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Abstract—Aging face recognition refers to matching the same
person’s faces across different ages, e.g. matching a person’s older
face to his (or her) younger one, which has many important
practical applications such as finding missing children. The major
challenge of this task is that facial appearance is subject to
significant change during the aging process. In this paper, we
propose to solve the problem with a hierarchical model based on
two-level learning. At the first level, effective features are learned
from low-level microstructures, based on our new feature descriptor called Local Pattern Selection (LPS). The proposed LPS
descriptor greedily selects low-level discriminant patterns in a
way such that intra-user dissimilarity is minimized. At the second
level, higher-level visual information is further refined based on
the output from the first level. To evaluate the performance of our
new method, we conduct extensive experiments on the MORPH
dataset (the largest face aging dataset available in the public
domain), which show a significant improvement in accuracy over
the state-of-the-art methods.
Keywords—Face recognition, aging faces, feature descriptor.

I.

I NTRODUCTION

Utomatic face recognition is an important yet challenging
problem, and has gained great progress in recent years
due to better feature representation methods [21], [23], [24],
[41], [47], [50], [51], [52], [53], [54], [55], [56], [57], [58],
[59], [60] and feature classification models[61], [62], [63],
[64], [65], [66], [67], [68], [69], [70], [71]. An emerging
research topic in face recognition community is aging face
recognition, which has many useful real-world applications,
e.g., finding missing children and identifying criminals based
on photographs or identity ’mug shots’ [1][2]. While considerable progresses have been made on face recognition, aging
face recognition still remains as a major challenge in real
world application of face recognition systems. This challenge
is mostly attributed to the significant intra-personal variations
caused by the aging process. As illustrated in Figure 1, the
cross-age faces (for one of the subjects in MORPH database
[30]) contain significant intra-personal variations.
Actually, age related face image analysis has only been
studied in recent years. Most existing works focus on age
estimation [3], [4], [5], [6], [7], [8], [9], [10], [11], [12], [13],
[28], [48], and aging simulation [14], [15], [16], [17], [18].
There are very limited amount of works directly on aging face
recognition. A typical aging face recognition approach is to
use face modeling to synthesize and render the face images to
the same age as the gallery image before recognition [4], [14],
[18], [33]. Due to the strong parametric assumptions and the
complexity of the algorithm, these methods are expensive to
compute and the results are often unstable for real world face

A

Fig. 1: Example faces for one of the subjects in the MORPH
database [30]

