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Abstract: Facial expression recognition is a useful feature in modern human computer interaction (HCI). In order to build
efficient and reliable recognition systems, face detection, feature extraction and classification have to be robustly realised.
Addressing the latter two issues, this work proposes a new method based on geometric and transient optical flow features and
illustrates their comparison and integration for facial expression recognition. In the authors’ method, photogrammetric
techniques are used to extract three-dimensional (3-D) features from every image frame, which is regarded as a geometric
feature vector. Additionally, optical flow-based motion detection is carried out between consecutive images, what leads to the
transient features. Artificial neural network and support vector machine classification results demonstrate the high
performance of the proposed method. In particular, through the use of 3-D normalisation and colour information, the
proposed method achieves an advanced feature representation for the accurate and robust classification of facial expressions.
1 Introduction

In this work, we address an important domain of human
computer interaction (HCI), which is effective visual facial
expression recognition [1, 2]. Facial expression provides
information about affective states, that is, emotion [3] and
perception. Another domain of application is human
interaction with computers in smart environments. Automated
systems need to be capable of adapting to particular situations.
Generally, such systems include automatic facial feature
extractors and change trackers. In the past, many facial
expression analysis approaches have been pursued, which
analyse still images and video sequences as well as two-
dimensional (2-D) and 3-D data. In general, both 3-D and
temporal data are considered to contain valuable information
about facial expression. Wang et al. [4] presented an approach
to analyse the curvature of the facial shape. However,
although 3-D shape information is very useful, in general, it
can only be provided with special sensors.

Valstar and Pantic [5] analysed facial changes occurring
because of expressions. For this purpose, they recognised
facial muscle action units and analysed their
correspondence in the temporal domain. Kumano et al. [6]
proposed pose invariant facial expression recognition using
variable intensity templates over the whole face. Bartlett
et al. [7] presented a user-independent facial action
recognition approach with frontal faces in video streams
using an Adaboost classifier and support vector machines
(SVM).

With respect to facial expression classification, the state-of-
the-art techniques are often limited to frontal poses and small
IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89
doi: 10.1049/iet-cvi.2011.0064
variations in skin colour. Further, they are often sensitive to
global motion with resulting perspective distortions. In
order to deal with these issues, we propose an automatic,
real-time capable method for facial expression recognition
that achieves independence from the current pose. It should
also be noted that varying face sizes can be handled, which
may occur due to head movements and rotations.

2 Suggested method

In this work, a new facial expression recognition method is
presented that is based on the evaluation of geometric and
optical flow features. The processing of our method involves
the use of camera and face models, which are utilised for
pose estimation and feature extraction. In particular,
geometric features are measured between 3-D facial points,
whereas optical flow features are computed by analysing
changes within defined face regions. Recognition is based on
SVM and artificial neural network (ANN) classifiers. An
approach for the integration of the complementary feature
data is given. Summarising, the proposed method consists of
three main tasks: pre-processing, feature computation and
expression recognition. The following will cover these tasks
in detail and provide evaluation results.

2.1 Pre-processing and pose estimation

Inspired by the facial animation parameter (FAP) system of the
Moving Picture Experts Group-Part 4 (MPEG-4) framework
[8], our method includes the processing of a set of
meaningful facial feature points. However, unlike the FAP
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system, which is used for animation, we only use a subset of
points that has proven to perform well for facial expression
recognition. For initialisation and re-initialisation of the
system a nearly frontal view is required. In between, we
apply feature point tracking. For image processing, we use
Haar-like feature-based Adaboost cascades that detect the
subject’s face and feature points, such as eyes (ile, ire), eye
brows (ileb, ireb) and mouth [9]. Falsely detected candidates
are efficiently removed through a validation step in which the
point candidates are compared with estimates provided by a
generic face model.

For mouth extraction we utilise the coloured highlighting
of the lip tone in contrast to skin colour. In our experiments
we found the normalised green colour channel to work
robustly (1) throughout the data

g = G/(R + G + B), R, G, B colour space (1)

The region of interest (ROI) for the mouth blob is determined
from the detected mouth corners. Fig. 1b displays the
histogram of lip and skin colour pixels in the ROI of the
normalised green channel. The separation of the histogram’s
elements is based on the threshold tng which is the
minimum of a least squares polynomial fitting model j.
Binarisation and morphological operations such as closing
and contour-based erosion [10] are applied to determine the
mouth shape (Figs. 1a and c). The mouth corner points ilm,
irm plus upper and lower lip points iul, ill are selected from
the contour. The complete set of feature points is
summarised in (2) (Fig. 2a)

If = {ile, ire, ileb, ireb, ilm, irm, iul, ill}, ij [ R2 (2)

In order to infer generalisable features from the 2-D face image,
it is important to determine and include the current face pose,
that is, rotation and rocking (back and forth) movements.

