. +ese methods and
their different improved versions with various classification
techniques have been proposed so far. +e various tech-
niques of conventional feature engineering include texture-
based methods such as local binary pattern (LBP), histogram
of gradient (HOG); Haar-based features; feature separation
techniques such as discrete cosine transform (DCT). Based
on feature space, the feature extraction of gender identifi-
cation from face images is classified into two approaches:
geometric (local features) and appearance (global features)-
based feature extraction. In the geometric approach, parts of
the face, such as the mouth, eyes, lips, and nose, are con-
sidered as the feature space, while in the appearance-based
approach, the whole face is the feature space. Leng andWang
[16] used the Gabor filter to extract edge details. +e SVM
classifier for gender recognition achieved 98% accuracy on
frontal adult faces in a controlled environment. Wang et al.
[20] proposed scale-invariant facial gender recognition with
an AdaBoost classifier and obtained 97.0% accuracy. Rai and
Khanna [17] extracted features using the Gabor filter where
the dimension of Gabor features is reduced using 2D PCA
with the SVM classifier achieving a better accuracy of 98.18%
on the FERET dataset. Mohamed et al. [19] used DWT and
DCT feature extraction techniques with the SVM classifier
which outperforms with 95% accuracy on the FERETdataset
compared to [18] which used DWT feature extraction with
SVM classification and obtained 92% accuracy and [21] used
DWT and PCA for feature extraction, fisher discriminant
analysis (FDA) for classification and achieved 95% accuracy.
ICA feature extraction [24] with linear discriminant analysis
(LDA) classification obtained the higher accuracy of 99.3%
on the FERET dataset compared [23] with 85% accuracy by
using PCA feature extraction and LDA classification for
gender prediction. On the one hand, Tapia and Perez [25]
used various spatial scale feature fusions, which is selected
using intensity, mutual information from shape, and his-
togram of LBP, where gender classification is performed by
SVM and obtained 99.1% accuracy. On the other hand,
Makinen and Raisamo [26] used LBP, Haar features, and
SVM classifier and achieved 92.86% accuracy. In contrast,
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[27] they applied the nearest neighbour classifier on the LBP
feature to achieve 98.82% accuracy. Moeini et al. [28] in-
troduced a model with local gabor binary pattern (LGBP)
features and SVM classifier and obtained 98.55% accuracy.
In [29], 93.92% accuracy is achieved with compass local
binary pattern (LBP) features and SVM classifier while
Annalakshmi et al. [30] obtained 97.61% accuracy with the
histogram of gradient (HOG) and spatially enhanced local
binary pattern (SLBP) features with SVM classifier. Afifi and
Abdelhamed [32] used a combination of the facial com-
ponents called foggy face to extract features and CNN for

classification and achieved 99.28% accuracy. By comparing
conventional learning approaches in Table 2, the best ac-
curacy is achieved by [25] because they used feature fusion at
various scales, which improves the performance of gender
classification. Comparing the conventional learning ap-
proach with the deep learning approach, better accuracy is
gained by deep CNN. Gender analysis is carried out on the
UTK Face dataset using conventional and eep Learning
approaches. Embedding face similarity depends on both
facial components and face similarity. Two men’s faces are
more similar than men’s and women’s faces because face

Table 1: Publicly available dataset for gender recognition.

Dataset Images, Age range Environment
Subjects (Years) Challenges

UTK Face [8] 20 000 0 to 116 C, I, E, L, O, F, s

MORPH-II [9] 55134 16 to 77 C, L, R, H13 618

LFW [10] 13 233 — U5749

FG-NET [11] 1002, 0 to 69 R, I, E, O, S, s82

FERET [12] 14 051 10 to 70 C, P1199

IMDB-WIKI [13] 523,051 0 to 100 U20 284

Adience [14] 26 580 0 to 100 U2284

CelebA [15] 202 599 2 to 18 C, I, E, L, O, F, s10,177
+e above table describes different datasets with a size of dataset including the number of faces, subjects, age range (in years), and controlled variations such as
Resolution(R), Illumination/Lighting (I) Sharpness (S), Expression (E), Race (R), Occlusion (O), Hair (H), Frontal View (F), Scale (s), Profile (P), Lon-
gitudinal (L), Controlled environment (C), and Uncontrolled environment (U).

Figure 1: Sample of UTK Face dataset which includes the age range 0–116 with different ethnicity, facial expression, illumination, occlusion,
and orientation.
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embedding (Euclidean distance) between two men’s faces is
more minor than the Euclidean distance of face embedding a
man and a woman. Same-gender faces are grouped due to
facial embedding, so k-nearest neighbor (KNN) also gives
higher accuracy 97.02% on the UTK Face dataset for gender
recognition compared to logistic regression with 92.4%,
SVM with 88.4%, Naive-Bayes classifier with 89.4%, and
decision tree with 93.2% accuracy [33]. Teru and Chakra-
borty [1] used 3 classifiers for gender recognition. Fader
CNN uses a 3 × 3 size kernel, one padding, and a stride of 2,
where ReLu and batch normalization follow every CNN
layer. Dropout is applied to the first, third, and fourth layer
of convolution and the fully connected (FC) layer. +e
accuracy achieved on the UTK Face dataset was 84.83%.
Simple CNN that contained the same topology and trained
on latent representation obtained 89.51% accuracy. Simul-
taneously, CNN-WL is the CNN with weighted loss which
obtained 88.80% accuracy on the same dataset. Song and
Shmatikov [34] used CNN to classify gender with over-
learning sensitive attributes and achieved 90.38% accuracy
on the UTK Face dataset. Bragman et al. [35] applied a

stochastic filter group in CNN architecture for gender
recognition and obtained a 92.46% recognition rate. Nagpal
et al. [36] used CNN in which filter drop is applied before
fully connected layer to classify gender, and 94.60% accuracy
is achieved on the UTK Face dataset. Das et al. [37] in-
troduced multitasking CNN, which used dynamic joint loss
for gender recognition on the UTK Face dataset and ob-
tained an 88.80% recognition rate better than the conven-
tional and deep learning technique used for gender
recognition on the UTK Face dataset.

State of the art with other datasets is as follows: Hassner
et al. [39] used LBP, FPLBP, and SVM to achieve 79.3%
accuracy on the Adience dataset in which images are cap-
tured in the uncontrolled environment, including all age
groups. +is dataset contains children with fewer distinct
facial features and is difficult to recognize in an uncon-
strained environment. Results demonstrate that LBP is
suitable for constraint images. Khan et al. [40] used con-
ditional random fields (CRFs) to segment the face into 6
classes (hair, skin, mouth, nose, eyes, and back). CRF uses
different facial parts hierarchy and mutual relationship

Table 2: Different state-of-the-art techniques including featuring engineering and classification methods for facial gender recognition for
FERET (adult faces) and UTK face dataset (juvenile faces).

