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Abstract 

With the development of deep learning, important progress has been made in the field 
of face recognition. As an important feature of the body, the face contains rich facial 
information, but the current face attributes recognition is mostly for single attribute. For 
this reason, we propose a cascaded network model for identifying multiple attributes of 
human faces. In the experiment, data augmentation technology is used to improve the 
generalization ability of the model. And using the transfer learning technology, the 
Xception pre-training weight is introduced in the experiment for feature extraction, and 
a new classification layer is established on the output to complete the attribute 
recognition. Experiments show that this method has achieved decent accuracy on the 
three attributes: Male, Smiling, and Young. 
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1. Introduction 

Face analysis has been a research hotspot in the field of computer vision. The research goal is 
to extract as much information as possible from a face, such as identity, gender, Age and 
expression. Many semantics of face attributes are relatively intuitive, and we can better 
describe the object through feature extraction, so as to better understand the target. In recent 
years, face detection technology based on deep learning has been greatly developed. Facetess 
[1] trained a series of CNN for face attribute recognition to detect partially occluded faces. Li et 
al. [2] developed a cascade structure based on CNN with powerful detection capabilities. Qin et 
al. [3] proposed joint training of cascaded neural networks to achieve end-to-end optimization. 

For face gender recognition, Jiang et al. [4] uses a deep network model that combines high-level 
facial feature learning and low-level feature learning for gender recognition, which has good 
learning and generalization capabilities; Shi et al. [5] proposed L-MFCNN model for face 
recognition, which is based on a convolutional neural network combines multi-layer feature 
fusion and an adjustable supervision function mechanism. Dong et al. [6] adopts a combination 
of deep learning and random forest for gender recognition, and has high accuracy in recognition 
of facial images with complex lighting and posture changess. 

For face age estimation, Rothe et al. [7] used the probability value of the softmax classifier to 
perform a weighted average for age estimation. Chen et al. [8] considered the order relationship 
between different ages and proposed a ranking-CNN for facial age estimation. Han et al. [9] used 
the improved AlexNet to construct a multi-task learning method for joint estimation of multiple 
attributes, including shared feature learning and attribute group-specific feature learning. 

For facial expression recognition, Zhang et al. [10] proposed a cross-domain facial expression 
recognition method based on sparse subspace transfer learning. Su Zhi et al. [11] proposed a 
model based on multi-scale bilinear pooling neural network, which solves the difficulty of facial 
expression recognition due to subtle inter-class differences and significant intra-class changes 
in facial expressions, which leads to the recognition rate Low problem. Yin et al. [12] proposed 
a lightweight facial expression recognition method based on convolutional attention. 
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This paper is mainly based on cascaded neural networks, and studies the issues related to face 
attributes, including gender, expression and age. The main contributions of this paper are: (1) 
Data enhancement operations are performed on the training data to make the data as rich and 
diverse as possible, thereby improving the generalization ability of the model. (2) Use transfer 
learning methods to strengthen the ability to extract features. 

The structure of the paper is as follows. The second section introduces the data set used in the 
experiment. The third section is an introduction to the experimental model. The fourth section 
is the analysis of the experimental results. The fifth section is a summary. 

2. Dataset 

This article uses the CelebA dataset [13], which is an open source large-scale face detection 
benchmark dataset of the Chinese University of Hong Kong. It contains 202,599 face images of 
10,177 celebrities. The images in this dataset cover large pose changes and background clutter. 
Each image has 40 attribute annotations, such as Blad, Chubby, Male, Smiling, Young and other 
features. It contains 118,165 face pictures for women and 138704 face pictures for men. Some 
pictures are randomly selected from the CelebA dataset, as shown in Figure 1. 

 
Figure1. CelebA dataset 

Each picture has its corresponding attribute. By combining the image with the attribute file in 
the CelebA data set, the attribute corresponding to each image can be obtained. In the 
experiment, we only recognize the three attributes: Male, Smiling, and Young in the CelebA data 
set. The properties file is shown in Figure 2. We randomly select an image and visualize its 
properties, as shown in Figure 3. 

 
Figure2. The attributes corresponding to the face image 
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Figure3. The visualization of face attributes 

3. Model introduction 

In the experiment, we first preprocess the data, then put the preprocessed data into the pre-
training model for feature extraction, and then fine-tune the pre-training model to finally 
recognize the face attributes. The model structure in the experiment is shown in Figure 4. 