recognition. Recently, discriminative methods are proposed for
aging face recognition [19], [20], [34], [35], [43], [44], [49].
The method in [19] uses gradient orientation pyramid (GOP)
for feature representation, combined with support vector machine for verifying faces across age progression. The method in
[20] combines both Scale Invariant Feature Transform (SIFT)
[23] and Multi-scale Local Binary Pattern (MLBP) [26] with a
random sampling based fusion framework to improve the performance of aging face recognition. Some variants of random
sampling LDA approach has also been proposed in [34], [35]
to address the face aging problem in face recognition. They
are shown to be much more robust with fewer requirements on
parameters and the training data and have demonstrated better
results than previous methods. More recent works on aging
face recognition include [43], [44], [49], which has notably
improved the performance of aging face recognition.
In this paper, we propose a two-level hierarchical learning
model to address this problem. In this model, effective features
are first learned from low-level pixel structures, based on our
new feature extraction algorithm called Local Pattern Selection
(LPS). Low-level common information is widely believed to
be very beneficial to cross-age face recognition, and the LPS
algorithm maximizes this information between cross-age faces.
At the second level, higher-level visual information is refined
by learning subspace analysis algorithms. The advantage of
this model is that, when compared with traditional paradigms
where learning happens only in higher levels via classification
algorithms, our model has better learning capabilities and
is thus able to adaptively capture more useful information.
Also note that strong model learning capability is essential
to a successful face recognition algorithm, as confirmed by
the recent success in deep learning [46], [47]. Extensive
experiments are conducted on the MORPH dataset (Album 2),
the largest publicly available facial aging dataset, to validate
the effectiveness of our new approach over the state-of-the-art
ones.
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The rest of this paper is organized as follows. In Section II,
we introduce our LPS algorithm for learning low-level visual
structures. In Section III, we present an efficient feature refinement framework to enhance high-level visual information. In
Section IV, we introduce the experimental results. We conclude
this paper in Section V.
II. L EARNING L OW-L EVEL V ISUAL S TRUCTURES
In this section, we present a novel algorithm, called Local
Pattern Selection (LPS), for learning low-level visual structures. First, we introduce the motivation behind the LPS
algorithm, and then formulate the algorithm. Lastly, we provide
a detailed discussion of the algorithm.
A. The Motivation
Facial appearance changes significantly in the human aging
process, which makes aging face recognition highly challenging. The difficulty can be attributed to the large intra-user
dissimilarity caused by aging. To overcome this challenge, we
propose to learn the feature encoder, which can reduce intrauser dissimilarity at the micro-structure level. As illustrated in
Figure 2, we encode pixels by converting them into integer
codes. The code assignment is determined by which partition
(leaf node) the pixel falls into. By encoding each pixel in
such a manner that corresponding pixels of the same subject
at different ages fall into the same partition (pixels falling into
the same partition are assigned the same code), the intra-user
dissimilarity can be effectively reduced. This intuition may
not work properly without regularization, however. Consider
a case in which all the pixels fall into the same partition;
this trivial case does give an optimal solution consistent with
our intuition. To avoid this trivial solution, we regularize the
problem by requiring partition size to be distributed as evenly
as possible.
B. Terms and Definitions
To facilitate understanding, we first introduce several essential terms and definitions. In this paper, all the face images
we use are gray scale images cropped to the same size
of 200 × 150, with faces properly aligned to ensure good
correspondence between pixels 1 .
Definition 1 (Pixel feature)
Each pixel is associated with a corresponding pixel feature
(8 − dimensional vector) that is formed by sampling its eight
neighbors at radius r, and centered by subtracting the center
pixel.
Figure 2 illustrates different sampling patterns as well as
how pixel features are extracted.
Definition 2 (Matching pixel features)
For each pair of pixel features, we call them matching pixel
features if they are from two different images of the same
subject and extracted at the same location.
1 Strict pixel-level correspondence is not required. By training with large
amount of pixels, misalignment effect can be alleviated.

The ’same subject’ means the same person, and the ’same
location’ means that the pixel locations in the images are
the same (e.g. we may refer a pixel by its location with
2D coordinate (r, c) for the pixel at row r and column c of
the image). The correspondence between pixels is ensured by
proper alignment of face images.
Definition 3 (Encoding tree)
An encoding tree is a binary decision tree with internal
nodes and leaf nodes, where internal nodes are associated
with (attribute, threshold) and leaf nodes are associated with
distinct decimal codes.
The encoding tree is used to encode each pixel into a
decimal code. Given a pixel, we convert it into an integer
code by first extracting its pixel feature, followed by passing
this pixel feature through the encoding tree, and the code
is determined based on which leaf node the pixel feature
reaches, as illustrated in Figure 3. When a pixel feature passes
through an encoding three, the pixel feature is directed to either
left or right branch of a node by (attribute, threshold) pair
associated with that node, where the attribute refers to the
element of the pixel feature to be encoded. For example, if
the attribute of the pixel feature is less than the threshold,
then this pixel feature will be directed to the left branch (right
branch otherwise).
Definition 4 (Support pixel features)
In the phase of encoding tree training, for a given leaf node,
its support pixel features are the set of pixel features that can
reach this leaf node.
The encoding tree divides the entire pixel feature space into
partitions, with each leaf node corresponding to one partition,
as illustrated in Figure 3. The support pixel features of a leaf
node are visually the training samples that fall into the partition
corresponding to that leaf node.
C. The Formulation
With the above definitions, we are now ready to formulate
the algorithm. As described previously, the training aim of LPS
algorithm is to learn an encoding tree (see Definition 3) that
can capture valuable common information among cross-age
faces. Formally, suppose we are given N pairs of training face
images of size H × W , with each pair of face images from
the same subject at different ages. The corresponding pixel
features (see Definition 1) of these image pairs are denoted
as:
n
A = {(~xnm , ~ym
)|m = 1, . . . , M ; n = 1, . . . , N }