Dataset Authors Feature extraction Accuracy
Classification (%)

FERET

Leng and Wang [16] Gabor-SVM, Fuzzy 98.0
Rai and Khanna [17] Gabor-2DPCA-SVM 98.2
Aroussi et al. [18] DWT-SVM 92

Mohamed et al. [19] DCT, DWT-SVM 95
Wang et al. [20] Gabor, SIFT -AdaBoost 97.0

Ozbudak et al. [21] DWT-PCA-FDA 9
Lu and shi [22] 2D PCA-SVM (RBF) 94.8

Bissoon and Viriri [23] PCA-LDA 85
Jain and Huang [24] ICA-LDA 99.3

Tapia and Perez [25] LBP+ Intensity+ 99.1Shape-SVM
Makinen and raisamo [26] LBP, Haar-ANN, SVM 92.9

Alamri et al. [27] LBP, WLD-N.Neighbor 98.8
Moeini et al. [28] LGBP-SVM 98.5
Patel et al. [29] CoLBP-SVM 93.9

Annalakshmi et al. [30] SLBP +HOG-SVM 97.6
Aslam et al. [31] CNN (VGG-16) 98.9

Afifi and Abdelhamed [32] Foggy face-Deep CNN 99.3

UTK

Swaminathan et al. [33]

Face Embed (FE)-SVM 88.4
FE-logistic regression 92.4

FE-naive-bayes 89.4
Fe-KNN 97.0

FE-decision trees 93.2

Teru and Chakraborty [1]
CNN 89.5

CNN-WL (weight loss) 88.8
Fader CNN 84.8

Song and Shmatikov [34] CNN 90.4
Bragman et al. [35] CNN 92.5
Nagpal et al. [36] CNN 94.6
Das et al. [37] MTCNN 98.2

Abdolrashidi [38] Ensemble of ResNet 96.5

AD Hassner et al. [39] LBP + FPLBP-SVM 79.3
Khan et al. [40] PCS-RDF 91.4

FG-NET Nayak and Indiramma [41] PCA 61.13
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between them. Shape, color, and position features are
extracted using CRFs.+en, the probability map is generated
for each class used as a gender descriptor and given to a
random decision forest classifier (RDF). It used the Adience
dataset and achieved 91.4% accuracy for the same.

3. Proposed Work

+e proposed work includes a complete pipeline including
problem formulation and the proposed solution from image
acquisition to classification for gender identification. +e
training and testing face images are downloaded from a
respective repository of the UTK Face dataset and the
FERET dataset. +e architecture with a brief pipeline of
phases of the proposed model is presented in Figure 3. +e
face detection is applied to the above images using PCN face
detection to detect rotated faces. +e proposed feature ex-
traction approach using the Gabor-mean-DWT model is
designed and applied. +e output of feature extraction with
labeled classes is applied for learning (converge the network
during training) the model with any one of classifiers: (a)
support vector machine (SVM-Linear), (b) support vector
machine-radial basis function (SVM-RBF), and (c) logistic
regression (LR).

3.1. Problem Statement. A facial image set I � Ii ∈ Rm×n is
given, where i � 1, 2, . ., N, and each image Ii having the
ground-truth label of gender (yi) ∈ Y. Here, Y ∈ RN×1 is the
set of ground truths respective to image I, and N is a number
of images set I. +e objective function F of problem is the
evaluating probability for the gender class (male or female)
defined as y � F(Ii) for the given test image set I such that
the mean average of difference between the predicted class
(y) and the actual class (y) must be minimized for

increasing the absolute accuracy (A) over the image set (I)
defined as A(I) in the following equation:

A(I) � 1 −
1
N



N

i�1
yi − yi


. (1)

For real-time gender recognition, a facial image is af-
fected by different real-time factors such as profile, orien-
tation, scale, and illumination. +ese factors reduce face
detection accuracy, which subsequently reduces the overall
application of gender recognition. +e problem of the ori-
ented face is detected correctly using orientation invariant
face detection. Here, the PCN network is used for orien-
tation in invariant face detection. A real-time facial gender
classification model includes (a) image acquisition from
vision sensor (camera), (b) face detection in captured frame,
(c) image prepossessing to eliminate the noise on the de-
tected face and enhancing the image for feature engineering,
(d) feature engineering for feature generation such as tex-
ture, edge, and subsequently, feature selection, and (e)
gender prediction. +e accuracy (P) of facial gender clas-
sification in the natural environment depends on all the
above phases, primarily face detection, feature extraction,
and classification. +e proposed model’s accuracy is im-
proved compared to other state-of-art techniques using
optimization on phases of face detection using the orien-
tation invariant method on feature engineering using illu-
mination invariant feature extraction and optimized feature
selection, and the use of state-of-art classifiers for gender
recognition is explained in the following subsections. +e
block diagram of the complete process is shown in Figure 3.

3.2. Orientation Invariant Face Detection. Face images ac-
quired in real-time by CCTV, mobile, or any other vision
sensors are nonfrontal. Frontal face detection affects the

Gender Recognition

Face Gait Voice Dress

Statistics of
facial landmark

Active shape Contour
Models

Raw Pixels-
PCA/LDA/ICA

Haar Feature

Deep Learning: CNNHOG

SIFT

Discrete Cosine
Transform

LBP

Gabor

Figure 2: Brief classification of the state-of-the-art work for gender classification.
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accuracy of detected faces and subsequently reduces the
accuracy of facial gender recognition for real-time scenario.
Suppose the orientation invariant face detection method is
used in this stage for a real-time scenario. In that case, it
enhances the feature extraction stage of FGR to identify the
unique gender features. For this problem, the progressive
calibration network (PCN) face detector [42] is applied,
which detects faces with various orientations in fame. In
PCN, the image pyramid principle is used to evaluate each
sliding window’s score (probability of a face). For a low
confidence score, nonface sliding windows are rejected si-
multaneously. Face detection is performed using the concept
of three-stage cascaded calibration. +e objective function
f1 of stage-1 PCN face detector for image Ii is shown in (2)
with the overall loss function L evaluated as

[s, r, c] � f1 Ii( , (2)

where s, r, c represent the face bounding box’s confidence
score, coordinate vector of the bounding box, and score of
orientation angle. Equation (3) shows the overall objective
function as loss L of PCN:

L � min Ls + λrLr + λcLc( . (3)

Here, λr, and λc are the loss balance parameters for
regression and calibration, respectively. Ls, Lr, Lc are the loss
functions of three parameters (s, r, c) of PCN objective
function f1. +e overall minimization of loss L needs to
minimize the three different parameters Ls, Lr, Lc which are
evaluated in the following equations:

(i) Classification of face and nonface in moving sliding
windows (Wi): it is the classification process based
on softmax score (s) where the loss function Ls is
presented in as

Ls � y log s +(1 − y)log(1 − s),

Here, y �
1, if Wi have the face,

0, otherwise.


