Age and Gender Estimation using Deep
Residual Learning Network
Seok Hee Lee
Seoul National University
seokheel@snu.ac.kr

Sepidehsadat Hosseini

Hyuk Jin Kwon

Seoul National University
sepid@ispl.snu.ac.kr

Seoul National University
hjkwon@ispl.snu.ac.kr

Jaewon Moon
Korea Electronics Technology
Institute
jwmoon@keti.re.kr

Nam Ik Cho

Hyung Il Koo

Seoul National University
nicho@snu.ac.kr

Ajou University
hikoo@ajou.ac.kr

Abstract—In this paper, we propose a deep residual
learning model for age and gender estimation. Our
method detects faces in input images, and then the age
and gender of each face are estimated. The estimation
method consists of three deep neural networks where we
adopt residual learning methods. We train the model
with IMDB-WIKI database [4]. However, since the
database has only a small number of face images under
the age of 20, we augment the set by collecting the images
on the Internet. Experimental results show that the
proposed model with residual learning yields improved
performance.

continuous process rather than discrete, grouping the
range of age into 8 classes can be debatable. For these
reasons, our model estimates age with regression and
uses mean absolute error for the loss function of the
model.
We train the proposed model with the images in
IMDB-WIKI database [5], which is the largest public
image database with age and gender labels. However,
the database lacks face images under the age of 20, and
so we have augmented the set by collecting over
14,000 images on the Internet.
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I.

INTRODUCTION

Age and gender information is very important for
advertising and marketing, where companies need to
use different strategies for different groups. Among
numerous methods in age and gender estimation, the
work in [1] was the first method adopting deep neural
networks and they showed improved performance
compared with traditional feature based methods [2].
The proposed method is based on this work, however,
we extend the work by using residual learning blocks
from Resnet [3].
II.

PROPOSED MODEL ARCHITECTURE

The block diagram of our model is shown in Fig. 1.
The face detectors such as [7-9] find faces in input
images and the detected faces are cropped and resized
to 224 x 224, and these pre-processed images are fed
to the network having residual learning blocks.
We also adopt an idea in [4], i.e., our network with
residual connections consists of one gender estimation
network and two gender specific age estimation
networks. All the three networks have the identical
architecture, i.e. 50 layers with the residual
connections. The output scores from the gender
network are used as the weights when estimating the
final age calculated by weighted sum of the outputs of
the two age networks. The method in [1] divided the
range of age into 8 classes and approached the problem
as a classification task. However, since the aging is
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Fig 1. Architecture of age and gender estimation model

III.

EXPERIMENTS

We analytically performed four experiments to
show the improvement resulted from the proposed
learning strategies. First, we compare the residual
connection in the deep network to the identical
network without the connection. Second, our data
augmentation is tested whether it mitigates the age
imbalance problem of IMDB-WIKI database [4].
Finally, the influences of the last two strategies, the
regression model and the hybrid architecture are also
examined. All the experiments are blind-tested on FGNET database [6] instead of using leave-one-personout (LOPO) test, and all the experimental results
performed in this section are shown in Table 1.
IV.

RESULTS

A. Baseline
First of all, we design the baseline model in Fig 2
to draw the comparison with the other models. The
baseline model is a simple regression model with the
residual learning block trained on our augmented
dataset, and it outputs estimated age and gender
simultaneously.

TABLE I. Experimental Result
Method

MAE

Baseline

5.91

w/o Residual block

16.81

w/o Augmentation

10.69

Classification

7.37

Hybrid

5.56

Rasmus [5]

8.65

TABLE II. Adience Benchmark Result
Age
Accuracy

1-off
Accuracy

Gender
Accuracy

Levi[1]

50.7%±5.1

84.7%±2.2

86.8%±2.2

Baseline

52.2%±6.1

92.0%±2.4

88.5%±1.4

Fig 2. Structure of deep residual age estimation model

B. Residual Learning
To examine the effectiveness of residual learning,
the baseline model is compared to the network
modified from the baseline model by taking out all the
residual connections. The result in Table 1 (5.91 vs
16.81) clearly shows that the residual learning block in
the deep model enhances the performance, and enables
the model to be deeper without degradation.
C. Data Augmentation
The train set without our data augmentation is used
to train the model with the same architecture as the
baseline model. With the data augmentation, the
results in Table 1 show that the imbalance problem in
the dataset is alleviated successfully.
D. Regression over Classification
Similarly, the classification model is also based on
the baseline model, but its output of age is classified
into 100 classes from age 0 to age 99. As shown in
Table 1, the regression model yields better
performance over the classification model.
E. Hybrid Architecture
As mentioned previously, our proposed hybrid
network consists of three simple baseline models. This
ensemble-like architecture makes the network robust
by incorporating the results, and helps improve the
performance.
F. Adience Benchmark
We also conduct an experiment on Adience
benchmark [1]. The regression output of the baseline
model is classified into 8, because the Adience set
provides only age ranges as the ground truth. As
shown in Table 2, our method outperforms the method
in [1].

V.

CONCLUSION

In this paper, we have investigated the various
strategies of improving age and gender estimation
network with the residual learning. It has been shown
that the regression model is better than the
classification model in real age estimation. Moreover,
we have shown that the residual connection helps to
improve the performance in the deep network by
minimizing the degradation, and our proposed model
yields improved performance.
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