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Abstract 
 

This study proposes a method for estimating gender and age that is robust to various external environment 

changes by applying deep learning-based learning. To improve the accuracy of the proposed algorithm, an 

improved CNN network structure and learning method are described, and the performance of the algorithm 

is also evaluated. In this study, in order to improve the learning method based on CNN composed of 6 layers 

of hidden layers, a network using GoogLeNet's inception module was constructed. As a result of the 

experiment, the age estimation accuracy of 5,328 images for the performance test of the age estimation 

method is about 85%, and the gender estimation accuracy is about 98%. 

It is expected that real-time age recognition will be possible beyond feature extraction of face images if 

studies on the construction of a larger data set, pre-processing methods, and various network structures and 

activation functions have been made to classify the age classes that are further subdivided according to age. 
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1. INTRODUCTION 
 

Recognition of a person's gender and age from a face image is one of the important tasks in computer 

vision. It is an active research topic with many application areas such as demographic analysis, consumer 

analysis, visual surveillance, and aging progress. In order to recognize a person's gender and age, it is 

important to extract features containing relevant information from the acquired video images [1]. As a 

method of extracting these features, there is a local binary pattern (LBP) method [2-6], and recently, studies 

using a convolutional neural network (CNN) [7-8], one of deep learning techniques, have been actively 

conducted. 

This study is a proposal for a method of applying deep learning-based learning to robustly estimate a 

person's gender and age in various external environment changes. To this end, an improved CNN network 

structure and learning algorithm are developed and performance analysis is performed. 

 

2. RELATED WORKS 
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In the existing traditional face recognition technology, mainly a technology for extracting distinguished 

features for face images and a classification model for determining who is the person for the extracted 

features were used [3, 9]. The feature-based face detection method is a method of detecting a face using size, 

shape, correlation, color and texture information of feature components such as eyes, nose, mouth, outline, 

and contrast. This method has the advantage that the processing time is quick and easy to find the face, and is 

not sensitive to the pose or the direction of the face. However, the background or object similar to the skin 

color may be misrecognized, and the color and texture information of the face may be lost due to changes in 

the brightness of the light. In addition, there is a disadvantage that it may not be able to detect the 

characteristic components of the face according to the degree of inclination of the face.  

On the other hand, in deep learning-based face recognition technology, by learning feature extraction and 

classification model learning in end-to-end using large-scale face data constructed in various environments, 

very high-level features are learned by themselves. Accordingly, it has the advantage that the face 

recognition performance in the wild environment is very high. The first study to show that deep learning 

technology was successful in face recognition is from Facebook. DeepFace [10] performed face alignment 

by affine transformation after landmark extraction using a 3D face geometry model learned in advance, and 

then trained a convolutional neural network composed of 9 layers using a large amount of data. VGGFace 

[11] created VGG face dataset, a large data set for face recognition, through internet search, and trained a 

deep network structure composed of 15 convolution layers using these data. Google's FaceNet [12] defines a 

triplet loss in which the Euclidean distance between features extracted for the same person is less than the 

Euclidean distance between features extracted from others, and data learning is 22 layers was conducted by 

the inception network. Deep Expectation (DEX) [13], a representative study that applied CNN as an 

estimation method beyond simple face recognition, used VggNet to solve the multi-class classification 

problem of age classification. 

 

3. ESTIMATION OF GENDER AND AGE OF FACE IMAGES USING CNN 

LEARNING 

 

3.1 CNN-based gender and age estimation method 
 

This study is a proposal to apply deep learning-based learning to estimate the gender and age of a robust 

face image in various external environment changes. Figure 1 shows the block diagram of the gender and age 

estimation method based on CNN. 
 

 

Figure 1. A block diagram of CNN-based gender and age estimation methods 
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Figure 2. Gender and age estimation network structure 

 

In this study, the input data is a pre-processed image of the face image estimated through the HOG-based 

feature extractor [13], and the layers are reconstructed in a form suitable for this study. In the case of gender 

estimation, the output data are divided into two classes, male and female. In the case of age estimation, it is 

classified into 6 classes according to age (1-9 years old, 10-19 years old, 20-29 years old, 30-39 years old, 

40-49 years old, 50 years or older). 

A method for estimating gender and age of a face image based on deep learning is developed by applying 

a CNN-based learning method composed of 6 layers of hidden layers in this study. Figure 2 shows the 

structure of the network configured for gender and age estimation. 

First, preprocessing is performed in which the face region is estimated from the input image using the 

HOG-based feature extractor and the estimated face image is converted into a 64x64-sized form. The 

resulting image is input to the convolutional layer and processed. The convolution layer is a step of 

extracting features from input data, and consists of a filter for extracting features and an activation function 

that converts the filter values to nonlinear values. Equation (1) shows the equation of the active function. In 

Equation (2), ni is the value of the hidden layer, and w, i, and b are weight, input data, and bias values, 

respectively. 

