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In this paper we study the task of face verification of age-separated images with the presence of various in-
ternal and external factors. We propose a hierarchical local binary pattern (HLBP) feature descriptor for ro-
bust face representation across age. The effective representation by HLBP across minimal age, illumination,
and expression variations combined with its hierarchical computation provides a discriminative representa-
tion of the face image. The proposed face descriptor is combined with an AdaBoost classification framework
to model the face verification task as a two-class problem. Experimental results on the FG-NET and MORPH
aging datasets indicate that the performance of the proposed framework is robust with respect to images
of both adults and children. A detailed empirical analysis on the effects of internal (age gap, gender, and eth-
nicity) and external (pose, expressions, facial hair, and glasses) factors in the face verification performance is
also studied. The results indicate that the verification accuracy reduces as the age gap between the image pair
increases. A quantitative comparison on the effects of gender on verification performance by both humans
and the proposed machine learning approach is provided. The analysis indicate that the cues aid humans
in verifying image pairs with large age gaps, while it aids machines for all age gaps. However, the cues mis-
lead humans in the case of images of children and extra-personal pairs with large age gaps. Our analyses in-
dicate that the pose and expression variations affect the performance, despite training with such variations,
while facial hair and glasses act as discriminative cues. A study on the effects of ethnicity indicate that
non-linear algorithms have insignificant effect in performance with the use of both generalized and individ-
ual ethnicity models when compared with linear algorithms.

Keywords:

Age progression
Face recognition
Face verification
AdaBoost

Local binary patterns

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

The human face has been an important modality in biometrics, and
face recognition has been an active research area for the past several de-
cades. Face recognition is important due to the breadth of applications
such as crowd surveillance, security systems, border control, access
control to buildings and other secured areas, identifying missing chil-
dren, law enforcement, verification of duplicate enrollments, etc. Face
verification is a challenging task due to the facial appearance changes,
which are mainly caused by age progression besides other internal
and external factors. The appearance changes of a face are attributed
to shape (e.g. weight loss/gain) and texture changes (e.g. wrinkles,
scar, etc.), as age progresses. Besides biological factors, factors such as
ethnicity, habits, etc., and external factors such as eyeglasses, facial
hair, pose and expression changes, etc. often contribute to the physical
changes of the face. A detailed survey of contributions from both psy-
chologists and computer scientists can be found in [1,2].

* This paper has been recommended for acceptance by Rama Chellappa.
* Corresponding author.
E-mail addresses: mahaling@udel.edu (G. Mahalingam), chandrak@udel.edu
(C. Kambhamettu).

0262-8856/$ - see front matter © 2012 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.imavis.2012.10.003

Current verification systems face challenges due to an inadequate
set of images available for a subject across age. This is evident in the
case of applications such as identification of missing children, verifi-
cation of duplicate enrollments, etc. Hence, a verification system
should take into account the variations caused by age in order to pro-
vide better verification performance on age separated images.

1.1. Background

Face verification across age has not been explored much in the past
in spite of its importance in real-world applications. A detailed survey of
the effects of aging on face verification tasks can be found in [3,4]. Earlier
approaches [5-10] perform recognition by transforming one image to
have the same age as the other, or by transforming both the images to
reduce the aging effects. Ramanathan and Chellappa [11] proposed an
aging model to perform face verification of images under the age 18.
Park and Jain [12] also proposed a 3D aging model to perform recogni-
tion across age. The authors use a 3D aging model to perform age trans-
formation of the images.

One of the shortcomings of the above mentioned approaches is
that the information about the age of the probe image is required in
order to perform the age transformation. This information is usually
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not available in real-world applications. Also, the accuracy in age
transformation relies on the accuracy of the aging model. Such inac-
curacies may result in inappropriate age transformations causing in-
stabilities to these approaches. Hence, we propose a discriminative
approach to perform face verification across age progression.

Discriminative approaches proposed in the past [13-17] follow a
non-generative approach to perform face verification across age pro-
gression. Ramanathan and Chellappa [13] proposed a discriminative
approach for face verification across age progression. The authors
adapted the probabilistic eigenspace framework and a Bayesian
model to learn the differences between intra-personal pairs and
extra-personal pairs. Ling et al. [14] also used a discriminative ap-
proach for face verification of age separated images. The authors pro-
posed a face representation called gradient orientation pyramid, in
which the image gradients are computed hierarchically to represent
a face image. SVM based classification framework is then used for
classification of the image pairs. Zhang et al. [15] and Wang et al.
[17] used variants of LBP for extracting facial features and used
them in their classification framework to classify image pairs of the
same age. Kumar et al. [18] proposed attribute and simile classifiers
which utilize the information from visual cues and perform face cate-
gorization in order to perform face verification. Li et al. [19] proposed
a Q-stack model to perform face verification across age and head pose
variations. Our work differs from the above mentioned approaches in
the face representation and the classification framework.

We propose a discriminative approach for the task of face verifica-
tion of age separated images. A discriminative feature based face rep-
resentation coupled with a classification framework is proposed. The
proposed framework has been applied to two aging databases, which
include both internal and external variations in the face images. A de-
tailed analysis on the performance of the proposed approach in com-
parison with other state-of-the-art approaches under these variations
has been discussed in Section 5.

