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4
Enabling Facial Dynamics in Age
Estimation∗

4.1 Introduction

Age estimation from human faces is a challenging problem with applications in forensics, se-
curity, biometrics, electronic customer relationship management, entertainment and cosmetol-
ogy [4, 54, 120]. Automatic age estimation can augment many computer applications in these
domains, but it can also be used as a stand-alone tool, since humans are not universally suc-
cessful in estimating age. The most frequently used measure of age estimation is the mean
average error (MAE), and a recent crowd-sourcing study performed with frequently used aging
databases show that humans have a MAE of 7.2–7.4 years for estimating the age of a person
over 15, depending on the database conditions [73].

The main challenge of age estimation is the heterogeneity in facial feature changes due to ag-
ing for different humans. To determine facial changes associated with age is a hard problem,
because they are related not only to gender and to genetic properties, but also to a number of
external factors such as health, living conditions and weather exposure. Gender can play a role
in the aging process as there are differences in aging patterns and features in males and females.
Furthermore, facial cosmetics, surgical operations, the presence of scars, and even the presence
of facial hair can be mitigating factors for age estimation.

Age estimation is an active topic today due to the growing necessity of including this information
in real-world systems. This necessity comes from the fact that age is important to understand

∗H. Dibeklioğlu, F. Alnajar, A.A. Salah, and T. Gevers, "Combining Facial Dynamics with Appearance for Age
Estimation," Pending revision in IEEE Transactions on Image Processing, 2014. Ideas previously appeared in: H.
Dibeklioğlu, T. Gevers, A.A. Salah, and R. Valenti, "A Smile Can Reveal Your Age: Enabling Facial Dynamics in
Age Estimation," In ACM International Conference on Multimedia, 2012.
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requirements or preferences in different aspects of the daily life of a person. Systems implement-
ing age specific human computer interaction can cope with these aspects. Some examples are
biometric systems that filter their database for the estimated age range of a subject, vending ma-
chines capable of denying some products such as alcohol or cigarettes to an underage customer,
or advertisements in different automated environments (web pages, displays in stores, etc.) that
can be personalized according to the age of the individual interacting with the system.

Automatic facial age estimation is affected by the traditional factors that make face analysis
difficult in general. Unknown illumination conditions, non-frontal facial poses, and presence
of facial expressions, are some issues that such systems need to deal with. Especially, facial
expressions might negatively affect the accuracy of automated systems: When a person smiles,
for instance, wrinkles are formed and these can be misleading when only the appearance cues
are taken into account. Similarly, sagging of the face in a sad expression can resemble the effects
of aging.

The most important cues that are used in age classification are appearance-based, most notably
the wrinkles formed on the face due to deformations in skin tissue. For this reason, current
systems mainly focus on static appearance features of the face, as it is the easiest way to obtain
satisfactory results [54]. Hence, the dynamics of facial movement are largely ignored.

In this chapter, instead of only considering static appearance features for age estimation, we ex-
plore a novel set of dynamic features for age estimation. As movement features can be observed
from facial expressions, the aim is to use dynamic features derived from these facial expressions
for estimating the age. Since the smile is one of the most frequently used facial expressions, as
well as the easiest emotional facial expression to pose voluntarily [40], we focus on smiles and
analyze the discrimination power of smile dynamics for age estimation. Our hypothesis is that
aging influences the speed in which facial expressions are generated on the face. It is well known
that the elastic fibers on the face show fraying and fragmentation at advancing age [130]. By
leveraging the movement features of points of interest on the face, age estimation with dynamic
features may improve over systems that use solely appearance-based cues.

Our contributions are: 1) We explore 3D facial surface dynamics for age estimation; 2) A two-
stage classifier, which adaptively selects the age range for each classifier in the first stage, is pro-
posed; 3) Four different appearance features are tested and it is shown that improvement by facial
dynamics is consistent across representations; 4) Gender-specific and expression-spontaneity-
specific effects of aging features are systematically analyzed; 5) An automatic spontaneity-
specific age estimation framework is proposed and shown that it significantly outperforms the
generic approach.

The next section introduces related work in age estimation. Since there are comprehensive sur-
veys in this area [120, 54], we focus on the most successful approaches, and the most recent
work. Section 4.3 describes the proposed system of age estimation. In particular, we describe
the detection and tracking of facial landmarks, the set of dynamic features, and the two-level
classification scheme. Section 4.4 describes the experiments, and reports extensive comparative
results. We analyze the contribution of appearance and dynamic features in detail, selecting four
different state-of-the-art appearance-based approaches to serve as baselines. We test the influ-



4.2 Related Work 63

ence of different facial regions in age estimation, augment the method by using gender-specific
methods, and study the effects of spontaneity in facial expressions. Discussions are given in
Section 4.5. Section 4.6 concludes the chapter.

4.2 Related Work

Several works propose to determine facial pattern changes and evolution associated with the
aging process, both from psychological and biological points of view. These studies are mostly
aimed at age synthesis, i.e. changing the appearance of a rendered face to show proper effects
of aging. Some of these works are useful in the determination of appropriate facial features for
age estimation. For instance, O’Toole et al. [110] use 3D models of faces to apply caricaturing
processes in order to describe age variations between samples. Wu et al. [164] develop a system
for the simulation of wrinkles and skin aging for facial animation. Suo et al. [146] present a
model for face aging by analyzing it as a Markov process through a graph representing different
age groups. Tiddeman et al. [149] also develop prototype models for face aging using texture
information. In [109], a quantitative approach to face evolution of aging is presented.

The results of these studies show that the craniofacial development and skin texture are the most
important features for age estimation. In fact, one of the first approaches for age estimation is
proposed by Kwon and Lobo [88], where individual faces are classified into three age groups
(baby, young and senior). This classification is performed using the theory of craniofacial devel-
opment [5] and facial skin wrinkle analysis. Lanitis et al. [89] propose an age estimation method
based on regression analysis of the aging function. During the training procedure, a quadratic
function of facial features is fitted to each individual in the training set as his/her aging function.
As for age estimation, they propose four approaches to determine the proper aging function for
the unseen face image. The Weighted Person Specific (WPS) approach achieves the best perfor-
mance in the experiments. This function, however, relies on profiles of the individual containing
external information such as gender, health, living style, etc.