For pose estimation, camera models and person-specific
geometric surface models are applied. These models are
created in an initial registration step. The pinhole camera
model K (3) consists of external and internal parameters Ke

and Ki, which are retrieved through calibration [11]

K = {Ke, Ki} (3)

with

Ke = {tcx, tcy, tcz, tcv, tcw, tck}, tcj [ R (4)

representing the camera orientation, that is, translation and
rotation relative to the world coordinate system, which is
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defined through a calibration target and

Ki = {c, sy, h, a1, a2} (5)

with c [ R as the focal length, sy [ R as the pixel ratio,
h [ R2 as the principal point and a1, a2 [ R as the
coefficients of the radial symmetrical lens distortion. The
non-linear internal parameters Ki describe geometrical
camera properties.

Facilitating Ke and Ki, the transformation of 3-D world
points to image points is well described through projective
geometry [12]. In the following, the transformation of a
world point w to a subpixel image coordinate it is denoted
schematically as

it = k(w, K) (6)

whereas it [ R2, w [ R3 and camera model K.
The inverse function k21 (7) transforms any image point it

to a 3-D world point w. Since it has only two components x
and y, an additional parameter d is required, which is the
depth of scene

w = k−1(it, d, K) (7)

whereas w [ R3, it [ R2, depth d [ R and camera model K.
In particular, depth d reflects the distance along the

projection ray through the camera image plane at coordinate
it to the surface of the face. This surface is represented by
the geometric model M (8) at the current face pose. The
person-specific mesh model M consists of a number of
vertices vi and triangle indices wj

M = {v1, . . . , vn, w1, . . . , wm}, vi [ R3, wj [ N

(8)

Distance d in (7) is determined by applying an intersection
test with the mesh model. This is efficiently realised using
binary space partitioning trees [13]. For the creation of the
required mesh model, various techniques have been
presented in the literature, that is, morphable models [14] or
accurate striped lighting methods [15]. However, these
approaches have the disadvantage of requiring additional
equipment for light projection or a high amount of manual
interaction. We therefore apply an automatic method [16]
that exploits depth and colour data, which is captured with
a passive stereo camera system and which ultimately creates
a face mesh model M (Fig. 2b). In the initial registration
Fig. 1 Mouth processing

a ROI and contour mc

b Normalised histogram with fitting model
c Mouth blob
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Fig. 2 Feature points

a Image processing, face rectangle from Haar-like feature-based adaboost classifier, mouth contour, feature points
b Geometric face model with projected feature points
c Pose parameters and face model anchor points
d 3-D features, distances and angles
step, each subject is captured once in frontal pose with neutral
expression.

Utilising surface model M and camera model K, the face
pose is determined with the help of anchor points, which
are located across the face (Fig. 2c). In particular two sets
A1 and A2 of model anchor points (9), and correspondingly,
two sets I1 and I2 of fiducial image points (10) are defined,
whereas A1 plus I1 is used for (re)initialisation and A2 plus
I2 for regular processing. These points contain left plus
right eye, mouth corner and the nose tip. The nose tip point
an is determined through 3-D shape evaluation of model M,
whereas in is inferred from the image projection of an

A1 = {ale, are, an}, A2 = {ale, are, alm, arm}, aj [ R3

(9)

I1 = {ile, ire, in}, I2 = {ile, ire, ilm, irm}, ij [ R2

(10)

The determined face position and orientation is defined
through the pose parameter set tv ¼ {tx, ty, tz, tv, tw, tk},
which contains three translation and three rotation
components [17]. Multiplication of the homogeneous basis
matrices Etj for the current pose parameters leads to
transformation matrix T (11).

