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Abstract— In this paper, we propose a cost-sensitive local
binary feature learning (CS-LBFL) method for facial age estimation. Unlike the conventional facial age estimation methods
that employ hand-crafted descriptors or holistically learned
descriptors for feature representation, our CS-LBFL method
learns discriminative local features directly from raw pixels
for face representation. Motivated by the fact that facial age
estimation is a cost-sensitive computer vision problem and local
binary features are more robust to illumination and expression
variations than holistic features, we learn a series of hashing
functions to project raw pixel values extracted from face patches
into low-dimensional binary codes, where binary codes with
similar chronological ages are projected as close as possible,
and those with dissimilar chronological ages are projected as
far as possible. Then, we pool and encode these local binary
codes within each face image as a real-valued histogram feature
for face representation. Moreover, we propose a cost-sensitive
local binary multi-feature learning method to jointly learn
multiple sets of hashing functions using face patches extracted
from different scales to exploit complementary information. Our
methods achieve competitive performance on four widely used
face aging data sets.
Index Terms— Facial age estimation, feature learning, costsensitive learning, multi-feature learning, biometrics.

I. I NTRODUCTION
N RECENT years, facial age estimation has attracted
much attention in computer vision and numerous facial age
estimation methods have been presented in the literature [3],
[5]–[7], [11], [12], [15], [16], [18], [21], [23], [24], [27], [32],
[33], [36], [63]. The objective of facial age estimation is to
predict the age value/group of a person of interest from his/her
face image, which has wide potential applications such as
human-computer interaction, soft biometrics, and social media
analysis.
There are two key modules in a practical facial age estimation system: feature representation and age prediction.
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Representative facial feature representation methods include
active appearance model (AAM) [15], [16], [33], Gabor
wavelets [38], holistic subspace features [12], [18], local
binary patterns (LBP) [1], and bio-inspired features (BIF) [24].
Having obtained the feature description for each face image,
age prediction can be formulated as a classification [16],
[24], [32], regression [12], [18], or ranking [5], [36] problem,
respectively.
Most existing facial age estimation methods usually employ
hand-crafted feature descriptors such as LBP and AAM for
face representation, which require strong prior knowledge
to engineer them by hand. There have also been some
attempts on learning-based feature representation in facial age
estimation [11], [12], [18], [21], [23], [24], which learn
discriminative features directly from raw pixels. However,
features learned by these methods are holistical so that they
are not robust enough to local variations.
In this paper, we propose a cost-sensitive local binary
feature learning (CS-LBFL) method for facial age estimation.
Fig. 1 shows the pipeline of our proposed approach.
In contrast to existing facial age estimation methods, our
approach learns discriminative local face descriptor directly
from raw pixel values for face representation. Specifically, we
learn a series of hashing functions to project raw pixel values
into low-dimensional binary codes so that codes with similar
chronological ages are projected as close as possible and those
with dissimilar chronological ages are projected as far as possible. Then, we pool and encode these local binary codes within
a face image into a real-valued histogram feature for face
representation. We also propose a cost-sensitive local binary
multi-feature learning (CS-LBMFL) to learn multiple sets of
hashing functions for face patches extracted from multiple
scales to exploit complementary information to improve the
performance. Experimental results on four widely used face
aging datasets show the effectiveness of the proposed methods.
II. R ELATED W ORK
In this section, we briefly review three related topics:
1) facial age estimation, 2) cost-sensitive learning, and
3) feature learning.
A. Facial Age Estimation
Recent years have witnessed a considerable interest in facial
age estimation [5]–[7], [11], [12], [15], [16], [18], [21], [24],
[27], [32], [33], [36], [63]. For example, Lanitis et al. [33]
proposed a quadratic function with AAM for age regression.
Yan et al. [61] presented a semi-definite programming
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Fig. 1. Pipeline of the proposed facial age estimation approach. In the training phase, we extract a neighbor-center difference vector (NCDV) for each pixel
in the original face image and learn a projection matrix W to map these NCDVs into low-dimensional binary codes, where a cost function is applied to reflect
the age relationship of different age classes. Then, we cluster these binary codes into a codebook and encode them within a face image into a real-valued
histogram feature for face representation. Lastly, we train an age ranker using these histogram features of the training samples. In the testing phase, for each
given testing face image, we first extract all NCDVs within the image and project them into binary codes using the learned projection matrix W . Then, we
encode these binary codes within the same face as a histogram feature vector. Finally, the age is predicted using the learned age ranker.

