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Abstract: Predicting a person's age and gender 

recognition of the facial expression has the potential 

to produce real-world applications such as 

communication between human and machine, 

advertisement protection, and multimedia. They 

suggest an adaptive age and gender recognition 

approach focused on the extraction of characteristics 

through facial images. With large sets of training 

data, automated face recognition and facial image 

validation achieve good accuracy. In this paper, 

together with the Gabor detector for feature detection, 

The first use of the age and gender random forest 

classifier is proposed. Essential recommendations 

include a significant reduced learning time while 

maintaining better recognition accuracy during 

human growth. 

Keywords: Feature extraction, Gabor filter, 

Classification, Random Forest Classifier. 

                 I. INTRODUCTION 

                 In most computer applications, human 

faces have important characteristics that can be used. 

Age, gender and expression characteristics of basic 

characteristics That can control applications like 

human-computer interaction, Safety, and advertising, 

[1] age-related features alone, can be used for other 

activities, include but are not restricted to: limiting 

information to minors and enabling user demands for 

facial images from such a database. 

Gender is the array of characteristics of physical, 

biological, psychological and behavioral that affect, 

[2] and turn, manhood and femininity. Classification 

of gender is the process of physically specifying a 

specific feature. 

Past techniques of age estimation are based on 

estimates the proportions of different facial 

expression measures (e.g., ears, nose, mouth, chin, 

etc.). The width and distance around them are 

measured and used based on hand-crafted techniques 

to produce the face in different age groups. [3] A 

neural network that focuses on a number of near-front 

objects is one of the existing methods of gender 

recognition. 

Compared to several other facial analyzes, automatic 

aging and identification of gender are difficult to 

manage factors [4] that include light changes, facial 

expressions, and current variations to list but a doubt. 

Some strategies to solve this issue have been 

documented in the literature. 

Eye aging analysis can be categorized as age 

estimate, aging process, and eye recognition 

symmetric age. The age estimation discusses the 

automated marking of age categories or specific age 

groups of individuals using facial information. Age 

design preserves the physical appearance of the aging 

process causes and, given the effects of aging, relies 

on the ability to automatically recognize or check the 

faces of people. 

Gender recognition typically assigns a facial image in 

one of the two gender marks (male/female). Training 

has shown that with up to 95 percent precision we 

humans can differentiate between the adult male and 

female eyes. But when considered to face the kid, the 

accuracy level is reduced to just above the chance.  

Our method uses information to quantify 

measurements to perform age and gender recognition. 

Instead of defining a complicated craniofacial 

system, however, we automatically learn the 

important features of quantification. We use a 

machine learning technique called random forest 

classifier [5] to achieve that goal. This is, to the best 

of our ability, First use of random forest for age and 

gender facial recognition. 
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In this paper, in addition to the image itself, we are 

trying to improve quality by applying the Gabor filter 

[6] to that of the input images using the same hand-

crafted technologies. We first obtain Gabor input 

filter responses and add the weight to theoutputof the 

Gabor filter image intensities, Through this classifier 

age, the Gabor filter parameters have been carried to 

the random forest classifier and gender would be 

classified. 

II. RELATED WORK 

Deep Convolutional Neural network (DCNN): 

                  The LeNet-5 network described for 

Optimal Object detection might be One of the very 

first Convolutional Neural Network (CNN) 

implementations. One of the latest and significant 

examples with the use of deep CNN to classify 

images to challenge the benchmark of Imagenet. 

Also, Deep CNN has been recently applied to 

applications involving estimation of human posture, 

face sorting, and identification of facial key elements, 

speech recognition, and classification of behavior. To 

our knowledge, it is the first study of their 

applications through restricted photos on the tasks of 

age and gender identification. 

Wide CNN:  

           Over the past few years, traditional image 

recognition and machine view algorithms were 

supplemented by CNN-based algorithms. The GPU 

innovations have allowed CNN to achieve a better 

outcome deeper and deeper. But many of the recent 

works indicate that broader movements are often a 

good idea, such as [7] proposing a broader CNN with 

the increasing size of sensitive fields that achieved 

very positive results in denouncing pictures. In [8], 

Zagoruyko and Komodakis also showed that 

providing a wider network could improve the 

identification of objects. 