(1)

where M = H × W is the total number of pixels in an image.
n
We say ~xnm and ~ym
are matching pixel features (see Definition
2), as they belong to the same pixel location in the images of
the same subject. For any encoding tree T of L leaf nodes,
suppose the T assigns each pixel feature in A with a code
based on which leaf node that pixel finally reaches, resulting
in an encoded set:
n
C = {(unm , vm
)|m = 1, . . . , M ; n = 1, . . . , N }

(2)
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Fig. 2: The illustration for different sampling patterns and the formation of pixel features. The pixel feature of cp is formed by
first sampling its eight neighbors at specific radius, followed by subtracting itself so that pixel feature is centered.
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Fig. 3: The illustration for encoding tree. The internal nodes direct each pixel feature to either left or right branch by comparing
it to the threshold: if its component is less than the threshold, then direct the pixel feature to left branch, otherwise right branch.
Once a pixel feature reaches a leaf node, we encode the pixel by assigning a code associated with that leaf node. The right
figure visualizes the partitions corresponding to the encoding tree on left. X1 and X2 represent two different attributes.

We measure the performance of T by:
PL
PN PM
1
n
n
l=1 pl log pl
n=1
m=1 δ(um , vm )
+ (1 − α)
(3)
U =α
M ×N
logL
Where α is a tradeoff factor between the two terms, while
δ(x, y) is a function takes value 1 only if x = y and 0
otherwise. Finally, the pl is interpreted as the fraction of pixel
features falling into the l − th leaf node, given by:
PN PM
PN PM
n
n
m=1 δ(um , l) +
n=1
m=1 δ(vm , l)
n=1
pl =
(4)
2×M ×N
The U defined in Eqn 3 is referred as utility of an encoding
tree for the rest of this paper. We explain the two terms in
Eqn 3 as follows. The first term is interpreted as common
information between cross-age faces. Larger value indicates
higher fraction of matching pixel features having the same
code, and thus higher common information. The second term
serves as regularization. This regularization encourages even
partitioning for the pixel feature space. It measures the entropy
of the pixel features distribution among leaf nodes. The higher
value means higher entropy, and thus evener distribution. The

use of evenness for regularization is motivated by [45]. In fact,
according to the information theory, the evener the distribution
is, the more informative the encoding becomes.
D. Learning the encoding tree
In this part, we elaborate the LPS algorithm based on
formulations in section II-C. Specifically, we grow an encoding
tree such that the utility given in Eqn 3 is maximized. The
basic idea of our algorithm is to grow the encoding tree
incrementally until the expected number of leaf nodes L is
reached. At each step, we select the best node that maximizes
the increase in utility for expansion.
Let’s denote the tree with K leaf nodes (1 ≤ K < L) as
TK and the corresponding utility as UK . Now we extend TK
into TK+1 by splitting node w into two children nodes wl and
wr . Denote the sets of support pixel features (see Definition
4) of node w as:
(1)

(1)

∈ 1, . . . , M × N }

(5)

(2)

(2)

∈ 1, . . . , M × N }

(6)

1
Sw
= {I1 , . . . , In(1)
|Ii
1

2
Sw
= {I1 , . . . , In(2)
|Ii
2
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Algorithm 1: Local Patterns Selection
Input: The number of leaf nodes L, the tradeoff factor α,
and training image pairs {(In1 , In2 )|n = 1, . . . , N }.
Output: Encoding tree T .
/* Pixel features extraction.
*/
begin
Convert images into a set of pixel features as described
in Eqn 1:
A=

n
{(~xnm , ~ym
)|m

= 1, . . . , M ; n = 1, . . . , N }

/* Encoding tree initialization.
*/
begin
Initialize encoding tree T by adding one leaf node w,
whose indices of support pixel features are:
(1)