regression model with nonnegative label intervals.
Montillo and Ling [45] performed age regression from
features selected by random forests. Zhang and Yueng [63]
presented a multi-task Gaussian process method to learn
person specific age estimator. Chang et al. [4] proposed
an ordinal ranking method by casting the age estimation
problem as a series of binary classification subproblems.
Geng et al. [15] presented a label distribution learning method
to model the relationship of face samples and age labels.
Guo and Mu et al. [20], [22] used biologically inspired
features and exploited the information of human gender and
race for facial age estimation. While these methods have
achieved reasonably good performance, most of them use
hand-crafted features for face representation, which require
strong priors to engineer these descriptors by hand. More
recently, Guo et al. [18], [23], [24], Guo and Mu [21],
Fu et al. [11], and Fu and Huang [12] proposed several
holistic feature learning methods using discriminative
manifold learning techniques. However, these methods learn
feature descriptors holistically so that they are not robust
to local variations. In contrast to these previous works, we
propose a feature learning approach to learn discriminative
local binary face descriptor directly from raw face images.
B. Cost-Sensitive Learning
Cost-sensitive learning is an important topic in data mining
and machine learning, and many cost-sensitive learning algorithms have been proposed in the literature [8], [10], [37], [39],
[42], [47], [51], [53], [62], [64]. For cost-sensitive learning,
cost information of different samples is utilized to characterize
their importance to reflect different amounts of losses in
a classification system. Representative cost-sensitive learning methods include cost-sensitive boosting [42], [51], costsensitive support vector machine [63], cost-sensitive neural

networks [47], cost-sensitive subspace analysis [40], [41],
cost-sensitive semi-supervised learning [37], cost-sensitive
subspace learning [40], [41], and cost-sensitive feature selection [43]. Facial age estimation is a typical cost-sensitive
computer vision problem because mis-estimating face samples
with 20 years old as 30 years old incurs higher loss than that as
25 years. Motivated by this, Chang et al. [5] presented a costsensitive ordinal ranking approach for facial age estimation,
where the cost-sensitive information is exploited in ranking
model. Even if they have achieved encouraging performance,
they only utilized the cost-sensitive information in the age prediction stage because they employed AAM and LBP features
for facial feature representation. In this work, we propose a
cost-sensitive local feature learning approach for age estimation, where the cost information is exploited in the feature
extraction stage. Hence, our approach is complementary to
the existing cost-sensitive learning methods.
C. Feature Learning
A number of feature learning methods have been proposed
in recent years [2], [28], [29]. Representative feature learning
methods include sparse auto-encoder [2], restricted Boltzmann
machine [28], convolutional neural networks [29], denoising
auto-encoders [49], and reconstruction independent component
analysis [34]. Among these feature learning methods, convolutional neural networks [29], [52] has achieved the superb
performance in various computer vision tasks. However, a
large number of labeled samples are required for convolutional
neural networks to train the model because there are usually
extensive parameters to estimate. For facial age estimation,
it is difficult to collect such large number of labeled training
data. Hence, it is desirable to learn discriminative features with
limited number of training samples. Since facial age estimation is a cost-sensitive computer vision problem, it is also
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Fig. 2. Illustration of extracting a NCDV within a face patch. For a face
patch of size n × n, the neighbor to center difference vector (NCDV) is
extracted by subtracting the neighboring pixels to the center pixel, which is
a (n 2 − 1)-dimensional feature vector. In this figure, n is selected as 3 and
hence the extracted NCDV is an 8D feature vector.

desirable to exploit such cost information in discriminative
feature extraction. Moreover, most existing feature learning
methods only learn real-valued features from raw data, which
have been proven to be less robust to expression and illumination variations than local binary features because the quantized
binary codes can alleviate these variations [1], [26], [46], [50].
In this work, we learn local binary discriminative features for
facial age estimation in a cost-sensitive manner.
III. P ROPOSED A PPROACH
In this section, we first detail the proposed CS-LBFL
method and then present the extended CS-LBMFL method.
A. Cost-Sensitive Local Binary Feature Learning
Unlike most existing feature learning methods [29], [34]
which use the original raw pixel patch to learn feature representations, we learn discriminative features using the neighborcentroid difference vectors (NCDV). NCDV computes the
difference between the center point and neighboring pixels
within a patch so that it better describes how pixel values
change and implicitly encode important visual patterns such
as edges and lines in face images than raw pixels. Moreover,
NCDV has been widely used in many previous local face
descriptors, such as hand-crafted LBP [31] and learning-based
DFD [35]. Fig. 2 illustrates how to extract one NCDV from a
face patch.
Let X = [x 1 , . . . , x n , . . . x N ] ∈ R d×N be the training set,
where x n (1 ≤ n ≤ N) is the nth NCDV and d is the feature
dimension of each NCDV, respectively. We aim to seek a
mapping to project each NCDV into p bits of binary codes,
where the i th bit is computed as follows:
bni = sgn(wiT x n ),

(1)

where wi is the projection vector for the i th bit, sgn(v) equals
to 1 if v ≥ 0 and −1 otherwise.
By combining all wi (1 ≤ i ≤ p) into a projection matrix
W = [w1 , w2 , · · · , w p ] ∈ R d× p , we map each NCDV into a
binary feature vector bn ∈ R p as follows:
bn = sgn(W T x n ).