Image processing methods, including tools for subspace learning and dimensionality reduction,
are also used to automatically estimate the age. In [65], faces are projected into manifolds by
using subspace learning followed by a regression model to estimate the age. The aging pattern
subspace (AGES) method [56] models a sequence of individually aging face images by learning
a subspace representation. The age of a test face is determined by the projection in the subspace
that can reconstruct the face image best. This model is later extended by the authors to model
the nonlinear nature of human aging by considering learning of nonlinear subspaces, using a
model called KAGES (Kernel AGing pattErn Subspace) [55]. Zhan et al. [170] propose an
extended non-negative matrix factorization method to learn a subspace representation, which
could recover age information while eliminating variations caused by identity, expression, pose,
etc. Chen et al. propose a method that employs pairwise age ranking based on subspace learn-
ing for age prediction [23]. In their approach, age ranks from unlabeled data are incorporated
by semi-supervised learning. [20] applies age-oriented local regression using distance metric
learning and dimensionality reduction.
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Feature extraction is one of the key issues of automatic age estimation. In [67], Guo et al.

introduce biologically-inspired aging features (BIF) for age estimation. These features are based
on Gabor filter responses for different orientations and scales. Alnajar et al. propose intensity-
and gradient-based features to adopt a learning-based encoding method for age estimation under
unconstrained imaging conditions [6]. For each pixel, neighboring pixels are sampled in a ring-
based pattern to form a low-level feature vector. Then, the features are encoded using a PCA-
tree-based codebook. [167] models the completed local binary patterns (CLBP) using an SVM
regressor. Initially, the method fine-tunes facial alignments in terms of facial shape and pose.
The similarity transformation is based on local binary patterns distributions.

Aging patterns show significant differences in young and elderly people, and human performance
in age estimation shows differences for these groups. It seems possible to break the age estima-
tion problem into simpler subproblems by adopting different strategies for different age groups.
In [92], fuzzy age labels (human annotations) are used in combination with the real age labels
to train an age estimation system. Fuzzy labels are defined as the upper and lower bounds of
human estimation. Hybrid constraint supported vector regression is proposed to model both de-
terministic and fuzzy labels. In [73], a hierarchical age estimation is proposed. It classifies each
facial component into one of four disjoint age groups using an SVM-based binary decision tree.
For each age group, a separate SVM regressor is trained to fine-tune the age prediction. Then,
outputs for different components using different features are fused to estimate the final age.

Age estimation and expression recognition are rarely coupled, although several systems rely
on similar features and classification paradigms for both problems. In [69], an age estimation
method is proposed to cope with significant expression changes, using correlation learning and
discriminant mapping. However, this methodology requires both neutral and expressive facial
images for the same subject, since it is based on the correlation between pairs of expressions.
More recently, Zhang and Guo propose a weighted random subspace method to deal with expres-
sion changes by improving the discriminative power of the aging features [171].

Remarkably, the temporal dynamics of faces have been ignored in age estimation. Until [35], the
precursor of the present work, the only study is by [71] in which Hadid proposes to use volume
LBP (VLBP) features to describe spatio-temporal information in videos of talking faces and
classify the ages of the subjects into five groups (child, youth, adult, middle-age, and elderly).
However, VLBP features alone are not powerful enough and the proposed system could not
reach the accuracy of static image-based age estimation. Therefore, we propose to use facial
dynamics and explore the potential for obtaining useful cues from facial expressions which have
been unexplored so far.

4.3 Method

The aim of the proposed method is to estimate the age of a smiling subject by using a sequence
of images of a full smile. For this purpose, the proposed approach combines appearance fea-
tures with facial expression dynamics. The method assumes that the input video starts with a
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moderately frontal face, and has the entire duration of a smile expression. These are typical
assumptions of video-based expression recognition approaches. The flow of the system is sum-
marized as follows. Initially, a mesh model is fitted to face using 17 fiducial points, and tracked
during the rest of the video. The surface deformations on different regions are computed using
the tracked mesh points. Temporal phases (onset, apex, and offset) of the smile are estimated
using the mean displacement signal of the lip corners. Then, dynamic features for each regional
patch are extracted from each phase. Appearance features are extracted using the first frame
of the onset phase, in which the face is neutral. After a feature selection procedure, the most
informative dynamic features are selected and fused with appearance features to train Support
Vector Machine (SVM) classifiers/regressors. We focus on enjoyment smiles because they are
frequently shown and can easily be induced. The physiognomy of smiles is described in Sec-
tion 3.2.1. We are now outlining the different components of our approach in detail.

4.3.1 Facial Feature Tracking and Alignment

To analyze facial dynamics, surface deformations of seven facial regions (eyebrow, eyelid, eye-
side, cheek, mouth-side, mouth, chin) are tracked in the videos (see Fig. 4.1(b)). Patches for
these regions are initialized in the first frame of the videos, using automatically detected 17
landmarks (corners and center of eyebrows, eye corners, center of upper eyelids, nose tip, and
lip corners) for precise tracking and analysis (see Fig. 4.1(a)). For automatic facial landmark
detection, the method [38] described in Chapter 2 is used. This method models Gabor wavelet
features of a neighborhood of the landmarks using incremental mixtures of factor analyzers and
enables a shape prior to ensure the integrity of the landmark constellation. It follows a coarse-
to-fine strategy in which landmarks are initially detected on a coarse level and then fine-tuned
for higher resolution. To track the facial features and pose, we use a piecewise Bézier volume
deformation (PBVD) tracker, originally proposed by Tao and Huang [147].