(4)

(ii) Second parameter of objective function is regressing
the fine bounding box r for evaluating best coor-
dinates of the bounding box to locate the face in the
image as represented in the following equation:

Lr p, p
∗

(  � T p − p
∗

( . (5)

Here, p is predicted, and p∗ is the original re-
gression result. T is the cross-entropy loss.

(iii) Last parameter of the objective function f1 is the
evaluating calibration score c (orientation of face) as
represented in the following equation:

Lc � y log c +(1 − y)log(1 − c),

y �
1, if Wi is facing up,

0, if Wi is facing down.


(6)

After optimizing (3), the top confidence face is achieved
by rejecting the maximum nonface sliding windows. +e
leftover face candidates are updated with a newly regressed
bounding box and rotated with a predicted angle θ1 as
defined in equation (7). For example, if the face is at θ1 � 0°,
then no rotation is required, while θ1 � 180° means the
candidate’s face is facing down, so 180° rotation will make it
face up.

θ1 �
0°, c≥ 0.5,

180°, c< 0.5.

⎧⎨

⎩ (7)

In the next stage, the angle range is reduced to half, i.e.,
from [−180°, 180°] to [−90°, 90°], to find the precise ori-
entation as defined in equation (8). +e non-confident
sliding windows are discarded, and head pose orientation is
calibrated. +e orientation range for the head position is
predicted by classifying the candidate facing as up and down
among three classes of rotation-in-plane (RIP) angle, i.e.,
[−90°, −45°], [−45°, 45°], or [45°, 90°] as defined in the fol-
lowing equation:

θ2 �

−90°, if c0 is maximum score,

0°, else if c1 is maximum score,

90°, else c2 is maximum score.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(8)

Here, c0, c1, and c2 are the predicted scores of respective
classes of orientation at the second stage. +e candidates of
the face should be rotated by −90°, 0°, or 90° as a par

1. Input image 2. Face detection 3. Cropped face 4. Feature extraction 5. Prediction

Gabor-mean-DWT Classifier=SVM Score
Gender Class: Male or

Female

* =

Figure 3: Block architecture of the proposed model for facial gender identification for uncontrolled-oriented juvenile faces. +e phases of
proposed model consists of (a) orientation invariant face detection (PCN network), (b) feature engineering on detected face using Gabor
features, (c) feature reduction using meanDWT, and (d) classification.
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identified class. In the final stage, the range of RIP angle is
reduced again by half, i.e., from [−90°, 90°] to [−45°, 45°], to
evaluate the final precise angle of head orientation. In this
stage, the classification of angle (θ3) is again performed in a
precise range, i.e., [−45°, 45°], and the final head orientation
is calibrated (θ3 ∈ [−45°, 45°]). +e face predicted with the
final calibrated angle (θ � θ1 + θ2 + θ3) is cropped (I) from
input image I and rotated at 360 − θ angle to make a face
horizontal for the next processing phase of feature
engineering.

3.3. Feature Engineering Model. Cropped face (I) with the
horizontal head position after processing face detection is
passed into the next phase feature engineering model to
extract texture and edges as key features from the cropped
face to determine gender. +e Gabor filter is helpful for edge
and texture feature extraction from an image (I). It is a
linear bandpass filter having the property of optimal lo-
calization in both frequency and spatial domains. +e rel-
evant frequency spectrum is captured by the Gabor filter to
extract features at specified orientations for finding the
above discriminating features from the image. +e general
function of the bidimensional Gabor filter is given by

Ψ(θ, λ, c,ϕ) � exp −
a′2 + c

2
b′2

2σ2
⎛⎝ ⎞⎠e

j
2πa′
λ , (9)

where the Gabor filter (Ψ) has the following characteristics:
θ denotes the orientation, which specifies the number of
cycles/pixel, λ denotes the wavelength) offset of the sinusoid,
c is the angle of the normal to the sinusoid plane, and ϕ
denotes the phase, respectively. Gabor is a product of a
Gaussian sinusoidal, which has a property of illumination
invariant. Gabor filter kernel (Ψ) [43] is defined in (9) which
is evaluated using the projection angle θ and the direction
coefficient a′ and b′ as defined in the following equation:

a′ � a cos θ + b sin θ

b′ � −a sin θ + b cos θ
. (10)

Gabor feature matrices ( Iψ) can be generated through
the convolution (∗) of the face image I(x, y), and Gabor
filter kernel (Ψ) is defined as

IΨ(x, y) � I(x, y)∗Ψ(θ, λ, c,ϕ). (11)

ψ(θ, λ, c, ϕ) is the complex number in nature, as defined
in (12), so Gabor feature is the addition of square after
product of real kernel (ψR) and imaginary components
(ψIm) with facial Image (I), which is shown in the following
equation:

Ψ(θ, λ, c, ϕ) � ΨR(θ, λ, c, ϕ) + ΨIm(θ, λ, c, ϕ), (12)

IΨ(x, y) �

�������������������������������
I∗ΨR(θ, λ, c,ϕ)

2
+ I∗ΨIm(θ, λ, c,ϕ)

2


.

(13)

For generating Gabor edge-texture features using dif-
ferent orientation (θ), the Gabor (ψ) is applied from

equation (9) to equation (13) on the detected face (I). Here,
5 Gabor orientations of θ � (0, 45, 90, 135, 180) are used for
extracting the Gabor features from different orientations for
each resolution scale s � (0.25, 0.5, 1, 1.25, 1.5), as shown in
Figure 4. +e Gabor filter with 5 orientations and 5 scales
generates 5 × 5 � 25 Gabor feature matrices. +is high-di-
mensional feature space is one disadvantage of using a Gabor
filter. +e generated Gabor edges for scale s � 1 and at
different orientation 0, 45, 90, 135, 180 are shown in Figure 5
which represents the redundant edge pattern on the neck,
eye, face corner, lips, and nose. +is redundancy is another
problem in Gabor filter-based feature extraction. We
overcome this using proposed average-DWT feature engi-
neering as defined in the next section.