(2)

For each NCDV x n in the training set, we select two other
NCDV vectors x n+ and x n− to construct one positive pair and
one negative pair to learn the projection matrix W , where
x n , x n+ and x n− are NCDV feature vectors extracted at the
same position from different face images, x n and x n+ are
from face images in the same age class, and x n and x n−

Fig. 3.
The basic idea of our cost-sensitive feature learning approach.
There are 4 NCDV samples in the training set, where two of them form
a positive pair (two circles) and three of them form two negative pairs. The
first negative pair have a large age gap (the circle and the square) and the
other negative pair have a small age gap (the circle and the triangle). We learn
the projection matrix W so that the distance of positive pairs is smaller than
a threshold and those of negative pairs are larger than the threshold, and the
negative pair with larger age gap has larger distance than those with smaller
age gap in the learned feature space.

are from face images in different age classes. Assume
there are M NCDV face pairs in the training set and the
mth face pair is represented as (x 1m , x 2m , y1m , y2m , m ), where
x 1m and x 2m are the NCDV vectors in this pair, y1m and y2m
are the corresponding age labels, m is a flag number which
is set to 1 if this pair is positive and −1 otherwise.
Our proposed CS-LBFL method aims to learn l discriminative hash functions to obtain a binary feature vector for
each NCDV, which is formulated as the following optimization
problem:
min J =
W

M


(1 − m (τ − d(b(x 1m ), b(x 2m ))Q(y1m , y2m )),

m=1

(3)
where d(b(x 1m ), b(x 2m )) is the hamming distance between the
binary code of x 1m and x 2m , b(x 1m ) and b(x 2m ) are computed
according to (2), τ is a pre-specified parameter, Q(y1m , y2m )
is the cost information to reflect the relative relationship of
binary codes from different classes. Fig. 3 shows the basic
idea of our cost-sensitive feature learning approach.
There are two key objectives for (3):
1) The distance between the learned binary codes of
two NCDV vectors from the same age class is expected
to be less than a threshold and that from different classes
is higher than the threshold, so that the margin between
positive pairs and negative pairs is maximized and
discriminative information is exploited in the learned
binary codes [55].
2) The difference between binary codes from a negative
pair with a small age gap is smaller than that from a
negative pair with a large age gap because the estimation
error of a negative pair with smaller gap is less than
that with a larger gap. Hence, different weights should
be assigned to different negative pairs with different age
gaps.
Generally, there are a number of possible functions which
can be used to exploit the cost information in different age classes. In our work, we exploit the following
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Fig. 4. Illustration of different cost functions to define the matrix Q(c1 , c2 ), where (a) linear-truncated, (b) Gaussian-truncated, (c) truncated and (d) linear
functions are used, respectively. In these examples, c1 is set as 20 and L is set as 5. When c2 is near to c1 , the cost value is small because mis-estimating
samples in the c1 th class as the c2 th class occur a small error.

four cost functions:
Q(c1 , c2 ) =



Algorithm 1 CS-LBFL
|c2 −c1 |
L ,

|c1 − c2 | ≤ L
otherwise

1,
⎧
−(c2 −c1 )2
⎨
L2
1
−
exp
, |c1 − c2 | ≤ L
Q(c1 , c2 ) =
⎩1,
otherwise
|c2 − c1 |
Q(c1 , c2 ) =
 L
0, |c1 − c2 | ≤ L
Q(c1 , c2 ) =
1, otherwise

where L is a constant parameter that describes the tolerance
level of varying age relationships. Fig. 4 illustrates these four
cost functions to show how they exploit different relations for
neighboring age classes.
While the cost functions in our method are similar to those
used in robust statistics, there are two key difference between
them:
1) Their physical meanings are intrinsically different
because the value Q(c1 , c2 ) of the cost functions in
robust statistics is to measure the probability of the
sample from the c1 th class to the c2 th class while that
in our method is to measure the loss of mis-estimating
samples from the c1 th class as the c2 th class.
2) Their objectives are different because the cost functions
in robust statistics are used for parameter estimation
while those in our method are employed for feature
learning.
Since (3) is an NP-hard problem because of the non-linear
sgn(·) function, we relax the binary term by replacing the sign
of projection with its signed magnitude [17], [54]. Then, the
objective function of CS-LBFL can be rewritten as follows:
min J =
W

M

(1 − m (τ − d 2 (x 1m , x 2m )) × Q(y1m , y2m )

(4)

m

where
d 2 (x 1m , x 2m ) = W T x 1m − W T x 2m 2F
= W T (x 1m − x 2m )(x 1m − x 2m )T W

(5)

To solve the optimization problem in (4), we use the stochastic sub-gradient descent scheme to obtain the parameter W
in an iterative manner. At each iteration, we sample a pair of

feature patches and update W as follows:
⎧
t
t
⎪
⎨W − ηm W δm qm , if m = −1,
W t +1 = W t − ηm W t δm ,
if m = 1,
⎪
⎩ t
W ,
otherwise

(6)

where qm = Q(y1m , y2m ), which is determined from the
cost matrix, δm = (x 1m − x 2m )(x 1m − x 2m )T is the outer
product of x 1m and x 2m , η > 0 is the learning rate. In our
implementations, W0 is initialized by selecting the p largest
eigenvectors of the PCA subspace which is learned from
these NCDV vectors. Algorithm 1 summarizes the proposed
CS-LBFL method.
B. Cost-Sensitive Local Binary Multi-Feature Learning
While CS-LBFL learns discriminative features from raw
face patches, only a single scale face patch is used for
feature learning. Previous studies have shown that face patches
extracted from multiple scales provide complementary information for discriminative feature extraction [41]. Hence, it
is desirable to extract multiple NCDVs to learn discriminative features from different scales to extract complementary
information to improve the performance. A naive solution
is to combine multiple NCDVs into a longer NCDV feature
vector and then apply CS-LBFL for feature learning with these
concatenated NCDVs. However, this operation is suboptimal
because each NCDV has a specific statistical characteristic
and such a concatenation sacrifices the diversity of different
descriptors. To this end, we also propose a cost-sensitive
local binary multi-feature learning (CS-LBMFL) method to
jointly learn multiple feature projection matrices for feature
learning. Specifically, one feature projection matrix is learned
for each size of NCDV under which the characteristic of
CS-LBFL is preserved in each NCDV feature space and the
interaction of different feature projection matrices is also
exploited, simultaneously.
Assume there are K NCDV feature vectors extracted
at each position from different scales in each face image.
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G(W1 , · · · , W K ) =