 

 
Figure 4. Model structure 

3.1. Data enhancement 

Data enhancement can solve the problem of few samples or unbalanced sample categories in 
the dataset . When preprocessing the dataset, the Image Data Generator class in keras was used 
in the experiment to enhance the data. Using this method can make the model generate pictures 
while training, so as to improve efficiency. Secondly, the generated image can increase the 
generalization ability and recognition accuracy of the model. Data enhancement methods, we 
use translation, random rotation, scale transformation and other methods, the generated image 
is shown in Figure 5. 
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Figure 5. Data enhancement 

3.2. Transfer learning 

Migration learning is a new machine learning method developed for image recognition due to 
the small amount of dataset that cannot make the training task of the deep model from scratch. 
Migration learning puts the trained model into a new classification task to perform image 
recognition again, and recognizes the original features learned before as features of the new 
data again. The workflow is to first instantiate the basic model and load the pre-trained weights 
into it, then freeze all the layers of the basic layer in the model, and then create a new fully 
connected layer on top of the output of one or more layers of the basic model or the classifier 
layer, and finally train a new model on the new dataset. 

3.3. Xception model 

Convolutional neural network (CNN) [14] consists of a series of convolutional layers, activation 
layers, pooling layers and fully connected layers. The convolution process extracts different 
features of the input signal. Each convolution kernel extracts a single feature on the entire 
feature map. Multi-core convolution makes the features fully extracted. The extracted features 
are then passed as input to the next layer. These features progress from low-level to high-level. 
Therefore, the deep network structure makes the learned features more global. In order to 
solve the problem of too many parameters, the Inception module in the Inception v3[15] 
network uses a multi-branch structure to increase the network width, adds 1×1 convolution to 
the branches to reduce the number of channels involved in the operation, and uses global 
average pooling Instead of the fully connected layer, as shown in Figure 6. 

 
Figure 6. A cannonical Inception module(Inception V3) 
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The Xception model [16] is an improved model based on the InceptionV3 model, which replaces 
the Inception module with a deep separable convolution, called Xception. The composition is 
mainly composed of residual network and depth separable convolution. Xception contains 36 
convolutional layers, divided into 14 blocks, and the middle 12 blocks all contain linear residual 
connections. At the same time, the model refers to the characteristics of depth separable 
convolution [17], and performs spatial layer-by-layer convolution on each channel of the input 
data independently, and then performs point-by-point convolution on the result. The Xception 
model structure shown in Figure 7 is between ordinary convolution and the above separable 
convolution. The first step is to separate channels through 1×1 convolution, and the second step 
is to independently plot the spatial correlation of each output channel. Use 3×3 to process 
separately, and finally merge. 

 
Figure 7.  Xception basic module 

4. Experimental results and analysis 

4.1. Experimental environment 

In the experiment, the model training was carried out on a PC equipped with a 3.6 GHz Intel 
Core processor. The programming language used in the experiment is Python, and the deep 
learning framework used is Tensorflow. 

4.2. Experimental results 

In the experiment, we first divide the data set into training set, validation set and test set. The 
training set is used to fit the model to complete the training process of the model. The purpose 
of the validation set is to find the best model. The test set is to test the performance of the 
obtained model. In the experiment, we use Adam as the optimizer to continuously reduce the 
loss value, where the learning rate is set to 0.01 and the decay rate parameter is set to 5e-4. In 
the experiment, the training batch size is 32. After 50 training sessions, the test accuracy rates 
of 94.5%, 93%, and 82.4% were obtained on the three attributes of Male, Smiling, and Young 
faces in the CelebA dataset. As shown in Table 1-3, it can be seen that our model in this paper 
has significantly improved the testing accuracy. 

Table 1. Accuracy comparison of age recognition on CelebA dataset 

Algorithm Test accuracy 

Cost-sensitive[18] 75% 
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PANDA-w[19] 77% 

DeepID2[20] 76% 

Triplet-knn[21] 75% 

MT-RBM PCA[22] 81% 

Ours 82.4% 

 

Table 2. Accuracy comparison of gender recognition on CelebA dataset 

Algorithm Test accuracy 

Cost-sensitive[18] 93% 

PANDA-w[19] 93% 

DeepID2[20] 94% 

Triplet-knn[21] 91% 

MT-RBM PCA[22] 90% 

Ours 94.5% 

 

Table 3. Accuracy comparison of smiling recognition on CelebA dataset 

Algorithm Test accuracy 

FaceTracer[23] 89% 

PANDA-w[19] 89% 

PANDA-1[24] 92% 

Ours 93% 

 

5. Conclusion 

This paper uses the Xception pre-training model based on migration learning to extract features 
from the data, and add a classification layer to the output layer for face attribute recognition. In 
the data preprocessing stage, data enhancement technology is used to strengthen the 
generalization ability of the model. On the CelebA data set, the three attributes of Male, Smiling, 
and Young faces are recognized by this model, and the test accuracy rates are respectively 
94.5%, 93%, and 82.4%. However, due to the choice of cascade, the recognition of face 
attributes will cause a large amount of parameters, so the next research is to use a lightweight 
model to recognize face attributes. 
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