 

𝑓(𝑛ℎ1) = {
0       𝑛ℎ1 < 0  

𝑛ℎ1   𝑛ℎ1 ≥ 0 
}                                    (1) 

𝑛ℎ1 = 𝑤1 × 𝑖1 + 𝑤2 × 𝑖2 + 𝑏1                                            (2) 

 

In this study, since ReLU (Rectified Linear Unit) is used as the active function, Equation (1) shows the 

value that passed the active function by ReLU. The value f(nh1) passing through the active function becomes 

the output value of h1, and this value becomes the input of Equation (2) to obtain the o1 value. Finally, the 

obtained output value is compared with the target value input by the user to obtain the error value (E) and 

this value is minimized by learning based on back propagation. 

 

 𝐸 = ∑
1

2
(𝑡 − 𝑜)2                                      (3) 

 

In Equation (3), E is the error value, t is the actual value input by the user, and a is the output value output 

by the above calculation. In deep learning, the goal is to learn the values w and b that minimize the value E, 



206                                   International Journal of Advanced Smart Convergence Vol.9 No.2 203-211 (2020) 

 

and the lower the value E, the more accurate the algorithm can be created. 

Of the total 1260 images (630 images each for men and women), 1,134 images were used as training sets, 

and 126 images were used as validation sets. The number of epochs used for learning was set to 5. As a 

result of the test with 126 images, it can be seen that gender was accurately classified in 102 images, and 24 

images were misclassified, indicating a classification accuracy of about 81%. 
 

 

 

Figure 3. Number of errors and misclassifications due to epoch changes 

 

Figure 3 shows the classification accuracy according to the change of epoch. The larger the number of 

epochs, the less error in the training data. When testing using the validation set, it was confirmed that the 

number of misclassifications did not decrease. The reason why the number of misclassifications did not 

decrease even though the number of epochs was increased is that overfitting occurred because of learning 

through many iterations while using a small amount of learning data. Because learning is dependent on 

learning data, when new data that has not been learned is input, misclassification results occur. Therefore, in 

order to improve the accuracy of the algorithm, a network structure having a deep structure of six or more 

hidden layers is required, and it is necessary to efficiently determine a large amount of training data and the 

number of epochs used for training. 

 

3.2 Design of CNN-based learning model (inception v1) 

In order to improve the performance of the gender and age estimation method, which consists of six 

hidden layers, this study uses the structure of GoogLeNet (inception v1) [8], which showed the highest 

performance in the 2014 Imagenet Large Scale Visual Recognition Challenge (ILSVRC). Since GoogLeNet 

has 12 times fewer parameters than Alexnet [14], which is a traditional deep learning method, it is a method 

that has high performance with a small amount of computation. The deep learning method has better 

performance as the deeper the network and the wider the layer. In GoogLeNet, based on this point, the 

connection between layers is sparse to deepen the depth of the network, and the processing of matrix 

operations is dense. 
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Figure 4. Inception module composed of multiple convolution combinations 

 

A convolution operation can be composed of several convolution combinations by applying a smaller 

filter. By doing this, it is possible to increase the accuracy and reduce the amount of computation. As shown 

in Fig. 4(b), data can be reduced and the amount of computation can be reduced by reducing the dimension 

through 1x1 convolution while the network is wide. In the GoogLeNet model, the softmax layer is applied 

three times. This is a method for attempting to update the weight in the middle layer when performing back 

propagation to solve the vanishing problem that occurs when the network deepens. The softmax layer located 

at the end plays an important function, and the softmax layer performed in the middle is used only for 

learning and is not used in actual estimation. When the learning data was constructed and trained for 

estimating gender and age required for this study using the GoogLeNet model, it was confirmed that the 

error value is reduced to near 0 as shown in Figure 5. This means that learning is done exactly according to 

the learning data. 