K
M


k1
k2
(d(b(x 1m
), b(x 1m
))
k1 ,k2 =1 m
k1  =k2
k1
k2
), b(x 2m
)))
+ d(b(x 2m

Fig. 5. To perform multi-feature learning, we extract multiple NCDVs of
different sizes at the same position. In this figure, we extract three different
sizes of NCDV feature vectors at the same position, whose sizes are 5 × 5,
7 × 7, and 9 × 9, respectively. Hence, three corresponding NCDV feature
vectors are obtained, and their dimensions are 24, 48, and 80, respectively.
For each size of NCDV feature vector, we learn one projection to map it into
a binary feature vector. In our CS-LBMFL method, these multiple projections
are jointly learned so that both discriminative and complementary information
is effectively exploited.

For the kth NCDV feature space, there are M face pairs,
1 ≤ k ≤ K , and the mth pair of face patches for the
k
k
kth feature is represented as (x 1m
, x 2m
, y1m , y2m , m ), where
k
k
x 1m and x 2m are the face pair of NCDV feature vectors in the
kth NCDV feature space, y1m and y2m are the corresponding
age labels, m is a flag number which is set to 1 if the face
pair is positive and −1 otherwise. Fig. 5 shows how to extract
multiple NCDV feature vectors from different scales at the
same position for feature learning.
Similar to CS-LBFL, CS-LBMFL aims to jointly learn
K feature projection matrices under which the distance of
each positive pair in the corresponding feature space is less
than a threshold and that of each negative pair is higher than a
threshold, and the difference of feature representations of each
position across NCDV feature spaces is minimized because
the NCDV feature vectors share the same semantic label, so
that both the discriminative information and complementary
information can be simultaneously exploited. To achieve this,
we formulate our CS-LBMFL method as the following optimization problem:
min

W1 ,··· ,W K ,α

subject to

H=
K


K


Wk is the feature projection matrix for the kth NCDV feature,
λ is a parameter to balance these two terms, α = [α1 , · · · , α K ]
is the weighting vector and αk is the weight of the kth NCDV
feature, αk ≥ 0.
There are two objectives in (7):
1) The distance between the learned binary codes of each
pair of NCDV vectors is optimized with the CS-LBFL
criterion in each single NCDV feature space.
2) The difference between the learned binary codes of
different NCDVs extracted at the same position is
minimized in the jointly learned feature spaces.
Similar to CS-LBFL, we relax the binary term to a signedmagnitude vector. To our best knowledge, there is no closedform solution to (7) because we need to solve the weighting
vector α and K feature projection matrices W1 , · · · , W K
simultaneously. To address this, we propose an alternating
optimization algorithm to obtain a local optimal solution.
Specifically, we first initialize W1 , · · · , Wk−1 , Wk+1 , · · · , W K
and α and solve Wk sequentially, and then update α with the
learned W1 , · · · , W K accordingly.
When W1 , · · · , Wk−1 , Wk+1 , · · · , W K and α are fixed, (7)
can be rewritten as follows:
min H (Wk ) = αk Jk (Wk ) + λG k (Wk )
Wk

G(Wk ) =

K
M



k
l
(WkT x 1m
− WlT x 1m
2F

l=1,l =k m=1
k
l
+ WkT x 2m
− WlT x 2m
2F )

The stochastic sub-gradient descent scheme is used to obtain
the parameter Wkt iteratively as follows:

∂ G(Wkt )
∂ f k (∂ Wkt )
Wkt +1 = Wkt − η αk
+
λ
(12)
Wkt
∂ Wkt
where η > 0 is the learning rate,
⎧
t
⎪
⎨m Wk δm qm ,
∂ Jk (Wkt )
= m Wkt δm ,
⎪
∂ Wkt
⎩
0,

and
if m = −1
if m = 1
otherwise

(13)

K
M


∂ G k (Wkt )
t
l
l
= 2λ(K − 1)Wk
(x 1m
)T x 1m
∂ Wkt

+ 2λ(K − 1)Wkt
− 2λWkt

where
M

k
k
(1 − i (τ − d 2 (b(x 1m
), b(x 2m
)))
fk (Wk ) =

(8)

K
M



l
l
(x 2m
)T x 2m

l=1,l =k m=1

(7)

k=1

× Q(y1m , y2m )

(11)

l=1,l =k m=1

k=1

m

(10)

where

αk J (Wk ) + λG(W1 , · · · , Wk )

αk = 1, αk ≥ 0.