T = Etx(x)EtyEtzEtv(v)Etw(w)Etk(k) = (mr,c)(4×4)

mr,c [ R, r, c [ {1 . . . 4} (11)
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In the following, we consider error measure e (12), as the sum
of squared distances between the image projections of 3-D
anchor points ai and fiducial image points ij (10). The pose
parameters tv are determined by minimising e

e =
∑n

j=1

||ij − k(Taj)||2 � min (12)

whereas e [ R, ij [ R2, aj [ R3, matrix T (11), k as
projection function (6) and n as number of corresponding
model and image points.

Using the iterative differential approach, all six parameters
become stepwise improved with respect to error measure e,
until convergence is achieved. For initialisation and
re-initialisation in longer image sequences, the fitting process
is performed between the point sets I2 and A2, thus eyes and
mouth points. After that we determine the current position of
the surface model’s 3-D nose point an, and project it to the
image point in. Hereafter, tracking of the nose point is applied.
In particular, we track a grid of points on the nose tip in using
the Lucas–Kanade (LK) tracker [18]. After a number of
frames, the system is re-initialised. During the tracking we
compute the face pose on the basis of point set I1 and A1,
which represent the eyes and nose point, respectively.

Next, all image feature points (2) are projected to the
surface model at its current pose T using (7), resulting in
set Pf (13) consisting of 3-D points (Figs. 2a and b)

Pf = {ple, pre, pleb, preb, plm, prm, pul, pll}, pj [ R3

(13)
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Using 3-D feature points according to (13) the method
automatically compensates the influences from perspective
foreshortening and varying face sizes owing to rocking
movements and enables the feature normalisation.

2.2 Feature extraction and normalisation

In the proposed method, two complementary types of features
are computed. The geometric feature vector is retrieved
through the measurement of spatial parameters. In contrast,
the dynamic feature vector represents motion information in
different face regions, measured by optical flow.

The geometric vector consists of distances and angles
between 3-D feature points pi. As compared to the neutral
face, facial appearance shows specific changes during
expression, which can be used for recognition. The 10-D
vector f (14) is directly inferred from point set Pf (13). It
comprises of six Euclidean 3-D distances dm (15) across the
face and four angles an (16), which deliver information
about the characteristics of the mouth shape and the facial
expression state (Fig. 2d). The raising and lowering of both
of the eyebrows are gained from the distances d1 and d2.
The distances between the mouth corners and eye centres
(d3 and d4) capture mouth movement. Additionally, the
widening and opening of the mouth are represented by d5

and d6

f = (d1 . . .d6a1 . . .a4)T, f [ R10, dm, an [ R (14)

whereas distances di are defined as

d1 = ||preb − pre||, d2 = ||pleb − ple||
d3 = ||pre − prm||, d4 = ||ple − plm||
d5 = ||prm − plm||, d6 = ||pul − pll||

(15)

and angles ai as follows (1)

a1 = arccos
v1v2

||v1||||v2||

( )
, a2 = arccos

v2v3

||v2||||v3||

( )

a3 = arccos
v1v2

||v2||||v4||

( )
, a4 = arccos

v2v3

||v2||||v5||

( )

(16)

with

v1 = prm − pul, v2 = pll − pul , v3 = plm − pul

v4 = prm − pll , v5 = plm − pll , vi, pj [ R3

Feature vector fneutral is determined for the neutral face during
initialisation. Analysis of the currently observed image frame
results in feature vector f. Further, ratios are computed
between the components of fneutral and f resulting in fratio

(18). In particular, the operator # defines the component wise
division of two feature vectors a and b (17).

a # b = (a1/b1 a2/b2 . . . a10/b10) [ R10,

a, b [ R10
(17)

f ratio = f # f neutral, f ratio, f , f neutral [ R10 (18)

Ratios in (18) usually vary between different persons and
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expressions. Thus, we apply normalisation. For all
components of vector fratio, mean and standard deviation as
well as minimum and maximum values cmin, cmax (19) have
been determined across numerous subjects and expressions.
Vector fgeo (20) reflects the normalisation result which is
determined over a confidence interval of 2s

cmin = m− 2, cmin [ R10

cmax = m+ 2, cmax [ R10
(19)

whereas m [ R10 and s [ R10 are vectors for mean and
standard deviation across training data,

f geo = ( f ratio − cmin )#(cmax − cmin)

= (f ratio − cmin)# 4s, f norm [ R10 (20)

Basically, the display of facial expressions can be divided into
three episodes, these are:

† onset (expression start),
† apex (full activation),
† offset (relaxation).