The rest of the paper is organized as follows. The problem formu-
lation and our contributions are discussed in Section 2. The face veri-
fication framework is discussed in Section 3. Then, we introduce the
hierarchical face representation in Section 4 and also provide a de-
tailed analysis on the hierarchical face representation for the extrac-
tion of age invariant patterns. The experimental setup, datasets
used, etc. are discussed in Section 5. Experiments to study the effects
of internal and external factors are discussed in Sections 6 and 7, re-
spectively. A detailed analysis on the performance of humans as
well as the proposed approach is discussed in detail in Section 8. A
statistical analysis on the human verification performance is also pro-
vided. Finally, Section 9 presents the conclusions and further discus-
sions on this work.

2. Problem formulation
2.1. Face verification framework

Face recognition involves identifying the identity of an individual
in the given probe image by comparing it with a gallery of individuals.
But, the task of face verification involves identifying whether two im-
ages from an image pair belong to the same person or not. This meth-
od of verification is suitable for applications such as access control,
border control, verification of photo-ID documents, etc. where the
validation is performed by verifying the new photo with the old
one. Earlier research works [20-22,14] have studied the face verifica-
tion task as a two-class classification problem, where an image is ei-
ther classified as intra-personal (belonging to the same individual)
or extra-personal (belonging to different individuals).

The aim of this paper is to address the problem of the per-
formance of a face verification system in classifying age separated
image pairs under the influence of both internal and external factors.
To address this problem effectively, we propose a discriminative face

representation and a classification framework. Face verification is
performed on two publicly available aging datasets, FG-NET [23]
and MORPH [24] which involve more than 3000 and 70,000
intra-personal pairs, respectively.

In our proposed face representation, the uniform local binary pat-
tern (LBP) operator is applied hierarchically to extract the features of
a face image. The weak classifiers for every pair of images are then
obtained by mapping the extracted features to the LBP feature
space. Then we apply the AdaBoost learning algorithm proposed by
Yoav et al. [25] to obtain the most discriminant features (strong clas-
sifiers) to represent the image pair. The final strong classifier, which
combines a few hundreds of weak classifiers, can evaluate similarity
between the two images. The entire framework is shown in Fig. 1.
Table 1 provides a comprehensive list of various approaches proposed
for face verification and their accuracies.

2.2. Contribution

First, we propose an effective face description in which we extend
the LBP operator to a hierarchical LBP (HLBP). HLBP for each image is
constructed by computing the uniform LBP at every level of the image
pyramid and concatenating them together to form the HLBP descriptor.
In our approach, we show that the face descriptor provides better per-
formance in verifying age separated image pairs. We obtain near
equal performance in verifying images of both adults and children
when compared with other approaches. The use of LBP for face descrip-
tion is motivated due to its effective representation across illumination,
minimal age, and expression variations as shown in [26,27]. Thus, LBP
can be utilized to provide a robust face representation of images with
aging effects. Also, the face is comprised of micro-patterns that are
well captured by LBP. The effectiveness of the face representation is im-
proved by computing the LBP hierarchically.

Second, we present a detailed study on the verification perfor-
mance for two publicly available benchmark datasets. We evaluated
the performance of the proposed approach with that of a variant of
the proposed approach and with the state-of-the-art approach pro-
posed by Ling et al. [14]. In addition, we study the effects of factors
such as age gaps between the images, facial hair, pose, expressions,
glasses, and ethnicity on the verification performance. A detailed
analysis on the feasibility of using discriminant functions for face ver-
ification of age-separated images across ethnicity is studied. A com-
parison on the analysis of the effects of gender from both cognitive
psychology and machine learning approach is discussed. The observa-
tions from the study are discussed in detail in Section 5.

Third, we present an evaluation of the performance by humans
and machines for the task of face verification across various age
gaps. We also present a statistical analysis of the performance results
of humans in order to illustrate its significance in drawing important
conclusions. The motivation behind this study is to analyze the per-
formance of humans in verifying image pairs across age and gender,
since humans use many visual cues to recognize faces from images.
The face verification task involves images of both children and adults
with various age gaps between the image pairs. The performance of
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Fig. 1. Flowchart of the proposed face verification framework.
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Table 1
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A comparison of face verification methods across aging. The results for MORPH are from our experiments.

Approach

Database (# of subjects, # of images) EER reported (%)

Ramanathan and Chellappa [13]

Ling et al. [14] Gradient orientation pyramid with SVM

Our approach Hierarchical LBP with AdaBoost

Point five faces with Bayesian framework

Private database (200, unknown) 8.5%
Passport I (private) (200, unknown) 8.9%
Passport II (private) (unknown, unknown) 11.2%
FG-NET (62, 272) (only a subset) 24.1%
MORPH (5060, 20,140) 29.38%
FG-NET (82,1002) (entire database) 24.08%
MORPH (5060, 20,140) 16.49%

both humans and the machine learning approach is analyzed under
two scenarios: 1. when the gender information of the subject in the
image is provided, and 2. when the gender information of the subject
in the image is not provided.

