
DOI: http://dx.doi.org/10.26483/ijarcs.v14i5.7015 

Volume 14, No. 5, September-October 2023 

International Journal of Advanced Research in Computer Science 

REVIEW ARTICLE 

Available Online at www.ijarcs.info 

 

© 2020-2023, IJARCS All Rights Reserved       37 

ISSN No. 0976-5697 

A SURVEY OF FACIAL GENDER CLASSIFICATION 

 

Priya Laxmi, Rahul Gautam 

Sant Longowal Institute of Engineering & Technology,  

Longowal, Punjab (India) 

 

Abstract: Gender is the most critical demographic attribute of human beings. Gender classification from facial images is widely used in computer 
vision for surveillance, a straightforward task for humans, and a challenging task for machines. This paper provides a study of facial gender 
classification in the field of computer vision. We highlight the challenges faced during the image capturing process due to factors such as 

illumination, angle, occlusion, and expressions. We also review various feature extraction approaches used by previous researchers to perform the 
facial gender classification task. This paper also compares the performances of previous methods on various face datasets to perform gender 
classification. We observed from the previous studies that good performance had been achieved for a dataset of facial images taken in a controlled 
environment. However, much more work needs to be done to increase the accuracy and robustness of facial gender classification, especially in 
uncontrolled environments. 
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1. INTRODUCTION 

The face of the human being reveals valuable information 

about their identity, gender, age, expression, and emotions. 

According to the studies, a human can quickly distinguish 

between a female and male simply by looking at their face 

[1]. Gender classification from facial images is one of the 

basic capabilities of human beings; extending this capability 

to the machine is a crucial task in computer vision that has 

received much attention recently. Gender classification is 
utilized in a wide range of real-life applications, including 

surveillance systems, human-computer interaction (HCI) 

systems, and advertising. 

 The system should not require the co-operation, physical 

contact, or attention of the human subject in many 

applications. Human parts like the iris, fingerprints, and hand 

would require human co-operation. A human face has the 

benefit of being an effectively recognizable trait of an 
individual. Humans utilize facial images as the most popular 

biometric attribute to identify each other [2]. As a result, 

several researchers have turned to facial analysis to determine 

gender based on information obtained via face recognition. 

External aspects of the face, such as the neck area and hair, 

may also be used to classify a gender of a person; they provide 

additional information about the person. 

 Recognizing the gender of a person; can be divided into 
several steps such as face detection, preprocessing, feature 

extraction, and classification. The face region is detected by 

cropping the acquired face image, and then preprocessing 

steps are performed, such as normalizing the image. Viola 

and Jones [3] proposed a face detection method that is used 

by many researchers for further research. In the feature 

extraction step, relevant features of the face are selected, and 

in the last step, the binary classifier is used to classify the 

gender of a person. Support Vector Machine (SVM), Neural 

Networks, and Adaboost are popular classifiers that are 

primarily used for gender classification. 

In This paper, we discussed the background of 
gender classification in section 1. The rest of the paper is 

organized as follows: Section 2 discusses the application 

where the gender classification is utilized. In Section3, we 

highlighted the challenges for gender classification. Section 

4 describes the previous studies of feature extraction 

methods. Section 5 evaluates the performance of various 

datasets used for gender classification. Finally, the conclusion 

is discussed in Section 6. 

2. APPLICATION 

We identify several application areas where gender 

classification can be used. They are listed as follows:  

 Biometrics: Biometrics is a uniquely human 

characteristic that may be used to recognize an individual 

automatically. Face, fingerprints, voice, iris, and gait are 

examples of biometrics that may measure both 

physiological and behavioral features. Soft biometrics 
are features like gender, age, weight, and height that can 

provide important information about a person. Using 

face recognition in a biometrics system can reduce the 

time spent scanning the face database, and different face 

recognizers can be trained for each gender to improve 

accuracy [4]. 

 Human-computer interaction system (HCI): HCI 

systems provide the interaction between the human and 

computer. In HCI systems, robots or computers need to 

identify and verify gender to improve the performance of 

the system. After determining gender, the system can 
provide customized services for users.  

 Demographic collection: When a customer enters a 

store or looks at a billboard, the demographic research 

system collects demographic information such as gender, 
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race, ethnicity, and age. A computer vision system can 

be utilized to automate the task of recording the 

demographic information of customers. The information 

gathered is then utilized to determine the effectiveness of 

marketing efforts. 

 Targeted advertising: To present the 

advertisements on the screen electronic billboard system 

is used. Targeted advertising is possible if the system 

successfully recognizes traits like gender and age. In a 

supermarket, knowing the number of male and female 

customers helps the store managers to make effective 

decisions. 

 Surveillance systems: These systems are widely 

installed in both public and private places for security 

monitoring. It can help restrict places to one gender only 

for safety reasons, such as in a hostel or train coach, and 
can be monitored and implemented using surveillance 

systems. 

 Mobile Application and video Games: Gender 

classification can provide helpful information to improve 

the user experience in mobile applications (apps) and 

video games. In the mobile application, some researchers 

use this method to assist the use of the mobile internet by 

customizing apps according to gender. In video games, 

males and females have different preferences, which 

would enable the use of gender information to provide 

their preferred game characters or contents. 

3. CHALLENGES 

In a computer vision system, the face image of a person 

reveals valuable information about their identity, such as 

gender, age, and race, etc., and also shows many variations 

related to face, which may impair the ability to identify 

gender. These variations can be attributed to either the image 

capture method or the human. Human elements include things 

like gender, age, ethnicity, and facial expressions like closed 

eyes, smiling, natural, and so on., face occlusions, such as 

those caused by accessories, for example, hats, eyeglasses, 

and facial hairstyles. However, because they might differ 
between genders, they may serve as sound discriminative 

cues. The head posture, illumination or lightning, and image 

quality are all factors that affect the image capturing process. 

The yaw (left-right rotation), roll (in-plane rotation), and 

pitch (up-down rotation) angles represent the three degrees of 

freedom available to the human head [5]. 

In some cases, the other factor can be reduced to some extent 
by providing adequate illumination and a high-quality 

camera. To perform gender classification, Wang et al. [6] 

used a dataset that consists of a large number of non-adults 

faces. Ozbudak et al. [7] observed that the gender of Asian 

people was simpler to distinguish than the gender of African 

people.  

4. Feature extraction methods 

Feature extraction is a type of dimensionality reduction in 

which a large number of pixels in an image are efficiently 

represented so that the most critical parts of the image are 
effectively captured. For facial gender classification, feature 

extraction methods can be classified into geometric and 

appearance-based methods [8][9], and CNN-based methods 

are also used for gender classification. 

Appearance-based methods rely on the operation 

done on pixels of an image, such as transformation, and the 

operation is performed at the local and global levels. At the 

local level, an image of the face is divided into sub-regions, 

e.g., forehead, eye, nose, and mouth [10]. At the global level, 
features are calculated from the entire face image to form a 

single feature vector. The appearance-based methods for 

gender recognition used both texture and shape information 

from face images. Active Appearance Models (AAM) is an 

appearance-based method initially proposed for image coding 

[11]. In global methods, the whole face of the person is 

observed for gender classification. The face image of the 

person shows many variations, including illumination, 

occlusion, different view, and expressions[8]. Andreu et al. 

[12] observed that the local method performs much better 

than the global method. A combination of local and global 

features has also been discovered in [8]. 

Recently, CNNs based methods have been mainly 

used for the gender recognition task. We have various CNN 

models; the difference between these models is the choice of 

the network architecture. CNNs can be roughly split into 

shallow networks and deep networks. The shallow networks 

have up to 5-6 convolutional layers, whereas the deep 

networks have more number convolutional layers. In the 
studies, we have observed that [13][14][15], which train 

gender CNN, from scratch used shallow network 

architectures, while the works employed deeper network 

architectures like AlexNet [16] or VGG16 [17] fine-tune 

already pre-trained CNNs [18]. 