1
Sw
= {I1 , . . . , In(1)
|n1 = M × N }
1
2
Sw

=

(2)
{I1 , . . . , In(2)
|n2
2

= M × N}

w.a ← 0, w.t ← 0, and w.∆u ← − inf.
/* Encoding tree learning
*/
begin
for step = 2 → L do
for each leaf node w do
if w.∆u 6= − inf then
/* Node has been evaluated.
*/
continue;
else
for k = 1 → 8 do
1
2
1
2
for z = min(Sw
, Sw
) → max(Sw
, Sw
) do
Evaluate increase of utility ∆u with
attribute = k and threshold = z.
Let maximum ∆u∗ is achieved at (k ∗ , z ∗ ).
Update: w.∆u = ∆u∗ , w.a ← k ∗ , w.t ← z ∗ .
Let w∗ has maximum ∆u over all leaf nodes.
Split w∗ into two children nodes l and r.
l.a ← 0, l.t ← 0, and l.∆u ← − inf.
r.a ← 0, r.t ← 0, and r.∆u ← − inf.
Update Sl1 , Sl2 , Sr1 , Sr2 based on Eqn 5, 6.
Assign distinct codes to leaf nodes, and return T .

1
Where Sw
is a set of indices of pixel features from the first
2
image of training face pairs, while the Sw
is from the second
image. Consider that node w is split into two nodes at attribute
a and threshold t, then the support pixel features in that node
will be partitioned into the left child node if attribute a of
features is less than t (into right child otherwise), resulting
in two new sets of support pixel features for node wl : Sl1 =
(2)
(1)
(1)
(2)
{I1 , . . . , Inl1 } and Sl2 = {I1 , . . . , Inl2 }. Similarly, for node
(1)
(1)
wr we also have two new sets Sr1 = {I1 , . . . , Inr1 } and
(2)
(2)
Sr2 = {I1 , . . . , Inr2 }. The utility of the new tree TK+1 can
thus be formulated as:
∆A
∆E
UK+1 = UK + α
+ (1 − α)
(7)
M ×N
logL

Where ∆A is the increased number of matching pixels (negative) reaching into the same leaf node, given by:
X X
X X
X X
δ(x, y)
δ(x, y)−
∆A =
δ(x, y)+
x∈Sl1 y∈Sl2

x∈Sr1 y∈Sr2

1 y∈S 2
x∈Sw
w

(8)
The ∆E is amount of increase in entropy, given by:
∆E = pwl log

1
1
1
+ pwr log
− pw log
pwl
pwr
pw

(9)

In expanding TK to TK+1 , the LPS algorithm greedily selects
the best node w∗ , such that the following increased amount of
utility is maximized:
∆U = UK+1 − UK

(10)

Note that the number of expected leaf nodes L and tradeoff
factor α are determined by cross validation. The Algorithm 1
describes the detailed steps in learning the encoding tree.
E. LPS-based feature extraction
The Algorithm 1 learns an encoding tree that encodes given
image by converting each pixel into decimal codes based on
the leaf node that pixel reaches in the tree. In this part, we
briefly introduce how we extract over-completed features based
on encoded images. The techniques we use include multiple
scaling and dense sampling [42]. Specifically, we first train
multiple encoding trees based on different sampling radii (e.g.
1, 3, 5, 7) as illustrated in Figure 2. Then for each encoded
image, we extract local features by calculating the histograms
of small patches formed by dividing image into overlapping
(with overlapping factor 0.5) fixed size (e.g. 16 × 16) areas.
The final features of an image are formed by concatenating
local features at all sampling radii.
F. Discussion
The major advantage of the proposed LPS feature descriptor,
compared with the state-of-the-art descriptors, is that it can
adaptively learn an encoding tree that discovers useful common
information between cross-age faces. In addition, another
interesting discovery is that, by introducing the regularization
term in Eqn 3, we can obtain much evener code distribution
than the handcrafted descriptors such as uniform Local Binary
Patterns (LBP) [21]. The evenness of code distribution usually
encourages informative codes, as noted previously. In this part
we will give a detailed analysis of these concepts as well as
the training time complexity of the algorithm.
1) Common information analysis: We compare the common
information of cross-age faces against the uniform LBP descriptor. The uniform LBP is one of the most successful feature
descriptors in the literature, whose design is based on an
empirical observation that for most of the real-world images,
some codes occur consistently with much higher frequency
than others. The uniform LBP then assigns distinct values
(from 1 to 58) to the top 58 codes with the highest frequency
and a single value to all the rest, to convert 256 codes into
59 codes. To compare the common information between these
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Fig. 4: Code emergence frequency of our method (top) and the uniform LBP (bottom)

