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Abstract — The aim of this work is to investigate global 

and local image descriptors impact on facial gender 

classification by carrying out an independent comparative 

study among several texture descriptors algorithms. 

In this paper, we consider three global descriptors namely, 

Gray-Level Co-Occurrence Matrix (GLCM), Gabor Wavelet 

Transform (GWT) and Autocorrelation Function (ACF). On 

the other hand, we consider four local image descriptors 

called, Local Binary Patterns (LBP), Local Directional 

Pattern (LDP), Local Phase Quantization (LPQ) and 

Binarized Statistical Image Features (BSIF). 

The experimental comparison proofs that the local image 

descriptors are more efficient than the global ones in facial 

gender classification. All the experiments conducted on the 

Image of Groups (IoG) database. 

 

Keywords — Gender classification, Global descriptors, 

Local descriptors, Face analysis. 

 

I. INTRODUCTION 

owadays, The ability to distinguish between male 

and female using artificial intelligence is necessary. 

Therefore, there is a great interest in this field by 

researchers. Gender information considered as one of the 

facial demographic attributes (age, gender and race) which 

belong to soft biometrics that provides ancillary 

information of an individual’s identity information. 

There are several studies in facial gender classification, 

one of the most popular methods is image texture-based 

approach. The texture-based approaches have been widely 

used in different face analysis such as facial age estimation 

[1][16] and face anti-spoofing [2]. Most of the gender 

classification studies the face images in controlled 

conditions but lately some researchers have utilized the 

face in uncontrolled conditions such as the images in IoG 

dataset. 

Gallagher et al. [3] studied contextual features for 

capturing the structure of people images. Instead of 

treating each face independently, they extracted features 

which cover the structure of the group from persons’ faces. 

Finally, they combined context and appearance features 

together achieving the accuracy 74.1% for gender 

classification. 

Shan [4] investigated gender classification by treating 

each face independently. He focused on appearance 

features exactly on Local Binary Patterns (LBP) and Gabor 

features as face representation, then he adopted Adaboost 

to learn the discriminative local features. The best 

performance in his experiments is with the boosted LBP 

based on SVM classifier with an accuracy of 74.9% for 

gender classification. 

Bekhouche et al. [5, 6] classified the gender using 

texture features combined with face representation. In [5] 

they used LBP features and they got 78.3% and in [6] they 

used LPQ and they got 79.1%. As they are not studying 

face detection they used the faces that detected by 

Gallagher et al. [3]. 

The remainder of this paper is organized as follows: 

Section 2 gives an overview about the dataset and explains 

the texture methods which used in the experiments. Section 

3 presents our experimental results. Finally, Section 4 

concludes our work and also outlines directions for future 

research. 

II. DATASET AND METHODS 

Automatic facial gender classification has become one 

of the fundamental face analysis tasks due to the 

importance of this information in our living life. Lately, 

gender classification has emerged in different applications 

such as access control, re-identification in surveillance 

videos, intelligent advertising, human-computer interaction 

and law enforcement. 

The research related to gender classification using face 

images generally proposed a system which consists of face 

pre-processing, feature extraction and feature 

classification. In this paper, we focus on the feature 

extraction based on image texture. Furthermore, we 

compare between different texture methods whether local 

or global. 

To achieve this purpose of studying the effect of 

different texture descriptors on facial gender 

classification., we choose the Images of Groups (IoG1) 

dataset for our experiments. 

 
1http://chenlab.ece.cornell.edu/people/Andy/ImagesOfGroups.html 

 

A comparative study on textures descriptors in 

facial gender classification 

F. Bougourzi1, SE. Bekhouche2, ME. Zighem2, A. Benlamoudi3, A. Ouafi2, and A. Taleb-Ahmed4  

1- Laboratory OF LTII, University of Bejaia, Algeria, Email: 

faresbougourzi@hotmail.com 

2- Laboratory of LESIA, University of Biskra, Algeria, Email: salah@bekhouche.com, 

mn.zighem@univ-biskra.dz, ou_karim@yahoo.fr 

3- LAGE Laboratory, University of Ouargla, Algeria, Email: benlamoudi.azeddine@gmail.com 
4- LAMIH, UMR CNRS 8201 UVHC, University of Valenciennes, France, Email: 

taleb@univvalenciennes.fr 

N 



 

A. Methods 

Since we are studying only the texture features, we 

cropped the faces of IoG database based on the face 

alignment approach which used on our old research of age 

estimation. Firstly, we cropped, resized (80 px x 80 px) 

and converted the faces to grayscale space. Then, these 

cropped faces are followed by a face representation, we 

apply the different descriptors on this representation. 

To expand the experiments, we adopt two face 

representation Multi-Block (MB) and Multi-Level (ML). 

MB representation divides the image into 2n blocks which 

have the same size. ML face representation is a spatial 

pyramid representation which constructed by sorted series 

of MB representations. The figure below illustrates the 

difference between these face representations. 