3. Classification framework

As in [20-22,14], we model the face verification task as a two-class
classification problem. Face verification is a multi-class problem,
which can be converted to a two-class problem by classifying the
image pairs as intra-personal and extra-personal. Given two images
I; and [j, the task is reduced to classifying this image pair as either
intra-personal or extra-personal. A feature vector is obtained by map-
ping the image pair into a feature space, and is given as follows.

x=5(Is. 1), M

where xe%¢ is the feature vector from the d-dimensional feature
space and the mapping function S is defined as

S IxI-%R 2)

where [ is the set of all images.

The AdaBoost algorithm is used to classify the feature vectors as
belonging to intra-personal pairs and extra-personal pairs. AdaBoost
introduced by Yoav et al. [25] is a strong tool to solve a two-class clas-
sification problem. The AdaBoost classifier learns a strong classifier by
selecting a set of weak classifiers for every iteration from the training
data. The final strong classifier is given by,

H(x) = sign(2_a;h, (x)), ()

where H(x) is the strong classifier, o, &% and ¢ = } In'2% where & is
the weighted error rate of weak classifier h,. The final strong classifier
represents the boundary in the feature space that separates the
intra-personal and extra-personal pairs. In our experiments, we use
the GMLAdaBoost library [28].

4. Hierarchical face description

Each face is described by constructing an image pyramid from the
face image and computing LBP descriptors from each level of the
pyramid. The final LBP descriptor is obtained by concatenating the
LBP descriptors at each level of the pyramid.

The original LBP operator proposed by Ojala et al. [29] is a simple
but very efficient and powerful operator for texture description. The
operator labels the pixels of an image by thresholding the nxn neigh-
borhood of each pixel with the value of the center pixel and consider-
ing the result value as a binary number. Fig. 2 shows an example of
the basic LBP operator. The calculation of the LBP labels can be easily
done in a single scan of the image. The histogram of the labels of the
pixels of the image can be used as a texture descriptor. The gray-scale
invariance is achieved by considering a local neighborhood for each
pixel and by considering just the sign of the differences in the pixel

values instead of their exact values. The LBP operator was then ex-
tended by Ojala et al. [30] in which the labels of each pixel are
obtained using circular neighborhood having different sizes. The
bi-linear interpolation of the pixel values from circular neighborhood
allows the usage of any radius and number of pixels in the neighbor-
hood. The LBP operator with P sampling points on a circle of radius R
is given by,

P—1

LBPpg = >_s(g,—8c)2" 4)
p=0
where
1 if x>0
5("):{0 if x< 0 )

where g. corresponds to the gray value of the center pixel of the local
neighborhood pixels with gray values g,, p=0, ..., P— 1. Fig. 3 shows
the (4,1) and (8,2) neighborhood circular LBP operator with 4 and
8 sampling points and radii 1 and 2, respectively.

Ojala et al. [31] also introduced another extension to the original
operator which uses the property called uniform patterns according
to which an LBP is called uniform if there exist at most two bitwise
transitions from O to 1 or vice versa. Uniform patterns represent
local micro-patterns of the image such as edges, spots and flat areas.
In addition to this, uniform patterns can reduce the dimension of
the LBP significantly, which is advantageous for face verification. In-
variance to rotation of the face image can be achieved using the
idea of rotation invariance proposed by Ojala et al. [29,31] as an ex-
tension to the LBP operator. The idea is to rotate the gray values of
the neighboring pixels of an image pixel so as to obtain the least bina-
ry value for the operator. In our experiments, we use the LBP¥% which
is the uniform LBP operator with a window size of 5x 5 around each
pixel. In addition, we collect the LBP features in a hierarchical way,
which has been shown to retain the most visual information as in
[32,33].

Given an image I(x,y), where (x,y) indicates pixel locations, we
first define the pyramid of I as

Gul) =I(x,y,k) :k=0,....s 6)
with
Go(l) =1(x,y,0) 7
Ge(D) = I(x,y,k=1)®D(x,y)] 8
5| 7|10 0|1 1
Threshold Binary: 01110001
126 8] — | 1 1 | Decimal: 113
3|1 4 ofo]oO

Fig. 2. The basic LBP operator.
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Fig. 3. LBP,; and LBPg, circular LBP operators.

where &d(x,y) is the Gaussian kernel and s is the number of pyramid
levels. The image at level k of the pyramid is obtained by convolving
the Gaussian kernel with the image at level k — 1. The image at each
level of the pyramid is divided into blocks of size 8 and the LBP oper-
ator is applied to each block of the image at each level to obtain a LBP
histogram for each block. The cumulative LBP histogram is obtained
by concatenating the LBP histograms of each block of the image. The
LBP operator is applied to all the images in the pyramid and a cumu-
lative LBP histogram is obtained for the images at each level of the
pyramid. The LBP pyramid of the image I is defined as follows;

L(l) = [LBP(Go (I)); LBP(G; (I)); ... LBP(G(I))] 9

where L(I)Eﬂtdxs which maps the image I into a d x s representation,
where d is the length of the cumulative LBP histogram obtained
from the image at each level of the pyramid. Fig. 4 illustrates the com-
putation of a LBP pyramid from an image.