 

 

Figure 5. Change of error value according to the number of repetitions of learning 

 

In order to use the network structure of the existing GoogLeNet for this study, Fine Tuning is required to 

fit the data required for this study. For the Fine Tuning work, learning data was organized, trained for the 

purpose of the study, and results were obtained. Figure 6 shows the results of gender and age estimated from 

the input image using the GoogLeNet network. As a result of the estimation, we can confirm that the gender 

and age are accurately estimated. 
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Figure 6. Gender and age estimation results 

 

3.3 Dataset for learning  

Various large-scale datasets are being used in studies for deep learning-based face recognition structure 

learning and performance verification [15-18]. In the CNN-based gender estimation method, quality learning 

data is important to increase estimation accuracy. In this study, in order to construct the dataset for gender 

estimation, the dataset mainly used in the application development study using the existing face and the 

image captured in the real environment were combined. In this study, IMDB dataset[19] was selected as a 

learning data set to increase the accuracy of gender estimation. Of the 460,274 IMDB image data, 73,746 

high-quality data (36,420 men, 37,326 women) with accurate faces were used as data for learning. (See 

Figure 7) 

 

 

Figure 7. Examples of face images in IMDB dataset 

 

4. EXPERIMENT RESULTS  
 

In this study, experiments on face detection, gender, and age estimation were performed using Python v3.5, 

on a computer equipped with a 4.20GHz Intel (R) core (TM) i7-7700K CPU and 16GB RAM, and NVIDIA 

GeForce GTX 1060 3GB graphics card. It was implemented and tested in software of Tensorflow-GPU 

v1.3.0 environment. 

 

4.1 Face Detection 

To check the accuracy of face area estimation, the dataset was composed of 500 full-body images of 

1920x1080 size, 500 upper body images, and a total of 1,000 images directly photographed by the researcher. 

As a result of the face detection experiment, it was confirmed that the face detection rate was 94.8% by 

accurately detecting the face region from the 474 images of the 500 upper body images. In addition, it can be 



Estimation of gender and age using CNN-based face recognition algorithm                                           209 

 

seen that 464 out of 500 full-length images accurately detect faces, indicating a face detection rate of 92.8%. 

A total of 1,000 face detection results showed a face detection rate of 93.8%. The total face detection speed 

of 1,000 sheets is about 0.03 seconds, which is also suitable for real-time processing. 

 

 4.2 Gender Estimation 

In this study, 92,722 chapters (73,746 IMDB images and 18,976 Google search images) are constructed to 

create high-accuracy gender estimation results. Of the 92,722 data composed of 45,250 male images and 

47,472 female images, 74,178 images were used as training data and 18,544 images were used as verification 

data. As a result of testing the performance of the gender estimation method using 18,544 verification data, 

the gender estimation accuracy is about 98.2%. The gender estimation accuracy in 9,272 male images is 

97.1%, and the gender estimation accuracy in 9,272 female images is 99.3%. Figure 14 shows the results of 

gender estimation according to the style of male, female hair and beard. Fig. 8 (a) shows that even men with 

long hair can be classified accurately. Figure 8 (b) shows the results of classifying the gender of the image of 

a woman with short or randomly bearded hair, and it can be confirmed that all of them accurately estimate 

gender. The number displayed on the left side of the estimated gender in this figure represents the probability 

of the gender estimated through the developed gender estimation method. 

 

 

Figure 8. Gender estimation for male and female images 

 

4.3 Age Estimation 

Learning data for age estimation uses 1920x1080 images collected by the researcher, and consists of a 

total of 8,880 pieces of 1,480 pages for each class. Among them, 7,104 images were used as training data 

and 1,776 images were used as verification data. Table 1 shows the performance evaluation results of the age 

estimation method developed through this study.  

Table 1. Results of age estimation 

Age group Accuracy of age estimation 

1~9 99% 

10~19 91% 

20~29 71% 

30~39 80% 

40~49 78% 

50+ 91% 

total 85% 
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The class with the highest age estimation accuracy classified 881 images out of the verified images with 1 

to 9 years old images, and misclassified the 7 images. The class with the lowest age estimation accuracy was 

20-29 years old, 632 of the 888 verification images were accurately classified, and 256 were misclassified. A 

total of 1,776 total images for the performance test of the age estimation method show an accuracy of about 

85%.  

Figure 9 shows the results of estimating age by applying a CNN-based learning method, and it can be 

confirmed that the age is accurately estimated even in wrinkle-free images. 

 

 

Figure 9. Results of age estimation based on CNN 

 

5. CONCLUSION 

This study developed an algorithm to estimate the gender and age of the face image received using 

CNN-based face recognition. In order to improve the accuracy of the proposed algorithm, the improved CNN 

network structure and learning method are described, and the performance of the algorithm is evaluated. As a 

result of the experiment, we can confirm that the performance of the proposed method is effective. In the case 

of gender and age classification, the classification of adult male and female is relatively easy and shows good 

performance even in a simple neural network, but it is more difficult to classify the more detailed classes 

according to age. In this study, when classifying six classes, there was a high tendency to misclassify in 

children, women, and elderly women. To improve this, it is necessary to build more data sets and to supplement 

pre-processing methods and neural networks. In the future, if studies on various network structures and 

activation functions are conducted, it is expected that real-time age recognition will be possible beyond facial 

feature extraction for estimation of gender and age. 
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