Geometric features deliver information in all of these
phases, whereas the transient optical flow motion features
can only provide data during onset and offset. The
motivation to utilise facial motion is to increase the overall
recognition accuracy [18]. Facial movements can appear
with different image speeds that need to be reliably detected
and measured. In general, differential flow mechanisms
robustly cope with small movements [19, 20], whereas
correlation- and energy-based mechanisms deal with larger
movements in a restricted or even unlimited search space
[21, 22]. We utilised here a pyramidal LK implementation
[19], which analyses the subsampled image signal at
different scales, so it can handle stronger movements and to
meet temporal constraints of near real-time processing. In
particular, we use a pyramidal hierarchy of four levels and
five pixels window size.

Holistic evaluation of the entire motion field across the face
bears potential problems because of ambiguities (Fig. 3a). To
elude these difficulties, we only apply motion detection to 14
so-called flow regions. These are based on skeleton basis
points pi [ R3, that is, eye points and two mouth corner
points (Fig. 3b). The division and positioning of these
regions is motivated by facial physiognomy [23]. For this
purpose, 3-D boundary points and internal points pflow of
the regions are projected to the image before flow
computation. The resulting motion vectors reflect the
direction and magnitude of facial movement. Yet, problems
may arise owing to head motion, which supersedes local
changes in the face. In order to measure motion Mexp

caused by facial expressions, the global head motion Mhead

must be suppressed (Figs. 3c and d). It is expressed by the
following relation Mexp ¼ Mtotal 2 Mhead. We use boundary
points of the flow regions to approximate the global head
motion effect. Further, the head pose affects the optical
flow measurement, because the head orientation is not
constrained to be frontal. In order to use motion vectors for
classification, the pose dependency is removed using
function z (21). It utilises camera model K and plane E,
which is the fitting plane of skeleton basis points pi. All
motion vectors vj

i of each flow region j are transformed to
IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89
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Fig. 3 Motion detection

a Full facial motion
b 3-D flow region definition using fiducial points
c Global motion negation in image depicted through empty flow regions, flow vectors at the nose tip represent left ward head motion
d Motion detection within flow regions
the so-called zero pose. This leads to vector �vj
i which lies

within plane E. Subsequently, the motion vectors are
averaged for each flow region to increase the measurement
reliability (22)

�v j
i = z(v j

i, E, K) (21)

with v j
i, �v

j
i [ R2, flow region j, camera model K, plane E

�vj
avg = 1

n

∑n

i=1

�vj
i (22)

with �v j
avg as average optical flow vector and n as number of

vectors in region j.
The averaged vector provides information about the

magnitude and direction of the motion in a particular flow
region. The combination of all flow vectors gives a specific
signature to each expression. The direction information is
combined to the dynamic feature vector fdyn

f dyn = (/�v1
avg /�v2

avg . . . /�v14
avg)T f dyn [ R14 (23)

with /�vj
avg as average vector angle in flow region j.

Classifying dynamic features requires a minimal activation
that can be detected using function vsum(t) (24). Classification
is carried out only if the activation function exceeds threshold
vmin

vsum(t) =
∑ni

i=1

|�vt
i|, �vt

i [ R2, ni = 14 (24)

2.3 Classification and integration

In the classification step, the current facial expression is
assigned to one of the trained categories. Currently, up to
seven classes, that is, happy, surprise, anger, disgust, fear
and sad are considered. The neutral state is additionally
regarded but is only captured using geometric features.
ANN and SVM machine learning methods are used for the
classification of geometric and optical flow feature vectors.
The results of both approaches are compared and integrated.
The following briefly presents the classification techniques,
their parameterisation and the integration of both features.

The first classifier used is a multi-layer perceptron, which is
a special type of ANN [24]. We favoured a net topology that
can be learned under supervision, as the matching of learning
IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89
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and target data are known. Thus, a feed forward net topology
of a fully connected back propagation network with a sigmoid
transfer function and two hidden layers with six hidden
neurons each is used.

Complementary SVM classification is carried out. SVM
classifiers maximise the hyper plane margin between classes
[25]. In this work, the radial-basis-function Gaussian kernel
is used which performs robustly with the given number of
features. For the optimisation, kernel width s and penalty
parameter C are set to s ¼ 3 and C ¼ 5, which have been
determined empirically through cross validation. The
pairwise coupling extension is used to adapt SVM for the
multi-class problem [26]. To overcome the SVM feature
scaling problem, feature normalisation is used (20).