4.1. Kernels between HLBPs
Given an image pair (I;I;) and corresponding LBP pyramids L(I;)

and L(I;) (representing the LBP patterns from all scales of the pyra-
mid), the feature vector x is given by

x=S(1.1;) (10)

where S is defined as the inner product between the LBP histograms
of all the image blocks at all levels of the pyramid and given by

RO H I

where - is the Hadamard product between matrices. It is to be noted
that L(I;) and L(I;) are d x s matrices, whose dot product gives a d x s rep-
resentation whose inner product with an identity vector of dimension
sx 1 produces a d dimensional vector (i.e. x).

4.2. Age invariant patterns using hierarchical LBP
In order to establish similarity (or dissimilarity in case of

extra-personal pairs) between two age separated images, it is impor-
tant to extract age invariant texture patterns from both the images. It

*laxs

Fig. 4. Computation of LBP pyramid from an image.

has been shown that discriminatory information such as the distribu-
tion of the edge direction in the face image is an age invariant feature
[34]. A dense sampling using LBP local descriptors allows the extrac-
tion of such discriminatory information. Computing the LBP from a
multi-scale image allows for the dense sampling of the texture pat-
terns from an image. The extracted multi-scale LBP features are well
suited for age invariant face verification as supported by our experi-
mental results.

There are two approaches using which a multi-scale LBP can be
computed. In the first approach, the LBP codes are extracted for
each pixel with different radii. The second approach involves
extracting LBP codes from different image scales. However, the for-
mer approach has its own shortcomings due to the use of convention-
al LBP and is detailed as follows.

First, the conventional LBP methods extract only the micro struc-
tures (edges, corners, spots, etc.) of the images, while the HLBP extracts
both micro and macro structures [35]. Texture classification algorithms
[36,37] have shown that texture patterns cannot be discriminated with
only micro patterns, but requires both micro and macro structures.
Second, the stability of the LBP values decreases with the increase in
the neighborhood radii (first method of multi-scale LBP extraction).
This is due to the minimal correlation of the sampling points with the
center pixel. Further, from a signal processing point of view, the sparse
sampling adapted by the LBP operators from large neighborhood radii
may not result in an adequate representation of the two-dimensional
image signal. Also, aliasing effects are an obvious problem.

The second method of computing the multi-scale LBP generates
multi-scale image structure which has been used in the past for effec-
tive texture analysis and matching which requires both the micro and
macro structures to be extracted. Thus the multi-scale approach al-
lows capturing both micro and macro texture patterns by computing
LBP at different scales. These observations are verified from the equal
error rates (EER) (shown in Table 2) from the 5-fold cross validation
face verification experiments on FG-NET and MORPH datasets. The
EER is defined as the error rate when the true acceptance rate (TAR)
and true rejection rate (TRR) are equal, where TAR and TRR are
given by,

# of truly accepted intra — personal pairs

TAR = # of total intra — personal pairs

(12)

# of truly rejected extra — personal pairs

TRR = -
# of total extra — personal pairs

(13)

where accept indicates that the images are from the same subject, and
reject indicates that the images are from different subjects. The EERs
from Table 2 indicate the effectiveness of HLBP when compared
with LBP having large radii.

4.3. Performance analysis of hierarchical LBP

In order to show the effectiveness of the proposed hierarchical LBP
face representation, we performed face verification experiments on
the FG-NET database using two frameworks. The first variant uses
HLBP with AdaBoost classification framework and the second variant
uses HLBP with random forest (RF) classification framework. The mo-
tivation behind this experiment is to determine the robustness of the

Table 2
Experimental comparison on the performance of LBP (with various P and R values) and
HLBP on FG-NET dataset.

LBP (P=8,R=2) LBP (P=16,R=2) LBP (P=16,R=4) HLBP (P=8,R=1)
31.20% 35.78% 41.22% 24.08%
20.34% 26.34% 27.53% 16.49%
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HLBP with different classification frameworks. Table 3 shows the EER
obtained from the above mentioned approaches.

There are several observations made from the experimental re-
sults. First, it can be seen that the performance of both the classifiers
is nearly equal which indicates the effectiveness of HLBP in face rep-
resentation under different classification frameworks. The advantage
of the HLBP is that it allows a better description of the features due to
the feature extraction at different image scales. The extraction of LBP
at each level of the hierarchy proves useful when images with differ-
ent resolutions need to be verified.

Unlike the generative methods (see Section 1.1), the proposed
framework does not require prior information (age, etc.) about the
images. Also, the proposed framework is a discriminative approach
which does not involve age estimation or age simulation in order to
verify the image pairs. This potentially avoids the instabilities intro-
duced by these processes in the face verification task.

5. Experiments and results
5.1. Experimental setup

5.1.1. Datasets

The face verification experiments are conducted on the FG-NET [23]
and the MORPH [24] aging databases. Both FG-NET and MORPH are
publicly available databases, which include images across ethnicity
(mostly Caucasians and African Americans), age, gender, pose, illumina-
tion, expression, occlusions, facial hair, etc.