The various feature extraction methods are discussed in detail 

in the following subsections. All the methods are categorized 

as appearance-based methods except fiducial distances. 

Fiducial distances 

Facial landmarks or fiducial points are prime locations on the 

face that spot facial features like eyes, hair, nose, mouth 

corners, chin, and ears. The distances that distinguish 

between these places are known as fiducial distances. 

Brunelli and Poggio [19] developed a template matching 

method and geometrical features for gender recognition, and 

they used a HyperBF classifier to recognize features of the 

face. Fellous [20] selected 24 vertical and horizontal fiducial 

distances of a human face, and discriminant analysis was used 
to create five normalized dimensions from these fiducial 

distances to categorize gender. 

Rectangle features 

Rectangle features are proposed by Viola and Jones [21] for 

face detection. Rectangle features are also known as Haar-

like features, and Figure 1 displays examples of two rectangle 

and three rectangle features. The value of these rectangle 

features is the subtracted amount of pixels in the white 

rectangles from the sum of pixels in the black rectangles. An 
AdaBoost algorithm is used to select the features, and an 

integral image representation can be utilized for quick 

computation of these rectangle features. 
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Figure 1 Rectangle features 

 

Shakhnarovich et al. [22] used an SVM classifier and 
rectangles features for ethnicity and gender classification in 

real-time. For ethnicity and gender classification, they 

collected human face images from the World Wide Web. Xu 

et al. [23] used rectangle features for gender classification and 

also extracted the local and global features of an image. 

Adaboost algorithm is used to extract the global features and 

combine them with the local features, which are extracted by 

the active appearance model (AAM). Rectangle feature 

vector (RFV) is used by Shen et al. [24] to identify human 

gender and to obtain more discriminative features of face they 

used SVM classifier. 

Scale Invariant Feature Transform (SIFT) 

SIFT is a feature detection algorithm in computer vision that 

is used to detect and describe various key points of an image. 

Lowe [25] used SIFT for extracting unique features from the 

images, and these features are used to match diverse views of 

an image. The features are invariant to image rotation and 

scale and also provide partially invariant to change in 

illumination. Wang et al. [26] used SIFT descriptors for 

gender recognition. Wang et al. [27] combined the SIFT 

descriptors with Gabor features, and Adaboost is used to 

select the features for gender recognition. In another work, 
the Markovian temporal model is used to recognize face 

gender from unconstrained video sequences in natural scenes 

[28]. Figure 2 shows key features of the face using SIFT 

descriptors. 

 
Figure 2  Visualization of key features of the face using 

SIFT descriptors 

Local binary patterns 

Local Binary Patterns (LBP) is a  popular feature extraction 

method, which is used by Ojala et al. [29] for texture 

classification. LBP features can detect microstructures such 

as corners, edges, and spots. LBP is a very simple and 

efficient algorithm for local texture information extraction, 

and it is also stable under illumination changes and rotation. 

Ahonen et al. [30] first introduced LBP for face 

recognition using biologically inspired features. To extract 

features from the face, Lian and Lu [31] used LBP, and for 

gender classification, they used an SVM classifier. Alexandre 

[32] performs gender classification based on shape, texture, 
and intensity features. Tapia and Perez [33] perform gender 

classification based on feature selection using mutual 

information and also use feature fusion to improve the 

accuracy of gender classification. Shan [34] used boosed LBP 

features with an SVM classifier for gender classification on 

real-life faces. Shih [35] used a precise patch histogram facial 

feature extraction method to improve the robustness and 

accuracy of gender classification. Ardakany et al. [36] used 

LBP with three additional patterns to extract more data from 

a particular facial region. Javid et al. [37] used local 

directional pattern (LDP) with SVM classifier to perform 

facial gender classification. 

Gabor wavelets 

A Gabor wavelet is defined by frequency, scale, and 

orientation which are used to detect an edge in the face. 2D 

Gabor wavelets are used by Lee [38] for image 

representation. Xia et al. [39] used a local Gabor binary 

mapping pattern (LGBMP) for gender recognition. Dago-

Casas et al. [40] used Gabor with the LBP method for feature 

extraction and SVM with LDA classifier for gender 

classification. Meyers and Wolf [30] used biologically 
inspired features (BIF) for face processing. 

Pixel intensity values 

The classifier, such as support vector machine (SVM) or 

neural network (NN), used pixel intensity values for 

classification problems such as image classification and 

gender classification. In the preprocessing step, the image of 

the face is cropped and after performing normalization, resize 

the image in smaller dimensions for faster calculations. A 

pixel intensity value is used to extract the features from the 

images. Principal Component Analysis (PCA) is used to 
reduce the dimension of an image. Gutta et al. [41] used SVM 

with radial basis functions(RBF) and inductive decision trees 

of 64 x 72-pixel face images for gender classification. To 

determine the gender from facial images Moghaddam and 

Yang [42] used a 21 x 12-pixel value of image and SVM 

classifier. Sun et al. [43] used Genetic Algorithm (GA) to 

perform gender classification. For dimension reduction, two-

dimensional PCA (2DPCA) has also been used [44]. For 

facial gender classification, Jain et al. [45] proposed 

Independent Component Analysis (ICA). Buchala et al. [46] 

discovered that different components of PCA encode 

different features of the facial image, such as gender, age and, 
ethnicity. 2D neural network architectures such as 

Convolutional Neural Networks [47] and Pyramidal Neural 

Networks have also been applied for gender recognition. In 

these neural networks, feature extraction is integrated with 

classification. Baluja and Rowley [48] used the AdaBoost 

method to identify the sex of a person, and the face images 

were normalized into 20 x 20 pixels. To obtain features, Lu 

and Shi [49] used 2DPCA on several facial regions. SVM was 

used on each face region and the classification result was 

based on a consensus decision. 

External cues 
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External features of the face region such as hair, lips, clothes, 

and neck region are also cues used by humans to identify the 

gender of the person. Clothing and hairstyles differ between 

males and females. Li et al. [9] used features from hair and 

upper body clothing to perform gender classification using an 
SVM classifier. Castrillon-Santana et al. [50] used the head 

and shoulder of the person to extract the feature, and they 

used SVM, Naïve Bayes, and Neural Network classifier for 

gender classification. Similarly, Min Li et al. [51] used the 

head and shoulder parts of the body to classify the gender of 

the person. To recognize the gender from images, Gallagher 

and Chen [52] used social context information based on the 

position of a face of a person in a group of individuals. 

Similarly, to classify the gender of the person, Khorsandi and 

Abdel-Mottaleb [53] used images of the ear, and to perform 

feature extraction, they used Gabor filters. 

 To recognize the gender, Lee et al. 2010 [54] first 

decomposed a face into several vertical and horizontal stripes. 

The likelihood that a strip patch belongs to a given gender is 

determined using a regression function for each strip. The 

likelihoods from all strips are combined to generate a new 

feature, which is used to make the final decision by a gender 

classifier. 