3.3.1. Gabor-AveragePool Feature Extraction. +e Gabor
feature matrix of different orientations for a fixed scale has
the same dimension. +ese matrices are then added to
generate a single matrix. Each coefficient of this matrix is
divided by the number of angles. +is way, the resultant
coefficient is an average value of its position at different
orientation coefficients Im(i, j), as represented in equation
(14). +erefore, it represents the 5 Gabor feature coefficient
and reduces the dimensions by a factor of 1/5.

Im(i, j) �
1
5



180

θ�0: 45

Iψ(i, j)θ. (14)

Here, θ � 0, 45, 90, 135, 180{ }. Figure 5 shows the dif-
ferent edge and the texture coefficients for a sample face
image according to different Gabor kernel for
θ � 0, 45, 90, 135, 180{ } and the results of Gabor-mean step.
Some edge features show redundancy (shoulder edge, mouth
edge, etc.) in different Gabor angle feature matrices in this
figure. In contrast, resultant Gabor-mean shows a single
average feature value. +e proposed model using Gabor-
mean reduces the dimension and redundancy, as shown in
Figure 5. +e first image of Figure 5 is represented by the
average coefficients of the remaining five images respective to
5 orientations. It represents the unique pattern of facial
gender in compact and concise features. +e number of
Gabor-mean coefficients is irrespective of the Gabor kernel of
the angle used, regardless of existing Gabor filter-based ap-
proaches such as Gabor-DWT, Gabor-DCT, andGabor-PCA.

3.3.2. DWT Feature Extraction Technique on Gabor-Aver-
agePool Features. Two-dimensional (2D) discrete wavelet
transform (DWT) is applied on the extracted feature matrix
Im from the Gabor-AveragePool process. It is like the
translation and dilation of a scaling function on facial images
consisting of the low-pass filter (L) and high-pass filter (H).

DWT (2D-DWT) can be evaluated using the first one-
dimensional (1D)-DWTon rows of a 2D image matrix. +e
same is evaluated on the columns of evaluated 1D-DWT.
Here, the approximation, horizontal, vertical, and diagonal
frequency blocks are represented by LL (low frequency), LH,
HL, and HH (high frequency), as shown in Figure 6. +e LL
block represents the approximation of an image in a low
dimension, while another block represents the details of the

8 Computational Intelligence and Neuroscience



image. +e low-frequency block (LL) has the property of
smoothing of the input image [44]. A k level (scale) of the
2D-DWT process converts the input matrix (block) of size
M × N sizes into 4 sub-blocks (LL, LH, HL, and HH), each
having a size of M/2k × N/2k. Here, we have used three
scale/level of 2D-DWT iteratively on the LL block, and the

final third level LL sub-block is extracted as the feature
vector X � [x1, x2, . . . , xn], where n is the size of the feature
vector. +ese features X are passed to the classification
process for the input image Ii. +e block architecture of
three level-DWTfeature extraction on Gabor-mean is shown
in Figure 6.

Gabor-Mean
of size
A×B

DWT-1 L

DWT-2 L

DWT-3 L

LL

LL

LH

LH

HL

HL

HH

HH

LL

Figure 6: Block diagram of process of DWT feature engineering from Gabor-mean feature matrix.

Figure 4: +e theta controls the orientation of the Gabor function where zero degree corresponds to the vertical position of the Gabor
function. Gabor Kernel represented at 5 angles θ � 0, 45, 90, 135, 180{ }, respectively, (from left to right). θ changes the angle of Gabor kernel
as zero degree represents a vertical edge and ninety degree of a horizontal edge.

0 45 90 135 180Average

Gmean (x,y)m = Matrix_Addition (|GF (x,y)|m,0’|GF (x,y)|m,45’|GF (x,y)|m,90,|GF (x,y)|m,135’|GF (x,y)|m,180)/5 

G
m

ean (x,y)m

G
F (x,y)m

,0

G
F (x,y)m

,45

G
F (x,y)m

,135

G
F (x,y)m

,180G
F 

(x
,y

) m
,9

0

Figure 5: +e 1st face shows the cumulative mean features in a single matrix which reduce the feature dimensions and redundancy
successfully without losing any information while remaining 5 faces show the facial features generated through Gabor kernel respective to 5
angles θ � 0, 45, 90, 135, 180{ } on a sample face of the FERET dataset.
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3.4. Classification Model. Extracted features X using pro-
posed Gabor-meanDWT are passed to the classifier for
training the network for convergence using the training set,
and test data results are evaluated on the converged model.
We have experimented on different classifiers such as (a)
support vector machine (SVM) with the linear kernel (SVM-
linear) and (b) SVM-radial basis function (RBF) kernel.

3.5. Support Vector Machine. Support vector machine
(SVM) is the principle of structural riskminimization (SRM)
where the objective is to find the best hyperplane that
separates classes in input space and maximizes the margin
between classes [45]. For the given training set (Xi, yi),
where Xi � x1, x2, . . . , xn represents feature of facial image
(I) and yi � 1, 0 of class labels of male and female, re-
spectively; the separation hyperplane using a linearly sep-
arable binary classification problem is given by 15. For
nonlinearly separable data, input space can be mapped to
high dimension feature space using other kernels as RBF.
Here, a soft margin SVM is used, and hyperplane can be
found by inducing a slack variable, allowing some errors at
the training time.+e problem of finding optimal separation
hyperplane by reducing the training error is denoted as

minimize �
1
2
w

T
w + C 

N

i�1
ξi,

subject to: Yi w.ϕ xi(  + b( ≥ 1 − ξi, i � 1, 2, . . . , N,

ξi ≥ 0, i � 1, 2, . . . , N.

(15)

Here, w is the weight as usual to the maximum sepa-
rating hyperplane, and b is the bias. Cost parameter C
determines the trade-off between the distance of hyperplane
and training error. For different nonlinear problems, dif-
ferent types of kernels can be utilized [46]. In our experi-
ments, two kernel functions, linear and radial basis function
(RBF), are used.