FG-NET includes 1002 images from 82 subjects with an age range
of 0-69 years and an average of 12 images per subject. FG-NET in-
cludes real-world images from limited number of subjects (82)
taken under uncontrolled conditions. Also, the largest age gap be-
tween an image pair of a subject is 45 years. These properties of
FG-NET make it a challenging database for our experiments. Hence,
we use the entire database (1002 images) in our experiments.
Table 4 shows the statistics of the FG-NET database.

The MORPH aging database [24] is a publicly available database
and consists of two Albums of images. Album1 consists of 1690 digi-
tally scanned images of 631 subjects with an average of 4 images
per subject. Album 2 consists of more than 20,000 digital images of
more than 4000 individuals with an average of 4 images per subject.

5.1.2. Preprocessing

The images undergo a preprocessing stage cropping the face re-
gion and resizing it to 128 pixels. An image pyramid consisting of 3
scales (levels) is constructed and the LBP is computed at all the
three levels. From our experiments, we deduce that effective, age in-
variant texture patterns can be extracted from the three levels of the
image pyramid for images of both adults and children. No other pre-
processing such as pose correction, normalization, etc. is performed.

5.1.3. Approaches

The face verification performance of the proposed approach is
compared with LBP+ AdaBoost, and SVM + GOP [14] approaches.
The LBP+ AdaBoost is a variant of the proposed approach where
LBP is computed only at the finest scale.

Table 3

Performance analyses on the hierarchical LBP face descriptor. The table shows the
average equal error rates (EER) from a 5-fold cross validation face verification experi-
ment using different classification frameworks on the FG-NET database.

HLBP + AdaBoost
24.08%

HLBP + RF
25.59%

FG-NET

Table 4
Statistics on the FG-NET database used in face verification task. “Std. age” represents
the standard deviation of the age.

# of subjects # of images # of intra pairs Mean age

82 1002 5805 15.8 12.8

Std. age

5.1.4. Experimental evaluation

We conducted experiments to analyze the effects of both internal
(age gap, images of children and adults, and ethnicity) and external
factors (pose, expressions, facial hair, and glasses) that affect the
face verification performance, with the main focus on age separated
images. A protocol similar to the one in [14] is followed for experi-
ments on FG-NET. A 5-fold cross validation experiment is conducted
for each database. The performance of the approaches is evaluated
using the TAR-TRR curves (ROC curves). The various points on the
ROC curve are computed by varying the classifier parameters. For
AdaBoost, the ROC curves are generated by varying the tetta, a thresh-
old parameter which varies the confidence score of the classifier. The
average of the ROC curves from the 5-fold cross validation experi-
ments is considered as the average performance of the approach.
The average EER is computed in a similar way for each experiment.

6. Effects of internal factors
6.1. Effects of aging

We perform 5-fold cross validation face verification experiments on
the FG-NET and the MORPH datasets. The effects of aging (both children
and adults) and the effects of age gap between the images in the image
pair are analyzed through these experiments. For the face verification
experiment, we generated 5800 and 78,735 intra-personal pairs from
the FG-NET and the MORPH datasets, respectively. An equal number
of extra-personal pairs are randomly generated from images of different
subjects. The training and testing pairs in each fold of the cross-
validation are mutually exclusive. That is, the images from the same
subject do not appear in both training and testing image pairs. The
number of intra-personal and extra-personal pairs is equally divided
among folds.

Figs. 5 and 6 show the TAR-TRR curves obtained from all the ap-
proaches mentioned in Section 5.1. It is evident from the results
that the proposed approach outperforms all others. It is also evident
that the hierarchical representation is effective for face verification
tasks. This can be observed from the ROC curves of HLBP + AdaBoost
and LBP + AdaBoost approaches. Since the entire database is used, it
can be seen that the system effectively handles images of children
and adults. Also, the system effectively handles image pairs with
large age gaps. It is to be noted that preprocessing in terms of pose cor-
rection and normalization is not performed with these images. Table 5
shows the average EERs obtained for various approaches on the
FG-NET and the MORPH dataset.

6.2. Effects of aging in children and adults

Facial changes due to aging are mainly manifested in terms of
shape and texture variations [11,13]. However, these changes are
manifested at different rates for different age groups. A child's face
undergoes major shape changes, but minimal texture changes,
while an adult's face undergo minimal shape changes than texture
changes [11]. Hence, it is interesting to evaluate the above mentioned
approaches on images of children and adults separately. This section
discusses the face verification experiments on both images of children
and adults from the FG-NET database.

The FG-NET database is divided into two subsets. The first subset
(children) included 640 images from 67 subjects with age less than



G. Mahalingam, C. Kambhamettu / Image and Vision Computing 30 (2012) 1052-1061 1057

1

09r
0.8
0.7
0.6

0.5

—— HLBP+Adaboost
0.4} —o— LBP+Adaboost

—=— SVM + GOP [14]

0.3

0.21

True Rejection Rate (TRR)

0.1

0 . .
0 01 02

03 04 05 06 07 08 09 1
True Acceptance Rate (TAR)

Fig. 5. TAR-TRR curves for face verification under the effects of aging on the entire
FG-NET database.