Other methods 

There are some other feature extraction methods used to 

perform gender classification. Lu et al. [55] used the pixel-

pattern-based texture feature (PPBTF) extraction method for 

automatic gender recognition. Li et al. [58] used spatial 

information considering both global and local information, 

and for feature extraction, they used Discrete Cosine 

Transform (DCT) method to perform gender recognition.  Rai 

and Khanna [59]  proposed a new method called Radon and 

Wavelet Transforms to extract features from an image, and 

these features are used to classify the face images. To perform 
gender recognition, Hussain et al. [56] used Nonsubsampled 

Contourlet Transform and Weber Local Descriptor based 

feature extraction method. Lee et al. [57] used Local Binary 

Patterns (LBP) and Histogram of Oriented Gradient (HOG) 

to extract features from the images and also used an SVM 

classifier to classify the face images. Chen et al. [60] used 

moment descriptors called the Eigen-moment method for 

gender classification; these moments are used to describe a 

geometrical feature of an image. A genetic algorithm-based 

adjusted order Pseudo- Zernike Moment (PZM) is proposed 

by Khoshkerdar et al. [61], which is used to extract features 

from a face image. 

5. DATASETS AND EVALUATION 

There are several publicly available datasets used for the 

gender classification task. Table 1 summarizes some of the 

publicly available datasets that have been used to evaluate 

gender classification, and to the best of our knowledge, the 

number of images and the number of unique individuals in 

each dataset is also displayed. The controlled variations 

during data collection are also mentioned. The majority of 

these datasets were collected for evaluating face recognition 
and for other detection systems. As a result, there may be a 

lack of gender labels, so that researchers must manually label 

the ground truth via visual inspection, either alone or with the 

assistance of annotators. Some researchers also use a subset 

of the dataset for evaluating the performance of gender 

classification. 

FERET [62] is an old and popular dataset that is mainly used 

for face and gender recognition problems. All the images in 

the dataset were collected in indoor lab conditions; therefore, 

the dataset is comparatively simple. The dataset contains 

14,126 images of 1199 individuals. The faces have a variation 

in illumination, expression, and pose. The images in the 

dataset are without background clutter, noise-free and 

consistent lighting. There is no gender annotation given with 

the dataset, although Makinen and Rai [63] proposed a subset 

of images with 212 males and 199 females. 

Images of Groups (IOG) [52] dataset consists of 5.1 k 

images of a group of people and consists of 28.2 k total faces. 

The dataset is annotated with age and gender, with seven age 

categories. The images of people are collected in uncontrolled 

environments from websites and present several differences 

in an image, including facial expressions and face occlusions. 

Images in a dataset may include the entire person, half-body 

shots, and close-ups of the face. 

CAS-PEAL [72] database contains images of 

Chinese faces that consist of 99,594 face images of 1040 

unique individuals, each with a different expression, lighting, 

pose, and accessories. A subset named by the CAS_PEAL-

R1 database is also available that consists of 30,900 face 

images. The gender information is also contained in the 
image file. In the CAS-PEAL dataset person’s face images 

were taken in a controlled condition, and also different 

backgrounds and various accessories such as hats and glasses 

are used to capture the image of a person. 

Labeled Faces in the Wild (LFW) [71] dataset 
was also collected in the wild conditions. It contains a total of 

13,233 face images of 5749 individuals. The dataset is not 

labeled and requires the manual labeling of images. There are 

a varying number of face images for an individual present in 

the dataset. Face images in the dataset are captured in 

uncontrolled environments and show extreme variations in 

lighting, pose race, background, and occlusions. All the face 

images were collected from the internet, and the quality of 

these images is very low, and most of the face images are in 

compressed form. The dataset is highly imbalanced as the 

number of male subjects is 10,256, whereas female subjects 

are 2977. 

Adience [73] dataset consist of 26580 images of 2284 

individuals with frontal and non-frontal facial images of 

people belonging to different age groups, races, and 

countries. The dataset was collected in the un-constrained 

conditions and was used for age and gender classification. 
Along with the dataset, their label information is given. The 

face images in the dataset were captured with smartphones. 

Due to this capturing, uploaded images were without 

filtering, reflecting real-world facial images. Therefore, 

images in a dataset have extreme variations in lighting 

quality, background, occlusion, and expression. Patel et al. 

[74] proposed a subset of images with 840 males and 917 

females. Figure 3 shows the sample images from the Adience 

dataset.
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Table 1 List of publicly available datasets 

Dataset Year No. of images in 

the dataset 

No. of unique individuals 

in the dataset 

Gender labels Variations 

AR [64] 1998 <4000 126  Yes L, O, X 

XM2VTS [65] 1999 5900 295 No L, P 

FERET [62] 2000 14126 1199 No L, P,X 

BioID [66] 2001 1521 23 No L, face size, background 

CMU-PIE [67] 2003 <40000 68 Yes L, P, X 

UND Biometric-

B [68] 

2003 33287 487 No L,X  

FRGC [69] 2005 50000 688 No L, X, background 

MORPH [70] 2006 55134 13000 Yes Age 

LFW [71] 2008 13233 5749 No Uncontrolled 

CAS-PEAL-R1 

[72] 

2008 30900 1040 Yes L,O,P,X 

Images of 

Groups [52] 

2009 5080 28231 Yes Uncontrolled 

Adience [73] 2014 26,580 2,284 Yes Uncontrolled 

                             L lighting or illumination, O occlusion, P pose or view, X expression 

 

Figure 3 Sample images from Adience dataset 

 

Table 2 Classification results for FERET dataset 

References Year Feature Extraction Classifier Training data Testing 

data 

Average 

Accuracy 

% 

Moghaddam and 

Yang [42] 

2002 Pixel values SVM, RBF 

Networks 

1755t 5-CV 96.62 

Jain et al.[75] 2005 ICA SVM 200t 300 t 95.67 

Tivive and 

Bouzedown [76] 

2006 Pixel values CNN 1762t 5-CV 97.2 

Baluja and Rowley 

[48] 

2007 Pixel comparisons Adaboost 2509 t (914f  1495m 

) 

5-CV 94.3 

Leng and Wang [77] 2008 Gabor wavelet (FSVM) Fuzzy 

SVM 

300 t (140f  160m ) 5-CV 98.09 

Lu and Shi [10] 2009 2-DPCA SVM 800t 5-CV 94.83 

Demirkus et al.[78] 2010 SIFT Bayesian 3560t Video 

frames 

90 

Lee et al.[54] 2010 Regression function SVM  1773t (615f  

1158m) 

5-CV 98.8 
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Table 3 Classification results for the datasets in which most images are taken in controlled conditions. 

Alexandre [32] 

 

2010 Shape, Texture ,and 

Decision fusion 

SVM 304t 107t 99.07 

Zheng and Lu [79] 2011 LGBP, LDA SVMAC 564t (282f 282 m) 428t (121f  

307m) 

99.1 

Ahmed and Kabir [80] 2012 DTP SVM 1800t, 900 f 900 m 10-CV 93.11 

Berbar [81] 2014 GLCM, DCT SVM 644t (104 f 540m) 5-CV 93.11 

Andreu et al.[12] 2014 grey levels, 

PCA and LBP 

1-NN, PCA + 

LDA and SVM 

2015t (841f  

1173m)  

5-CV 94.06 

Rai and Khanna [82] 2015 2DPCA on real 

Gabor space 

SVM 1199t (459f  740 m) 2-CV 98.18 

Patel et al.[74] 2016 coLBP SVM 987t (400 f 587 m ) 5-CV 93.92 

Bhattacharyya et 

al.[83] 

2019 coLBP SVM 987t (400 f 587m ) 5-CV 95.75 

Afifi and 

Abdelrahman [84] 

2019 CNN AdaBoost 3500t 5-CV 99.49 

Khan et al. [85] 2019 GC-MSFS-CRFs Random 

Decision Forest 

(RDF) 

100t 10.CV 100 

References Year Feature 

extraction  

Classifier Training Data Testing Data Average 

accuracy 

% 

Buchala et al. [86] 2005 PCA SVM Combination of 

FERET, AR, 

BioID 400 t 

5-CV 92.25 

Leng and Wang [77] 