TABLE I: The common information comparison
Radius
uniform LBP
LPS

1
0.1269
0.1839

3
0.0659
0.1200

5
0.1633
0.2397

7
0.0978
0.1483

two methods, we first formally define a metric for common
information between two images of size H × W as follows:
PH×W
δ(C1 (i), C2 (i))
i=1
(11)
H ×W
Where C1 and C2 are the encoded images of the first and
second image, respectively. Then we compute the averaged
common information of 100 pairs of testing face images at
four different sampling radii, the results of which are shown
in the Table I. From these numbers, we can conclude that
the common information of our method is consistently higher
than the handcrafted uniform LBP descriptor in all of the
sampling radii. This reveals that our LPS algorithm is able to
learn an encoding tree that increases the amount of common
information contributes to higher recognition accuracy.
2) Code distribution analysis: The evenness of code distribution usually contributes to more discriminative codes as
suggested by [45]. In this part we analyse the code distribution
of the LPS algorithm by comparing it against the uniform
LBP as before. From the design of uniform LBP, we can see
that it also encourages evenness, based on an assumption that
some codes have consistently higher emergence frequency in
all images.
To compare code distribution between these two methods,
we plot their code emergence frequencies based on 1000 crossage face images at sampling radius 1. As illustrated in Figure
4, the distribution of codes generated by the LPS algorithm has
much better evenness than the uniform LBP method. Thanks to
the regularization term in Eqn 3, the LPS algorithm encourages
evenness in addition to higher amount of common information.
3) Time complexity analysis: At the end of this section,
we briefly analyse the time complexity of our algorithm. The
Algorithm 1 tends to generate a balanced binary tree (so that
codes are evenly distributed), with totally L leaf nodes. Thus

the tree has height O(logL). To split all nodes at level k,
we need to evaluate Eqn 10 for O(N ) times, where N is
the number of training image pairs. Thus, to grow a tree of
O(logL) levels, the overall time complexity of the Algorithm 1
is O(N logL). On a single desktop computer, it takes around 20
seconds to train an encoding tree with L = 64, and N = 1, 000
pairs of images of size 200 × 150. This training time grows
linearly as N increases, and logarithmically as L increases.
III.

H IGH -L EVEL V ISUAL I NFORMATION R EFINEMENT

In the previous section, we present a novel algorithm for
learning low-level visual structures. The features extracted
based on LPS algorithm are usually of very high dimension
(e.g. 100K) due to the employment of both multiple scaling
and dense sampling techniques. The extremely high dimension
of the facial features are not good for both storage and face
matching. In addition, there might be a lot of redundant
information as well as noise among these features. Thus, there
is a need for further refinement for low-level visual features.
The most popular feature refinement techniques such as
Fisher linear discriminant analysis or universal subspace analysis [42] involve eigendecomposition of a matrix of size
min(N, D) where N is the number of training image pairs
and D is the dimension of features. The time complexity of
eigendecomposition is around min{O(N 3 ), O(D3 )}. Thus, it
is almost infeasible to do an eigendecomposition with very
large N and D. In this part we present a scalable high-level
visual information refinement framework to efficiently reduce
the noise as well as redundant information, and preserve only
the most crucial information for face recognition. The Figure
5 provides an illustration for our framework.
A. Bootstrap aggregating: divide data by sampling
The Bootstrap aggregating, also known as Bagging, is an
ensemble meta-algorithm designed to improve the stability
and accuracy of machine learning algorithms. The Bagging
repeatedly selects a series of training subsets of M samples
(M < N ) and based on these subsets it trains a series of
classifiers, which will be fused into a unified classifier. In our
implementation, we set M = 2, 000 (where N = 10, 000)
and create K = 20 training subsets for classifier training. In
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Fig. 5: The illustration of the high-level feature refinement framework. At the training stage, we first generate 20 training subsets
with each consisting of 2,000 samples using Bagging techniques, based on which we train 50 random subspace classifiers using
PCA+USA as base classifier. Each PCA+USA base classifier is trained based on 5,000 randomly sampled components. At the
testing stage, the matching scores from probe person to gallery persons are the fused scores of all the random subspace classifiers,
where matching scores of random subspace classifiers are the again the fused cosine scores of all the PCA+USA classifiers with
scores normalized between [0, 1] (best matching corresponding to 1 while worst matching corresponding to 0).