18 years and the second subset (adults) included 362 images from
61 subjects with age greater than 18 years. We generated 5718
intra-personal pairs for the first set and 2328 intra-personal pairs
for the second subset of images. An equal number of extra-personal
pairs is randomly generated for each subset to avoid the bias in train-
ing the classifiers. Face verification task is performed using a 5-fold
cross validation and the average EERs and TAR-TRR curves are
reported in Table 5 and Figs. 7 and 8.

The following are the observations made from our experiments.
First, the performance of the approaches is lower for childrens' im-
ages when compared with the performance for adult images. It is a
common observation that the task of face verification is harder for
children than adults. This is due to the fact that a face profile un-
dergoes large variations in shape before age 18 (as stated in [14]).

It can be seen that the performance of the proposed approach and
its variant does not vary significantly between the two experiments
(children and adults). This suggests that LBP provides an effective
representation across age groups, which is improved further by com-
puting the LBP at different scales.

6.3. Effects of age gaps

The motivation behind this study is to analyze the effect of age
gaps between images in verification performance. Both the FG-NET
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Fig. 6. TAR-TRR curves for face verification under effects of aging on the entire MORPH
database.

Table 5
Effects of internal factors. The table shows the average EER obtained from the 5-fold
cross validation experiments on the FG-NET and MORPH datasets.

Internal factor Approach FG-NET MORPH
Aging SVM + GOP 26.8% 29.38%
LBP + AdaBoost 25.9% 24.52%
HLBP + AdaBoost 24.08% 16.49%
Aging in children SVM + GOP 34.27% -
LBP + AdaBoost 25.68% -
HLBP + AdaBoost 23.20% -
Aging in adults SVM + GOP 24.20% 29.38%
LBP + AdaBoost 23.98% 24.52%
HLBP + AdaBoost 20.72% 16.49%
Effect of age gaps LBP + AdaBoost 0-2 years 37.54% 20.47%
3-5 years 40.72% 27.88%
6-8 years 41.64% 44.73%
9-11 years 42.45% 39.68%
HLBP + AdaBoost 0-2 years 30.83% 17.54%
3-5 years 34.76% 18.40%
6-8 years 35.08% 26.41%
9-11 years 37.52% 30.26%

and the MORPH databases are used for this experiment. The
intra-personal image pairs are categorized into four categories
based on the age gap between the images. We follow the categoriza-
tion similar to [14]. The four categories include age gaps from 0 to
2 years, 3 to 5 years, 6 to 8 years, and 9 to 11 years. Face verification
experiments are conducted for each category using a 5-fold cross val-
idation. All the intra-personal pairs and an equal number of randomly
selected extra-personal pairs are used to generate the folds. Table 6
shows the number of intra-personal pairs generated for each category
for the FG-NET database.

The experiment is conducted using the approaches, HLBP +
AdaBoost and the LBP + AdaBoost. The average of the equal error
rates from each fold is used to evaluate the performance of the
approaches. Table 5 shows the average EER obtained for various
approaches on both FG-NET and MORPH databases for various age
gaps between the images. Figs. 9 and 10 show the performance of
the experiments on all four groups on FG-NET and MORPH, respec-
tively. From the plots, it can be seen that the difficulty in verification
increases with an increase in the age gap between the images.
However, the rate of increase in the equal error rate reduces with
an increase in the age gap. This can be observed from the equal
error rates of the two different representations of the proposed ap-
proach. In addition, we observed that this rate of increase in the EER
varies across datasets. This is due to the variation in the number of
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Fig. 7. TAR-TRR curves for face verification experiments showing the effects of aging in
children from the FG-NET database.
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Fig. 8. TAR-TRR curves for face verification experiments showing the effects of aging in
adults from the FG-NET database.

intra-personal and extra-personal pairs in each age group for a
database.

6.4. Effect of ethnicity

Ethnicity is one other internal factor that can have a significant in-
fluence on the performance of the verification system. This is due to
various anthropometry changes in the face across ethnicities. To eval-
uate the effects of ethnicity, we performed face verification experi-
ments using the following ethnicities; 1. Caucasian (FG-NET [23]), 2.
African American (MORPH [24]), 3. Hispanic (MORPH), 4. Indian (In-
dian face DB [38]), and 5. Japanese (JAFFE [39]).

The verification performances of both linear (PCA) and non-linear
(HLBP 4 AdaBoost and LBP+ AdaBoost) algorithms are evaluated
under the following scenarios.

» Expl: Training is performed with one ethnicity and tested on un-
known ethnicities. Five classifiers, one for each ethnicity are trained
and are used for face verification.

* Exp2: Training is performed on a mixture of ethnicities (cross-race) and
tested on known and unknown ethnicities. Each classifier is trained
with 4 ethnicities randomly selected in a leave-one-out fashion.

The motivation behind the design of these experiments is to eval-
uate the significance of cross-race effect [40] in face verification with
both linear and non-linear algorithms. We generated 16,944 intra-
personal pairs and an equal number of randomly selected extra-
personal pairs. Table 7 shows the average EERs from all the
approaches for both the experiments. The following observations
are deduced from the EERs;

* The error rates from Exp2 when compared with Exp1 indicate a de-
crease in performance when the classifier is trained with image
pairs from every ethnic group. This is due to the lack of an accurate
generalization of the facial features across ethnicity. This also

Table 6
# of intra-personal pairs generated for age gap categories on FG-NET and MORPH
database.