 
2008 Gabor wavelet FSVM(Fuzzy SVM) CAS-PEAL 800t 

 
5-CV 89 

Xu et al.[23] 2008 Haar-like 

features 

SVM with RBF kernel Combination of 

FERET, AR, Web  

(1000t) 

5-CV 92.38 

Zhen Li [58] 2009 DCT Sapatial Gaussian 

Mixture Models 

(SGMM) 

YGA 6096 t 1524 t 92.5 

Lu and Shi [49] 2009 2DPCA SVM CAS-PEAL 300m 

300f 

1800 t 95.33 

Wang et al. [27] 2010 Gabor filter,  

SIFT feature 

AdaBoost Combination of 

FERET,PEAL, 

Yale,I2R (4659 t) 

10-CV 97 

Alexandre [32] 2010 Shape, Texture, 

and Decision 

fusion 

Linear SVM UND dataset 260 t 

(130 f 130 m) 

227 t (56f  

171m) 

91.19 

Zheng and Lu [79] 2011 Gabor + LBP + 

MLGBP 

SVMAC CAS-PEAL 

dataset  2706f  

2706 m (Total 9 set 

) 

1164 f  2175 

m 

≥99.8per 

set 

Zhang and Wang [87] 2011 SIFT SVM+HIK(Histogram 

Intersection Kernel) 

UND Biometric 

942 t 

10-CV 97.65 

Li et al. [9] 2012 LBP SVM +RBF BCMI 1642 t 548 t 95.3 

Wu et al. [88] 2012 MLGBP SVM CAS-PEAL 4284t 2989t 91-97 per 

set 
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Table 4 Classification accuracy of the datasets in which most images are taken in uncontrolled condition 

References  Year Feature 

extraction 

method 

Classifier Training data Testing data Average 

accuracy 

% 

Shakhnarovich et al. [22] 2002 Haar-like Adaboost Web images 5-CV 79 

Aghajanian et al. [93] 2009 Pixel values Bayesian classifier Web images 32000 

t 

Web images 

1000t 

89 

Dago-Casas et al. [40] 2011 Gabor filter,  

LBP 

SVM Images of Group 

14760 t 

5-CV 86.61 

Bekios-Calfa et al. [94]  2014 LDA KNN Images of Group 

11932 f 11016 m 

5-CV 77.89 

Eidinger et al.[73] 2014 LBP+FPLBP Linear-SVM Images of group 5-CV 88.6 

 

Table 5 Classification results for the LFW dataset 

References Year Feature 

Extraction 

Classifier Training data Test data Average 

Accuracy 

% 

Dago-Casas et al [40] 2011 Gabor  SVM-linear  2959 f 10129  m 5-CV 94.01 

Shan [34] 2012 Boosted LBP SVM 2943 f 4500 m 5-CV 94.81 

Tapia and Perez [33] 2013 LBP SVM 2943 f 4500 m 5-CV 98.01 

Rai and Khanna [82] 2015 2DPCA on real 

Gabor space 

SVM 13,010 t 2-CV 88.34 

Mansanet et al. [95] 

 

2016 Learned LDNN 2977 f 10256 m 5-CV 96.25 

Patel et al.[74] 2016 coLBP SVM 1477 f 4259 m 5-CV 89.70 

Antipov et al.[89] 2017 Learned CNN 13233 t 5-CV 99.3 

Bhattacharyya et al.[83] 2019 coLBP SVM 5749 t 5-CV 92.29 

Khan et al. [85] 2019 GC-MSFS-CRFs Random 

Decision Forest 

(RDF) 

100 t 10-CV 93.9 

Afifi and Abdelhamed 

[84] 

2019 CNN Adaboost 2950 t 5-CV 95.98 

 

Tapia and Perez [33] 2013 Intensity, edge 

directions, LBP 

SVM-RBF UND set B 301m 

186f 

5-CV 94.1 

Antipov et al. [89] 2017 CNN CNN  MORPH-II 5-CV  99.4 

Dhomne et al. [90] 2018 D-CNN D-CNN Celebrity dataset 

160t 

40 t 0.95 

Lin et al.[91] 2020 Feature fusion CNN MORPH 8492 f  

46569 m 

3-CV 99.11 

Lin et al. [92] 2020 CNN CNN MORPH 8492 f 

46569 m 

5-CV 98.72 
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Table 6 Classification results for the Adience dataset 

References Year Feature 

Extraction 

Classifier Training data Test data Average 

 

accuracy 

% 

Eidinger et al. [73]  2014 LBP, FPLBP SVM 8192 m 9411 f 5-CV 76.1 

Levi et al. [15] 2015 Learned CNN 8192 m 9411 f 5-CV 86.8 

Wolfshaar [96] 2015 Learned CNN 17492 t 5-CV 87.2 

Ozbulak [18] 2016 Learned CNN 17393 t 5-CV 92.0 

Patel et al. [74]  2016 coLBP SVM 840 m 917 f 5-CV 83.89 

Rodríguez et al. [97]  2017 Learned CNN 8192 m 9411 f 5-CV 93.0 

Duan et al. [98] 2018 CNN ELM (Extreme 

Learning 

Machine) 

8192 m 9411 f 5-CV 88.2 

Bhattacharyya et al. [83]  2019 coLBP SVM 840 m 917 f  5-CV 87.71 

Khan et al. [85] 2019 GC-MSFS-CRFs Random 

Decision Forest 

(RDF) 

100 t 10-CV 91.4 

Afifi and Abdelhamed 

[84] 

2019 CNN Adaboost 4850 t 5-CV 90.59 

 

 

5.1 Evaluation and results 

In Error! Reference source not found., Error! Reference 

source not found., Error! Reference source not found., 

Error! Reference source not found., and Error! Reference 

source not found., we describe the previous results on a 

various dataset which is used for face gender classification 

task. From these results, we have observed that the FERET is 

a commonly used dataset to perform face gender 

classification. In Error! Reference source not found., we 

show results for the FERET dataset, and different training 

FERET dataset is used by the researchers. Table 3 and Table 

4 demonstrate the results of different face datasets where the 

majority of the images were taken under controlled and 

uncontrolled conditions, respectively. In Error! Reference 

source not found., we demonstrate results for the LFW 
dataset, and in Table 6, we demonstrate results for the 

Adience dataset. 

For each study, the feature extraction method and 

classifier employed are displayed. The training data and 

testing data describe the datasets from which the images for 

training and testing the classifier were extracted. Male and 

female faces are also analyzed; for example, 100m and 100f 

correspond to 100 male and female faces, respectively. The 
total faces used are provided in cases where the analysis could 

not be defined (e.g., 200 t), and average overall classification 

accuracy attained is also provided. 5-CV refers to the five-

fold cross-validation. The ratio of successfully categorized 

test samples to the total number of test samples is known as 

the classification accuracy. Typically, the average 

classification accuracy gained from cross-validation results is 

presented. Mostly 5-CV is used to evaluate the average 

classification accuracy. Some researchers will test their 

approach on a separate dataset for generalization ability, 

while others will make sure that the training and testing 

datasets have the same number of male and female faces. 

It is difficult to make a comparison between the 

methods because different parameters and datasets are used 

for evaluation. Some of the researchers use only frontal face 

images, and others may include the non-frontal face images, 

for example, variation in pose and expressions. The variations 

present in the datasets are also different. The majority of 

current research has focused on uncontrolled datasets, e.g., 

LFW, Adience, and Images of Groups. 

Based on the results, we have observed that FERET 

is the most widely used dataset. The researchers used a 

different subset of images from the dataset. Images in the 

FERET dataset are captured under controlled conditions and 

only deal with frontal face images. Several researchers 

achieved almost 100% accuracy on the FERET dataset. 

