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Abstract—Age and gender classification has received more
attention recently owing to its important role in user-friendly
intelligent systems. In this paper, we propose a convolutional
neural network (CNN) based architecture for joint age-gender
classification, where we use the Gabor filter responses as the
input. The weighting of Gabor-filter responses is learned through
back-propagation in an end-to-end architecture. The architecture
is trained to label the input images into 8 ranges of age and 2
types of gender. Our approach shows improved accuracy in both
age and gender classification compared to the state-of-the-art
methodologies. We also observe that increasing the width of
neural network would increase the accuracy of the overall system.
Index Terms—Convolutional neural network; Classification;
Gabor filter; Deep learning

I. I NTRODUCTION
With the rapid growth of face recognition algorithm, its subresearch areas such as age/gender classfication researches are
also gaining attention. As the aging process is not the same
for everyone and it depends on several factors such as gender,
race, living habits, etc., it is even difficult even for human to
guess a person’s age by looking at his picture. The same story
is valid for age classifier networks.
The neural network proposed in [13], to the best of our
knowledge, is the first work on using CNNs for age and gender
classification. Their network is simple (having only 5 layers: 3
convolutional and 2 fully connected layers), and yet achieved
a recognizable improvement in performance compared to
previous non-CNN based approaches. However, it seems that
the result is still far from what is needed in real world tasks.
Hence, in this paper, we attempt to improve the performance
by adding Gabor filter [11] to the input images in order to
use some hand-crafted features in addition to the image itself
as in the conventional CNN approaches. Specifically, we first
extract Gabor filter responses to the input, and then add image
intensities to the Gabor filter output with weights. Also, we
use CNN with wider receptive field than the previous model
[13], which also contributes to improve the performance.
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where x0 = x cos θ + y sin θandy 0 = −x sin θ + y cos θ.
From the extensive experiments, we find that the optimal
value for λ (wavelength of real part of Gabor filter kernel) is
2, θ (orientation of the normal to the stripes of function) is
nπ/6 while n varies from 0 to 5, φ (phase offset) is either
π or zero, γ(spatial ratio) is equal to 0.3, and optimal value
for σ (standard deviation) is 2. Hence in total, we use 12
filters as illustrated in Fig. 1. The Gabor filter has been used
in various research areas such as detection [5], facial emotion
classification [7], age estimation [4], and some image retrieval
systems [1], [8].
Wide CNN: During the last decade, the algorithms based
on CNN are now replacing the conventional image processing
and computer vision algoirthms. The GPU developments also
helped CNNs to get deeper and deeper to achieve better result.
But some of recent works have shown that going deeper is
not always a good idea, for example [10] proposed a wider
CNN with increased size of receptive fields which obtained
quite promising results in image denoising. Also Zagoruyko
and Komodakis showed in [14] that having wider network can
increase the image classification performance.
III. P URPOSED M ETHOD
A. Dataset:
In this paper all experiments are performed with Adience
dataset [2]. Unlike other age/gender datasets, the Adience
dataset pictures are mainly in wild covering different posses,
races, lightning and etc. Adience includes both male and

II. R ELATED WORK
Gabor filters: 2D Gabor filters are Gaussian kernel
functions adjusted by a sinusoidal waves and consist of
imaginary and real part [11], where the real part is as below:
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Fig. 1. A Gabor filter sets.

TABLE I
A DIENCE DATASET DISTRIBUTION BY AGE AND GENDER [2].
Gender
Female
Male

[0:2]
682
745

[4:6]
1234
928

[8:13]
1360
934

[15:20]
919
734

female pictures ranging from 0 to 99, which is divided into 8
classes (see Table I).
B. Network:
The overall structure of our network is depicted in Fig 2. As
can be seen in Fig 1, the Gabor filter output orientations are
perfectly matched with face wrinkles so that it makes much
easier for the network to focus on them. To maintain the extra
information which is obtained from the Gabor filters along
with the original image, the weighted sum of image and Gabor
responses is used as the input to the CNN. It is noted that
the optimal weights might be different for different types of
images. Hence we also let the weights to be learned from the
network through back propagation.

Age
[25:32]
2589
2308

[38:43]
1056
1294

[48:53]
433
392

[60:100]
427
442

TABLE II
AGE /G ENDER ESTIMATION RESULT ON A DIENCE DATASET.
Method
LBP [12]
Eidinger [3]
Levi [9]
DAPP [6]
Ours

Age accuracy
41.1
45.1
50.7
54.9
61.3

Gender accuracy
N.A.
77.8
86.8
N.A.
88.9
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Fig. 2. A Network structure.

C. Result:
For the training and testing, the input images are preprocessed and resized to 227 × 227. Experiments have been done
using five-fold subject exclusive protocol. The learning rate
started with 0.01, and decreased exponentially. The network
is implemented on Nvidia GeForce GTX 1060 6G 192 GPU
and it took about 100 minutes to get the result(10000 iteration).
Table II shows our result for age and gender. Our system is
shown to improve up to 7%p in age-accuracy and 2%p in
gender accuracy compared to the state-of-the art methods.
IV. C ONCLUSION :
Researches on age and gender estimation have been divided
into two main groups: one is to devise appropriate features
that reflect the age and gender correctly, while the other is
to use deep CNN which automatically learn the features from
the massive training data. In this paper, we have proposed
a method to get the benefits of both methods by enforcing
the CNN to use appropriate hand-crafted features. We believe
that the advantage of our scheme is to let the network to
focus on useful features, which improves the performance as
demonstrated in the experiments.
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