this manner, we have efficiently limit the number of training
samples for each sub-classifier, so that we can scale up to larger
dataset. Note that for dataset of extremely large number of
training samples (e.g. N > 10, 000), we may need to increase
the K accordingly. But the training time grows linearly as K
increases, instead of cubically.
B. Random subspace: divide features by sampling
The Bagging can efficiently reduce the computational cost
as noted previously. To further improve the stability of the
final classifier, we incorporate the random subspace sampling
technique [32] into our framework. For a given training subset,
the random space algorithm repeatedly samples subsets of
features (e.g. take 5K our of 100K) randomly, as illustrated
in Figure 5. In our implementation, we create 50 subsets based
on random subspace sampling, and use the Universal Subspace
Analysis (USA) as base classifiers.
C. Discussion
Our second level classification framework is designed to
be scalable. As described in Section III-A, as the number of
training samples increases, the training time increases linearly.
Specifically, for the Morph 2 dataset, the major computational
cost involves 2000x2000 square matrix eigendecomposition.
There are K=20 of these decompositions, and these decompositions can be computed in parallel. On a 6-core machine it
takes 3.64 seconds for each of the decomposition, and 74.31
seconds in total for the second level (including other overhead).
We had focused on training time analysis, since for testing, it
only involves matrix-vector multiplication, and thus it is very
fast.

IV. E XPERIMENT
In this section we conduct extensive experiments to evaluate
the effectiveness of our method. There are two well-known
public domain datasets for aging faces: FGNET [36] and
MORPH [30]. The FGNET dataset is a relatively small dataset
consists of 1002 face images from 82 different persons. The
MORPH dataset has two separate versions: Album 1 and Album 2. The MORPH Album 1 contains 1690 face images from
625 different persons. The MORPH Album 2 contains 78, 000
images from 20, 000 different people with each person having
at least two cross-age face images. Given that the Album 2 has
the largest size and there have been some benchmark results
on it, we will thus focus on the MORPH Album 2 dataset
in this paper. Following the benchmark conventions, we use
two images (with maximum age gap) for each of the 20, 000
persons.
We partition the Album 2 dataset following the same scheme
in [43]: the first 10, 000 pairs of faces are reserved for testing,
and the last 10, 000 pairs are used for training. There is no
overlapping subjects between training and testing sets. All
the face images are automatically preprocessed through the
following steps: (1) rotate the face images to align to the
vertical face orientation; (2) scale the face images so that the
distance between the two eyes is the same for all the images;
(3) crop the face images into 200 × 150 tightly to remove the
background and the hair region.
A. Parameter exploration
In the first experiment, we show how to determine the model
parameters in Eqn 3 using cross validation. Particularly, during
the training phase the 10, 000 training face pairs are divided
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Fig. 6: Validation accuracies vs. α (left) and vs. L (right).