Zheng and Lu [79] achieved 99.8% accuracy on the CAS-

PEAL dataset. Other datasets, such as FRGC and MORPH, 

have also yielded promising results. LFW dataset contains 
frontal and non-frontal face images; all the images were 

captured in the unconstrained environment. Antipov et al. 

[89] obtained 99.3% accuracy on the LFW dataset. The most 

challenging uncontrolled dataset, Images of Group, contains 

frontal and near frontal face images, Eidinger et al. [73] was 

obtained 88.6% accuracy on images of the group dataset. The 

images in the Adience dataset were also captured in the 

unconstrained environment, Rodríguez et al. [97] obtained 

93% accuracy. 

 

6. CONCLUSION 
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In this paper, we have described a comprehensive study of the 

facial gender classification method in the field of computer 

vision. Based on the studies of previous research, we have 

observed that a number of works have already been done 

using facial information such as gender classification. We 
have also highlighted the application areas, challenges, and 

confusing factors such as illumination, angle, occlusion, and 

expression. A list of datasets is used for gender classification 

is also described. Based on the results of previous studies in 

gender classification, good performance has been achieved 

for frontal face images captured in controlled environments. 

For real-life situations (containing both frontal and non-

frontal faces), there is still room for improvement, especially 

in uncontrolled environments. Indeed, more development is 

needed to improve the robustness and accuracy of facial 

gender classifiers in computer vision. 

REFERENCES 

[1] V. Bruce et al., “Sex discrimination: how do we tell 

the difference between male and female faces?,” 

Perception, vol. 22, no. 2, pp. 131–152, 1993, doi: 

10.1068/p220131. 

[2] A. K. Jain, A. Ross, and S. Prabhakar, “An 

Introduction to Biometric Recognition,” IEEE Trans. 

Circuits Syst. Video Technol., vol. 14, no. 1, pp. 4–

20, Jan. 2004, doi: 10.1109/TCSVT.2003.818349. 

[3] P. Viola and M. J. Jones, “Robust Real-Time Face 

Detection,” Int. J. Comput. Vis., vol. 57, no. 2, pp. 

137–154, May 2004, doi: 

10.1023/B:VISI.0000013087.49260.fb. 

[4] E. Mäkinen and R. Raisamo, “An experimental 

comparison of gender classification methods,” 

Pattern Recognit. Lett., vol. 29, no. 10, pp. 1544–

1556, Jul. 2008, doi: 10.1016/j.patrec.2008.03.016. 

[5] E. Murphy-Chutorian and M. M. Trivedi, “Head Pose 

Estimation in Computer Vision: A Survey,” IEEE 

Trans. Pattern Anal. Mach. Intell., vol. 31, no. 4, pp. 

607–626, Apr. 2009, doi: 10.1109/TPAMI.2008.106. 

[6] Y. Wang, K. Ricanek, C. Chen, and Y. Chang, 

“Gender classification from infants to seniors,” in 

2010 Fourth IEEE International Conference on 

Biometrics: Theory, Applications and Systems 

(BTAS), Sep. 2010, pp. 1–6, doi: 

10.1109/BTAS.2010.5634518. 

[7] O. Ozbudak, M. Kirci, Y. Cakir, and E. O. Gunes, 

“Effects of the facial and racial features on gender 

classification,” in Melecon 2010 - 2010 15th IEEE 

Mediterranean Electrotechnical Conference, Apr. 

2010, pp. 26–29, doi: 

10.1109/MELCON.2010.5476346. 

[8] C. BenAbdelkader and P. Griffin, “A Local Region-

based Approach to Gender Classi.cation From Face 
Images,” in 2005 IEEE Computer Society Conference 

on Computer Vision and Pattern Recognition 

(CVPR’05) - Workshops, 2006, vol. 3, pp. 52–52, doi: 

10.1109/CVPR.2005.388. 

[9] B. Li, X. C. Lian, and B. L. Lu, “Gender classification 

by combining clothing, hair and facial component 

classifiers,” Neurocomputing, vol. 76, no. 1, pp. 18–

27, 2012, doi: 10.1016/j.neucom.2011.01.028. 

[10] L. Lu and P. Shi, “Fusion of multiple facial regions 

for expression-invariant gender classification,” 

IEICE Electron. Express, vol. 6, no. 10, pp. 587–593, 

2009, doi: 10.1587/elex.6.587. 

[11] T. F. Cootes, G. J. Edwards, and C. J. Taylor, “Active 
appearance models,” Lect. Notes Comput. Sci. 

(including Subser. Lect. Notes Artif. Intell. Lect. 

Notes Bioinformatics), vol. 1407, no. 6, pp. 484–498, 

1998, doi: 10.1007/BFb0054760. 

[12] Y. Andreu, P. García-Sevilla, and R. A. Mollineda, 

“Face gender classification: A statistical study when 

neutral and distorted faces are combined for training 

and testing purposes,” Image Vis. Comput., vol. 32, 
no. 1, pp. 27–36, 2014, doi: 

10.1016/j.imavis.2013.11.001. 

[13] G. Antipov, S. A. Berrani, and J. L. Dugelay, 

“Minimalistic CNN-based ensemble model for 

gender prediction from face images,” Pattern 

Recognit. Lett., vol. 70, pp. 59–65, 2016, doi: 

10.1016/j.patrec.2015.11.011. 

[14] M. Castrillón-Santana, J. Lorenzo-Navarro, and E. 

Ramón-Balmaseda, “Descriptors and regions of 

interest fusion for gender classification in the wild. 

Comparison and combination with Convolutional 

Neural Networks,” 2015, doi: 

10.1016/j.imavis.2016.10.004. 

[15] G. Levi and T. Hassncer, “Age and gender 

classification using convolutional neural networks,” 

in 2015 IEEE Conference on Computer Vision and 

Pattern Recognition Workshops (CVPRW), Jun. 

2015, vol. 928, no. 3, pp. 34–42, doi: 

10.1109/CVPRW.2015.7301352. 

[16] I. S. and G. E. H. Alex Krizhevsky, “ImageNet 

classification with deep convolutional neural 

networks,” Handb. Approx. Algorithms 

Metaheuristics, pp. 1–1432, 2012, doi: 

10.1201/9781420010749. 

[17] K. Simonyan and A. Zisserman, “Very deep 

convolutional networks for large-scale image 
recognition,” 3rd Int. Conf. Learn. Represent. ICLR 

2015 - Conf. Track Proc., pp. 1–14, 2015. 

[18] G. Özbulak, Y. Aytar, and H. K. Ekenel, “How 

transferable are CNN-based features for age and 

gender classification?,” Lect. Notes Informatics 

(LNI), Proc. - Ser. Gesellschaft fur Inform., vol. P-

260, no. 113, pp. 4–9, 2016, doi: 

10.1109/BIOSIG.2016.7736925. 

[19] R. Brunelli and T. Poggio, “Face recognition: 

features versus templates,” IEEE Trans. Pattern 

Anal. Mach. Intell., vol. 15, no. 10, pp. 1042–1052, 

1993, doi: 10.1109/34.254061. 



Rahul Gautam et al, International Journal of Advanced Research in Computer Science, 14 (5), September-October 2023,37-49 

© 2020-2023, IJARCS All Rights Reserved       46 

[20] J.-M. Fellous, “Gender discrimination and prediction 

on the basis of facial metric information,” Vision 

Res., vol. 37, no. 14, pp. 1961–1973, Jul. 1997, doi: 

10.1016/S0042-6989(97)00010-2. 