The PBVD tracker can track facial feature points (as well as head motion) in 3D according to
the movement and the deformations on the facial surface using a model-based approach (see
Section 3.3.1 for further details). The tracked 3D coordinates of the facial feature points ℓi (see
Fig. 4.1(a)) are used to align the faces in each frame. We estimate the 3D pose of the face, and
normalize the face with respect to roll, yaw, and pitch rotations. Since three non-collinear points
are enough to construct a plane, we use three stable landmarks (eye centers and nose tip) to
define a plane P . Eye centers are defined as middle points between inner and outer eye corners
and denoted by c1 = ℓ7+ℓ9

2 and c2 = ℓ10+ℓ12
2 . Angles between the positive normal vector NP

of P and unit vectors U on X (horizontal), Y (vertical), and Z (perpendicular) axes give the
relative head pose as follows:

θ = arccos
U.NP

‖U‖ ‖NP‖ , where N =
−−→
ℓ15c2 × −−→

ℓ15c1. (4.1)

In Equation 4.1,
−−→
ℓ15c2 and

−−→
ℓ15c1 denote the vectors from point ℓ15 to points c2 and c1, respec-

tively. ‖U‖ and ‖NP‖ are the magnitudes of U and NP vectors. According to the face geometry,
Equation 4.1 estimates the roll (θz) and yaw (θy) angles of the face with respect to the camera.



66 Enabling Facial Dynamics in Age Estimation

1 2 3 4 5 6 

7 8 9 10 
11 12 

13 14 

15 

16 17 

1 2 3 4 5 6 

7 8 9 10 
11 12 

13 14 

15 

16 17 

1 1 

2 2 
3 3 

5 5 
6 6 

7 7 

4 4 

(a) (b)

Figure 4.1: (a) Used facial feature points with their indices. (b) Regional surface patches (with their
indices) and their underlying facial muscle structure. For simplicity, patches are only shown
for the left side of the face.

However, the estimated pitch (θx) angle is subject-dependent, since it is relative to the constel-
lation of the eye corners and the nose tip. If we assume that the face is approximately frontal
in the first frame, then the actual pitch angles (θ′

x) is calculated by subtracting the initial value.
Once the pose of the head is estimated, tracked points are normalized with respect to rotation,
scale, and translation by:

li =

[

ℓi − c1 + c2

2

]

Rx(−θ′
x)Ry(−θy)Rz(−θz)

100

ρ(c1, c2)
, (4.2)

where li is the aligned point and Rx, Ry, and Rz denote the 3D rotation matrices for the given
angles. ρ denotes the Euclidean distance between the given points. On the normalized face, the
middle point between eye centers is located at the origin and the inter-ocular distance (distance
between eye centers) is set to 100 pixels.

4.3.2 Dynamic Features

To analyze the dynamics of facial deformations during a smile, we extract a set of dynamic
features from seven different patches on the face (see Fig. 4.1(b)). These patches are defined
based on the underlying facial muscle structure since the direction and the length of such muscles
cause the visual variations of smiles [123].

When the tracked points are normalized, onset, apex, and offset phases of the smile are detected
using the approach proposed by Schmidt et al. [134], by calculating the amplitude of the smile
as the distance of the right lip corner to the lip center during the smile. Since the faces are
normalized, the lip center is calculated only once in the first frame. Differently from [134], we
estimate the smile amplitude as the mean amplitude of right and left lip corners, normalized by
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the length of the lip. Let Dlip(t) be the value of the mean amplitude signal of the lip corners in
the frame t:

Dlip(t) =
ρ(

l116+l117
2 , lt16) + ρ(

l116+l117
2 , lt17)

2ρ(l116, l
1
17)

, (4.3)

where lti denotes the 3D location of the ith point in frame t. This estimate is smoothed by the
4253H-twice method [158]. Then, the longest continuous increase in Dlip is defined as the onset
phase. Similarly, the offset phase is detected as the longest continuous decrease in Dlip. The
phase between the last frame of the onset and the first frame of the offset defines the apex.

To extract dynamic features from the given facial regions, deformation amplitude (D) of the jth

patch at time t is estimated by:

Dj(t) =

∑nj

i=1 λ (j, i, t)
∑nj

i=1 λ (j, i, 1)
, j = {1, 2, . . . , 7}, (4.4)

where nj shows the number of meshes in patch j. λ (j, i, t) denotes the area of the ith triangular
mesh of patch j at time t. Let p1, p2, and p3 be the corner points of the related mesh, then its
surface area is calculated by:

λ =
√

γ(γ − ρ (p1, p2))(γ − ρ (p1, p3))(γ − ρ (p2, p3)), (4.5)

where

γ =
ρ (p1, p2) + ρ (p1, p3) + ρ (p2, p3)

2
. (4.6)

Deformation amplitudes Di are hereafter referred to as amplitude signals. As shown in Eq. 4.4,
amplitude signals (Di) are normalized by the initial patch area (area in the first frame of the
onset) for the sake of analysis. In addition to the amplitudes, speed V and acceleration A signals
are computed by using the first and the second derivatives of the amplitudes, respectively:

V(t) =
dD
dt

, (4.7)

A(t) =
d2D
dt2

=
dV
dt

. (4.8)

All the calculated amplitude signals are smoothed by the 4253H-twice method [158], and then
split into three phases as onset, apex, and offset, which are previously defined using the ampli-
tude signal Dlip of the lip corners.

A summary of the proposed dynamic features is given in Table 4.1. Note that the defined features
are extracted separately for each phase of the smile. As a result, we obtain three feature sets for
each of the surface patches. Each phase is further divided into increasing (+) and decreasing (−)
segments, for each feature set. This allows a more detailed analysis of the feature dynamics.

In Table 4.1, signals symbolized with superindex (+) and (−) denote the segments of the related
signal with continuous increase and continuous decrease, respectively. For example, D+ pools
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Table 4.1: Definitions of the extracted features.