Convolutional Neural Network: 

                The input and output layer, along with 

several secret layers, may form a convolutional 

neural network. A CNN's hidden layers usually 

consist of layers of convolution, RELU layer i.e. 

activation feature, pooling layers, completely linked 

layers, and layers of equalization is shown in figure 1 

below. 

Can the convolutional layer within a neural network 

should have the following attributes while 

programming a convolutional layer: 

 

             Fig(1): CNN Architecture 

Input is a shape vector (picture amount) x (picture 

size) x (picture height)x (picture depth). Amount of 

kernels of convolution. Hyper parameters are the 

width and height of the kernels. The depth of the 

kernels should be equal to the depth of the image. 

Convolutional layers apply a convolution to the input, 

advancing the result to the next layer. The 

convolution copies a single neuron's response to 

optical stimulation. 

Even acting as a sound suppressant is Max Pooling. It 

completely throws away the noisy turn on and also 

carries out de-noising though with depletion of 

dimensionality. And from the other hand, as a noise 

defeating mechanism, Average Pooling specifically 

executes dimensionality reduction. 

CNN's will show the ability to learn pixel-distribution 

by extending the range of wide functional fields and 

much more content in each layer. Which one exists 

earlier in many different noise types? A creative 

image master plan that denotes pixel distribution 

using convolutional neural networks (CNN) [9] an 

innovation that seeks to know the pixel distribution 

characteristics of wider CNNs, which indicates that 

interference mapping is mainly based on Past rather 

than deeper CNNs with much more non-linear layers 

accumulated. 
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Recently, facial age assessment has emerged as a 

significant area of research. Proposed Biologically 

Inspired Features (BIF) are among the most popular 

projects. G. Mu, Guo, Y. Fu, T. S. Huang expanded 

[10] BIF which can include good facial features, 

automated initialization using models of energetic 

shape, and analysis of a more detailed facial region, 

including forehead information. The aging process is 

permanent, because skin whitening, muscles, and 

wrinkles cause characteristics of the human face to 

slight change over time. 

At first, age-primitives encode aging linked to the 

most important primitive texture, offering a rational 

and consistent description of aging. Second, The 

Latent Secondary Direction encoding principle that 

retains compact structural information throughout the 

code helps to remove from ambiguous codes. Third, 

A globally adaptive thresholding process is starting to 

promote greater discrimination in such a flat and 

layered region. These are three DAPP coding 

attributes (directional age-primitive pattern) 

definition by M. T. B. Iqbal, M. Shoyaib, M. 

Abdullah AI-Wadud, O. Chae [11] DAPP on 

different tasks of identification of age groups and age 

estimation. The DAPP description exceeds by a 

reasonable margin the current approaches. 

The presentation by Gabor shows a significant degree 

of emotional persuasion, a design feature that may 

apply to proposed human-computer interfaces. J. 

Lyons, M.G. Kamachi, S.Akamatsu, J. Gyoba[12] 

demonstrates that a facial expression classifier can be 

built with Gabor encoding facial expressions as the 

stage of input. Facial recognition images are 

constructed using a multi-direction multi-decision 

array of Gabor filters that are arranged around the 

head and aligned. 

The proposed methodology may not be based on 

weight adjustment but generating new matching areas 

based on user reviews suggested. W. Kwak as well as 

N. I. Cho [13] a feedback algorithm relevant to the 

image retrieval system based on content. The 

subsequently adjusted region may cover randomly 

shaped bunches while only the hyper-ellipsoidal 

region can be covered by weight updating. Also, 

recommend a data model that is consistent with the 

history of past searches to expand the match region 

more quickly. The weights of feature variables are 

adapted in traditional algorithms based on feedback 

from the consumer, which twists the Same hyper-

sphere region for hyper-ellipsoidal form. 