In order to attain deeper insight from the classification
results, the feature space has been scrutinised with an
unsupervised learning algorithm based on self-organising
maps (SOMs) [27]. Characteristically, the SOM (also
Kohonen map) is a type of ANN that consists of neurons,
arranged in a grid [28]. Biologically motivated, SOMs
have the specialty to preserve topological properties of the
input space while producing a low, typically 2-D,
discretised representation of that space. This makes it
useful for evaluating and visualising high-dimensional
feature data.

Fig. 4 Late fusion of geometric and dynamic features

a Sum function according to (24)
b Geometric feature
c Weight a2
83
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As shown in experiments, geometric and dynamic features
provide complementary information to recognise facial
expressions. To utilise this observation we suggest a late
fusion-based integration strategy that exploits the
advantages of both features types. With respect to
geometric features, feature extraction is always possible and
a compensation of head movement is not necessary. On the
other hand, at the transition of facial expressions, for
example, neutral to happy, geometric features are not very
distinct, which may cause misclassification. Opposed
dynamic features are very sensitive as they are based on
many observations. However, dynamic features cannot be
captured without observable movements. These movements
occur in the activation phase, when the facial expression
changes (Fig. 4)

f CLASS(f t
geo, f t

dyn) = a1 f CLASS( f t
geo) + a2 f CLASS( f t

dyn)

a1 = 1 ⇔ vsum(t) , vmin, 0 else

a2 = 1 − a1 (25)

3 Validation and experimental results

For the validation of our method, we have carried out
experiments under various conditions like pose variations,
up to seven facial expressions with subjects from different
databases, and analysed the extracted features to better
interpret the classification results. For training and testing
purposes two datasets were used, one in-house database,
which comprises about 7000 samples of five facial
expression classes Ci from 20 subjects, and the publicly
available BU-4DFE database from Binghamton University,
which contains about 60 000 samples of 101 subjects
showing six facial expressions of emotion plus neutral [29].
Besides sequences of 3-D face shapes, the BU database
also provides colour texture. In order to apply our method,
in particular the camera model, we have first rendered
colour image sequences of the faces in specific poses with
defined camera parameters according to (3) (Fig. 5).

For either database, half of the image material has been
used for training, the other half for testing. The persons
between training and testing data are different. The
processing chain has been fully automated for the in-house
database. Regarding the BU-4DFE samples, feature point
detection has been manually supported, as there is a
considerable variation of skin colour in the data. However,
proving the processing chain is the focus of this work,
rather than the automation of feature point detection.
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Advanced feature point detectors that also work for black
skin colour can be applied here for full automation.

Ten-fold cross validation has resulted in an average
recognition rate of 93% for the in-house database and 91.5%
for the BU-4DFE database regarding the same five classes.
Under consideration of seven classes, the average
recognition rate for BU-4DFE is reduced to 81.5%. As
shown in feature space analysis, this is caused by more
overlap between the classes. However, for the distinction of
seven classes this is a competitive result. Other methods that
apply similar 3-D-based information for facial expression
recognition, that is, the method of Wang et al. [4] perform
comparably, but are less suitable for automation.
Algorithmically, Wang evaluates 3-D facial geometric
shapes. In particular, the method is based on the use of 3-D
range data with manual selection of 64 fiducial vertices and
seven facial regions. For the recognition of specific
expressions unique descriptors are used in conjunction with
a primitive surface feature distribution (PSFD). Besides the
fact that our method does not require an expensive
continuous 3-D measurement, we achieve comparable results
with only eight fiducial points as opposed to 64.

One concern of our work is to provide pose robustness in
facial expression recognition. For the analysis of pose
robustness, we have analysed the BU database under defined
pitch and yaw poses in a range of 240 to +408 (see Fig. 6).
The recognition performance of our model-based method is
given in Fig. 7 along with results by other purely 3-D data and
image based, holistic approaches described in [4]. For pitch
rotation we have found significant differences between strong
positive and negative rotations, which are due to the
asymmetry of the upper and lower part of the face. In
particular, if the pitch is larger than 308, the nose starts to
occlude and interfere with the mouth region. This itself
disturbs feature extraction and deteriorates recognition results.
The situation is less dramatic for negative pitch, as the mouth
region is better visible. This, in turn, leads to better recognition
results. For yaw rotation, the symmetry of the left and right
half of the face leads to rather symmetric recognition rates.