  

Fig. 2. An example of level 3 Multi-Block and Multi-

Level. 

 

 From the results of the descriptor, we extract the 

intended features. Finally, we classify these features to 

obtain the gender information of person. 

In respect of the gender classification which is 

classification problem that requires a binary classifier.  For 

that matter, we choose to use SVM classifier with the 

Radial Basis Function (RBF) kernel. The SVM parameters 

for each texture descriptor is optimized using grid search 

technique. 

B. Dataset 

The IoG dataset contains 5080 images with 28231 faces 

labeled with age and gender. There are seven age 

categories as follows: 0-2, 3-7, 8-12,13-19, 20-36, 37-65, 

and 66+ years, roughly corresponding to different life 

stages. In some images people are sitting, laying, or 

standing on elevated surfaces. People often have dark 

glasses, face occlusions, or unusual facial expressions.  

The figure below shows the distribution of the entire 

faces used in our experiments. 

 
Fig. 1. The distribution of faces in IoG dataset based on 

person's age and gender. 

III. TEXTURE FEATURE EXTRACTION 

The seven texture methods used in this paper are 

described briefly below. 

A. Gray-Level Co-Occurrence Matrix (GLCM) 

The GLCM is statistical method of examining texture 

that considers the spatial relationship of pixels, it was 

proposed by Haralick [7]. In our experiments, we used the 

implementation of Bianconi [8] which relied on five global 

statistical parameters. In formulas, we have: 
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Homogeneity: 
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where G  represents the number of grey levels; u , v  

the coordinates of the co-occurrence matrix; 
u , 

v , 

u and 
v the means and the standard deviations of 

the marginal distributions associated with the co-
occurrence matrix. 
 

B. Gabor Wavelet Transform (GWT) 

An effective method for extracting, representing, and 

analyzing image structure is the computation of the 2D 

Gabor wavelet coefficients for the image. This family of 



 

2D filters were originally proposed as a framework for 

understanding the orientation-selective and spatial-

frequency-selective receptive field properties of neurons in 

the brain’s visual cortex, as well as being useful operators 

for practical image analysis problems. Two-dimensional 

Gabor wavelets have the functional form: 
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where ),( 00 yx specify position in the image, ),( 00   

specify effective width and length, and ),( 00 vu  specify 

modulation, which has spatial frequency 2
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C. Autocorrelation Function (ACF) 

ACF can be digital image processing (e.g [10]), the 

autocorrelation function (ACF) is introduced in the context 

of Fourier analysis and Fast Fourier Transforms (FFI). 

However, the ACF is perfectly well defined in object 

space, and although frequency considerations are 

sometimes very useful, the main reason for considering 

FFTs is the fact that they allow efficient calculation of the 

ACF. The ACF is defined by the following equation: 

'')','()','(),(),( dydxyyxxfyxfyxfyxf   
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where ),( yxf  is the two-dimensional brightness 

function that defines the image,   is the operator denoting 

a convolution or correlation, and 'x  and 'y  are the 

dummy variables of integration. Like the original image, 

the ACF is a two-dimensional function. Although the 

dimensions of the ACF and the original image are exactly 

the same, they have different meaning. In the original, a 

given coordinate point ),( yx denotes a position, whereas 

in the ACF, a given coordinate point )','( yx denotes the 

endpoint of a neighborhood vector, and the value of the 

ACF at a given )','( yx denotes the correlation of all image 

points ),( yx with all neighborhood points that are located 

at )','( yyxx  . 

The ACF describes how well an image correlates with 

itself under conditions where the image is displaced with 

respect to itself in all possible directions [11]. 

D. Local Binary Patterns (LBP) 

The local binary pattern (LBP) [12] of descriptors has 

been extensively used for face analysis experiment. The 

LBP descriptor assigns binary labels to pixels by 

thresholding the neighborhood pixels with the central 

value. Therefore, for a center pixel p of an image I and its 

neighboring pixels Ni, a decimal value is assigned to it. 
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E. Local Directional Pattern (LDP) 

An extension of LBP, the proposed Local Directional 

Pattern (LDP) is an eight-bit binary code assigned to each 

pixel of an input image. This pattern is calculated by 

comparing the relative edge response value of a pixel in 

different directions. For this purpose, we calculate eight 

directional edge response value of a particular pixel using 

Kirsch masks in eight different orientations (M0-M7) 

centered on its own position [13]. 

F. Local Phase Quantization (LPQ) 

   The LPQ descriptor is also an extension of LBP, local 

phase quantization (LPQ) has been shown to perform 

better [17] than LBP and to be invariant to blur and 

illumination to some extent. LPQ is based on computing 

the short-term Fourier transform (STFT) on a local image 

window. At each pixel, the local Fourier coefficients are 

computed for four frequency points. Then, the signs of the 

real and the imaginary part of each coefficient is quantized 

using a binary scalar quantiser for calculating the phase 

information. The resultant 8-bit binary coefficients are then 

represented as integers using binary coding. LPQ 

descriptor is calculated on grids and then concatenated for 

an image [14].  