(9)

K


M


l T l
(x 1m
) x 1m

l=1,l =k m=1

− 2λWkt

M
K


l=1,l =k m=1

l
l
(x 2m
)T x 2m

(14)
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Algorithm 2 CS-LBMFL

Having obtained W1 , · · · , W K , we can obtain α by solving
the following objective function:
min H =

K


α

subject to

k=1
K


αk Jk (Wk )
αk = 1, αk > 0

(15)

k=1

The trivial solution to (15) is αk = 1, which corresponds
to the minimum Jk (Wk ) over different NCDV features, and
αk = 0 otherwise. This means that only the best NCDV is
selected and the complementary property of multiple NCDVs
cannot exploited. To address this, we modify αk to be
αkr (r > 1), and rewrite the following objective function:
min H =
α

subject to

K

k=1
K


αkr Jk (Wk )
αk = 1, αk > 0

(16)

k=1

We construct the following Lagrange function:
H (α, β) =

K


αkr Jk (Wk ) − β(

k=1

Let

∂ H (α,β)
∂αk

= 0 and

K


αk − 1)

(17)

k=1
∂ H (α,β)
∂β

= 0, we have

r αkr−1 Jk (Wk ) − ζ = 0
K


αk − 1 = 0

(18)
(19)

k=1

Combining (18) and (19), we update αk as follows:
αk =

(1/Jk (Wk ))1/(r−1)
K
1/(r−1)
k=1 (1/Jk (Wk ))

(20)

Algorithm 2 summarizes the proposed CS-LBMFL method.
C. Discussion
In this subsection, we highlight the difference between our
cost-sensitive local binary feature learning model and several
recently proposed methods.

1) Cost-Sensitive Subspace Learning and Cost-Sensitive
Feature Selection [40], [41], [43]: In our recent work, we
introduced cost-sensitive subspace learning for face recognition. The basic idea of cost-sensitive subspace learning is to
learn a feature projection matrix to map each face sample
from the original space into the feature space so that the
cost-sensitive information can be preserved. More recently,
Miao et al. [43] proposed a cost-sensitive feature selection
method to select the most important features which yield
the minimal loss for pattern classification. However, both
of them are holistic feature learning approach because each
sample is considered as a whole feature vector and the most
informative features or subspaces are learned globally. In our
CS-LBFL and CS-LBMFL methods, we exploit cost-sensitive
information in raw face patches and learn local binary feature
descriptor locally so that it is more robust to local variations in
face images because our model inherits the advantage of LBP.
2) Discriminative Manifold Feature Learning [24]:
Recently, Guo et al. [18], [23], [24], Guo and Mu [21],
Fu et al. [11], and Fu and Huang [12] proposed several
discriminative manifold feature learning methods for facial
age estimation, where discriminative manifold features and
the age information are modeled by a regressor. However,
these methods learn feature descriptors holistically so that
they are not robust to local variations. In contrast to these
previous works, our feature learning approach learns local
binary feature representation directly from raw face images,
so that it is more robust to variations of illumination and
expression.
IV. E XPERIMENTS
We evaluate our CS-LBFL and CS-LBMFL on the widely
used FG-NET [33], MORPH (Album 2) [48], LifeSpan [44],
and FACES [9] datasets. The following describes the details
of the experiments and results.
A. Experimental Settings
For CS-LBFL, we extracted each NCDV feature vector
from a 7 × 7 local patch. Hence, each extracted NCDV is
a 48D feature vector. We learned the project matrix W to
map each NCDV into a p-dimensional binary feature vector.
In our experiments, p was set as 15. Having obtained the
binary codes for each NCDV, we clustered them to learn a
codebook using K -means and pooled them to represent each
image as a histogram feature. Previous studies have shown
different face regions have different structural information [58]
and it is desirable to learn position-specific features for face
representation. Motivated by this, we divided each face image
into 8 × 8 non-overlapped local regions and learn a CS-LBFL
feature descriptor for each local region. Lastly, histogram
features extracted from different regions are concatenated as
the final representation for the whole face image. In our experiments, the codebook size, learning rate η, and threshold τ were
empirically set as 500, 0.000001 and 2, respectively. Fig. 6
illustrates how to use CS-LBFL for face representation.
For CS-LBMFL, we extracted three sets of patches for each
pixel at the same position. The patch sizes were set as 9 × 9,
7×7, and 5×5, which yield three NCDV feature vectors which
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Fig. 7. Several example facial images of one person in the FG-NET dataset,
where the number below each image is the age value.
Fig. 6.
Illustration of the face feature representation procedure
in CS-LBFL. Having learned the codebook and parameter W in the training
stage, we perform histogram representation for each face region. Specifically,
each NCDV is then converted to local binary features using our method and
is then converted as a real-valued histogram feature for face representation.
In our method, the whole face is divided into several local regions and each
patch is extracted from each local region to obtain the NCDV. In this figure,
we use 4 × 4 blocks for easy of presentation. In our experiments, each face
image was divided into 8 × 8 non-overlapped blocks.