Feature Definition

Frequency Components: [ ψ(1) , ψ(2) , . . . , ψ(10) ]

Duration:
[

η(D+)
ω

, η(D−)
ω

, η(D)
ω

]

Duration Ratio:
[

η(D+)
η(D) , η(D−)

η(D)

]

Maximum Amplitude: max(D)

Mean Amplitude:

[
∑

D

η(D) ,
∑

D+

η(D+) ,
∑

|D−|

η(D−)

]

STD of Amplitude: std(D)

Total Amplitude: [
∑D+ ,

∑ |D−| ]

Net Amplitude:
∑D+ −∑ |D−|

Amplitude Ratio:

[
∑

D+

∑

D++
∑

|D−|
,

∑

|D−|
∑

D++
∑

|D−|

]

Maximum Speed: [ max(V+) , max(|V−|) ]

Mean Speed:

[
∑

V+

η(V+) ,
∑

|V−|

η(V−)

]

Maximum Acceleration: [ max(A+) , max(|A−|) ]

Mean Acceleration:

[
∑

A+

η(A+) ,
∑

|A−|

η(A−)

]

Net Ampl., Duration Ratio:
(
∑

D+−
∑

|D−|)ω

η(D)

Left/Right Ampl. Difference:
|∑DL−

∑

DR|
η(D)

the increasing segments in D. η defines the length (number of frames) of a given signal, and
ω is the frame rate of the video. DL and DR define the amplitudes for the left and right sides
of the face, respectively. ψ denote the Discrete Cosine Transform (DCT) coefficients of D and
computed by:

ψ(k) =
1

ϕ(k)

η(D)
∑

t=1

D(t) cos

(

π(2t− 1)(k − 1)

2η(D)

)

, (4.9)

where

ϕ(k) =

{
√

η(D) : k = 1
√

η(D)
2 : 2 ≤ k ≤ η(D)

. (4.10)

Since a low frequency signal can be reconstructed efficiently by using only a few DCT coef-
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ficients, we enable the first 10 DCT coefficients (ψ(k), k = {1, 2, . . . , 10}) of the amplitude
signals in the feature set. As a result, for each face region, seven 35-dimensional feature vectors
are generated by concatenating these features.

In some cases, features cannot be calculated. For example, if we extract features from the
amplitude signal of the mouth patch using the onset phase, the decreasing segments can be an
empty set (η (D−) = 0). For such exceptions, all the features describing the related segments
are set to zero. This is done to have a generic feature vector format which has the same features
for different phases of each face region.

4.3.3 Appearance Features

To describe the appearance of faces, we use four different state-of-the-art descriptors: namely,
intensity-based encoded aging features, gradient-based encoded aging features, biologically-
inspired aging features, and local binary patterns (LBP). Details of these appearance descriptors
are given in this section.

Intensity-based (IEF) and gradient-based encoded aging features (GEF) are proposed by Alnajar
et al. [6]. These features are based on a learning-based encoding. A discriminative low-level
feature is computed for each pixel. Then, the features are encoded by an PCA-tree-based code-
book [53]. The face is divided into patches and the codes in each patch are described by a
histogram. Finally, the patch histograms are concatenated together to form the aging descriptor.
Two versions of the descriptor are used based on low-level features: GEF based on gradient his-
togram (to capture wrinkle details) and IEF based on intensity sampling (to capture skin texture
and fine wrinkle details). For IEF, the neighboring intensities are sampled around each pixel in
a ring-based pattern. 25 intensity values are sampled at the circumferences of two rings r = 1
(8 values) and r = 2 (16 values) and the pixel value. To extract GEF, the gradient directions
are computed in a 8 × 8 neighborhood of each pixel. The gradient orientations are binned to
equally-spaced bins over 0◦ − 360◦, where the gradient magnitudes are accumulated. As in [6],
Gaussian derivative are chosen for calculating the gradient and the number of bins equals 8.

Biologically-inspired aging features (BIF) are introduced by Guo et al. [67] for age estimation.
The features are extracted by applying two-layer filters. In the first layer, BIF uses Gabor filter
responses for different orientations and scales. In the second layer, it assembles the responses
from the first layer in a local area (with the same directions and adjacent scales "band") to a
single value using max or standard deviation functions. The authors adapt the descriptor from
[141] by introducing the standard deviation operation in creating the second layer and making
the number of bands and orientations adaptive to the data. In our experiments, for sake of
simplicity, 16 orientations and 8 bands are computed to build the descriptor.

The original local binary patterns operator, which is proposed by Ojala et al. [106], takes the
intensity value of the center pixel as threshold to convert the neighborhood pixels to a binary
code. Computed binary codes describe the ordered pattern of the center pixel. This procedure
is repeated for each pixel on the image and the histogram of the resultant 256 labels can then be
used as a texture descriptor. In [107], Ojala et al. show that the vast majority of the local binary
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(a) (b)

Figure 4.2: (a) Scaling/cropping of a face image, and (b) the defined 7 × 5 blocks to extract appearance
features.

patterns in a local neighborhood contain at most two bitwise transitions from 0 to 1 or 1 to 0,
which is called a uniform pattern. Therefore, during the computation of the histograms, the size
of the feature vector can be significantly reduced by assigning different bins for each of the 58
uniform patterns and one bin for the rest. Uniform local binary patterns are used in experiments,
and are hereafter referred to as LBP. 8 neighborhood pixels (on a circle with a radius of 1 pixel)
are used to extract the LBP features.

Since the onset of a facial expression starts with a neutral face, the first frame of the previously
detected onset phase is selected to extract the appearance features. On the selected frame, the roll
rotation of the face is estimated and normalized using the eye centers c1 and c2. Then, the face
is resized and cropped as shown in Fig. 4.2(a). The inter-ocular distance dio is set to 50 pixels
to normalize the scale and cropping. As a result, each normalized face image has a resolution
of 125 × 100 pixels. After the preprocessing step, appearance features (IEF, GEF, BIF, and
LBP) are computed. IEF, GEF, and LBP descriptors are extracted from 7 × 5 non-overlapping
(equally-sized) blocks (see Fig. 4.2(b)). For all descriptors, the dimensionality of the appearance
feature vectors is reduced by Principal Component Analysis (PCA) so as to retain 99.99% of the
variance.