3.6. Naive Bayes Classifier. For a given image set
Id � i1, i2, . . . , in  and feature set Xi for ith image, we have to
decide the probability for each class yi � c in
Y � yi, . . . , yn  (male and female). Equation (16) shows the
class marginal probability [47]:

p yi � c | Ii( , θ∝ θcΠ
D
n p imn | ym � c( 

∝ θc

nimn!

im1!, im2!, . . . , imD! 
� Πn

Dθ
mn
nc

. (16)

Data likelihood is represented in the following equation:

p(I, Y) � ΠN
mp yi � c | ii, θ(  � ΠN

m

ΠC
c θ

1 ym�c( )
c ΠD

n p imn | ym � c( 
1 ym�c( )

. (17)

3.7. Logistic Regression. In this paper, a Logistic regression
classifier is used, forming a nonlinear relationship between
training instances and their known labels and has a distinct
cost function. If gender class male is represented by (c � 1)

and female by (c � 0), probability (P) for male on the basis
of observed feature vector X � [x1, . . . , xn] is given by the
equation as follows [48]:

Pi C � 1|Xi(  � yi �
1

exp− w1x1+···+wnxn+b( )
. (18)

Here, b is the intercept or bias, and [w1, . . . , wn] are the
weights or coefficients associated with features
[x1, . . . , xn] ∈ X (features vector), respectively, for the input
image I.

4. Experiments and Result Analysis

+e experiments of the proposed architecture for facial
gender identifications are carried out on the adult face and
juvenile faces (immature minor age) separately. We have
used 14,051 images of the FERETdataset (adult age from 0 to
70 years), and 20,000 images from the UTK Face dataset.
Each dataset is divided into two disjoint training and testing
sets with the ratio of 80/20 for five-fold cross validation (K5).
We have performed multiple experiments to find Gabor’s
optimization and verify that the proposed feature engi-
neering is the best among Gabor, Gabor-DWT, Gabor-
Mean, and proposed Gabor-meanDWT. For this, the mean
accuracy (A) (as shown in (1)) is evaluated with different
feature engineering techniques such as Gabor, Gabor-DWT,
Gabor-Mean, and proposed Gabor meanDWT, which is
shown in Table 3. It is evaluated with a classifier support
vector machine (SVM) for FERET and UTK Face datasets.
+e detailed analysis is discussed as follows:

4.1. Feature Size. +e original input face of any dataset is
passed from the PCN face detector, which provides facial
points on the input image, and the respective face is cropped
after detection using the PCN face detector. +ese cropped
faces are subsequently rescaled in a uniform resolution of
size 128∗ 128∗ 3 and converted in greyscale (prepossess-
ing).+e feature engineering is applied to it, which generates
a feature vector. Gabor generates
368640 � (128∗ 128)∗ 5∗ (0.25∗ 0.25 + 0.5∗ 0.5 + 1∗ 1 +

1.25∗ 1.25 + 1.5∗ 1.5) for 128∗ 128∗ 3 with 5 orientations
(θ) and 5 scales s � 0.25, 0.5, 1, 1.2581.25. Gabor-DWTwith
three levels and Gabor-mean generate the 6560 and 83968
features, respectively, while the proposed Gabor-meanDWT
generates least/compact feature vector size of 1,312 which is
presented in Table 3. +is step is repeated for all the images
(training and testing) of both datasets. +e compact size of
the feature vector reduces the timing complexity of the
prediction of gender significantly. +us, the proposed
technique takes less time in convergence and inference from
the trained model results. +e small feature size makes the
proposed approach an appropriate choice with edge device
(Acorn RISC Machine (ARM)-RISC architecture) where
memory constraint is a significant issue. +us, the proposed
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architecture of gender recognition can be used in ARM-
based real-time devices such as CCTV cameras, mobiles
devices, to make them smart with key decisions using the
face.

4.2. Accuracy. From the analysis of results presented in
Table 3, it is concluded that the proposed architecture with
Gabor-SVM, Gabor-DWT, Gabor-mean, and Gabor-
meanDWTwith SVM-Linear kernel achieved an accuracy of
90.2%, 91.5%, 94.55%, and 99.9% on the FERETdataset (adult
faces). +e proposed Gabor-meanDWT feature extraction
technique achieves the best accuracy on adult faces (FERET
data) and juvenile faces (UTK Face) because the proposed
steps of the mean feature extraction technique remove the
nondiscriminatory redundant features effectively from Gabor
matrices, as shown in Figure 5. +e accuracy of the proposed
Gabor-meanDWT is far better than with the existing state-of-
the-art techniques which are shown in Table 2 as Gabor-fuzzy
[16], LBP [27], and CNN based technique [38] for adult faces
and juvenile faces [32]. +e Gabor-fuzzy got 98% accuracy on
adult faces, while the proposed approach achieved 99.9%
accuracy.+e proposed architecture detects the oriented faces
correctly, which provides a significant contribution to ac-
curacy also. +us, high accuracy with low memory con-
sumption makes the proposed approach for various use cases
of real-time application on edge devices.

+e proposed technique archived better accuracy
compared to most of CNN-based techniques as 98.9% of
VGG-16 [31] on adult faces and [34–36] on juvenile faces, as
shown in Table 2.

+e limitation of the proposed work is that its accuracy is
lesser than the accuracy of the ensemble approach of ResNet
[38] on juvenile faces, but the ensemble approach calls
multiple layers of the classification model, which takes a vast
amount of computation resources and data during training
and regularization. +e proposed approach is based on
conventional learning, which takes limited resources of
computations and is regularized on limited data.

4.3. Juvenile v/s Adult Faces. For adult faces, the proposed
model Gabor-meanDWT achieved 99.9% five cross-valida-
tion accuracy on real-life adult faces of the FERET dataset
using SVM-linear kernel classification. In contrast, the ac-
curacy on the juvenile faces of the UTK Face dataset is
95.5%. +e other methods such as Gabor, Gabor-Dwt, and

Gabor-mean show the same trends of pattern for the FERET
and UTK datasets. +e decrease in accuracy for the UTK
dataset is due to immature and nondistinguishable features
on juvenile faces of UTK compared to FERET.Moreover, the
UTK dataset has more complex real-time challenges such as
background change, illumination, POSE (position, orien-
tation, scale, and expression variations), and head orienta-
tions than the FERET dataset. +e proposed solution
provides robust results over the varying age even with
unconstrained environments (face rotation, illumination,
etc.), making it a better choice for various industrial real-
time applications.

+e juvenile face has lower accuracy than adult faces
because the stress on soft tissue shows as an initial sign of
aging in teenagers. Adult aging is affected by morphological
changes in wrinkles, skin textures, and facial lines on the
forehead with different horizontal and vertical shapes. +e
size of the face grows with age. It is shown that the per-
formance of facial gender recognition degrades on child’s
faces compared to adult faces [49, 50]. So, the proposed
technique on juvenile faces has lower 95.5% than 99.9%
accuracy on adult faces.