For the frontal pose, our results are comparable to the
PSFD, 3-D-based method described in [4]. For rotated
faces, PSFD does not show any degradation as it relies on
continuously provided depth information. However, such
3-D data are usually not available. The comparison of our
method with image based, holistic approaches, such as
Gabor-wavelets (GW) and topographic context (TC) [4],
shows much better performance of the presented work
(Fig. 7). This results from the fact that within the feature
processing, our model-based method can take advantage of
the general face shape.
Fig. 5 Generation of colour image sequences from 3D data of the BU-4DFE database

a and b 3-D model at frame t with texture image
c and d Textured model and rendered image in frontal pose with defined camera model
IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89
doi: 10.1049/iet-cvi.2011.0064



www.ietdl.org
Table 1 Confusion in percent, geometric features, ANN

Expression P (C1) P (C2) P (C3) P (C4) P (C5)

C1 93.40 0.00 6.60 0.00 0.00

C2 4.94 91.39 0.00 1.27 2.41

C3 7.63 0.00 92.37 0.00 0.00

C4 6.95 0.34 0.00 81.69 11.02

C5 0.61 1.68 3.82 32.87 61.01

Table 2 Confusion matrix, flow features, ANN

Expression P (C1) P (C2) P (C3) P (C4) P (C5)

C1 – – – – –

C2 – 96.03 0.00 0.00 3.97

C3 – 1.04 87.5 0.00 11.46

C4 – 4.55 7.58 63.94 23.94

C5 – 8.89 2.22 1.11 87.78

Table 3 Confusion matrix, geometric features, SVM

Expression P (C1) P (C2) P (C3) P (C4) P (C5)

C1 91.03 0.00 7.61 0.85 0.51

C2 3.92 90.25 0.00 0.89 4.94

C3 0.16 0.00 99.84 0.00 0.00

C4 0.51 0.00 0.00 95.93 3.56

C5 0.61 0.00 1.53 20.80 77.06

Fig. 6 Facial expression images considered during expression recognition

a Pitch rotation
b Yaw rotation

Fig. 7 Comparison of four approaches regarding the influence of head pose on the recognition performance

a and b Show pitch and yaw rotations. First is our method (IESK). The others are 3-D PSFD, GW and TC of Wang et al. [4]

Table 4 Confusion matrix, flow features, SVN

Expression P (C1) P (C2) P (C3) P (C4) P (C5)

C1 – – – – –

C2 – 93.65 0.00 0.00 6.35

C3 – 2.08 93.75 2.08 2.08

C4 – 4.55 0.00 77.27 18.18

C5 – 13.33 0.00 8.89 77.78
IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89 85
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The achieved classification accuracy can be compared best
in terms of confusion matrices [30] (Tables 1–4, in-house
database), which contain information about the actual
classes Ci and their prediction P (Ci), based on the particular
classifier. The confusion matrices reveal best performance
for SVM based on geometric features. Here, Table 1 shows
the high percentage of prediction accuracy for each class,
which is represented by the diagonal elements. There is

some mixing, which is shown by the non-diagonal
elements. The mixing does also give insight as to how the
facial expressions are similar to each other in terms of the
feature vector. Here it became apparent that for the
geometric features, the disgust expression C5 is frequently
misclassified as anger C4, whereas the SVM classifier
performs better than ANN. Interestingly, the optical flow
classifications show different mixings for C5 which can be

Fig. 8 Example: geometric and dynamic features processing results

a 3-D feature representation, optical flow results and 3-D transformation of image motion (21)
b–e Both feature vectors and classification
f Classification improvement through integration
86 IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89
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utilised to validate the final result. Also the confusion
matrices, based on optical flow features show, that for the
classes C2 and C5 ANN performs better, whereas for C3

and C4 SVM does. However, owing to the nature of the
transient optical flow data, features can only be detected
during the onset and offset phase.

Fig. 8 shows processing results of an example sequence
‘Neutral to Surprise’ using geometric and optical flow
features. It displays the feature vectors over time and the
classification using ANN and SVM. As can be seen,
geometric features are computed throughout the sequence,
whereas dynamic ones are only captured in the activation
phase. In this phase, the geometric features are generally
not very distinct what may cause classification difficulties.
However, the dynamic features work well for classification
and make up for this weakness. This is exploited using the
proposed integration according to (25). Thus, improved
recognition is achieved through integrated evaluation of
geometric and dynamic features.