[21] P. Viola and M. Jones, “Rapid object detection using 

a boosted cascade of simple features,” Proc. IEEE 

Comput. Soc. Conf. Comput. Vis. Pattern Recognit., 

vol. 1, pp. 11–18, 2001, doi: 

10.1109/cvpr.2001.990517. 

[22] G. Shakhnarovich, P. A. Viola, and B. Moghaddam, 

“A unified learning framework for real time face 

detection and classification,” Proc. - 5th IEEE Int. 

Conf. Autom. Face Gesture Recognition, FGR 2002, 

pp. 16–23, 2002, doi: 10.1109/AFGR.2002.1004124. 

[23] Ziyi Xu, Li Lu, and Pengfei Shi, “A hybrid approach 

to gender classification from face images,” in 2008 

19th International Conference on Pattern 
Recognition, Dec. 2008, pp. 1–4, doi: 

10.1109/ICPR.2008.4761883. 

[24] Bau-Cheng Shen, Chu-Song Chen, and Hui-Huang 

Hsu, “Fast gender recognition by using a shared-

integral-image approach,” in 2009 IEEE 

International Conference on Acoustics, Speech and 

Signal Processing, Apr. 2009, pp. 521–524, doi: 

10.1109/ICASSP.2009.4959635. 

[25] D. G. Lowe, “Distinctive image features from scale-

invariant keypoints,” Int. J. Comput. Vis., vol. 60, no. 

2, pp. 91–110, 2004, doi: 

10.1023/B:VISI.0000029664.99615.94. 

[26] J. G. Wang, J. Li, W. Y. Yau, and E. Sung, “Boosting 

dense SIFT descriptors and shape contexts of face 

images for gender recognition,” 2010 IEEE Comput. 

Soc. Conf. Comput. Vis. Pattern Recognit. - Work. 

CVPRW 2010, pp. 96–102, 2010, doi: 

10.1109/CVPRW.2010.5543238. 

[27] 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,” 11th Int. Conf. Control. Autom. Robot. 

Vision, ICARCV 2010, no. December, pp. 1860–

1864, 2010, doi: 10.1109/ICARCV.2010.5707370. 

[28] M. Demirkus, M. Toews, J. J. Clark, and T. Arbel, 

“Gender classification from unconstrained video 
sequences,” 2010 IEEE Comput. Soc. Conf. Comput. 

Vis. Pattern Recognit. - Work. CVPRW 2010, pp. 55–

62, 2010, doi: 10.1109/CVPRW.2010.5543829. 

[29] T. Ojala, M. Pietikäinen, and T. Mäenpää, 

“Multiresolution gray-scale and rotation invariant 

texture classification with local binary patterns,” 

IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 

7, pp. 971–987, 2002, doi: 

10.1109/TPAMI.2002.1017623. 

[30] E. Meyers and L. Wolf, “Using biologically inspired 

features for face processing,” Int. J. Comput. Vis., 

vol. 76, no. 1, pp. 93–104, 2008, doi: 

10.1007/s11263-007-0058-8. 

[31] H.-C. Lian and B.-L. Lu, “Multi-view Gender 

Classification Using Local Binary Patterns and 

Support Vector Machines,” in International Journal 

of Neural Systems, vol. 17, no. 6, 2006, pp. 202–209. 

[32] L. A. Alexandre, “Gender recognition: A multiscale 

decision fusion approach,” Pattern Recognit. Lett., 

vol. 31, no. 11, pp. 1422–1427, 2010, doi: 

10.1016/j.patrec.2010.02.010. 

[33] 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 Trans. Inf. 

Forensics Secur., vol. 8, no. 3, pp. 488–499, 2013, 

doi: 10.1109/TIFS.2013.2242063. 

[34] C. Shan, “Learning local binary patterns for gender 

classification on real-world face images,” Pattern 

Recognit. Lett., vol. 33, no. 4, pp. 431–437, 2012, doi: 

10.1016/j.patrec.2011.05.016. 

[35] H. C. Shih, “Robust gender classification using a 
precise patch histogram,” Pattern Recognit., vol. 46, 

no. 2, pp. 519–528, 2013, doi: 

10.1016/j.patcog.2012.08.003. 

[36] A. R. Ardakany, M. Nicolescu, and M. Nicolescu, 

“An extended local binary pattern for gender 

classification,” Proc. - 2013 IEEE Int. Symp. 

Multimedia, ISM 2013, pp. 315–320, 2013, doi: 

10.1109/ISM.2013.61. 

[37] T. Jabid, M. H. Kabir, and O. Chae, “Gender 

classification using local directional pattern (LDP),” 

Proc. - Int. Conf. Pattern Recognit., pp. 2162–2165, 

2010, doi: 10.1109/ICPR.2010.373. 

[38] T. S. Lee, “Image representation using 2d gabor 

wavelets,” IEEE Trans. Pattern Anal. Mach. Intell., 

vol. 18, no. 10, pp. 959–971, 1996, doi: 

10.1109/34.541406. 

[39] B. Xia, H. Sun, and B. L. Lu, “Multi-view gender 

classification based on local gabor binary mapping 

pattern and support vector machines,” Proc. Int. Jt. 

Conf. Neural Networks, pp. 3388–3395, 2008, doi: 

10.1109/IJCNN.2008.4634279. 

[40] P. Dago-Casas, D. Gonzalez-Jimenez, Long Long 

Yu, and J. L. Alba-Castro, “Single- and cross- 

database benchmarks for gender classification under 

unconstrained settings,” in 2011 IEEE International 

Conference on Computer Vision Workshops (ICCV 

Workshops), Nov. 2011, pp. 2152–2159, doi: 

10.1109/ICCVW.2011.6130514. 

[41] S. Gutta, J. R. J. Huang, P. Jonathon, and H. 

Wechsler, “Mixture of experts for classification of 

gender, ethnic origin, and pose of human faces,” 

IEEE Trans. Neural Networks, vol. 11, no. 4, pp. 

948–960, 2000, doi: 10.1109/72.857774. 



Rahul Gautam et al, International Journal of Advanced Research in Computer Science, 14 (5), September-October 2023,37-49 

© 2020-2023, IJARCS All Rights Reserved       47 

[42] B. Moghaddam and Ming-Hsuan Yang, “Learning 

gender with support faces,” IEEE Trans. Pattern 

Anal. Mach. Intell., vol. 24, no. 5, pp. 707–711, May 

2002, doi: 10.1109/34.1000244. 

[43] Z. Sun, G. Bebis, X. Yuan, and S. J. Louis, “Genetic 

feature subset selection for gender classification: A 

comparison study,” Proc. IEEE Work. Appl. Comput. 

Vis., vol. 2002-Janua, pp. 165–170, 2002, doi: 

10.1109/ACV.2002.1182176. 

[44] J. Yang, D. Zhang, A. F. Frangi, and J. Y. Yang, 

“Two-Dimensional PCA: A New Approach to 

Appearance-Based Face Representation and 

Recognition,” IEEE Trans. Pattern Anal. Mach. 

Intell., vol. 26, no. 1, pp. 131–137, 2004, doi: 

10.1109/TPAMI.2004.1261097. 

[45] A. Jain, J. Huang, and S. Fang, “Gender identification 

using frontal facial images,” IEEE Int. Conf. 
Multimed. Expo, ICME 2005, vol. 2005, pp. 1082–

1085, 2005, doi: 10.1109/ICME.2005.1521613. 

[46] S. Buchala, N. Davey, T. M. Gale, and R. J. Frank, 

“Principal component analysis of gender, ethnicity, 

age, and identity of face images,” Proc. IEEE ICMI, 

p. 8, 2005. 