4.4. Comparison for Different Classifiers. +e proposed
Gabor-meanDWT feature engineering architecture of gender
recognition is converged and experimented with different
classification techniques, including SVM-linear, SVM-RBF,
Naive Bayes, and linear regression. +e receiver operating
characteristic curve (ROC) is evaluated for the proposed
architecture with four classifiers. Figure 7 shows the receiver
operating characteristic (ROC) curve for the proposed feature
engineering model with SVM (RBF), logistic regression and
SVM (linear), and Naive Bayes classifier, respectively, on the
FERETdataset. Figure 7 represents that area under the curve
(AUC) for SVM-linear is more than the AUC for SVM with
RBF kernel because features are linearly separable. +e area
under the curve (AUC) and optimum points (OP) of the ROC
curve for the proposed model with different classification
techniques are evaluated, which is shown in Table 4. +e best
optimum point is achieved with SVM-linear and Logistic
regression, while the SVM (RBF) kernel achieved 97.07 true
positive rate (TPR) on 0.012 false positive rate (FPR) with
AUC of 0.998. +e confusion matrix of proposed Gabor-
meanDWT feature extraction is also evaluated for UTK Face
data with linear SVM and RBF SVM, which is shown in

Table 3: Comparative results of the proposed model for (a) Gabor, (b) Gabor-DWT, and (c) Gabor MeanDWT.

Dataset Feature Selection Number Features Classifier Accuracy

FERET

Gabor 419 840 SVM (L) 90.2%
Gabor-DWT 6560 SVM (L) 91.5%
Gabor-mean 83 968 SVM (L) 94.55%

Gabor-meanDWT 1312 SVM (L) 99.9%

UTK

Gabor 419 840 SVM (L) 83.45%
Gabor-DWT 6560 SVM (L) 89.45%
Gabor-mean 83 968 SVN (L) 90.2%

Gabor-meanDWT 1312 SVM (L) 95.5%
+e Gabor MeanDWT method outperforms both Gabor and Gabor-DWT and other state-of-the-art methods, as shown in Table 2.
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Table 5. +e results show that male data is less confused than
female because male faces have unique or discriminating
features of the face compared to female faces. +us, face
discrimination also affects the accuracy of a particular gender
recognition system.

5. Conclusions

+e proposed architecture initially detects the invariant
orientation faces using the PCN network and then proposes
the Gabor-meanDWT technique to extract the illumination
of invariant features with the reduction in redundancy and
dimensions to converge the learning of the classifier network
effectively. Edge and texture features are computed by ap-
plying a scaled Gabor filter using five orientations and five

scales. It produces a 25 Gabor bank matrix with some
common redundant features reduced by evaluating the
average value of the respective Gabor coefficient and ori-
entation. +e average features smoothen the edge-texture
features and reduce the dimensions by a factor of orientation
(here, it is reduced by 1/5). Subsequently, the discrete
wavelet transform (DWT) feature extraction technique with
derived Gabor-mean features converts it into four frequency
domains, including low frequency to high frequency. +e
smooth part of extracted features is represented by the LL
sub-bands of DWT, which have the size of 1/4 of its source
input.+is process generates a compact, concise, and unique
pattern representing the gender class ‘boy’ or ‘girl’. +e
optimized features are trained with one of the classifiers (a)
SVM-linear, (b) SVM-RBF, (c) Naive Bayes, and (d) logistic
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Figure 7: ROC Curve of proposed gender recognition model (Gabor-MeanDWT). (a) Classifier: SVM (RBF), Logistic Regression and
(b) classifier: SVM- Linear and Naive Bayes; Protocol: five cross validations (K5); Dataset: FERET.

Table 4:+e optimum point (OP) of receiver operating characteristic curve (ROC) and area under the curve (AUC) for the proposed feature
engineering model (Gabor-meanDWT); Protocol: five cross validation (K5); Dataset: FERET; Classifier: SVM-RBF, SVM-Linear, Naive
Bayes, and logistic regression(LR), respectively.

Classifier
Gabor-meanDWT

AUC Optimum Point (FPR, TPR)
SVM (RBF) 0.998 0.012, 0.970 7
SVM (Linear) 1 0,1
LR 1 0,1
Naive Bayes 0.767 0 0.588, 0.946

Table 5: Confusion matrix of proposed Gabor-meanDWT feature extraction using UTK Face data.

A.SVM (linear) B.SVM (RBF)
Female Male Female Male

Female 89% 11% Female 98% 2%
Male 5% 95% Male 1% 99%

+e results show that male data are less confused than female.
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regression. For regularization and unbiased results, mean
accuracy is evaluated with five-fold cross validation. +e
training testing ratio is 80: 20 on the FERET and UTK
datasets, respectively. +e results of the proposed model are
shown in Table 3. Table 3 shows that the proposed model
achieves the highest accuracy of 99.9% with SVM (Linear
kernel) on adult faces (FERETdataset) and 99.5% on child’s
faces (UTK dataset). +e UTK dataset shows lower accuracy
due to immature features on child’s faces and its challenging
uncontrolled environment compared to the FERET dataset.
SVM with RBF achieved AUC � 0.998 (Area under the
curve), as shown in Table 4, while SVM-linear kernel shows
highest AUC � 1 which outperforms the others.

+e proposed approach of facial gender recognition has
consistent accuracy for real-time use cases, including the
head orientation, illumination variations, and over the age
variation persons (age invariant). However, it is a limitation
to test with a small image (far distance objects from camera
sensors), dark image (image generated in low light visibility),
different continental/race persons. +ese factors can be
tested and improved by researchers in the future.

Data Availability

+e dataset used for experiments is publicly available on the
given citation. +e proposed design, results, and investi-
gations used to support the findings of this study are in-
cluded within the article and cited appropriately. +e
software code written for the experimental used to support
the results of this study is copyright of the authors and so
cannot be made freely available. Requests for access to code-
related query should be made to Sandeep K. Gupta (email id:
sandeepmbm@gmail.com).

Conflicts of Interest

+e authors declare that they have no conflicts of interest.

References

[1] K. K. Teru and A. Chakraborty, “Towards reducing bias in
gender classification,” arXiv preprint arXiv:1911.08556, 2019.