TABLE I
MAEs (Y EARS O LD ) AND CS (%) OF CS-LBFL W HEN D IFFERENT
C OST F UNCTIONS A RE E MPLOYED ON THE FG-NET D ATASET

are 80-, 48-, and 24D, respectively. Then, each NCDV feature
set was clustered to form a codebook, which follows the same
procedure in CS-LBFL. The binary codes length p, codebook
size and parameter λ was empirically set as 15, 500, and 0.1,
respectively,
Having obtained the feature representation of each face
image, we used the ordinal hyperplanes ranker (OHRank) [5]
as the age estimator because it has shown excellent performance in previous facial age estimation studies [5].
We employed two widely used measures for performance
evaluation: 1) mean absolute error (MAE) [7], [12], [16], [18],
[21], [63], and 2) the cumulative score (CS) [7], [12], [16],
[18], [21], [63], which are defined as follows:
M AE =

Nts


|lˆi − li |/Nt s

i=1

C S(θ ) = Ne≤θ /Nt s × 100%
where lˆi and li are the predicted and original age labels of
the i th testing sample, Nt s is the testing sample number,
Ne≤θ is the number of testing samples whose absolute errors
are less than θ years old.
B. Experiments on the FG-NET Dataset
There are 1002 face images from 82 persons in the
FG-NET face dataset [33]. Each person has 12 face images on
average, and the age range is from 0 to 69 years old. There
are large variations in pose, illumination, and expression.
Fig. 7 shows some face examples from the FG-NET dataset.
For each face image, we manually cropped and aligned it
into 64×64 according to the eye positions. For color images
in this dataset, we first converted them into gray-scale ones
and then applied our feature learning methods for feature
extraction.
We adopted the leave-one-person-out (LOPO) strategy to
conduct age estimation experiments. Specifically, face images
of one person were used as the test set and those of other
persons were used for training. Finally, the average result over
all 82 folds was used as the final age estimation performance.

Fig. 8. MAE (years old) of our proposed methods versus different codebook
sizes on the FG-NET dataset.

1) Parameter Determination: We first investigated different
cost functions of our CS-LBFL. Table I shows the MAE and
CS of our CS-LBFL with different cost functions. We see that
the linear-truncate cost function achieves the best performance
than other functions. Compared with other cost functions, the
linear-truncate function exploits the cost-sensitive information
on neighboring age labels, which is reasonable because when
the label difference is large, the influence of such age difference is limited because there is no much difference between
the age gap of 25 years old and 26 years old. Hence, we used
the linear-truncate cost function for performance evaluation
in the following experiments.
We also investigated the performance of our methods versus
different codebook sizes. We varied the codebook size from
100 to 800. Fig. 8 shows the MAEs of our CS-LBFL and
CS-LBMFL versus different codebook sizes. We see that
our methods are not sensitive to the codebook size and the
best estimation performance is obtained when the codebook
size was set in the range of [300, 500]. In the following
experiments, we set the codebook size as 500 for performance
evaluation.
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TABLE II
MAEs (Y EARS O LD ) C OMPARISON OF D IFFERENT A GE E STIMATION M ETHODS ON THE FG-NET D ATASET

TABLE III
MAEs (Y EARS O LD ) C OMPARISON W ITH E XISTING F EATURE
L EARNING M ETHODS ON THE FG-NET D ATASET

Fig. 9. CS curve comparison of different age estimation methods on the
FG-NET dataset.

2) Comparisons With State-of-the-Art Age Estimation
Methods: Table II tabulates the MAEs of our CS-LBFL
and CS-LBMFL on the FG-NET dataset, compared with
state-of-the-art facial age estimation methods. Fig. 9 shows
the CS curves of different facial age estimation methods.
Results of the existing state-of-the-art methods are obtained
from the original papers. As can be seen, our proposed
CS-LBFL achieves competitive performance with the existing
state-of-the-art facial age estimation methods. Moreover, the
performance of our CS-LBFL can be further improved when
it is extended to CS-LBMFL. This is because multiple feature
information is exploited in CS-LBMFL, which can extract
more complementary information to improve the estimation
performance.
3) Comparisons With Existing Feature Learning Methods:
We compared our CS-LBFL and CS-LBMFL with three existing feature learning methods including LQP [30], DFD [35]
and RICA [34]. These methods have been successfully applied
in face and object recognition in recent years [30], [34], [35].

In this work, we applied them for face feature learning in
our age estimation task for comparison. The source codes
of DFD and RICA are publicly available. We implemented
LQP by carefully following the details of the paper. For
fair comparison, we carefully tuned the parameters of the
compared methods to achieve the best result. Specifically,
for DFD and RICA, the patch size was set as 7 × 7 to
learn the features and the codebook size was set as 500 to
learn the dictionary. For LQP, the patch size was set as 7×7
and the threshold was set as 6 to learn two binary codes
sets. Then, we learned two codebooks using K -means, where
each codebook size was selected as 250. For all these three
compared methods, the OHRank [5] age estimator was used
for age prediction. Table III shows the MAEs of different
feature learning methods. As can be seen, our proposed
CS-LBFL outperforms LQP and RICA and achieves
comparable performance with DFD.
To fairly compare our CS-LBMFL with these feature
learning methods, we also performed feature learning using
multiple scales for LQP, RICA and DFD, where multiple
scales of local patches are used for feature learning.
Specifically, we extended them into multi-scale LQP (MLQP),
multi-scale (MDFD) and multi-scale (MRICA) by following