Assessment of facial features — namely, Age and 

age — from the pictures of that same face by testing 

state "in the wild." This issue has gained much less 

attention than the related recognition question 

proposed by E. R. Enbar, Eidinger, and T. Hassner 

[14] has made the following contributions to 

overcome this problem. First, (i) it is possible to 

restore an individual dataset of face photographs, 

categorized for age and gender, collected by 

smartphones and other all submitted mobile devices 

to the online image without physical filtering, which 

is more difficult than those provided by other face 

image benchmarks. (ii) The dropout-SVM method to 

face attribute estimation used by our framework to 

prevent overfitting. For the first time, the dropout 

learning methods are used to train vector support 

machines. (iii) A comprehensive facial alignment 

approach that specifically addresses facial feature 

detector uncertainties. In our process, That can be 

seen by a wide margin to surpass the state-of - the-

art. 

Using wide CNN and Gabor filter, proposed by 

Sepidehsadat Hosseini, SeokHee Lee[15], 

classification can be recognized from one of the 

existing methods Age and Gender. This can be done 

through CNN-based architectural design for the 

common age-gender classification together with the 

input Gabor filter responses. Compared to earlier 

methods, this method sows increased precision. The 

neural network's width will improve the overall 

system's accuracy. 

III. METHODOLOGY 

Feature Extraction: 

                Having the data input into the the collection 

of features is called the function extraction. Except 

for the attributes array, the relevant information will 

be extracted from the data input to complete the task. 

Random Forest classifier and Gabor filters are used in 

the feature extraction here. 
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Gabor Filer:  

            A two-dimensional Gabor filter, a dynamic 

plane wave and elliptical Gaussian wave as well, can 

be seen. 2D Gabor filters are Gaussian sinusoidal 

wave functions composed of a real and invisible 

component.[6], in which the real part is as below: 

G(x, y) =exp(
𝑥′2+𝑦′2

2𝜎2 )cos(2𝜋
𝑥′

𝜆
+ 𝜑) ………(1) 

Where 𝑥′ = 𝑥𝑐𝑜𝑠𝜃 + 𝑦𝑠𝑖𝑛𝜃 and 𝑦′ = 𝑥𝑠𝑖𝑛𝜃 +

𝑦𝑐𝑜𝑠𝜃 

The optimal value for the μ (wavelengths of a real 

Gabor kernel filter part) of the detailed experiments is 

2, 𝜋 (alignment standard to practical stripes) is 6, n 

ranges are 0-5,  (offset phase) is zero o r𝜋 ′(space 

relationship) equivalents 0,3, and the Optimum α-

value (standard deviation) is 2. ′ (Standard deviation) 

[5], recognition of facial emotions [12], measurement 

of age [10], and some imaging systems[16], [13]. 

 

Fig 2: Gabor filters 

We use the Random Forest Classification for Age and 

Gender Identification for better accuracy. 

Random Forest Classifier:  

             Random Forest is also an ensemble machine 

learning method that uses multiple decision trees to 

execute both regression and classification activities 

and a revised system called bagging. Together with 

improvement, bagging is one of the most appreciated 

ensemble techniques aimed at setting up high 

Variance and high predisposition. 

If the number of operations in the instructin set is N 

and the case of sample N is random, every tree will 

be grown. If there are M input variables, this example 

would be the instructions for increasing the tree. The 

number m < M is randomly identified from the M. 

Throughout forest growth, the value of m is kept 

continuous and that each tree becomes larger to the 

greatest possible area.  

A minor change in a decision tree's subsequent 

parameters will root the model forecast to differ a lot, 

marking it only as a model that can be modified. 

That's why we use Using unstable models along with 

Decision Tree to minimize (good) variance and 

maximize the (bad) bias by mixing multiple trees into 

a single unique-forest system. 