[2] E. Murphy-Chutorian and M. M. Trivedi, “Head pose esti-
mation in computer vision: a survey,” IEEE Transactions on
Pattern Analysis and Machine Intelligence, vol. 31, no. 4,
pp. 607–626, 2008.

[3] C. B. Abdelkader and P. Griffin, “A local region-based ap-
proach to gender classification from face images. computer
vision and pattern recognition-workshops, 2005. cvpr
workshops,” in IEEE Computer Society Conference, vol. 2,
IEEE, San Diego, CA, USA, 21-23 Sept. 2005.

[4] G. Guo, C. R. Dyer, Y. Fu, and T. S. Huang, “Is gender
recognition affected by age?” in 2009 IEEE 12th International
Conference on Computer VisionWorkshops, ICCVWorkshops,
pp. 2032–2039, IEEE, Kyoto, Japan, 27 Sept.-4 Oct. 2009.

[5] E. L. Ferguson, “Facial identification of children: a test of
automated facial recognition and manual facial comparison
techniques on juvenile face images,” PhD thesis, University of
Dundee, Nethergate, Dundee, UK, 2015.

[6] R. Satta, J. Galbally, and L. Beslay, “Children gender recog-
nition under unconstrained conditions based on contextual

information,” in 2014 22nd International Conference on
Pattern Recognition, pp. 357–362, IEEE, 2014.

[7] D. Deb, N. Nain, and A. K. Jain, “Longitudinal study of child
face recognition,” in 2018 International Conference on Bio-
metrics (ICB), pp. 225–232, IEEE, Gold Coast, QLD, Australia,
20-23 Feb. 2018.

[8] Z. Zhang, Y. Song, and H. Qi, “Age progression/regression by
conditional adversarial autoencoder,” in Proceedings of the
IEEE conference on computer vision and pattern recognition,
pp. 5810–5818, Honolulu, HI, USA, 21-26 July 2017.

[9] K. Ricanek and T. Tesafaye, “Morph: a longitudinal image
database of normal adult age-progression,” in 7th Interna-
tional Conference on Automatic Face and Gesture Recognition
(FGR06), pp. 341–345, IEEE, Southampton, UK, 10-12 April
2006.

[10] G. B. Huang andM. Ramesh, “Tamara Berg and Erik Learned-
Miller. “Labeled faces in the wild: a database for studying face
recognition in unconstrained environments””, Technical
Report 07-49, University of Massachusetts, Amherst, October
2007.

[11] L. Andreas, C. J. Taylor, and T. F. Cootes, “Toward automatic
simulation of aging effects on face images,” IEEE Transactions
on Pattern Analysis and Machine Intelligence, vol. 24, no. 4,
pp. 442–455, 2002.

[12] P. J. Phillips, H. Hyeonjoon Moon, S. A. Rizvi, and P. J. Rauss,
“+e feret evaluation methodology for face-recognition al-
gorithms,” IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, vol. 22, no. 10, pp. 1090–1104, 2000.

[13] R. Rothe, R. Timofte, and L. V. Gool, “Deep expectation of real
and apparent age from a single image without facial land-
marks,” International Journal of Computer Vision, vol. 126,
no. 2-4, pp. 144–157, 2018.

[14] E. Eidinger, R. Enbar, and T. Hassner, “Age and gender es-
timation of unfiltered faces,” IEEE Transactions on Infor-
mation Forensics and Security, vol. 9, no. 12, pp. 2170–2179,
2014.

[15] Z. Liu, P. Luo, X. Wang, and X. Tang, “Deep learning face
attributes in the wild,” in Proceedings of the IEEE international
conference on computer vision, pp. 3730–3738, Santiago, Chile,
7-13 Dec. 2015.

[16] X. Leng and Y. Wang, “Improving generalization for gender
classification,” in 2008 15th IEEE International Conference on
Image Processing, pp. 1656–1659, IEEE, San Diego, CA, USA,
12-15 Oct. 2008.

[17] P. Rai and P. Khanna, “An illumination, expression, and noise
invariant gender classifier using two-directional 2dpca on real
gabor space,” Journal of Visual Languages & Computing,
vol. 26, pp. 15–28, 2015.

[18] M. El Aroussi, A. Amine, S. Ghouzali, M. Rziza, and
D. Aboutajdine, “Combining dct and lbp feature sets for
efficient face recognition,” in 2008 3rd International Con-
ference on Information and Communication Technologies:
From Ieory to Applications, pp. 1–6, IEEE, Damascus, Syria,
7-11 April 2008.

[19] S. Mohamed, N. Nour, and S. Viriri, “Gender identification
from facial images using global features,” in 2018 Conference
on Information Communications Technology and Society
(ICTAS), pp. 1–6, IEEE, Durban, South Africa, 8-9 March
2018.

[20] J.-G. Wang, J. Li, C. Y. Lee, and W.-Y. Yau, “Dense sift and
gabor descriptors-based face representation with applications
to gender recognition,” in 2010 11th International Conference
on Control Automation Robotics & Vision, pp. 1860–1864,
IEEE, Singapore, 7-10 Dec. 2010.

Computational Intelligence and Neuroscience 13

mailto:sandeepmbm@gmail.com


[21] O. Ozbudak, M. Tukel, and S. Seker, “Fast gender classifi-
cation,” in 2010 IEEE International Conference on Compu-
tational Intelligence and Computing Research, pp. 1–5, IEEE,
Coimbatore, India, 28-29 Dec. 2010.

[22] L. Lu and P. Shi, “A novel fusion-based method for expres-
sion-invariant gender classification,” in 2009 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing,
pp. 1065–1068, IEEE, Taipei, 19-24 April 2009.

[23] T. Bissoon and S. Viriri, “Gender classification using face
recognition,” in 2013 International Conference on Adaptive
Science and Technology, pp. 1–4, IEEE, Pretoria, South Africa,
25-27 Nov. 2013.

[24] A. Jain and J. Huang, “Integrating independent components
and linear discriminant analysis for gender classification,” in
Sixth IEEE International Conference on Automatic Face and
Gesture Recognition, 2004. Proceedings, pp. 159–163, IEEE,
Seoul, Korea (South), 19-19 May 2004.

[25] J. E. Tapia and C. A. Perez, “Gender classification based on
fusion of different spatial scale features selected by mutual
information from histogram of lbp, intensity, and shape,”
IEEE Transactions on Information Forensics and Security,
vol. 8, no. 3, pp. 488–499, 2013.