Age gap (years) FG-NET MORPH
0-2 846 123,444
3-5 1160 11,848
6-8 937 792
9-11 2862 956
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Fig. 9. Effects of age gaps on verification performance for the FG-NET database. The
curves are shifted slightly along the x-axis for better illustration.

suggests that it is important to focus on individual models instead
of generalized models for face verification/recognition.

It can be seen that the non-linear algorithms provide better perfor-
mance when compared with the linear algorithms in the case of
both individual and generalized ethnicity models. This is consistent
with the observation that non-linear functions perform better when
compared with linear discriminant ones with sufficient training
data [41].

7. Effect of external factors

Besides age related variations, the presence of external factors on
the face image of a subject can affect the verification performance. In
order to evaluate the effects of these external factors, we conducted
face verification experiments on four subsets of the FG-NET database.
Each subset includes images with pose, expression, eyeglasses, and
facial hair variations, respectively. Two kinds of experiments were
conducted in which the classifier is trained with (Experiment1) and
without (Experiment2) these variations. Table 8 shows the average
EER for both Experimentl and Experiment2 under the influence of
the external factors.

It is evident from the table that the performance is improved
when the classifier is trained with images involving these variations.
In particular, we can see that the facial hair and glasses act as discrim-
inative cues thus providing a better performance. This also indicates
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Fig. 10. Effects of age gaps on verification performance for MORPH database. The
curves are shifted slightly along the x-axis for better illustration.
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Table 7
Effects of ethnicity. Average EER from face verification experiments showing the effects
of individual and generalized ethnicity training models.

Approach Exp1 Exp2
Test on known ethnicity Test on unknown ethnicity
PCA 35.08% 44.64% 47.08%
LBP +AdaBoost  29.73% 30.77% 34.83%
HLBP +AdaBoost  23.12% 24.76% 27.57%

that the learning process of the classifier is influenced by these cues,
which can be a disadvantage if the testing images do not include
glasses or facial hair. However, the effects of expressions and pose
variations are significant when compared with the effects of facial
hair and glasses. This can be observed from the respective EERs of
Experiment1. This is due to the lack of all possible expressions
or poses for training purposes. Hence the classifier may not be accu-
rately trained for all possible expressions or pose variations. The re-
sults from Experiment2 show that the verification task becomes
extremely difficult when the classifier is not trained with images in-
cluding these variations.

8. Human vs. machine learning evaluation of face verification

Humans are backed with knowledge base allowing them to use
and interpret multiple information in recognizing faces. Human per-
ception studies suggest that humans utilize visual cues more than dis-
criminative cues to recognize face images [42]. Hence, the use of such
cues in recognizing/verifying face images by humans can provide an
insight on the use of these cues in the face verification task. In order
to evaluate the performance of humans, with and without the pres-
ence of discriminative cue (gender is used in our experiments), we
conducted cognitive psychology (CP) experiments involving 86
human subjects. The human subjects are psychology students (Cauca-
sians and African Americans) with no knowledge about the datasets
and the problem of face verification. This allows for cross-race train-
ing and testing. The gender information is provided as a hint which
can be availed by the subject, if needed.

A similar face verification experiment is performed using the
proposed machine learning approach (with and without gender in-
formation). The gender information is used to prune the search
space for the classifier to perform verification. In order to provide a
fair comparison between the machine learning approach and the
human evaluation approach, 188 image pairs were selected from all
age groups (baby, child, adult, and senior) and all age gap categories
from both FG-NET and MORPH, and used for testing.

Table 9 shows the error rates in face verification from both the
human experiment and the proposed machine learning approach
with a 95% confidence level. The image pairs are categorized into
five groups based on the age gap between the images. The following
observations are made from the verification results.

Table 8
Effects of external factors. The table shows the average EER from a 5-fold cross valida-
tion face verification experiment on subsets of the FG-NET dataset.

External factor Avg. EER when trained on Avg. EER when trained on images
images with external factors without external factors

Expression 23.40% 48.23%
Pose 24.57% 49.70%
Facial hair 12.09% 46.54%
Eyeglasses 10.14% 48.59%

Table 9

Face verification error rates from the cognitive psychology and the proposed approach
with and without the use of discriminative cue (gender). The error rates are computed
at 95% confidence level.

Age gap (years) Human experiment Proposed approach

Error rate Error rate Error rate Error rate
(no hints) (with hints) (no hints) (with hints)
0-2 15.28% 19.05% 24.18% 22.41%
3-5 34.17% 39.37% 26.58% 23.72%
6-8 37.48% 42.18% 30.75% 26.37%
9-11 30.74% 27.32% 33.89% 29.43%
>11 30.91% 29.31% 34.42% 30.28%

The use of discriminative cues provides improved performance by
the proposed approach when compared with the performance of
the proposed approach without the use of these cues. The improve-
ment in performance is achieved in terms of accuracy, lower time
requirements, and graceful degradation of the search space, which
allows for matching with only a subset of images from the gallery,
where the subset of images is selected based on the discriminative
cue of the probe image. This eventually reduces the execution
time and also the computational cost, since the probe is compared
with only a subset of the gallery.