The geometric and optical flow feature spaces have been
scrutinised, to better understand the cause of
misclassifications. In particular, for all classes the centres in
the 10-D and 14-D feature spaces have been computed.
Figs. 9 and 10a, d show the Euclidean distances between
the training samples and the respective class centres. For
instance, in Figs. 9b and 10a it can be seen that the
distance dgC2, respectively, dfC2 of the samples belonging
to class C2 (happy) is much smaller in average (dashed
line) than the distances to the samples belonging to other
classes. This reveals a good separability of that class. Only
for dgC4 and dgC5, respectively, dfC4 and dfC5, that is,
anger and disgust, the distances are not separated distinctly.
Here the closeness of the two classes in the feature space
becomes obvious.
IET Comput. Vis., 2012, Vol. 6, Iss. 2, pp. 79–89
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Analysis of the high-dimensional spaces has also been
carried out using the technique of SOMs. The SOM has
been learned with geometric and optical flow feature
datasets. Particularly, the U-matrix (unified distance matrix)
representation [28] has been determined, which visualises
the distances between adjacent neurons and offers a fast
way to obtain insight to the inherent data distribution
(Figs. 9e and 10e). The distance is represented by
different shadings between the adjacent nodes. Dark
shading between the neurons reflects a large distance and
thus a gap between the values in the input space. A light
colouring between the neurons signifies that the feature
vectors are close to each other in the input space.

Thus, light areas can be thought of as clusters and dark
areas as cluster separators. Additionally, the class labels are
plotted. As can be seen in the figures, the 2-D SOM feature
space representation clearly reveals excellent separateness
between the classes. This gives evidence that the spaces of
geometric and optical flow features are well suitable for
classification.

The same observation can be made through principal
component analysis (PCA). In Figs. 9, 10f the first three
principal components K1, K2, K3 of the dimension reduced
feature samples are plotted. Obviously, all classes are
represented by relatively separated clusters. Only for the
classes C4 and C5, that is, anger and disgust, there is an
overlap which causes some confusion in the classification
results. With respect to the overall variance in the feature
data, the first three principal components contain more than
86% for the geometric and 71% for the optical flow features.
This gives evidence that the geometric feature space is more
compact and easier to handle by the classifiers, and thus,
explains the generally higher classification accuracies for the
geometric features, compared to dynamic ones.
Fig. 9 Analysis of geometric feature samples reveals separability

a–d Contain a section with data of each class, the plots show Euclidean distances to the respective class centres
e SOM of feature space
f Distribution after PCA dimension reduction
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Fig. 10 Analysis of optical flow feature samples also reveals separability

a–d Contain a section with data of each class, the plots show Euclidean distances to the respective class centres
e SOM of feature space
f Distribution after PCA dimension reduction
In the analysis of the BU-4DFE database, similar results
have been achieved. However, under consideration of seven
classes the recognition rate is reduced. In particular,
the increase of confusion is caused by a stronger overlap in
the feature space. In addition it should be stated that the
performance of our method is high; at the moment the
processing time is 60 ms per frame on a 3 GHz PC at a
camera resolution of 800 × 600 pixels.

4 Conclusion and outlook

An efficient framework for facial expression recognition in
HCI systems has been presented, which is based on
geometric and transient optical flow features. The proposed
framework achieves robust feature detection and expression
classification under a variety of poses and subjects. With
the help of computer vision techniques, 3-D measures have
been computed for facial features in terms of distances and
angles. Furthermore, applying normalisation for geometric
features and flow analysis in facial regions in conjunction
with ANN and SVM, respectively, we reach a minimal
mixing between different classes. Besides scrutiny of in-
house data, the publicly available database BU-4DFE has
been evaluated. In comparison to other methods the
presented approach is less complex, thus more practical and
achieves better results.

In future work, generic surface models will be pursued, to
overcome the stereo-based initialisation step, which can be
inconvenient. Further, the current framework is ready to include
additional classes. As shown in the analysis, the achieved
feature space still offers room for this. Also, in further analysis,
quantisation of the observed expression spontaneousness will
be evaluated, as this can pretty much directly be inferred from
88
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the magnitude of the flow vectors. This will be the first step
towards quantisation of facial expressions.
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