[47] A. Ahmed, K. Yu, W. Xu, Y. Gong, and E. Xing, 

“Training hierarchical feed-forward visual 

recognition models using transfer learning from 

Pseudo-tasks,” Lect. Notes Comput. Sci. (including 

Subser. Lect. Notes Artif. Intell. Lect. Notes 

Bioinformatics), vol. 5304 LNCS, no. PART 3, pp. 

69–82, 2008, doi: 10.1007/978-3-540-88690-7_6. 

[48] S. Baluja and H. A. Rowley, “Boosting Sex 

Identification Performance,” Int. J. Comput. Vis., vol. 

71, no. 1, pp. 111–119, Jan. 2007, doi: 

10.1007/s11263-006-8910-9. 

[49] L. Lu and P. Shi, “A novel fusion-based method for 

expression-invariant gender classification,” ICASSP, 
IEEE Int. Conf. Acoust. Speech Signal Process. - 

Proc., pp. 1065–1068, 2009, doi: 

10.1109/ICASSP.2009.4959771. 

[50] M. Castrillón-Santana, J. Lorenzo-Navarro, and E. 

Ramón-Balmaseda, “Improving Gender 

Classification Accuracy in the Wild,” 2013, pp. 270–

277. 

[51] M. Li, S. Bao, W. Dong, Y. Wang, and Z. Su, “Head-

shoulder based gender recognition,” in 2013 IEEE 

International Conference on Image Processing, Sep. 

2013, pp. 2753–2756, doi: 

10.1109/ICIP.2013.6738567. 

[52] A. C. Gallagher and T. Chen, “Understanding images 

of groups of people,” 2009 IEEE Comput. Soc. Conf. 

Comput. Vis. Pattern Recognit. Work. CVPR Work. 

2009, vol. 2009 IEEE, pp. 256–263, 2009, doi: 

10.1109/CVPRW.2009.5206828. 

[53] R. Khorsandi and M. Abdel-Mottaleb, “Gender 

classification using 2-D ear images and sparse 

representation,” Proc. IEEE Work. Appl. Comput. 

Vis., pp. 461–466, 2013, doi: 

10.1109/WACV.2013.6475055. 

[54] P.-H. Lee, J.-Y. Hung, and Y.-P. Hung, “Automatic 

Gender Recognition Using Fusion of Facial Strips,” 

in 2010 20th International Conference on Pattern 

Recognition, Aug. 2010, pp. 1140–1143, doi: 

10.1109/ICPR.2010.285. 

[55] H. Lu, Y. Huang, Y. Chen, and D. Yang, “Automatic 

gender recognition based on pixel-pattern-based 

texture feature,” J. Real-Time Image Process., vol. 3, 

no. 1–2, pp. 109–116, 2008, doi: 10.1007/s11554-

008-0072-2. 

[56] M. Hussain, S. Al-Otaibi, G. Muhammad, H. 

Aboalsamh, G. Bebis, and A. M. Mirza, “Gender 

Recognition Using Nonsubsampled Contourlet 
Transform and WLD Descriptor,” 2013, pp. 373–

383. 

[57] J. Der Lee, C. Y. Lin, and C. H. Huang, “Novel 

features selection for gender classification,” 2013 

IEEE Int. Conf. Mechatronics Autom. IEEE ICMA 

2013, pp. 785–790, 2013, doi: 

10.1109/ICMA.2013.6618016. 

[58] Z. Li, X. Zhou, and T. S. Huang, “Spatial Gaussian 

mixture model for gender recognition,” Proc. - Int. 

Conf. Image Process. ICIP, pp. 45–48, 2009, doi: 

10.1109/ICIP.2009.5413917. 

[59] P. Rai and P. Khanna, “Gender classification using 

Radon and Wavelet Transforms,” in 2010 5th 

International Conference on Industrial and 

Information Systems, Jul. 2010, pp. 448–451, doi: 

10.1109/ICIINFS.2010.5578661. 

[60] W. Chen, P. Lee, and L. Hsieh, “Gender 

Classification of Face with Moment Descriptors,” 

ICCGI 2013, Eighth Int. Multi-Conference Comput. 
Glob. Inf. Technol., no. c, pp. 72–75, 2013, [Online]. 

Available: 

http://www.thinkmind.org/index.php?view=article&

articleid=iccgi_2013_4_10_10087. 

[61] E. Khoshkerdar and H. R. Kanan, “Gender 

classification using GA-based adjusted order PZM 

and fuzzy similarity measure,” 13th Iran. Conf. Fuzzy 
Syst. IFSC 2013, pp. 13–16, 2013, doi: 

10.1109/IFSC.2013.6675684. 

[62] P. J. Phillips, H. Moon, S. A. Rizvi, and P. J. Rauss, 

“The FERET Evaluation Methodology for Face-

Recognition Algorithms,” vol. 22, no. 10, pp. 1090–

1104, 2000. 

[63] E. Makinen and R. Raisamo, “Evaluation of gender 

classification methods with automatically detected 

and aligned faces,” IEEE Trans. Pattern Anal. Mach. 

Intell., vol. 30, no. 3, pp. 541–547, 2008, doi: 

10.1109/TPAMI.2007.70800. 



Rahul Gautam et al, International Journal of Advanced Research in Computer Science, 14 (5), September-October 2023,37-49 

© 2020-2023, IJARCS All Rights Reserved       48 

[64] A. M. and R. Benavente, “The AR face database.,” 

no. December, 1998. 

[65] M. G. Messer K, Matas J, Kittler J, Luettin J, 

“XM2VTSDB: The Extended M2VTS Database,” 

1999. 

[66] O. Jesorsky, K. J. Kirchberg, and R. W. Frischholz, 

“Robust Face Detection Using the Hausdorff 

Distance,” in Gesture, 2001, pp. 90–95. 

[67] Terence Sim, S. Baker, and M. Bsat, “The CMU 

pose, illumination, and expression database,” IEEE 

Trans. Pattern Anal. Mach. Intell., vol. 25, no. 12, pp. 

1615–1618, Dec. 2003, doi: 

10.1109/TPAMI.2003.1251154. 

[68] P. J. Flynn, K. W. Bowyer, and P. J. Phillips, 

“Assessment of Time Dependency in Face 

Recognition: An Initial Study,” in Lecture Notes in 

Computer Science (including subseries Lecture Notes 

in Artificial Intelligence and Lecture Notes in 

Bioinformatics), vol. 2688, 2003, pp. 44–51. 

[69] P. J. Phillips et al., “Overview of the Face 
Recognition Grand Challenge,” in 2005 IEEE 

Computer Society Conference on Computer Vision 

and Pattern Recognition (CVPR’05), 2005, vol. 1, 

pp. 947–954, doi: 10.1109/CVPR.2005.268. 

[70] K. Ricanek and T. Tesafaye, “MORPH: A 

Longitudinal Image Database of Normal Adult Age-

Progression,” in 7th International Conference on 

Automatic Face and Gesture Recognition (FGR06), 
2006, vol. 2006, pp. 341–345, doi: 

10.1109/FGR.2006.78. 

[71] G. Huang, R. Manu, and T. Berg, “Labeled faces in 

the wild: a database for studying face recognition in 

unconstrained environments,” 2016 Int. Conf. 

Biometrics, ICB 2016, pp. 1–11, 2008. 

[72] W. Gao et al., “The CAS-PEAL large-scale chinese 

face database and baseline evaluations,” IEEE Trans. 

Syst. Man, Cybern. Part ASystems Humans, vol. 38, 

no. 1, pp. 149–161, 2008, doi: 

10.1109/TSMCA.2007.909557. 

[73] E. Eidinger, R. Enbar, and T. Hassner, “Age and 
Gender Estimation of Unfiltered Faces,” IEEE Trans. 