4.3.4 Feature Selection and Classification

Estimating the age of a person by using a generic classifier/regressor is an inherently challenging
problem. This is since many factors influence the age for different age groups (mainly shape in
early ages and appearance in later ages [120]) and the learning-based predictor should capture
all these details from the training data to produce a correct age estimation. One solution to
tackle this problem is “dismantling" the prediction into a two-level approach. In other words,
the age prediction is divided into two phases: the first one predicts the age group. Next, a second
fine-tuned age prediction model is learned to estimate the exact age.
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Figure 4.3: Two-level age estimation architecture using both appearance and dynamic features.

In the two-level age prediction, the sample is first classified into an age group (first-level predic-
tion). Later, another predictor will place the sample in its exact age (second-level prediction).
In [35], the age groups are determined in a uniform way (8 − 14, 15 − 17, 18 − 21, 22 − 28,
29 − 35, 36 − 54, 55 − 76). However, problems may arise when boundary ages between two
adjacent groups are not distinctive (i.e. the aging features are similar). In such cases, the first-
level prediction is more prone to go wrong which is likely to propagate the error to the second
level prediction. To overcome this issue, we propose a method that computes the ages which are
dissimilar with their neighbors. The whole age range is divided into groups in such a way that
the boundary between each two adjacent groups is discriminant. To this end, the average cosine
similarity S between each age a and its 2q neighbors h = {a− q, a− q + 1, . . . , a+ q} − {a}
is computed by:

Sa =
1

2qna

2q
∑

i=1

na
∑

j=1

nhi
∑

k=1

dj
a.d

k
hi

nhi

∥

∥

∥d
j
a

∥

∥

∥

∥

∥

∥dk
hi

∥

∥

∥

, (4.11)

where dj
a denotes the feature vector of age a’s jth sample. na denotes the number of samples

for age a. After smoothing S, age a is set to be a group boundary if ∀hi, Shi
> Sa. Minimum

and maximum age values in the whole range are also set as boundaries. Each boundary age is
included in the same group with its most similar adjacent neighbor. The number of neighborhood
levels q ≥ 2 is selected automatically on the validation data.
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In the given two level architecture (see Fig. 4.3), we use Support Vector Machine classifiers and
regressors for age estimation. In the first level, one-vs-all SVM classifiers are used to classify
the age of a subject into automatically defined age groups. Then, the age of the subject is fine-
tuned using an SVM regressor which is specifically trained for the related age groups. For an
improved estimation, the regressor of each age group is trained with an age interval of −10 to

+10 years of group boundaries. Then, the results are limited by the age range (if the estimated
age is less/more than the group boundaries, it is set to the minimum/maximum age of the group).
The resulting estimation of the age is given as an integer with a 1 year resolution.

As described in Section 4.3.2, we extract three 35-dimensional dynamic feature vectors for each
face region. To deal with feature redundancy, we use the Min-Redundancy Max-Relevance
(mRMR) algorithm to select the discriminative dynamic features [115]. mRMR is an incremen-
tal method minimizing the redundancy while selecting the most relevant information. Further
details of mRMR algorithm can be found in 3.3.3. After the feature selection step, all the
selected dynamic features are concatenated with the appearance features (which are extracted
from the first frame of the smile onset and reduced by PCA) to train the system (see Fig. 4.3).
Minimum classification error on a separate validation set is used to determine the most discrimi-
native dynamic features. Similarly, to optimize the SVM configuration, different kernels (linear,
polynomial, and radial basis function (RBF)) with different parameters (degree of polynomial
kernel) are tested on the validation set and the configuration with the minimum validation error
is selected. The test partition of the dataset is not used for parameter optimization.

4.4 Experimental Results

In this section, we present the results of our experiments. First, we evaluate the accuracy of
the proposed system when only facial dynamics are used, either individually or taken together.
Then, we compare these results with the combined use of appearance and dynamics. Finally, we
test the influence of gender and expression spontaneity on the accuracy of the system using the
combined features.

To evaluate our system and assess the reliability of expression dynamics and facial appearance
information for age estimation, we use the UvA-NEMO Smile Database [37] in our experiments.
The database and its evaluation protocols are made available to the research community†. Details
of the UvA-NEMO Smile Database are given in Section 3.4.1. In our experiments, the two-level
classification/regression system is used as described in section 4.3.4. The optimum number of
selected dynamic features, adaptive age ranges, and kernels of the SVM classifiers/regressors are
determined on a separate validation partition. To this end, a two level 10-fold cross-validation
scheme is used. Each time a test fold is separated, a 9-fold cross-validation is used to train the
system, and parameters are optimized without using the test partition. There is no subject overlap
between folds. We initialize the tracking by automatically annotated facial landmarks [38]. The
mean localization error for the related landmarks (corners and center of eyebrows, eye corners,

†http://www.uva-nemo.org
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Table 4.2: Effect of feature selection on age estimation errors for different facial regions.

Regions
Mean Absolute Error

without Feat. Selection with Feat. Selection

1: Eyebrow 15.34 (±10.59) 13.32 (±9.63)

2: Eyelid 15.87 (±11.38) 13.50 (±10.21)

3: Eye-sides 14.74 (±10.15) 12.93 (±9.52)

4: Cheek 13.88 (±10.44) 12.14 (±9.35)

5: Mouth-sides 14.98 (±12.36) 13.27 (±11.42)

6: Mouth 15.74 (±13.73) 14.15 (±12.11)

7: Chin 28.70 (±29.70) 24.42 (±26.29)

1–7: All 12.04 (±9.81) 10.81 (±8.85)

center of upper eyelids, nose tip, lip corners; see Fig. 4.1(a)) is 3.84% of the inter-ocular distance
to the actual location of the landmarks. Correlation coefficients between the extracted amplitude
signals with manual and automatic initializations ranged between 0.93 and 1.

4.4.1 Dynamics

Since the proposed dynamic features are extracted from the deformations of seven different
surface patches, we analyze the individual discrimination power of these deformations and their
combination for age estimation. Furthermore, to assess the reliability of the feature selection
step, performance of using automatically selected (most) informative dynamic features and the
use of all features without any selection are compared. The resulting mean absolute error (MAE)
is given in Table 4.2.