5364

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 12, DECEMBER 2015

TABLE IV
MAEs (Y EARS O LD ) C OMPARISON W ITH E XISTING C OST-S ENSITIVE
L EARNING M ETHODS ON THE FG-NET D ATASET

TABLE VI
MAEs (Y EARS O LD ) AND CS (%) C OMPARISONS OF CS-LBFL
OF

O UR CS-LBFL M ETHOD W ITH D IFFERENT L EARNING
S TRATEGIES ON THE FG-NET D ATASET

TABLE V
MAEs (Y EARS O LD ) C OMPARISON W ITH D IFFERENT

C OMPUTATIONAL T IME (S ECOND ) C OMPARISON OF

A GE E STIMATORS ON THE FG-NET D ATASET

D IFFERENT F EATURE L EARNING M ETHODS

the same extension procedure from CS-LBFL to CS-LBMFL.
The age estimation performance of different feature learning methods are also shown in Table III. We see that our
CS-LBMFL outperforms the other multi-scale feature learning
methods.
4) Comparisons With Existing Cost-Sensitive Learning
Methods: We compared our cost-sensitive feature learning
approach with two existing cost-sensitive learning methods:
cost-sensitive linear discriminant analysis (CS-LDA) [40] and
cost-sensitive feature selection (CS-FS) [43]. For CS-LDA,
we used the linear-truncate cost function to compute the
between-class variation. For CS-FS, we selected the top 1000
important features for feature representation. The OHRank [5]
age estimator was used for age prediction. Table IV shows the
MAEs of different cost-sensitive learning methods. As can be
seen, our CS-LBFL and CS-LBMFL outperform the existing
cost-sensitive learning methods.
5) Comparisons With Different Age Estimators: We investigated the performance of our CS-LBFL and CS-LBMFL when
different age estimators are used. We compared OHRank with
support vector regression (SVR) [24]. For SVR, we followed
the same setting in [24]. Table V shows the MAEs of different
age estimators. As can be seen, OHrank outperforms SVR.
However, the difference is not very large.
6) Performance Analysis of Different Factors: We
conducted experiments to analyze the performance of our
CS-LBFL method when the cost information and binary
features were employed individually. We created two baseline
methods: LBFL and CS-LFL. For LBFL, the cost function
was not employed in our CS-LBFL, which means that the
cost matrix is set as an equal matrix where each element in
this matrix is set as the same cost value. For CS-LFL, the sgn
function was not used in (1), which means that the learned W
only projects each NCDV into a real-valued feature vector.
All other procedures of both LBFL and CS-LFL followed
the same settings of those in CS-LBFL. Table VI shows
the MAEs and CSs of different variations of our feature
learning method on the FG-NET dataset. We see that both the
cost-sensitive information and binary information contribute
to the final age estimation performance of our feature

TABLE VII

Fig. 10. Several example facial images with different age values in the
MORPH (Album 2) dataset, where the number below each image is the age
value of the person.

learning method. Moreover, binary feature representation
can improve the performance of our methods more than the
cost-sensitive information. That is because binary information
can extract binary feature descriptor which is robust to local
variations in many real-world face images.
7) Computational Time: Lastly, we investigated the computational time of CS-LBFL and CS-LBMFL and compared
them with other feature learning methods such as DFD, LQP,
and RICA. All experiments were conducted on a PC with
a 3.40GHz i7 CPU and a 24Gb RAM under the MATLAB
platform. Table VII shows the computational time of different
feature learning methods for one face image. We see that our
CS-LBFL is faster and our CS-LBMFL are comparable with
other feature learning methods.
C. Experiments on the MORPH Dataset
There are 55608 face images from more than 13000 subjects
in the MORPH (Album 2) database [48]. The average number
of face image per person is 4, and the age range of this
dataset is from 16 to 77 years old. Fig. 10 shows some face
images from the MORPH dataset. For each face image, we
manually cropped and aligned it into 64×64 according to
the eye positions. The color images were also converted into
gray-scale ones before feature learning.
We applied the 10-fold cross validation strategy for performance evaluation on the MORPH (Album 2) dataset
because there are more than 13000 subjects and it is very
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TABLE VIII
MAEs (Y EARS O LD ) C OMPARISON W ITH THE S TATE - OF - THE -A RT
FACIAL A GE E STIMATION M ETHODS ON THE
MORPH (A LBUM 2) D ATASET

Fig. 12.
Several example facial images with different age values in
the LifeSpan dataset, Each column represents one person, where the top
image shows a happy expression while the bottom image shows the neutral
expression. The number below the image is the age value of the person.
TABLE IX
MAEs (Y EARS O LD ) OF D IFFERENT FACIAL A GE E STIMATION
M ETHODS ON THE L IFE S PAN D ATASET

Fig. 11. CS curves comparisons of different facial age estimation methods
on the MORPH (Album 2) dataset.

time-consuming to perform the LOPO test. Specifically, we
divided the whole dataset into 10 folds and each fold has
the nearly equal size. We used one fold as the testing
set and the other nine folds for training. We repeated this
procedure 10 times and computed the average result as the
final estimation performance. We compared our methods with
state-of-the-art facial age estimation methods and two existing cost-sensitive learning methods, as shown in Table VIII.
Results of the existing state-of-the-art methods are obtained
from the original papers and these two cost-sensitive learning methods are implemented by ourselves. The methods of
BIF+OLPP [20] and rKCCA [22] exploited the information
of human race and gender in their age estimation systems.
Fig. 11 shows the CS curves of different age estimation
methods. As can be seen, our CS-LBFL and CS-LBMFL
achieve very competitive performance with existing state-ofthe-art facial age estimation methods.