TABLE II: Low-level features comparison
Feature descriptors
uniform LBP
MLBP
HOG
SIFT
Multi-scale SIFT
SIFT-Rank
Bio-Inspired-Features
LPS

Raw feature accuracies
40.04%
43.75%
44.12%
42.26%
44.19%
42.37%
38.72%
48.53%

into 10 subsets of equal size. A single subset is used for
validation and the rest 9 subsets are used for training. We
gradually increase the L from 16 to 96 with step 8. For each
L value, we search for the optimal α value such that the
accuracy is maximized at the validation subset. This process
is repeated for 10 times, and the optimal (L, α) combination
is set based on averaged validation performance. Figure 6
illustrates the validation process. Based on the validation result,
we set L = 64 and α = 0.5 for the result of our paper.
B. Low-level features comparison
In this experiment we compare the effectiveness of the
proposed LPS feature descriptor against the popular feature
descriptors in face recognition community. Specifically, we
use the extracted raw features (before refinement) directly for
face recognition. The matching score between probe face and
gallery face is defined as:
score =

< ~x, ~y >
k ~x kk ~y k

The comparative results are reported in Table II. The LBP
feature descriptor is the original LBP descriptor. The Multiscale LBP (MLBP) feature descriptor is an extension of LBP,
by computing the LBP descriptor at four different sampling
radii {1, 3, 5, 7}. Note that for fairness, we use the same sampling patterns with MLBP for our method. The HOG features
are extracted with the suggested settings in this paper [43],
where face images are processed at three different scales. The
SIFT feature descriptor [23] quantizes both the spatial location
and orientation of image gradient within an image patch,
and computes a histogram in which each bin corresponds
to a combination of specific spatial location and gradient
orientation. The SIFT-Rank [40] algorithm is a revised version
of SIFT, which uses the ranking of the SIFT values as features.

# Training subjects
1000
2000
3000
4000
5000
6000
7000
8000
9000
10,000

LFDA
85.64%
87.10%
88.21%
89.15%
89.61%
89.73%
89.84%
89.88%
90.01%
90.08%

Proposed
84.37%
86.25%
88.01%
89.72%
90.13%
90.55%
91.09%
91.82%
91.96%
92.11%

In our experiment, the SIFT features are extracted on the same
landmark points as our descriptor, with each landmark point
giving a 128-dimensional local features corresponding to 4
cells and 8 bins. For fair comparison, we also include the
multi-scale version of SIFT with sampling scales {1, 3, 5, 7}.
Bio-Inspired Features (BIF) is a recently developed descriptor
that has been successfully applied to face aging community
such as face-based human age estimation [6].
From the results listed in Table II we can see that our method
has a clear advantage over all the popular descriptors, which
confirms the effectiveness of our approach in matching crossage faces.
C. High-level feature refinement comparison
In this experiment, we investigate the effectiveness of our
high-level feature refinement framework by comparing it against the LFDA framework [42]. The LFDA is a state-of-theart approach to handle the high dimensional feature vector.
In the experiment, we fix the testing set as 10, 000 pairs of
images, and gradually enlarge the size of training set from
1, 000 to 10, 000 with 1, 000 increment at each step. For fair
comparison, we use the same low-level features extracted by
LPS algorithm for both frameworks.
We compare the recognition accuracy, the results of which
are shown in Table III. These results reveal that as we enlarge
the training dataset, the recognition performance of LFDA
improves very slowly after a certain point (e.g. 5, 000). The
recognition performance of our approach keeps improving,
however, up to 10, 000 subjects. This shows that our highlevel refinement framework is able to make efficient use of
large volume of training samples.
D. Overall benchmark comparison
In the last experiment, we present our benchmark result on
the MORPH Album 2 dataset, and compare it against the stateof-the-art approaches for aging face recognition. To ensure a
fair comparison, all the methods listed in Table IV are tuned
to the best settings according to their original papers, and all
the methods are using the same training and testing protocol:
10, 000 pairs of faces (with the largest age gap) used for
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TABLE IV: Overall benchmark comparison
Algorithms
FaceVACS [31]
Park et al. [18]
Du et al. [33]
Li et al. [20]
Klare et. al. [34]
Otto et al. [35]
Zhen et. al. [37]
Gong et. al. [43]
LPS
HOG+LPS
LPS+HFA

53

56

Recognition Accuracies
78.90%
79.80%
79.24%
83.90%
79.08%
81.27%
86.12%
91.14%
92.11%
94.20%
94.87%

50

output from the first level are further refined using our scalable
high-level feature refinement framework to form a final powerful face representation. Extensive comparison experiments
based on the MORPH Album 2 dataset reveals a significant
improvement over the state-of-the-art.
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