As shown in Table 4.2, the feature selection increases the accuracy by approximately 13% (rel-
ative) on average, while reducing the dimensionality of the feature space. Since the efficacy
of the feature selection step is confirmed by these results, it is used in the remainder of our ex-
periments. By analyzing the regional results with feature selection, it can be derived that the
dynamics of cheek’s surface deformations are the most reliable features, with an MAE of 12.14
(±9.35) years. Deformation dynamics on the sides of the eyes follow closely with an MAE of
12.93 (±9.52) years. The chin region provides an MAE of only 24.42 (±26.29) because of its
stationary surface characteristic. By combining the dynamic features of different facial regions,
the MAE of the age estimation is decreased to 10.81 (±8.85) years.

4.4.2 Dynamics versus Appearance

The aim of this work is to improve the accuracy of age estimation by combining facial appear-
ance with expression dynamics. However, it is also important to show the discriminative power
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Table 4.3: Mean Absolute Errors for dynamic, appearance, and combined features.

Features
Mean Absolute Error

without Dynamics with Dynamics

Appearance: None N/A 10.81 (±8.85)

Appearance: IEF 4.80 (±4.77) 4.33 (±4.03)

Appearance: GEF 5.48 (±5.57) 4.82 (±4.89)

Appearance: BIF 5.78 (±6.15) 5.03 (±5.10)

Appearance: LBP 5.46 (±5.58) 4.77 (±4.66)
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Figure 4.4: Cumulative error distribution of the mean absolute error for different features.

of facial expression dynamics and appearance, individually. For this purpose, the individual and
combined use of these features is evaluated.

As shown in Table 4.3, combining dynamics with appearance features significantly improve the
age estimation accuracy in comparison to the individual use of dynamic and appearance features
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(p < 0.0015 for GEF, BIF and LBP; p < 0.01 for IEF). It is clear that the use of only facial
dynamics is not sufficient for accurate age estimation. The MAE of using dynamic features is
10.81 (±8.85) years, where the MAEs for different facial appearance descriptors range from
4.80 (±4.77) to 5.78 (±6.15) years. However, by combining dynamic and appearance features,
the proposed system is able to achieve the best results. The combination of dynamics and IEF
provides the highest accuracy with an MAE of 4.33 (±4.03). The cumulative error distribution
of the MAEs for individual and combined features are shown in Fig. 4.4.

4.4.3 Assessment of Adaptive Age Grouping

We now test the use of a two-level classification/regression strategy. We evaluate the perfor-
mance of using three different classification/regression approaches, namely direct regression
(no grouping), classifying age groups into the bins of 10-years and into adaptive bins (based on
training) before group-specific regression. The resulting MAEs of each method for different fea-
ture combinations and their cumulative error distributions are shown in Table 4.4 and in Fig. 4.5,
respectively. The results show that the adaptive grouping outperforms other approaches for all
features. 10-years grouping follows it, and provides a more accurate estimation in comparison
to that of direct regression in most cases.

Table 4.4: Performance of adaptive age grouping, grouping into the bins of 10 years and the regression
without grouping (none).

Features
MAE for Grouping Type

None 10-years Adaptive

IEF + Dynamics 5.00 (±4.25) 4.40 (±4.11) 4.33 (±4.03)

GEF + Dynamics 5.63 (±4.86) 4.97 (±5.07) 4.82 (±4.89)

BIF + Dynamics 5.12 (±4.91) 5.94 (±5.24) 5.03 (±5.10)

LBP + Dynamics 5.29 (±4.36) 4.83 (±4.60) 4.77 (±4.66)

4.4.4 Effect of Gender

To assess the effect of gender on the accuracy of age estimation using the combined features, a
gender-specific age estimation approach is implemented. In the gender-specific method, differ-
ent classifiers/regressors are trained and tested for both males and females, separately. For this
method, we assume that the gender labels of all samples are given correctly. The MAEs for both
gender-specific and the general approach are given in Table 4.5.

Our results show that the gender-specific training decreases the overall MAE in comparison
the MAE of general-training. The MAE of the gender-specific approach for different features
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Figure 4.5: Cumulative error distribution of the mean absolute error for different grouping strategies.

Table 4.5: Comparison of the gender-specific method with the general method for age estimation.

Features
Mean Absolute Error

Gender-specific General

IEF + Dynamics 4.25 (±3.95) 4.33 (±4.03)

GEF + Dynamics 4.67 (±4.71) 4.82 (±4.89)

BIF + Dynamics 4.91 (±4.88) 5.03 (±5.10)

LBP + Dynamics 4.58 (±4.47) 4.77 (±4.66)

range from 4.91 (±4.88) to 4.25 (±3.95) years. Although the improvement is not statistically
significant, the gender-specific training provides a 3% MAE enhancement (relative) on average.

In particular, the improvement for males is more than that of females. The cumulative error
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Figure 4.6: Cumulative error distribution of the mean absolute error for general, gender-specific, and
spontaneity-specific methods.

distribution of the MAE for general and gender-specific methods are shown in Fig. 4.6.

4.4.5 Effect of Expression Spontaneity

To assess the effect of expression spontaneity on the accuracy of using combined features, a
spontaneity-specific age estimation system is implemented. For this purpose, separate classi-
fiers/regressors are trained for spontaneous and posed smiles. Spontaneity of smiles is classified
using our system proposed in [37]. This system uses similar expression dynamics to distinguish
between spontaneous and posed smiles. Correct classification of the system is 87.02% on the
UvA-NEMO Smile Database.

As shown in Table 4.6, the MAE of the spontaneity-specific approach ranges from 4.00 (±4.44)
to 4.59 (±4.59), therefore improving the accuracy by 8% (on average) with respect to the general
approach. This means a statistically significant (p < 0.04) improvement. Spontaneity-specific
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Table 4.6: Comparison of the spontaneity-specific method with the general method for age estimation.