[26] E. Makinen and R. Raisamo, “Evaluation of gender classifi-
cation methods with automatically detected and aligned
faces,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 30, no. 3, pp. 541–547, 2008.

[27] T. Alamri, M. Hussain, H. Aboalsamh, G. Muhammad,
G. Bebis, and A. M. Mirza, “Category specific face recognition
based on gender,” in 2013 International Conference on In-
formation Science and Applications (ICISA), pp. 1–4, IEEE,
Pattaya, +ailand, 24-26 June 2013.

[28] A. Moeini, K. Faez, and H. Moeini, “Real-world gender
classification via local Gabor binary pattern and three-di-
mensional face reconstruction by generic elastic model,” IET
Image Processing, vol. 9, no. 8, pp. 690–698, 2015.

[29] B. Patel, R. P. Maheshwari, and B. Raman, “Compass local
binary patterns for gender recognition of facial photographs
and sketches,” Neurocomputing, vol. 218, pp. 203–215, 2016.

[30] M. Annalakshmi, S. Mohamed Mansoor Roomi, and
A. S. Naveedh, “A hybrid technique for gender classification
with slbp and hog features,” Cluster Computing, vol. 22, no. 1,
pp. 11–20, 2019.

[31] A. Aslam, B. Hussain, A. E. Cetin, A. I. Umar, and R. Ansari,
“Gender classification based on isolated facial features and
foggy faces using jointly trained deep convolutional neural
network,” Journal of Electronic Imaging, vol. 27, no. 5,
p. 053023, 2018.

[32] M. Afifi and A. Abdelhamed, “Afif4: Deep gender classifi-
cation based on adaboost-based fusion of isolated facial
features and foggy faces,” Journal of Visual Communication
and Image Representation, vol. 62, pp. 77–86, 2019.

[33] A. Swaminathan, M. Chaba, D. K. Sharma, and Y. Chaba,
“Gender classification using facial embeddings: A novel ap-
proach,” Procedia Computer Science, vol. 167, pp. 2634–2642,
2020.

[34] C. Song and V. Shmatikov, “Overlearning reveals sensitive
attributes,” arXiv preprint arXiv:1905.11742, 2019.

[35] F. J. Bragman, R. Tanno, S. Ourselin, D. C. Alexander, and
J. Cardoso, “Stochastic filter groups for multi-task cnns:
Learning specialist and generalist convolution kernels,” in
Proceedings of the IEEE International Conference on Computer

Vision, pp. 1385–1394, Seoul, Korea (South), 27 Oct.-2 Nov.
2019.

[36] S. Nagpal, M. Singh, R. Singh, and M. Vatsa, “Attribute aware
filter-drop for bias invariant classification,” in Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops, pp. 32-33, Seattle, WA, USA, 14-19
June 2020.

[37] A. Das, A. Dantcheva, and F. Bremond, “Mitigating bias in
gender, age and ethnicity classification: a multi-task convo-
lution neural network approach,” in Proceedings of the Eu-
ropean Conference on Computer Vision (ECCV), Munich,
Germany, September 2018.

[38] A. Abdolrashidi, M. Minaei, E. Azimi, and S. Minaee, “Age
and gender prediction from face images using attentional
convolutional network,” arXiv preprint arXiv:2010.03791,
2020.

[39] T. Hassner, S. Harel, E. Paz, and R. Enbar, “Effective face
frontalization in unconstrained images,” in Proceedings of the
IEEE conference on computer vision and pattern recognition,
pp. 4295–4304, Boston, MA, USA, 7-12 June 2015.

[40] K. Khan, M. Attique, I. Syed, and A. Gul, “Automatic gender
classification through face segmentation,” Symmetry, vol. 11,
no. 6, p. 770, 2019.

[41] J. S. Nayak and M. Indiramma, “An approach to enhance age
invariant face recognition performance based on gender
classification,” Journal of King Saud University-Computer and
Information Sciences2021, in Press, https://www.sciencedirect.
com/science/article/pii/S1319157821000057.

[42] X. Shi, S. Shan, M. Kan, S. Wu, and X. Chen, “Real-time
rotation-invariant face detection with progressive calibration
networks,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pp. 2295–2303, Salt Lake City,
UT, USA, 18-23 June 2018.

[43] D. Dunn, W. E. Higgins, and J. Wakeley, “Texture segmen-
tation using 2-d gabor elementary functions,” IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, vol. 16,
no. 2, pp. 130–149, 1994.

[44] P. D. Wadkar and M. Wankhade, “Face recognition using
discrete wavelet transforms,” International Journal of Ad-
vances in Engineering & Technology, vol. 3, no. 1, pp. 239–242,
2012.

[45] O. Chapelle, P. Haffner, and V. N. Vapnik, “Support vector
machines for histogram-based image classification,” IEEE
Transactions on Neural Networks, vol. 10, no. 5, pp. 1055–1064,
1999.

[46] O. A. Arigbabu, S. M. S. Ahmad, W. A. W. Adnan, S. Yussof,
and S. Mahmood, “Soft biometrics: Gender recognition from
unconstrained face images using local feature descriptor,”
arXiv preprint arXiv:1702.02537, 2017.

[47] D. Vergara, S. Hernández, and F. Jorquera, “Multinomial
naive bayes for real-time gender recognition,” in 2016 XXI
Symposium on Signal Processing, Images and Artificial Vision
(STSIVA), pp. 1–6, IEEE, Bucaramanga, Colombia, 31 Aug.-2
Sept. 2016.

[48] M. H. Rahman, M. A. Bashar, F. H. Md Rafi, T. Rahman, and
A. F. Mitul, “An automatic face detection and gender iden-
tification from color images using logistic regression,” in 2013
International Conference on Informatics, Electronics and Vi-
sion (ICIEV), pp. 1–6, IEEE, Dhaka, Bangladesh, 17-18 May
2013.

14 Computational Intelligence and Neuroscience

https://www.sciencedirect.com/science/article/pii/S1319157821000057
https://www.sciencedirect.com/science/article/pii/S1319157821000057


[49] S. K. Gupta and N. Nain, “Gender recognition for juvenile
unconstrained faces using gabor-meanpool-dct feature model
and svm-kernel optimization,” in 2019 15th International
Conference on Signal-Image Technology & Internet-Based
Systems (SITIS), pp. 499–504, IEEE, Sorrento, Italy, 26-29
Nov. 2019.

[50] C. M. Wilkinson and E. Ferguson, “Juvenile age estimation
from facial images,” Science & Justice, vol. 2016, 2016.

Computational Intelligence and Neuroscience 15