Inf. Forensics Secur., vol. 9, no. 12, pp. 2170–2179, 

Dec. 2014, doi: 10.1109/TIFS.2014.2359646. 

[74] 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, doi: 

10.1016/j.neucom.2016.08.055. 

[75] A. Jain, J. Huang, and Shiaofen Fang, “Gender 

Identification Using Frontal Facial Images,” in 2005 

IEEE International Conference on Multimedia and 

Expo, 2005, vol. 2005, pp. 1082–1085, doi: 

10.1109/ICME.2005.1521613. 

[76] F. H. C. Tivive and A. Bouzerdoum, “A Gender 

Recognition System using Shunting Inhibitory 

Convolutional Neural Networks,” in The 2006 IEEE 

International Joint Conference on Neural Network 

Proceedings, 2006, pp. 5336–5341, doi: 

10.1109/IJCNN.2006.247311. 

[77] XueMing Leng and YiDing Wang, “Improving 

generalization for gender classification,” in 2008 

15th IEEE International Conference on Image 

Processing, 2008, pp. 1656–1659, doi: 

10.1109/ICIP.2008.4712090. 

[78] M. Demirkus, M. Toews, J. J. Clark, and T. Arbel, 

“Gender classification from unconstrained video 

sequences,” in 2010 IEEE Computer Society 

Conference on Computer Vision and Pattern 

Recognition - Workshops, Jun. 2010, pp. 55–62, doi: 

10.1109/CVPRW.2010.5543829. 

[79] J. Zheng and B. L. Lu Bao-Liang, “A support vector 

machine classifier with automatic confidence and its 

application to gender classification,” 

Neurocomputing, vol. 74, no. 11, pp. 1926–1935, 

2011, doi: 10.1016/j.neucom.2010.07.032. 

[80] F. Ahmed and M. H. Kabir, “Facial feature 

representation with directional ternary pattern (DTP): 
Application to gender classification,” in 2012 IEEE 

13th International Conference on Information Reuse 

& Integration (IRI), Aug. 2012, pp. 159–164, doi: 

10.1109/IRI.2012.6303005. 

[81] M. A. Berbar, “Three robust features extraction 

approaches for facial gender classification,” Vis. 

Comput., vol. 30, no. 1, pp. 19–31, Jan. 2014, doi: 

10.1007/s00371-013-0774-8. 

[82] P. Rai and P. Khanna, “An illumination, expression, 

and noise invariant gender classifier using two-

directional 2DPCA on real Gabor space,” J. Vis. 

Lang. Comput., vol. 26, pp. 15–28, Feb. 2015, doi: 

10.1016/j.jvlc.2014.10.016. 

[83] A. Bhattacharyya, R. Saini, P. P. Roy, D. P. Dogra, 

and S. Kar, “Recognizing gender from human facial 

regions using genetic algorithm,” Soft Comput., vol. 

23, no. 17, pp. 8085–8100, Sep. 2019, doi: 

10.1007/s00500-018-3446-9. 

[84] M. Afifi and A. Abdelhamed, “AFIF4: Deep gender 
classification based on AdaBoost-based fusion of 

isolated facial features and foggy faces,” J. Vis. 

Commun. Image Represent., vol. 62, pp. 77–86, 

2019, doi: 10.1016/j.jvcir.2019.05.001. 

[85] K. Khan, M. Attique, I. Syed, and A. Gul, “Automatic 

Gender Classification through Face Segmentation,” 

Symmetry (Basel)., vol. 11, no. 6, p. 770, Jun. 2019, 

doi: 10.3390/sym11060770. 

[86] S. Buchala, N. Davey, R. J. Frank, M. Loomes, and 

T. M. Gale, “The role of global and feature based 

information in gender classification of faces: A 

comparison of human performance and 



Rahul Gautam et al, International Journal of Advanced Research in Computer Science, 14 (5), September-October 2023,37-49 

© 2020-2023, IJARCS All Rights Reserved       49 

computational models,” Int. J. Neural Syst., vol. 15, 

no. 1–2, pp. 121–128, 2005, doi: 

10.1142/S0129065705000074. 

[87] G. Zhang and Y. Wang, “Hierarchical and 

discriminative bag of features for face profile and ear 

based gender classification,” 2011 Int. Jt. Conf. 

Biometrics, IJCB 2011, 2011, doi: 

10.1109/IJCB.2011.6117590. 

[88] T. X. Wu, X. C. Lian, and B. L. Lu, “Multi-view 
gender classification using symmetry of facial 

images,” Neural Comput. Appl., vol. 21, no. 4, pp. 

661–669, 2012, doi: 10.1007/s00521-011-0647-x. 

[89] G. Antipov, M. Baccouche, S. A. Berrani, and J. L. 

Dugelay, “Effective training of convolutional neural 

networks for face-based gender and age prediction,” 

Pattern Recognit., vol. 72, pp. 15–26, 2017, doi: 

10.1016/j.patcog.2017.06.031. 

[90] A. Dhomne, R. Kumar, and V. Bhan, “Gender 

Recognition Through Face Using Deep Learning,” 

Procedia Comput. Sci., vol. 132, pp. 2–10, 2018, doi: 

10.1016/j.procs.2018.05.053. 

[91] C. J. Lin, C. H. Lin, and S. Y. Jeng, “Using feature 

fusion and parameter optimization of dual-input 

convolutional neural network for face gender 

recognition,” Appl. Sci., vol. 10, no. 9, 2020, doi: 

10.3390/app10093166. 

[92] C. J. Lin, Y. C. Li, and H. Y. Lin, “Using 

convolutional neural networks based on a Taguchi 
method for face gender recognition,” Electron., vol. 

9, no. 8, pp. 1–15, 2020, doi: 

10.3390/electronics9081227. 

[93] J. Aghajanian, J. Warrell, S. J. D. Prince, P. Li, J. L. 

Rohn, and B. Baum, “Patch-based within-object 

classification,” no. Iccv, pp. 1125–1132, 2009. 

[94] J. Bekios-Calfa, J. M. Buenaposada, and L. Baumela, 

“Robust gender recognition by exploiting facial 

attributes dependencies,” Pattern Recognit. Lett., vol. 

36, no. 1, pp. 228–234, 2014, doi: 

10.1016/j.patrec.2013.04.028. 

[95] J. Mansanet, A. Albiol, and R. Paredes, “Local Deep 

Neural Networks for gender recognition,” Pattern 

Recognit. Lett., vol. 70, pp. 80–86, 2016, doi: 

10.1016/j.patrec.2015.11.015. 

[96] J. Van De Wolfshaar, M. F. Karaaba, and M. A. 

Wiering, “Deep convolutional neural networks and 
support vector machines for gender recognition,” 

Proc. - 2015 IEEE Symp. Ser. Comput. Intell. SSCI 

2015, no. October, pp. 188–195, 2015, doi: 

10.1109/SSCI.2015.37. 

[97] P. Rodríguez, G. Cucurull, J. M. Gonfaus, F. X. Roca, 

and J. Gonzàlez, “Age and gender recognition in the 

wild with deep attention,” Pattern Recognit., vol. 72, 

pp. 563–571, Dec. 2017, doi: 

10.1016/j.patcog.2017.06.028. 

[98] M. Duan, K. Li, C. Yang, and K. Li, “A hybrid deep 

learning CNN–ELM for age and gender 

classification,” Neurocomputing, vol. 275, pp. 448–

461, 2018, doi: 10.1016/j.neucom.2017.08.062. 

 


	1. INTRODUCTION
	2. APPLICATION
	3. CHALLENGES
	4. Feature extraction methods
	Fiducial distances
	Pixel intensity values

	5. DATASETS AND EVALUATION
	5.1 Evaluation and results

	6. CONCLUSION