The cues aid humans in verifying image pairs with an age gap great-
er than 8 years. However, humans tend to mis-classify image pairs
with an age gap less than 8 years. Also, we observed that the
misclassified image pairs included images of subjects with an age
gap less than 16 years. This indicates that the task of verifying im-
ages of children is difficult for humans as well. Also, humans tend
to mis-classify images from different subjects as the age gap in-
creases even with the presence of discriminative cues. Fig. 11
shows some sample intra-personal and extra-personal image pairs
that were misclassified by humans.

The performance of the machine learning approach is comparable
with the performance of humans in verification of image pairs
with large age gaps. It can be seen that the performance of the ma-
chine learning approach is significantly better with the use of gen-
der information when compared with the performance by humans
with the use of the same gender information.

From Table 9, we note that the error rate achieved from human ver-
ification performance for the age gap range of 6-8 years is high
even with the use of hints, when compared with the error rates
obtained without the use of hints for the same age range. An obser-
vation of the image pairs for that age gap range shows that humans
were misled in classifying extra-personal image pairs. This indicates
that gender information did not prove useful for humans in verify-
ing extra-personal image pairs. Also, the results indicate the pres-
ence of cross-race effect, which shows that humans find it difficult
to identify faces from a race different from their own. Fig. 11
shows some sample image pairs that were misclassified by humans.

8.1. Statistical analysis of human evaluation

In order to evaluate the data obtained from the CP experiment, the
data is analyzed using the hierarchical linear modeling (HLM) [43]
also known as multi-level modeling. HLMs are suitable for data with
many levels and allows for more accurate estimation of effects in sit-
uations where some of the data is “nested”. For example, in the case
of the CP experiment, it accounts for how 100 evaluations (say) of
faces by one human subject are likely more related than 100 evalua-
tions across multiple participants. Also, the images are collected
across multiple levels such as gender, ethnicity, pose and expression
variations.
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Fig. 11. Sample set of image pairs used in the cognitive psychology experiment. First row shows intra-personal pairs. Second and third rows show extra-personal pairs. The age gap
between the images is listed below each pair. All the image pairs shown are mis-classified by humans.

A level 2 regression is followed in order to facilitate the analysis
based on gender and ethnicity effects. A random intercepts model is
followed where the regression equations are given by,

Boj = Moo + Moy Wj + U, (14)
Bij = Ty + Uy

where, 3 is the intercept, 1 is the slope between the dependent vari-
able and the corresponding level predictor, W refers to the level 2
predictor, and u refers to the standard error component for deviation
of the intercept of a group from overall intercept (o). Mo, refers to
the age gap between the images, and my, refers to the various age
groups (children, adult, etc.).

The motivation behind the analysis is to determine whether the
gender information helped humans in verifying image pairs across
various age gaps and also to verify the statistical significance of the
results from the CP experiment.

Table 10 shows the parameter values obtained from regression on
the model. It can be observed from the parameter values (standard
error in particular) that people are more likely to classify the image
pairs correctly with the help of gender information as the age gap in-
creased. This can be observed from the low standard error for g,
when compared with my (less age gap).

9. Conclusion and discussion

In this paper, we studied the problem of face verification with age
variations using discriminative methods. Face image is holistically
represented using the hierarchical local binary pattern feature
descriptor. The LBP provides an effective representation across

Table 10
HLM statistical analysis on the CG face verification experiment results. The parameter
values from HLM are presented in the table.

Parameters Coefficient (m) Standard error (u)
Intercept 3p0 and 1o (overall intercept) —0.9528 0.0529
Intercept 310 and my; (age gap) 0.0169 0.0022

minimal age variations, illumination, and minimal pose variations,
which makes it a suitable descriptor for description of images across
age. The spatial information is incorporated by combining the LBP at
each level of the Gaussian pyramid constructed for each face image.
We presented an AdaBoost classifier that identifies the intra-
personal and extra-personal image pairs across age gaps. Experi-
ments on the FG-NET and MORPH database provided an insight on
several factors that affect the performance of a face verification
system.

From our experiments, we deduce that it is crucial for a face veri-
fication system to accurately learn the facial changes due to age pro-
gression for robust performance. There are several factors, both
internal and external that affect the performance of a face verification
system. The primary changes in the face of an individual are caused
by shape and texture changes. While these changes attribute to inter-
nal factors, external factors such as pose, expressions, facial hair,
glasses, etc. also affect the performance of a verification system. Our
results indicate that variations in pose and expressions have a signif-
icant effect in the performance in spite of learning these variations.
Our experiments on the effects of ethnicity suggest that the perfor-
mance reduces when trained with multi-ethnic groups. The reduction
in performance is observed when compared with the performance on
training with an ethnic group and testing with the same/different
ethnic group.

Besides these internal and external factors, biological factors such
as gender, ethnicity, weight gain/loss, etc. also have a significant
effect on the performance. The evaluation of performance by humans
and machine learning approach under the presence of gender infor-
mation suggests that factors such as gender, age group, ethnicity,
etc. can act as discriminative cues and thus provide an improved per-
formance in terms of accuracy, lower time requirements, and graceful
degradation of the search space.
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