G. Binarized Statistical Image Features (BSIF) 

   The method computes a binary code for each pixel by 

linearly projecting local image patches onto a subspace, 

whose basis vectors are learnt from natural images via 

independent component analysis, and by binarizing the 

coordinates in this basis via thresholding. The length of the 

binary code string is determined by the number of basis 

vectors. Image regions can be conveniently represented by 

histograms of pixels’ binary codes.  

   The binarized statistical image feature (BSIF) represents 

each pixel by a binary code. These binary codes are 

constructed by learning a set of basis vectors from natural 

images using independent component analysis and an 

efficient scalar quantization scheme. The number of basis 

vectors determines the length of the pixel binary codes 

used to construct the final histogram of an image. With 

more details A given image patch X  of size 11  pixels 

and a linear filter Wi of the same size, the filter response s 

is obtained by: 
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For example, the vectors w and x contain the pixels of 
iW  

and X . The binarized feature 
ib is obtained by setting 

1ib  if 0is and 0ib  otherwise. Given n  linear 

filters 
iW , we may stack them to a matrix W  of size 

2ln and compute all responses at once, i.e., Wxs  and 

we obtain the bit string b by binarizing each element 
is of 

s  as above. Thus, given the linear feature detectors 
iW , 

computation of the bit string b  is straightforward. Also, it 

is clear that the bit strings for all image patches of size 

11 , surrounding each pixel of an image, can be 

computed conveniently by n convolutions [14]. 



 

IV. EXPERIMENTAL RESULTS 

We performed evaluations by utilizing the whole IoG 

dataset with 5-fold cross-validation testing scheme. As was 

mentioned in Section III, the features used in these 

experiments are extracted by different descriptors from 

two face representations. The performance of the gender 

classification is measured by the accuracy. 

Firstly, we consider the three global descriptors 

combined with MB then ML using levels 1-4. Table 1 

presents the obtained results. GWT descriptor give us the 

best results compared with GLCM and ACF. 

TABLE 1: RESULTS OF GLOBAL TEXTURE DESCRIPTORS. 

 GLCM GWT ACF 

MB1 53.5% 62.3% 57.1% 

MB2 55.7% 64.0% 59.7% 

MB3 58.1% 66.4% 62.6% 

MB4 59.2% 67.9% 65.8% 

ML1 53.5% 62.3% 57.1% 

ML2 56.0% 65.1% 60.9% 

ML3 58.5% 68.6% 64.2% 

ML4 60.2% 71.4% 68.0% 

Finally, we apply the same representation combined 

with the local descriptors. The BSIF descriptors shows 

better results than the other three with 82.8% accuracy 

when it combined with level 4 of ML. However, the 

descriptor LPQ also gives good results close to BSIF 

results. Also, we observe that ML always give better 

results than MB when using the same descriptors and on 

the same level. Table 2 presents the results obtained when 

using local descriptors combined with MB or ML 

representations. 

TABLE 2: RESULTS OF LOCAL TEXTURE DESCRIPTORS. 

 LBP LDP LPQ BSIF 

MB1 66.7% 64.2% 68.3% 69.0% 

MB2 69.5% 66.6% 72.5% 73.9% 

MB3 73.4% 69.7% 76.8% 77.0% 

MB4 76.5% 73.0% 80.9% 81.7% 

ML1 66.7% 64.2% 68.3% 69.0% 

ML2 71.2% 68.9% 73.2% 73.8% 

ML3 75.8% 72.3% 78.9% 79.0% 

ML4 78.7% 76.5% 82.9% 82.8% 

 

We conducted experiments on the Images of Groups 

dataset [3] for gender classification. Table 3 shows the 

comparison against the state-of-the-art. 

TABLE 3: OUR RESULTS IN COMPARISON TO STATE-OF-THE-ART. 

Approach Accuracy    

Context [3] 66.9% 

Appearance [3] 69.6% 

Gabor + Adaboost [4] 70.2% 

LBP + Adaboost [4] 71.0% 

boosted Gabor + SVM [4] 73.3% 

Appearance+Context [3] 74.1% 

boosted LBP + SVM [4] 74.9% 

ML-LBP+SVM [5] 78.3% 

ML-LPQ+SVM [6] 79.1% 

ML-BSIF+SVM 82.8% 

V. CONCLUSION 

This paper presents a comparative study for facial 

gender recognition that based on different local and global 

texture descriptors. Furthermore, two face representation 

used to compare the performance of each descriptor and 

the results show that the local descriptors outperform the 

global ones 

As a future work, we envision the use of the local 

features combined with each other to obtain the most 

distinguish features for gender classification. We also 

envision the improvement of the face representation. 
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