Features
Mean Absolute Error

Spontaneity-specific General

IEF + Dynamics 4.00 (±3.74) 4.33 (±4.03)

GEF + Dynamics 4.40 (±4.44) 4.82 (±4.89)

BIF + Dynamics 4.59 (±4.59) 5.03 (±5.10)

LBP + Dynamics 4.38 (±4.23) 4.77 (±4.66)

training decreases the MAE for both posed and spontaneous smiles. Since the automatically de-
tected neutral faces are used to extract the appearance features for both approaches, accuracy im-
provements by performing spontaneity-specific training indicates the differences between spon-
taneous and posed smiles in terms of expression dynamics. The cumulative error distribution of
the MAE for general and spontaneity-specific methods are shown in Fig. 4.6.

4.4.6 Comparison to Other methods

To the best of our knowledge, this is the first study using facial expression dynamics (such as
speed, acceleration, amplitude, etc.) for age estimation. Except for the recent work by [71], none
of the previous studies in the literature focus on using temporal information for age estimation.

In [71], Hadid proposes to use spatio-temporal information to classify the ages of the subjects
into five groups (child: 0 to 9 years old; youth: 10 to 19; adult: 20 to 39; middle-age: 40 to 59 and
elderly: above 60). They use volume LBP (VLBP) features with a tree of four SVM classifiers.
VLBP features are extracted from different overlapping face blocks. Then the AdaBoost learning
algorithm is used to determine the optimal size and locations of the local rectangular prisms, and
select the most discriminative VLBP features for classification, automatically. To evaluate the
system, 2000 videos of about 300 frames are randomly segmented from a set of video sequences
mainly showing talking faces (collected from the Internet). Additionally, an appearance-based
(static) system is implemented for comparison. This baseline method classifies each frame in a
video, individually, using LBP features with SVM classifiers. Majority voting is used to fuse
the classification results of each frame. Hadid reports that the static image (appearance) based
approach provides 77.4% correct classification, where the performance of the spatio-temporal
approach reaches only 69.2%.

VLBP is a straightforward extension of the original LBP operator to describe dynamic textures
(image sequences) [173]. VLBP enables the use of temporal space (T), models the face sequence
as a volume, and the neighborhood of each pixel is defined in three dimensional space. In
contrast, LBP uses only X and Y dimensions of a single image. Then, the histograms of VLBP
are used as features. In [173], Zhao et al. have proposed to extract LBP histograms from Three
Orthogonal Planes (LBP-TOP) XY, XT, and YT, individually, and concatenate them as a single
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Table 4.7: Mean Absolute Error for different methods.

Method
MAE for Age Range

0–9 10–19 20–29 30–39 40–49 50-59 60–69 70–79 All

D
yn

am
ic

s

Proposed 4.85 8.72 12.22 13.06 13.53 11.55 14.13 17.82 10.81 (±8.85)

Displacement [35] 5.42 9.67 11.98 14.53 12.77 15.42 20.57 20.35 11.54 (±11.49)

A
pp

ea
ra

nc
e

IEF, Fusion 2.73 3.28 4.68 5.36 5.38 9.09 12.97 14.65 4.86 (±4.54)

GEF, Fusion 2.89 3.17 5.00 6.07 5.38 10.97 16.90 17.53 5.24 (±5.38)

BIF, Fusion 3.92 3.73 4.90 5.61 5.86 12.30 17.33 18.24 5.63 (±5.79)

LBP, Fusion 3.42 4.02 5.13 6.63 5.60 9.06 10.43 13.41 5.37 (±5.28)

C
om

bi
ne

d,
S

po
nt

an
ei

ty
-

sp
ec

ifi
c

IEF + Dynamics 2.25 2.50 3.74 4.59 4.34 8.20 11.07 13.35 4.00 (±3.74)

GEF + Dynamics 1.40 2.29 3.99 5.17 5.37 10.17 15.00 16.06 4.40 (±4.44)

BIF + Dynamics 2.68 3.21 4.23 5.09 4.62 9.44 13.17 14.12 4.59 (±4.59)

LBP + Dynamics 1.53 2.68 3.95 5.31 5.31 9.33 11.83 13.94 4.38 (±4.23)

S
pa

ti
o-

te
m

po
ra

l

VLBP [71] 10.69 12.95 15.99 18.54 18.43 16.58 23.80 26.59 15.70 (±12.40)

LBP-TOP 9.71 11.01 14.19 15.88 16.75 15.29 19.70 23.71 13.83 (±10.97)

Number of Samples 158 333 215 171 250 66 30 17 1240

feature vector.

To compare our system with related approaches, we implement three baseline methods: (1)
VBLP-based spatio-temporal approach, (2) spatio-temporal approach using VBLP-TOP features,
and (3) appearance-based approach which classifies the first and the last frame of a smile onset
(a neutral and an expressive face, respectively) using appearance features, individually, and fuses
the estimations by mean operator. All methods use the same classification/regression architec-
ture as our method. For a fair comparison, all of the compared methods use automatically anno-
tated facial landmarks to initialize the tracking (for face alignment and feature extraction), and
7×5 non-overlapping blocks on the face to compute the histograms. To generate histograms, uni-
form patterns are used for LBP-TOP and LBP. The neighborhood size is set to eight for LBP and
LBP-TOP, and two for VBLP. Time interval for the volumetric approaches is set to three frames.
Zhao et al. [173] show that these neighborhood and time interval parameters perform well for
facial expression classification. To provide comparable smile durations for spatio-temporal de-
scriptors, each smile phase (onset, apex, and offset) is temporally interpolated to 25 frames using
bicubic interpolation. The dimensionality of IEF, GEF, BIF, LBP, VLBP, and LBP-TOP features
is reduced by Principal Component Analysis (PCA) so as to retain 99.99% of the variance.