The block diagram shown below for the proposed 

method 

 

 

 

 

 

 

 

Fig 3: Block diagram for the proposed method  

The input was given to the filter from Gabor. The 

following steps were taken throughout the Gabor 

filter algorithm 

 

 

 

 

 

 

 

 

 

            Gabor filter 

             Input Image   

 Random Forest Classifier 

               Output 

Divide query images into 16*16 

sub-blocks 

Compute features for 4 different 

scales at 8 different angles to give 

a different angle for each scale 

Calculate mean and standard 

deviation to obtain Gabor features 

vectors 
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The production of Gabor has been transferred to that 

of the random forest classifier. It will also be 

categorized throughout this classifier's gender and 

age. 

Let's step by step explain the Random Forest: 

Step 1: The representatives are extracted from in the 

training data regularly such that one and all data point 

has the same likelihood of being chosen, as well as 

all representatives, have almost the same size as the 

initial instruction collection. 

Now let us state that we have the following 

statement: 

x= 0.1, 0.5, 0.4, 0.8, 0.6,. 

y=0.1, 0.2, 0.15, 0.11, 0.13. 

Where x is a parameter independent of 5 points and y 

is a parameter dependent. 

Now, with update, diagrams are taken from the above 

data set. N estimators were set at 3 (no forest tree at 

random), supported by: 

The first tree will also have size 5 bootstrap diagrams 

(like the initial dataset), take for granted it is: 

x1= {0.5, 0.1, 0.1, 0.6, 0.6} moreover 

X2= {0.4, 0.8, 0.6, 0.8, 0.1} 

X3= {0.1, 0.5, 0.4, 0.8, 0.8} 

Step 2: A Random Forest Regressor method is 

trained in each bootstrap system derived from the 

above point, and a predictor is recorded from each 

sample. 

 Step 3: At present the collective estimate is 

determined by the average trees projected overhead 

the last estimate. 

 

 

 

 IV. RESULTS AND DISCUSSION: 

 

             The performance of the method that is used 

for age and gender classification has been accessed 

by using MATLAB software tools. The proposed 

method is tested on different age and gender 

recognition for different age groups. The performance 

of each age group is analyzed by using a Gabor filter 

and Random forest classifier. 

 

            Fig (4a): Input image 

 

                        Fig (i) 

 

                         Fig (ii) 

http://jespublication.com/


www.jespublication.com Page No:398 

Vol 10, Issue 12, DEC/ 2019 

ISSN NO: 0377-9254                                  

  

 

 

Vol 10, Issue 12, DEC/ 2019 

ISSN NO: 0377-9254                                  

  

 

 
 

 
 

 

 

                      Fig (iii) 

Fig(4b):GaborFeatures of fig(i),  

fig(ii),fig(iii) 

 
 

 

 

 

 

            Fig (4c): Output images 

 

 
            Fig(5a):Input Image                                                                                                                                             

 
                   Fig (iv) 

 

                  Fig (v) 

 

                  Fig (vi) 

Fig (5b): Gabor features of fig(iv),fig(v),fig(vi) 
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              Fig(5c): Output Images 

 

The above-mentioned results are the performance of 

Gender Recognition for different Age Groups. 

Fig(4a), Fig(5a) are input images of different age 

groups of different genders. Fig(4b), Fig(5b) are the 

different Gabor features derived from the images 

input and the figures (4c). (5c) are output images that 

are extracted from the Random Forest Classifier by 

using MATLAB software tools. 

 

 

 

 

 

 

 

Table: The performance evaluation values of Age 

and Gender recognition for different Age groups. 

 

 
 

Graph: Graphical Representation for Age and 

Gender Recognition for different age groups. 

 

 
 

V. CONCLUSION: 

 

This research presented a system through which 

facial images were categorized into age and gender 

images. Automatic identification of facial expressions 

into other age and sex in certain implementations in 

the investment world such as visual surveilling 

systemscan be used to improve image search in 

search engine results. In this paper, by requiring the 

Random Forest Classifier to only use correct hand-

crafted characteristics, we have suggested a way to 

obtain the benefits of both techniques. We assume the 

sake of In each bootstrap model derived in the above 

stage, a Random Forest Regressor procedure is 

trained and then a predictor is generated for each 

sample. 
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