FG-NET and MORPH datasets, the LifeSpan dataset consists of face images of the same person captured from two
different expressions. Specifically, there are 590 subjects in
this dataset, and each subject has some face images with the
neutral expression. Among these 590 subjects, some of them
also contain the happy expression. Fig. 12 shows some face
examples with different ages and expressions. For each face
image, we manually cropped and aligned it into 128×128
according to the eye positions.
In our experiments, we performed age estimation for face
images which were captured under the same expression.
In other words, face images in both the training and testing
sets have the same expression from different subjects. We performed the five-fold cross validation for each expression set
and computed the MAE for comparison. We compared our
methods with OHRank using two other hand-crafted features:
LBP and SIFT. Specifically, we extracted LBP and SIFT
histogram features from 8×8 non-overlapping blocks, and
extract 59D LBP feature and 128D SIFT feature for each
block, respectively. Finally, features from all blocks were
concatenated together as the final feature representation, and
OHRank was used for age prediction. We also compared our
methods with CS-LDA and CS-FS, which are implemented
by ourselves. Table IX shows the performance of different facial age estimation methods on the LifeSpan dataset.
Fig. 13 shows the CS curve of different methods for the
happy expression subset. As can be seen, our CS-LBFL
and CS-LBMFL significantly improve the existing facial age
estimation methods.
E. Experiments on the FACES Dataset

D. Experiments on the LifeSpan Dataset
There are 844 face images in the LifeSpan dataset [44],
and the age range is from 18 to 94 years old. Unlike the

There are 2052 frontal face images of 171 subjects in the
FACES dataset [9], and the age range of this dataset is from
19 to 80 years old. For each person, there are six expressions:
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TABLE X
MAEs (Y EARS O LD ) OF D IFFERENT FACIAL A GE E STIMATION M ETHODS ON THE FACES D ATASET

Fig. 13. CS curves of different facial age estimation methods on the LifeSpan
dataset.

Fig. 15. CS curves of different facial age estimation methods on the sad
expression subset of the FACES dataset.

F. Discussion

Fig. 14. Several example facial images with different age values in the
FACES dataset, Each column represents one individual where the top image
shows a specific expression (happy, sad, surprise, disgust, and fear) while the
bottom image shows the neutral expression. The number below the image is
the age value of the person.

neutral, sad, disgust, fear, angry and happy. Fig. 14 shows
some face examples of three subjects with different ages and
expressions in the FACES dataset. In our experiments, each
face image was cropped and aligned to 128×128 according
to the eye coordinates. We performed the five-fold cross
validation and computed the age estimation performance under
the same expression. We compared our methods with OHRank
with LBP and SIFT features, where the procedure of extracting
these two features is the same as that on the LifeSpan dataset.
We also compared our methods with CS-LDA and CS-FS,
which are implemented by ourselves. Table X shows the
performance of our methods and the other baseline methods.
Fig. 15 shows the CS curves of different methods on the sad
expression subset of the FACES dataset. As can be seen, our
CS-LBFL and CS-LBMFL methods significantly improve the
existing state-of-the-art facial age estimation methods.

We make the following two observations from the above
experimental results:
1) Our CS-LBFL and CS-LBMFL achieve very competitive
performance with state-of-the-art facial age estimation
in all the four datasets. This is because our CS-LBFL
and CS-LBMFL automatically learn feature representation from raw data, which are more data-adaptive than
the hand-crafted feature descriptors which are used in
most existing methods. Moreover, both CS-LBFL and
CS-LBMFL are binary feature descriptors, which
demonstrate stronger robustness to local variations.
2) Both the cost-sensitive information and binary information contribute to the performance of our proposed
methods, and binary information can improve the performance more than the cost-sensitive information. That
is because binary information can extract binary feature
descriptor which is robust to local variations in many
real-world face images.
V. C ONCLUSION AND F UTURE W ORK
In this paper, we have proposed a cost-sensitive local
binary feature learning (CS-LBFL) method for facial age
estimation. Since facial age estimation is a cost-sensitive computer vision problem and local binary features are robust to
different variations, we learned a series of hashing functions to
project raw pixel values into low-dimensional binary codes and
encoded them into a real-value histogram feature for face representation. Moreover, we proposed a cost-sensitive binary
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multiple feature learning (CS-LBMFL) method by extracting
multiple NCDVs to exploit complementary information to
further improve the performance. Experimental results on four
widely used face aging datasets show the efficacy of the
proposed methods.
There are two interesting directions for future work:
1) Our CS-LBFL and CS-LBMFL are general feature
learning methods and it is interesting to apply them
to other visual recognition applications besides age
estimation in this study.
2) In this work, we only learned features from one single
layer and it is interesting to learn deep and hierarchal
features for future study.
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