As shown in Table 4.7, the combination of dynamic and appearance features provides the most
accurate results. The spontaneity-specific method that combines dynamics and IEF achieves
the minimum MAE of 4.00 (±3.74) years. Note that combining appearance with expression
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dynamics provides more accurate age estimation than using neutral and expressive frames in a
video and averaging the results. Spatio-temporal methods can only reach a mean accuracy of
15.70 (±12.40) and 13.83 (±10.97) years with VLBP and LBP-TOP features, respectively. By
the sole use of proposed dynamic features, the system is significantly more accurate than when it
uses the spatio-temporal features (p < 0.001). Finally, we also compare the deformation-based
dynamic features that proposed in this chapter (first row of Table 4.7) with the displacement
dynamics (of eyelids, cheeks, and lip corners) introduced in our previous study [35] (second row
of Table 4.7), and show that surface deformation dynamics perform better.

4.5 Discussion

In our experiments, we show that deformation dynamics of cheek’s perform best for individual
regions. Additionally, fusion of all regions (with a feature selection step) improves the accuracy
of the cheek dynamics by 10.96%. For dynamic features, using feature selection increases the
accuracy approximately by 13% on average, as well as reducing feature dimensionality. This
finding indicates that there is a significant amount of noise or confusing information in surface
deformation dynamics.

Our results show that the individual use of the facial expression dynamics is not sufficient to ob-
tain an accurate age estimation system. However, accuracy of using solely appearance features
of a neutral face (automatically detected as the first frame of the onset phase) is significantly
outperformed (p < 0.0015 for GEF, BIF and LBP; p < 0.01 for IEF) by enabling the surface de-
formation dynamics of smile expression. Moreover, the use of combined features outperforms
all the baseline methods tested in this study. These results confirm the importance of facial
expression dynamics. We also show that the deformation-based dynamics outperform the dis-
placement dynamics (of eyelids, cheeks, and lip corners) introduced in our previous study [35].

To obtain the most informative dynamic features for age estimation, we use the frequently se-
lected descriptors (in feature selection procedure). Significant (p < 0.001, η2 > 0.15) differ-
ences of these features between different ages are investigated using multivariate analysis of
variance (MANOVA). Majority of the frequently selected features are extracted from onset and
offset of smiles. Additionally, the differences of these features among different ages display
lower significance level (p) in comparison to the apex features. Such findings indicate that the
deformation dynamics of smile onsets and offsets are more discriminative than those of apex
phase for age estimation. During the onset phase of smiles, the mean speed and the mean ampli-
tude of deformation decrease (D−) on eyelids significantly change among different ages. During
the apex phase, the maximum and mean amplitude of deformation on the mouth region are sig-
nificantly different for different ages. When the offset features are analyzed, it is shown that
the maximum and net amplitude of deformation on the mouth region significantly change. Addi-
tionally, the second frequency component (ψ(2)) of deformation amplitude on the mouth region
significantly differs among ages. Note that ψ(2) denotes the lowest frequency coefficient of the

deformation amplitude, since ψ(1) is always the DC-component (
∑

D√
η(D)

). So it can be inferred
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that during smile offsets, the rough shape of the mouth deformation amplitude is an informative
feature for age estimation.

Then, we have analyzed the significant differences of these features between spontaneous and
posed smiles using the t-test. Our results show that the mean speed and the amplitude of defor-
mation decrease (D−) on eyelids are significantly higher (p < 0.005) for posed smiles during
the smile onsets. During the offset phase, on the mouth region, the second frequency component
of deformation is lower (p = 0.002) for spontaneous smiles, whereas the net amplitude of de-
formation is (p < 0.001) significantly higher. Similarly, the t-test analysis is repeated for male
and female differences. The results indicate that during smile apexes, the maximum and mean
amplitude of the deformation of the mouth region is significantly lower for males (p < 0.001).
During the offset phase, on the mouth region, the second frequency component and the maxi-
mum amplitude of deformation is lower (p < 0.001) for males, whereas the net amplitude of the
deformation is (p < 0.001) significantly higher. These findings can explain the higher accuracy
of the spontaneity- and gender-specific systems.

Experimental results show that spatio-temporal approaches based on VLBP and LBP-TOP are
not efficient for age estimation. Even the individual use of our dynamic features outperforms
these methods significantly. Spatio-temporal features describe the change of facial appearance
in time, but our proposed approach models the appearance on a single neutral image (which is
automatically selected as the first frame of the onset phase) and adds the surface deformation
dynamics of the facial expression (such as amplitude, speed, acceleration, etc ) on it. As a result,
the proposed system (using combined features) is significantly (p < 0.001) more accurate than
all the competitor methods used in our experiments.

4.6 Conclusions

Our study shows that dynamic facial features obtained by analyzing a frequently occurring facial
expression improves appearance-based age estimation. While appearance is more informative
than facial dynamics, it is affected by many external factors, like make-up, scars, and wrinkles re-
sulting from exposure to harsh weather conditions. Such factors do not concern facial dynamics.
Consequently, it is sufficiently uncorrelated with appearance to lend itself to fusion approaches
for age estimation.

In our previous work, we have assessed a range of dynamical features in an exploratory fashion,
and have shown that if landmark movements are employed, eyelid dynamics are the most reveal-
ing in terms of age estimation, followed by lip corners and cheeks [35]. The present work signif-
icantly extends these results. We use surface area features (instead of landmark movements) for
characterizing 3D facial dynamics, and get improved results. We also introduce in this chapter
a two-stage classifier, where the age range for each classifier is adaptively selected in the first
stage, which improves the results. We test four different features for appearance to show that the
improvement by dynamic features is consistent across representations, and we also introduce an
appearance fusion baseline. We study gender effects systematically, to conclude that the improve-
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ment due to gender-specific models is nor significant. And finally, we show that spontaneity of
the smile plays a role. Spontaneous and posed smiles have different and distinct dynamics, and
spontaneity-specific age estimation significantly outperforms the generic approach.

Our results are derived from the UvA-NEMO database with 400 subjects aged between 8 to 76
years that we have collected, annotated, and made publicly available. Subsequently, this is the
most extensive dynamic age evaluation study to this date in the literature.


